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Abstract-The emerging technology of artificial neural net- 
works has been successfully used in a variety of areas such as 
fault detection, control, signal processing, and many others. 
This paper presents the general design considerations of feed- 
forward artificial neural networks to perform motor fault detec- 
tion. The paper will first discuss a few noninvasive fault detec- 
tion techniques, including the parameter estimation approach, 
human expert approach, etc., and will then lead to the artificial 
neural network approach. A brief overview of feedforwurd nets 
and buckpropagation training algorithm, along with its pseu- 
docodes, will follow. Later sections will explain some of the 
neural network design considerations such as network perfor- 
mance, network implementation, size of training data set, as- 
signment of training parameter values, and stopping criteria. 
Finally, a fuzzy logic approach to configure the network struc- 
ture will be presented. 

I. DESIGN AND TRAINING CONSIDERATIONS OF THE 
INCIPIENT FAULT DETECTOR ARTIFICIAL NEURAL 

NETWORK (IFDANNN) 
ART I of this paper [69] gives an overall description P of the use of artificial neural networks in motor fault 

detection applications. In Part I1 of this paper, we will 
discuss how to design an artificial neural network for fault 
detection purposes. In order to select a good neural 
network configuration to perform motor fault detection, 
there are many factors to be considered. To name a few 
major considerations, there are: 1) practical considera- 
tions such as network accuracy, network robustness, and 
implementation feasibility; 2) network training considera- 
tions such as determining the input and output variables, 
choosing the size of the training data set, initializing 
network weights, choosing training parameter values (such 
as leaming rate and momentum rate), and selecting train- 
ing stopping criteria; and 3) network design considerations 
such as determining the number of input and output 
nodes to be used, the number of hidden layers in the 
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network, and the number of hidden nodes used in each 
hidden layer. Even though choosing these parameters is 
still a trial-and-error process, there are some guidelines 
(or rules of thumb) that can be used in the selection of 
values. We will present some of these general guidelines, 
and then present a furzy  logic approach to automatically 
configure a neural network that optimizes or nearly opti- 
mizes all of the network design considerations. 

In order to test a network’s performance, it is a com- 
mon practice to choose a set of training data and a set of 
testing data that are statistically significant and represen- 
tative of the system under consideration [52]. The training 
data set is used to train the neural network, while the 
testing data are used to test the network performance 
after the network is trained successfully. The input and 
output data are usually normalized between [0, 13. The 
output normalization is necessary because the outputs of 
the network are bounded between [0, 11 due to the sig- 
moid function used. The input normalization will increase 
the numerical stability of the network data process [21]. 

A. Choice of Leaming Parameters-Problem Dependent 
As indicated in the pseudocode of the backpropagation 

training algorithm in Table 11, Part I of this paper [69], 
after the network configuration and training data are 
determined, we need to select the training criteria and 
training parameters, which include the initialization of 
network weights, learning rate and momentum rate, and 
the criteria to stop network training. The choice of these 
values is sometimes essential to the success of network 
training. Unfortunately, the choice of these values is gen- 
erally problem dependent, i.e., there is no generic formula 
that can be used to choose the parameter values. Never- 
theless, some guidelines, which are briefly described be- 
low, can be followed as an initial trial. After a few trails, 
the network designer should have enough experience to 
set appropriate criteria that suit a given problem. 

The initial weights of the neural network play a signifi- 
cant role in the training process of the network. Without 
a priori information about the final weights, it is common 
practice to initialize all weights randomly with small abso- 
lute values, e.g., between [ -0.1, 0.11. Also, methods to 
improve and optimize the backpropagation algorithm for 
faster and more efficient network training have been 
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studied and developed [21], [221. One of the more popular 
methods includes the addition of a momentum term, 
aAwji (itera) in (23) of [69], to the learning rule to avoid 
getting trapped in local minima. Typical values of the 
learning rate and momentum rate are 0.1 and 0.7, respec- 
tively. Popular criteria used to stop network training are 
suficiently small mean-square training error and sufJi- 
ciently small changes in network weights. How suficiently 
small is usually up to the network designer, and is based 
on the desired accuracy level of the neural network. For 
the induction motor fault detection application, we stop 
network training when either the root mean-square error 
of the training set or the change in network weights is 
suficiently small (less than 0.005). 

B. A Priori Information about Training Data to Simplifi 
Network Configuration 

In order to successfully train a neural network to per- 
form fault detection, input-output training patterns must 
be chosen correctly. In the posed problem, the steady-state 
current Z and the rotor speed w ,  of the motor measure- 
ments can be used for detecting the condition of the 
motor's winding insulation N, and bearing condition B, 
[3]-[5]. The variables Z and w are chosen because of their 
easy accessibility, reliability, and sensitivity. The values of 
N, and B, for each combination of Z and w are obtained 
by an expert's heuristic interpretation of the measured 
data. It is then logical to choose { I ,  w }  as inputs and 
{N,,  B,) as outputs of the neural network fault detector, 
This set of input-output patterns can then be used to 
train the network to perform satisfactory fault detection. 

If a priori information about the relationship of the 
inputs and outputs is available and used correctly, then 
the network structure and training time can be reduced 
and the network accuracy can be significantly improved. 
For example, the plot of B, versus the inputs {I, w }  (Fig. 
1) shows that the boundaries which separate different 
bearing conditions appear to be quadratic functions of 
{ I ,  w}.  Therefore, if the input space were expanded from 
{ I ,  w }  to high order { I ,  w ,  I*w, 12, w 2 }  and used as input 
to the neural network (Fig. 21, then the network accuracy 
could be enhanced while reducing both the number of 
hidden nodes used and its training time. The results of 
using a conventional net with input {Z, w }  and a high-order 
net with input {I, w ,  I*@, Z2, w 2 }  are depicted in Fig. 3. 
2-,*-Btm, 2-*-Btst, 5-*-Btrn, 5-*-Btst represent the con- 
ventional net training data set, conventional net testing 
data set, high-order net training data set, and high-order 
net testing data set, respectively. The results clearly indi- 
cate that the high-order net performs better than the 
conventional net. This expansion of the input space from 
{ I ,  w }  to { I ,  0, Z*w, 12, w 2 }  requires no additional motor 
measurements, but only a simple manipulation of the 
available measurements { I ,  w}.  The reason for the im- 
provement in network accuracy is that the error function 
E ( w )  in (19) of [69] is a convex function in the high-order 
input space; thus, the training of w (basically a decent 
searching algorithm) is much easier and faster when 
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high-order inputs are used. Using U priori information to 
improve network performance is both beneficial and pop- 
ular in neural network applications [231, [531. 

C. Size of Network Training Data Set: Application of 
Leaming Theoty 

The number of training examples used to train a neural 
network is sometimes critical to the success of the training 
process. If the number of training examples is not suffi- 
cient, then the network cannot correctly learn the actual 
input--output relation of the system. If the number of 
training examples is too large, then the network training 
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time will be longer. References [54] and [55] describe the 
use of learning theory to estimate the number of training 
examples that is sufficient to train a network for a specific 
application. The theory is based on the Principle of Maxi- 
mum Entropy [56] to estimate the average number of 
training examples needed to yield the maximum amount 
of information for a given network configuration. The 
results of using learning theory to estimate the average 
number of training patterns required to learn the predic- 
tion of the bearing condition B, are shown in Fig. 4 with 
respect to different root mean-square error values E for 
the termination of training. Learning theory indicates that, 
on the average, using 80 training patterns uniformly dis- 
tributed throughout the input space is sufficient to train 
the network to correctly predict the condition of the 
motor bearing B,. The theoretical results of learning 
theory have been verified with experiments [551. Thus, 
unnecessary training patterns, i.e., more than 80 training 
patterns, and unnecessary training time can be avoided. 
Training time is critical to some applications such as 
real-time adaptive neural control [8], [571. For some appli- 
cations, such as training the network to perform fault 
detection, the training can be performed off-line and 
more training data are preferred over using insufficient 
training data to achieve greater network accuracy. In this 
paper, 224 training patterns are used to train the network 
to perform induction motor fault detection, and 223 test- 
ing patterns are used to test the network performance. 
This number of training examples is sufficient to train all 
of the network configurations studied in this paper. For 
more information on the application of learning theory, 
interested readers can refer to [541, [SI .  

D. Network Robustness Considerations 
The neural network fault detection performance is 

claimed satisfactory if it achieves a certain level, say above 
95%, that is acceptable for the specific fault detection 
application. Since most fault detection schemes are for 
real-time applications, noise considerations and minor 
disturbances become important issues. Noise is known to 
decrease the overall performance of fault detectors [40], 
[57], [70]. Therefore, methods to suppress noises are 
needed to enhance the accuracy of fault detector neural 
networks operating in noisy conditions. One method to do 
so is to use tapped-delay lines to increase the number of 
inputs to the neural network [12], as shown in Fig. 5 where 
k is the sampling time index and n is the number of 
sampled measurements z used as inputs to the neural 
network fault detector. For the conventional net, z = 
{I, w } ,  while for the high-order net, z = { I ,  w ,  Z*w, 12, w 2 } .  
Since the incipient fault is a slow time-varying phe- 
nomenon compared with the measurement sampling time 
used, the delayed inputs should all be approximately the 
same value. This method creates redundant information 
for the neural network to perform fault detection, which 
helps to increase its robustness to noise and therefore 
improve its reliability [38]. The new neural network struc- 
ture with the tapped-delay lines is called MS-IFDA", 
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Fig. 4. Network learning curves of bearing condition, where E is the 
root mean-square training error used as network training stopping 
criterion. 
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Fig. 5. Block diagram of MS-IFDA". 

or Multisample Incipient Fault Detector Artijicial Neural 
Network. The performance of the neural network using 
tapped-delay lines for the high-order net incipient fault 
detector is plotted as a function of input noise level in Fig. 
6. The figure indicates that the accuracy of the network 
improves when more data are inputted to the network, 
even in the presence of large noise variances. The net- 
work robustness will be incorporated as one of the net- 
work design considerations in Section 11. 

Another important network design issue is the selection 
and implementation of the network configuration. We 
would like to use the smallest number of nodes possible in 
order to reduce the manufacturing cost of the fault detec- 
tor neural network, while maintaining the desired level of 
accuracy and robustness of the fault detector. The next 
section will present a fuzzr logic approach to design an 
optimal network configuration based on four chosen crite- 
ria. 

11. A Fuzzy LOGIC APPROACH TO DESIGN AN 
OPTIMAL NEURAL NETWORK CONFIGURATION 

Choosing a neural network configuration that can meet 
all of the design criteria and constraints can be a form- 
idable task. Usually, there will be certain tradeoffs be- 
tween the various evaluation criteria. Thus, one of the 
most important steps in selecting an appropriate network 
configuration is to choose the priority of each design 
criterion and base the network configuration on these 
priorities. For instance, is reducing training time more 
important than improving network accuracy, or is network 
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Fig. 6. Accuracy of MS-IFDA“ for different noise variance values as 
a function of sampling window size n. 

robustness less important than the size of the neural 
network? 

In the absence of guidelines to select the best neural 
network configuration for a specific application, one ap- 
proach would be to train all possible network configura- 
tions (with different combinations of input, hidden, and 
output nodes) and select the one that most closely matches 
the needs of the application. Of course, that is not a 
feasible method (for it is too time consuming), nor is this 
a technique that engineers should use (because it is noth- 
ing more than an exhaustive searching technique that 
does not utilize the engineer’s knowledge and expertise). 

However, the fuzzr logic approach presented in this 
paper is a technique that can be used to automatically 
configure an optimal or near optimal neural network 
structure by translating known trends and experience into 
network modifications, based on heuristic reasoning and 
linguistic uariables [%I, [591. Fuzzy logic [601-[63] provides 
a means of transferring heuristic reasoning into mathe- 
matics. It can be easily modified and customized to meet 
the demands of different neural network designers. While 
a fuzt>l logic approach for network configuration design 
does not ensure the optimal solution, it will nevertheless 
select a network configuration that is reasonably close to 
an optimal solution, with a minimum amount of time and 
effort. 

The motivation behind using fuzzy logic for the design 
of neural network configurations was realized when the 
following questions were asked. 

1) Is the training error small enough? 
2) Is the training time too long? 
3) Is the network robust in the presence of input noise? 
4) Are too many or too few hidden layers and hidden 

nodes being used? 

All of these questions have “fuzzy” answers in the sense 
that they contain a certain amount of impression. Fuzzy 
logic will allow us to quantitatively evaluate the answers 
to these questions in a systematic manner. 

For the induction motor fault detection application, a 
small training error, a short training time, a robust net- 
work, and a small number of hidden nodes were consid- 
ered to be the first priorities of the network configuration 
design. Previous experience with neural network designs 
indicates that 

1) network accuracy (reduction in error) increases as 

2) network robustness increases as the number of input 

3) network training time increases with more nodes in 

4) network implementation costs increase with more 

the number of hidden nodes increases, 

nodes increases, 

the network, and 

nodes in the network. 

These statements are based on the trends observed in 
the training of various network configurations. It is obvi- 
ous that there are conflicts among the different neural 
network design factors, and that satisfying a design crite- 
rion may imply giving up one or more of the others. In 
general, it is desired to have a very robust system with a 
small error value, and one which can be quickly trained 
with the use of the smallest possible number of nodes. It 
should be noted that the measure used for the training 
time is based on an actual CPU time required for train- 
ing, and not the number of cycles through the training set. 
Generally, the number of cycles through the training set is 
decreased with a more complicated network. However, 
due to the increased complexity of the network, the actual 
CPU time for training will increase with more sophisti- 
cated networks. 

A. Relationship Between Robustness and Sensitivity 
In general, the network robustness is inversely related 

to the network sensitivity [571. Thus, a minimization of the 
sensitivity will result in a maximization of the robustness. 
The sensitivity of a network to input perturbations can be 
defined as the first derivative of the output with respect to 
the input. The input-output sensitivity matrix S of an 
artificial neural network with nj inputs and no outputs is 
given by [571 

d x ,  d X 1  

dY1 dY2 - - ... - 
d x 2  

= I dx2 

To obtain a measurement of the network‘s sensitivity to 
input noise, the measure S will be defined as the average 
Frobenius norm square of the sensitivity matrix S across 
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I fl- 

the training set as shown by [57] 
2- 0.8 -.--I\ .............................................. ; j ............, /# f.. + i ..................... ........ ................ 

. ...e 
ul i _..a 

where m represents the number of training patterns and 
k is used to index the training patterns. The sensitivity 
measure S will be used as an indicator of the network's 
robustness to input noise in the organization of the net- 
work configuration. 

B. A Fuzzy Logic Approach Using Cost Functions 
The four questions posed in Section I1 can be associ- 

ated with "costs" corresponding to the error ( E ) ,  training 
time ( T ) ,  sensitivity ( S ) ,  and the number of neurons used 
( N I .  These costs will be denoted by J E ,  J , ,  J,, and J N ,  

respectively. One method of quantitatively evaluating a 
network configuration is to use a cost function approach. 
Using the four evaluation criteria introduced earlier, a 
cost function of the form 

is used. By changing the values of q = [q1 ,q2 ,q3 ,q41T,  
one can tailor the cost function of the problem at hand. 
For example, if one wanted to emphasize the accuracy 
and discount the amount of training time, then one would 
want to increase q1 relative to q2.  The optimal solution 
would be the configuration that minimizes the cost func- 
tion J .  

The three-layer feedforward net configuration is used 
to illustrate the fizzy logic technique for network config- 
uration organization. (The methodology could be easily 
generalized for a multilayer feedforward net.) The net- 
work configuration problem can be posed as: given a set 
of input-output training patterns, how do we determine 
the number of inputs ni, and hidden nodes n, to mini- 
mize the chosen costs? (Usually, the number of outputs 
no is fixed by the training data). The flexibility in the 
network configuration design comes from the choice of n; 
and n,. 

Figure 7(a) shows the trends in the performance mea- 
sures obtained when fixing n,, and varying n,. n; has been 
normalized between its minimum and maximum admissi- 
ble values (two and ten, respectively). The error E was 
not heavily influenced by changes in ni. For this reason, 
Fig. 7(a) does not contain a plot of JE.  Similarly, Fig. 7(b) 
shows the trends obtained when fixing ni and varying n,. 
nh has been normalized between its minimum and maxi- 
mum admissible values (two and ten, respectively). The 
sensitivity S was not heavily influenced by changes in n,. 
For this reason, Fig. 7(b) does not contain a plot of J,.  

................. ......................... i ..................... ...... 

0.0 - I I 

0.0 0.2 0.4 0.6 0.8 1.0 
N o d z e d  nh 

(b) 

Fig. 7. (a) Normalized T ,  S, and N versus n,. (b) Normalized E, T ,  and 
N versus nh. 

The observed trends in these graphs can be translated 
into a fuzzy rule base [641: 

If E LARGE, then LARGE INCREASE n,.  
If T LARGE, then MEDIUM DECREASE n, .  
If T LARGE, then MEDIUM DECREASE nh.  
If S LARGE, then LARGE INCREASE n, .  
If N LARGE, then MEDIUM DECREASE n, .  
If N LARGE, then MEDIUM DECREASE n,,. 

These rules are also consistent with our intuition con- 
cerning the design of neural network configurations as 
stated in Section 11. The rule base could have been 
developed based solely on an expert's heuristic knowledge 
of neural network design. Fig. (7a) and (b) have been 
presented for illustration and verification purposes. 

Based on the rule base, the recommended change in 
the number of hidden nodes and number of inputs (Ani  
and An,, respectively) can be obtained by the center of 
area method [65]. If the rules are weighted according to 
the values of qi in (21, the defuzzification strategy is given 
bY n 

qjpj x 
( 3 )  

j =  1 
f;= n 

qjpj 
j =  1 

where fi is the control parameter assigned to An, and f 2  

is the control parameter assigned to An,. Equation (3) 
differs from the traditional center of area method by the 
inclusion of the qj term to weight the fuzzy rules accord- 
ing to the selected preferences. n is assigned to the 
number of rules contributing to An,  and An,, ( n  is equal 
to three if the rule base presented in this paper is used). 
pj represents a value from zero to one which defines E,  
T ,  S, or N's membership [66] in the fuzzy set LARGE 
corresponding to rule j .  These membership functions p j  
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Fig. 8. Membership functions for pLARGE. Fig. 9. Quantizer for translating f, into Ani  and Anh.  

map the value of E,  T, S, or N into the fuzzy set LARGE. 
This may be a linear relationship, an S-function [67], or 
many other possibilities [681. The S-functions used for 
E I . ~ R G E ( E ) ,  EI.LARGE(T), C L L A R G E W  and EI.LARGE(N) are 
shown in Fig. 8. ( E ,  T ,  S, and N in Fig. 8 have been 
normalized between their smallest and largest values for 
all combinations of the number of inputs ni E {2,4,6,8, 
10) and the number of hidden nodes n,, E {2,4,6,8, lo}.) 
It should be noted that the specific shape of the member- 
ship functions is problem dependent. The membership 
functions shown in Fig. 8 are the result of many refine- 
ments to make the convergence of the fuzzy procedure as 
quick and accurate as possible. However, acceptable 
membership functions can be obtained by one’s own inter- 
pretation of what constitutes a large error, a large training 
time, a large sensitivity, and a large number of neurons 
for a given application. 9 is the fuzzy control applied to 
rule j which represents either a LARGE INCREASE or 
MEDIUM DECREASE in the rule base. Equation (3) 
evaluates to a real number and will have to be quantized 
into an integer change in the number of inputs Ani  or the 
number of hidden nodes An,,. The transition from real to 
integer values is achieved by using a quantizer as shown in 
Fig. 9 where a resolution of f 2 neurons has been used. In 
the region -0.15 <f, < +0.15, An is not specified. This 
region corresponds to a fuzzy recommendation with a 
small amount of supporting evidence. If both fl and f 2  
lie in this region, then the value of fi with the largest 
absolute value will be assigned a value of + 2  or - 2  
according to the sign of the larger f,. 

Through iterative use of the fizzy rules and (3), the 
network configuration will be changed to one correspond- 
ing to the optimal or near optimal configuration. While 
the optimal solution is not guaranteed, the fizzy configu- 
ration should be acceptably close to the optimal. The 
flowchart of the fuzzy logic neural network configuration 
approach is depicted in Fig. 10. The “Exit” condition will 
test true when the fuzzy procedure tries to drive both ni 
and n,, outside their domain (changes in one parameter 
are allowed if operating on a boundary) or when the rules 
begin to toggle between two different configurations. Af- 
ter exiting the fuzzy procedure, the network configuration 
that was trained and had the smallest value of J will be 
selected as the fuzzy solution. 

As an example, a neural network was developed to 
learn the mapping form {I, w }  to B, for the induction 

Initial configuration 

,,(“,,pro) 

t 

Application of 
fuzzy rule base 

Fig. 10. Flowchart of fuzzy logic neural network Configuration process. 

motor fault detection application. The network was trained 
with inputs of {Z, w }  as opposed to the higher order net 
consisting of { I ,  w ,  Z*W, z2, w 2 }  for simplicity of illustra- 
tion. To determine the optimal solution for various combi- 
nations of q = [ql ,  q2,  q3, q4IT and to test the accuracy of 
the fizzy logic approach, the network was trained for all 
combinations of the number of inputs ni E (2,4,6,8, lo), 
number of hidden nodes n,, E {2,4,6,8, lo), and number 
of outputs no = {l). The value of ni is always a multiple 
of two since we are training with { I ,  w} .  The training of 
these 25 different network configurations was terminated 
when there was no change in mean-square training error. 

The optimal solution (configuration which minimizes J )  
for different values of q was found. To compare the fuzzy 
solution to the one determined by the exhaustive search 
technique, the procedure was applied to a network with 
q = [0.3, 1,O.7,0.4lT. This choice of q represents a net- 
work with an emphasis on the training time and the 
sensitivity discounting the number of neurons used. The 
results are presented in Table I, with the fuzzy logic 
correctly driving the initial N2, 2, configuration to the 
optimal N6, 2, configuration. 

With an initial configuration as far away from the 
optimal as possible, the fuzzy procedure was still able to 
drive the network configuration to an optimal or near 
optimal solution. As an example, the results are shown in 
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TABLE I 
CONFIGURING THE MS-IFDA” WITH q = [0.3,1,0.7, 0.41T, 

J7 INITIALLY, ANDM6 2 1 OPrIMALLY 
~- 

k Configuration J Ani  An,, Next Configuration 

0 J 2 , , ,  0.7347 + 2  + 2  4 , 4 , 1  

1 N4,4,1 0.4826 + 2  0 & , , I  
2 M6,44,1 0.4240 0 -2  M6, 2 , l  

Optimal 3 0.3807 + 2  +2  ./Ys,?.l 
4 Ns , 0.4375 -2  -2  Exlt 

TABLE I1 
CONFIGURING THE MS-IFDA” WITH q = [l ,  0.1,0.7, 0.15IT, 

H2, 2, INITIALLY, A N D M ~ ~ , ~ ,  OETIMALLY 

k Configuration J A n j  An,, Next Configuration 

0 M2,;,,, 1.4374 + 2  + 2  4 , 4 , 1  
1 N4,4,1 0.9647 + 2  + 2  M6, 6 , l  
2 M 6 , , 1  0.5916 + 2  + 2  N8, 8.1 

3 N8,8,1 0.5997 + 2  0 “60,8,1 

Optimal 4 0.2626 -2  -2  ./v,, 6 , l  
5 H A  0.5976 + 2  + 2  Exit 

Table I1 for q = [l, 0.1,0.7, 0.15IT. This represents a net- 
work design focusing on the error and the sensitivity 
discounting the training time and the number of neurons 
used. For this value of q, the optimal network is the 
MI,, ,  configuration. 

The fuzzy logic procedure provides a method of system- 
atically changing the network configuration to minimize a 
given cost function which is based on different design 
criteria. The major benefit from using a fuzzy  logic ap- 
proach is the reduction in time required to obtain a 
satisfactory network configuration since the time-consum- 
ing exhaustive searching can be avoided. 

CONCLUSIONS 
Part I of this paper has provided an overview of feedfor- 

ward nets and the backpropagation training algorithm, 
along with their respective pseudocodes, and a general 
methodology for the design of feedforward artificial neu- 
ral networks to perform motor fault detection. Part I1 of 
this paper has discussed some neural network design 
considerations such as network performance, network im- 
plementation, size of training data set, assignment of 
training parameter values, and stopping criteria. Finally, a 
fuzzy logic approach to configure the network structure 
has been presented to automate the network design. Suc- 
cessful results have been obtained from using artificial 
neural networks on motor fault detection and fuzzy logic 
in the network configuration design. The emerging tech- 
nologies are promising for future widespread industrial 
usage. 
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