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Abstract: In this paper, the diagnosis of induction motor rotor failure with fuzzy theory and
genetic algorithm is presented. The proposed method can evaluate the status of an operating
motor. According to the measurement of electrical data, this research establishes the relationship
of rotor failures with spectrum features. Through the learning of genetic algorithm, membership
parameters can be adjusted to optimal positions. The simulation that combines fuzzy theory and a
genetic algorithm has preferable diagnostic results for the rotor failures. The designed processes will
be applied as a reference for building the diagnostic methods of other motor failures.
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1. Introduction

In response to the demand for increased production capacity in high-tech industries, machinery
and equipment are often required to be in continuous operation, putting more focus on their reliability
and stability. However, Thomson et al. [1] points out that equipment aging to a state of complete
damage is a continuous process of change, and the losses are hard to predict if the machine fails and
stops producing. Motor failures can be divided into electrical failure and mechanical failure; electrical
failure consists of stator winding, non-uniform air gap, and broken bar failure, while mechanical
failure consists of eccentricity, unbalance, and loss. Moreover, failures by components are classified as
stator, rotor, bearing, or centering device-related.

As the motor has many types of failures, diagnosis has become a popular issue. In recent years,
much domestic and foreign literature has been published on failure diagnosis strategies, the aims of
which are to increase motor life, reduce accidents, and save on maintenance costs. Jiang et al. [2] uses
the characteristic frequency spectrum captured from wavelet transformation as the training data for
the artificial neural network in order to identify bearing failures. In addition, Zidani et al. [3] infers the
possibility of detecting stator failure through a fuzzy system set by way of expert experience. A further
example is shown in Reference [4], using genetic algorithm to improve the Elman neural network’s
convergence speed in gearbox fault detection.

It can be deduced from such literature that motor failure diagnosis technology is progressing,
especially in the areas of artificial neural network, fuzzy theory, and wavelet transform, which are the
most widely used [2–10]. The failures can be effectively diagnosed by relying on better network weights
in the artificial neural network, in addition to the requirement for huge historical data. Furthermore, if
the diagnosis of the failure types increases, the network distribution will be more complex, which will
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reduce the efficiency of diagnosis. Moreover, if the fuzzy rules and membership functions are only
formulated by expert experience, the inference result will be unpersuasive.

Above all, this paper proposes an effective rotor failure diagnosis method (Figure 1), which
contains two core components: (1) use of electrical detection to collect motor current data and capture
characteristics of normal and abnormal motors by fast Fourier transform, so as to construct the
diagnosis database; and (2) putting the training samples into a genetic algorithm to search for the best
membership functions, so as to promote the benefits of failure diagnosis.
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Figure 1. System architecture of this research.

2. Problem Description

In order to meet the needs of all kinds of motor diagnosis, the tester must have the corresponding
historical data of normal and abnormal motors in order to have a training sample. However, in
the training process for the genetic algorithm, the identification of optimal membership functions is
evaluated based on fuzzy inference results. Above all, the fitness function is formulated as follows:

Fitness =

{
0, i f fnormal or fabnormal < 0

fnormal + fabnormal , otherwise
where fnormal = min{0.5− zi, i = 1, 2, . . . , n}

fabnormal = min{zi − 0.5, i = n + 1, n + 2, . . . , N}

(1)

where n is the number of training samples of normal motors, N is the number of total training samples,
zi is the inference result of failure training sample i, fnormal is the worst inference result of normal
motors, and fabnormal is the worst inference result of abnormal motors.

The purpose of this function (1) is to build a diagnosed model by learning the features of the
database thoroughly. Therefore, the failure probability of a healthy motor needs to be lower than
50 percent for better motor operation. Conversely, the failure probability of a motor with failure needs
to be higher than 50 percent.

3. Technology Used for Diagnosis

Of the four classifications of motor failure by component, this research focuses on the diagnosis
of rotor failure. The reasons for the broken rotor bar can be attributed to overcurrent, and it can be
judged through the characteristic frequency for electrical method, as shown in Equation (2).

fb = fs × (1± 2s) (2)
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where s is the slip, fs is the power of the main frequency, and fb is the characteristic frequency of the
broken bar.

The energy of the characteristic frequency of a healthy motor is less than that of a broken bar motor.
Therefore, this section will introduce fast Fourier transform, fuzzy theory, and the genetic algorithm.

3.1. Fast Fourier Transform

Consider a set of N points signals that change with time that can be defined as x(n). Discrete
Fourier Transform corresponding to x(n) is shown in Equation (3), and the inverse Discrete Fourier
Transform is as shown in Equation (4).

X(k) =
N−1

∑
n=0

x(n)e−j 2π
N nk, 0 ≤ k ≤ N − 1 (3)

x(n) =
1
N

N−1

∑
k=0

X(k)ej 2π
N nk, 0 ≤ n ≤ N − 1 (4)

where n or k is the sample serial number, N is the total sample numbers.
According to Equations (3) and (4), the concept of Fourier transform is to fit the original signal

through multiple sets of waves, so as to obtain the frequency components. This paper will document
fast Fourier transform on the motor’s current and record the value of energy on characteristic frequency
of broken rotor bar, so as to establish training samples.

3.2. Fuzzy Theory

Fuzzy theory emphasizes human logic in thinking and uncertainty reasoning through a
mathematical model. The structure and the functions, as shown in Figure 2, are blur, fuzzy rule,
fuzzy inference, and solution to blur, respectively. When inputting data to the system, fuzzy theory is
used to translate data to fuzzy message. Human experiences are then aggregated with fuzzy inference,
and, finally, the output is the probability format. Hence, this paper will show the design of a fuzzy
system according to the motor failure diagnosis through optimization using the genetic algorithm.
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3.3. Genetic Algorithm

The genetic algorithm is a kind of optimal search mechanism to simulate natural reproduction,
and its concept is to keep the most competitive species through environmental selection and conserve
the best genes for the next generation. Its basic structure as shown in Figure 3. When the genetic
algorithm is used to solve optimization, fitness function must be designed according to the applied
problem, so as to effectively search for the best solution in the whole area.

This paper shall then show the design of the corresponding evolution process according to the
objective, so as to establish the best membership function.
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Figure 3. The concept of the genetic algorithm.

4. Optimal Design of Membership Function

The design of the optimal membership function proposed in this research is implemented through
the combination of fuzzy theory and the genetic algorithm. The process is as shown in Figure 4. First,
genetic algorithm is used to learn the energy characteristics of the training samples and search the
optimal membership function. Then the test samples are used to verify the optimal efficiency. This
section will use a TE-204 motor as an example to introduce the design process of the rotor failure
diagnosis, and it can be divided into: (1) data collection; (2) generation of membership function;
(3) fitness evaluation; (4) crossover and mutation; and (5) termination conditions.
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Figure 4. The flow diagram of optimal membership function design and optimal failure
diagnosis inference.

4.1. Data Collection

Motor rotor failure can be observed by analyzing the stator current with fast Fourier transform.
The purpose of data collection is to record the broken bar’s energy from characteristic frequency (+2s
and −2s). The concept is as shown in Figure 5. In this case, training samples and test samples both
have 50 records, each of which contain 25 normal and 25 rotor failure samples.
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4.2. Generation of Membership Function

The fuzzy set is based on triangular membership functions of a normal set and an abnormal set.
The input membership function has µ(x) left-side characteristic frequency energy, and µ(y) right-side
characteristic frequency energy, both of which contain two variables, as shown in Figures 6 and 7.
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Figure 7. The input membership function.

The purpose of this step is to randomly generate individuals of genetic algorithm. The single
individual has four chromosomes, with each chromosome owning only one gene, and a single gene
can be considered as being composed of energy at characteristic frequency, which is expressed in
decimal, as shown in Figure 8.
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4.3. Fitness Evaluation

When the detector has training samples and randomly generated membership function, it can
obtain the corresponding failure probability by fuzzy theory. However, if the membership function is
designed improperly, misdiagnosis can be caused. In order to avoid this problem, the fitness function
must be set properly for genetic algorithm to search the global optimal solution. The fitness evaluation
for this research refers to the fuzzy inference results, with the fuzzy rules formulated as follows:
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(1) If the left characteristic frequency energy is “Normal”, then the state of the rotor is “Normal”.
(2) If the left characteristic frequency energy is “Abnormal”, then the state of the rotor is “Abnormal”.
(3) If the right characteristic frequency energy is “Normal”, then the state of the rotor is “Normal”.
(4) If the right characteristic frequency energy is “Abnormal”, then the state of the rotor

is “Abnormal”.

The output membership function is shown in Figure 9. Aggregation is formed by multiple fuzzy
rules and the center of gravity method is used to solve defuzzification, as shown in Equation (5), and
the rotor failure probability can be obtained.

z∗ =

L
∑

i=1
µ(zi) · zi

L
∑

i=1
µ(zi)

(5)
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The fitness function is formulated as follows:

Fitness =

{
0, i f fnormal or fabnormal < 0

fnormal + fabnormal , otherwise
where fnormal = min{0.5− zi, i = 1, 2, . . . , 25}

fabnormal = min{zi − 0.5, i = 26, 27, . . . , 50}

(6)

where zi is the inference result of training sample i, fnormal is the worst inference result of normal
motors, and fabnormal is the worst inference result of abnormal motors.

4.4. Crossover and Mutation

The research uses roulette wheel and elite strategy as the selection mechanisms and the methods
are as follows: substitute individual parameters into fitness function, give corresponding probability for
selection according to the obtained fitness, allow the selected individuals to participate in subsequent
evolution, and conserve the elites to the next generation in order to avoid missing the original
excellent gene.

As shown in Figure 10, the parents, selected using roulette wheel, are mated in pairs, while the
membership parameters of left-side characteristic frequency and right-side characteristic frequency
will have crossover positions. In addition, appropriate mutation rates can change the structure
of their offspring so as to improve the population diversity. The mutation mechanism used for
this research is that it randomly selects mutation points from four input variables and regenerates
membership parameters.
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4.5. Termination and Conditions

Repeatedly follow the steps outlined above until it achieves the iterations of the terminal condition.

5. Test Case

This research captures characteristic frequency energy using fast Fourier transform, then collects
electrical data before and after the motor failure in order to search for the optimal membership function
using genetic algorithm. Finally, the test samples will be used to verify the optimal benefit. This section
applies the method mentioned above, as well as the Monte Carlo method, to search for membership
functions, and later discuss the differences in the diagnosis result.

5.1. Experiment Model

This research uses a TE-204 three-phase squirrel-cage induction motor as the test model.
The specification is as shown in Table 1. The diagnosis needs a normal motor and a failure motor
for comparison. Thus, two holes were drilled on the rotor for it to have one broken bar, as shown in
Figure 11. The drilling diameter is 7 mm and the depth is 30 mm.

Table 1. TE-204 Motor specification table.

Name of Specification Data of Specification Name of Specification Data of Specification

Number of Poles 4 Poles Number of Stator Slot 36
Number of Phase 3 Phase Number of Rotor Slot 44

Rated Line Voltage 220 V Shaft diameter 25 mm
Rated Current 6.1 A Outer diameter of Stator 96 mm
Rated Speed 1715 rpm Inner diameter of Stator 62 mm

Rated Output 2 HP Rotor Form Single Squirrel-cage Type
Frequency 60 Hz Shape of Rotor Slot Half-open Slot

Appl. Sci. 2017, 7, 31  7 of 15 

This research captures characteristic frequency energy using fast Fourier transform, then collects 

electrical data before  and  after  the motor  failure  in order  to  search  for  the optimal membership 

function using genetic algorithm. Finally, the test samples will be used to verify the optimal benefit. 

This section applies the method mentioned above, as well as the Monte Carlo method, to search for 

membership functions, and later discuss the differences in the diagnosis result. 

5.1. Experiment Model 

This research uses a TE‐204 three‐phase squirrel‐cage  induction motor as the test model. The 

specification  is as shown  in Table 1. The diagnosis needs a normal motor and a  failure motor  for 

comparison. Thus,  two holes were drilled on  the rotor  for  it  to have one broken bar, as shown  in 

Figure 11. The drilling diameter is 7 mm and the depth is 30 mm. 

Table 1. TE‐204 Motor specification table. 

Name of 

Specification 

Data of 

Specification 
Name of Specification  Data of Specification 

Number of Poles  4 Poles  Number of Stator Slot  36 

Number of Phase  3 Phase  Number of Rotor Slot  44 

Rated Line Voltage  220 V  Shaft diameter  25 mm 

Rated Current  6.1 A  Outer diameter of Stator  96 mm 

Rated Speed  1715 rpm  Inner diameter of Stator  62 mm 

Rated Output  2 HP  Rotor Form  Single Squirrel‐cage Type 

Frequency  60 Hz  Shape of Rotor Slot  Half‐open Slot 

 

Figure 11. Broken rotor bar model. 

5.2. Establishment of Database 

Using the motor’s corresponding motor load specification, the line currents of the normal motor 

and the abnormal motor were measured respectively at full load. The duration of each sample is a 1‐s 

record, taken every 90 min with 10 kHz sample rates. The steps above were repeated until the number 

of training samples and test samples both have 50 recordings in the database, and each of which has 

25 normal motor samples and 25 rotor failure samples. Figure 12 shows an example of the current 

analysis using fast Fourier transform. The amplitude of the current waveform is 9. The left‐side and 

right‐side characteristic energy are 752.4 and 426.2 for 54Hz and 66Hz respectively. 

 

Figure 12. Current information of abnormal motor. 

 

Figure 11. Broken rotor bar model.

5.2. Establishment of Database

Using the motor’s corresponding motor load specification, the line currents of the normal motor
and the abnormal motor were measured respectively at full load. The duration of each sample is a 1-s
record, taken every 90 min with 10 kHz sample rates. The steps above were repeated until the number
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of training samples and test samples both have 50 recordings in the database, and each of which has
25 normal motor samples and 25 rotor failure samples. Figure 12 shows an example of the current
analysis using fast Fourier transform. The amplitude of the current waveform is 9. The left-side and
right-side characteristic energy are 752.4 and 426.2 for 54 Hz and 66 Hz respectively.
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5.3. Optimization of Membership Function

This section uses selected training samples to search for the best membership function with the
genetic algorithm. The data distribution of the observed training samples, in Figures 13 and 14, shows
that the frequency response of the left and right feature points in a normal motor is much smaller than
that of an abnormal motor. Furthermore, the energy of the left-side frequency of an abnormal motor is
higher than that of the right side. Above all, the scope of the input membership parameters is already
estimated and the results will be the reference for generating genetic individuals.
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The genetic algorithm proposed in this research is programmed to do 500 optimization searches in
training samples. The optimal result of the membership function is shown in Figure 15, where the left
and right membership parameters X1, X2, Y1, and Y2 are 44, 49, 46, and 51, respectively. The reason for
the left and right membership functions looking so similar is that the overlap between energy ranges of
the healthy motor and failure motor in both left and right characteristic frequencies are close in range;
the left energy of the healthy motor and failure motor are between the ranges of 100–460 and 440–1300,
respectively, and the right energy of the healthy and failure motor are between the ranges of 100–455
and 420–1000, respectively. However, the result of membership function is based on a high diagnostic
rate of the training samples, as shown in Figure 16. The results verify that the optimization design
for membership function proposed in this paper has fully grasped the electrical differences between
normal motor and abnormal motor, so the optimization results are applied to subsequent testing.Appl. Sci. 2017, 7, 31  9 of 15 
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5.4. Rotor Failure Diagnosis Test

This section divides the test situation into two components: first, the detector randomly selects
membership function with the Monte Carlo method in the situation of the unknown optimal
membership function; second, the detector uses optimal membership function results proposed
in the previous section. Afterwards, the results of two methods are respectively used to diagnose
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failures with the same samples in order to verify the benefit of optimal membership function in this
research. The test samples are shown in Figures 17 and 18.
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In the first situation, the detector can estimate the scope of the membership parameters through the
features of collected data, so as to narrow the searching space of the Monte Carlo method. Figures 19–22
have the most benefit of the 100 groups of randomly produced membership functions. In the second
situation, the results of the failure diagnosis detector are displayed with optimal membership function
in Figure 23.
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The different membership functions may cause the different benefit of diagnostic results, as is
shown in Figure 24. The value represents the fitness of such a method for the fuzzy inference of
test samples. It is learned from the comparison, from Figure 24, that the overall detection efficiency
of 19.6 in membership function 2 with the Monte Carlo method is closest to 20.98 of the optimized
membership function. The reason for choosing this membership function is the stringency of the
diagnostic model, resulting in having a normal motor that can easily be inferred as a failure motor,
even though this motor is still in the early stage of failure. The above situation can also be interpreted
from the perspective of the maintenance cost; the inference result of membership function with the
Monte Carlo method will waste more human resources on investigation. However, in the proposed
method, the inference results can already accurately grasp the actual state of a motor because the
diagnosed results are the best match with the testing samples, which properly determines the chance
to repair motor failure.
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Although the detector has divided a possible range of membership parameters, the best
membership function is still not found with the Monte Carlo method. On the contrary, the method
proposed in this research can effectively obtain the best failure diagnostic inference and the design
process of this method may be used as reference for another type of motor failure diagnosis.
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Moreover, cross-validation procedures is used to verify the converged stability of the genetic
algorithm. First, the training samples are randomly selected from the total sample (S-set), and the
remaining are assigned as the testing samples, as shown in Equation (7). Second, the first procedure
is repeated for ten times. Finally, genetic algorithm is used to find the optimal membership function
through learning each training set and let its corresponding testing set evaluate the diagnostic model.

{S} =
{

Si,training
}
+
{

Si,testing
}

, i = 1, 2, . . . , 10 (7)

where S is the overall of the data set, i is the times of resampling, Si,training is the training sets of i
times resampling, Si,testing is the testing sets of i times resampling, for example, S can be resampled as
{S} =

{
S1,training

}
+
{

S1,testing
}

or {S} =
{

S2,training
}
+
{

S2,testing
}

and so on.
Table 2 is the result of cross-validation. The genetic algorithm learns from different training sets.

The range of the optimal fitness value is from 0.66 to 0.74, this implies that the proposed genetic
algorithm can flexibly learn the characteristics from different training sets. In addition, the overall
benefit can also point out the performance of the proposed algorithm.

Table 2. The result of cross-validation (each data set are optimized in ten times).

Record
Resampling

i = 1 i = 2 i = 3 i = 4 i = 5 i = 6 i = 7 i = 8 i = 9 i = 10
(the avg. of 10 times)

Optimal fitness value 0.71 0.69 0.66 0.73 0.71 0.68 0.72 0.72 0.74 0.74
The benefit of health motor 12.30 11.94 10.89 12.57 11.51 12.27 11.87 12.58 11.92 12.5
The benefit of failure motor 8.52 7.82 8.34 8.69 8.86 7.05 6.92 8.69 7.88 8.48
The overall benefit 20.82 19.76 19.23 21.26 20.37 19.32 18.79 21.27 19.80 20.98

In order to improve the usage efficiency of optimal diagnosis method, this research shows the
design of a suitable graphical interface, as is shown in Figures 25 and 26: the genetic algorithm and
fuzzy system as the main training interface; and the rotor bar failure diagnosis as the sub-interface.
Furthermore, the user can only implement operation by following the procedures provided above to
accurately estimate the rotor failure probability.
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6. Conclusions

This study proposes an effective rotor failure diagnostic methodology for the evaluation of motor
operating status. It is found from the inference results of the training samples that the optimal design
for membership function has fully justified the electrical differences between normal motors and
abnormal motors, and that the obtained membership function can also effectively diagnose tested
samples. Therefore, the method presented in this paper can be an effective way of obtaining rotor
failure detection under operation, and also provide the design flow of such methodology that may be
used as a basis for the establishment of any subsequent kinds of failure diagnosis for motors.
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