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ABSTRACT The widespread use of three-phase cage induction motors in so many critical industrial, 

commercial and domestic applications means that there is a real need to develop online diagnostic systems to 

monitor the state of the machine during operation. This paper presents a hybrid diagnostic system that 

combines a model-based strategy with a fuzzy logic classifier to identify abnormal motor states due to single-

phasing or inter-turn stator winding faults. Only voltage and current measurements are required to extract the 

fault symptoms, which are represented as model parameters variations in an equivalent virtual healthy motor, 

negating the need to use complex models of faulty machines. A trust-region method is used to estimate the 

machine model parameters, with the final decision on the type, location and extent of the fault being made 

by the fuzzy logic classifier. The proposed diagnostic system was experimentally verified using a 1.0 hp 

three-phase test induction motor. Results show that the proposal method can efficiently diagnose single 

phasing and inter-turn stator winding faults even when operating with unbalanced supply voltages and in the 

presence of significant levels of measurement noise. 

INDEX TERMS Fault diagnosis, fuzzy logic, induction motors, stator faults. 

I. INTRODUCTION 

Embedding an online, intelligent diagnostic system to monitor 

the condition of a three-phase induction motor is beneficial for 

high-value industrial applications in which unexpected 

shutdowns can be very expensive.  Fault diagnosis combines 

three different tasks: fault detection, isolation, and 

identification [1]. On detection of an abnormality of some 

kind, an alarm is raised. Next, the system has to distinguish if 

the alarm is related to a real issue and is not just an undesired 

false alarms. After ensuring that a real fault exists, the fault 

identification stage would provide more information on the 

type of fault, its severity and location. The diagnostics of 

induction motor faults is an active and well-established area of 

research [2], including the identification of open-circuit faults 

and inter-turn winding faults using a variety of methods such 

as model-based techniques [3], [4] motor current signature 

analysis (MCSA) [5], [6], Park vector techniques [7], and 

knowledge-based strategies [8]. Detection and identification 

of broken rotor bar faults have also been suggested based on 

signal analyses methods [9], and more recently on a new 

technique using the Walsh-Hadamard domain and the k-NN 

algorithm [10].  Bearings fault diagnosis has long been 

performed using current signature analysis and knowledge-

based strategies [11], [12], and more recently, a tensor-based 

approach [13]. The use of the Internet of Things for detecting 

outer and inner ring faults has also been suggested [14]. 

Diagnostic methods for eccentricity faults have also been 

developed [15], [16]. In addition to detection strategies for 

more than one type of induction motor fault [16]-[18]. 

The most common types of induction motor faults and their 

frequency of occurrence are as follows: 40-50% of all faults 

are bearings faults, 30-40% are stator faults and 5-10% are 

rotor faults [19]. These percentages vary depending on 

machine size and, according to the literature, stator winding 

faults occur more frequently in medium and high voltage 

machines [20]. Hence, this study focuses on induction motor 

open-circuit and inter-turn short-circuit stator winding faults. 
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The main symptoms of these faults are critically unbalanced 

voltages, overheating, excessive vibration, and high current 

consumption [3], [21]. However, since these symptoms are 

common to many different types of faults, more tests are 

required to get an adequate diagnosis. Generally, diagnosis 

strategies can be divided into three groups: signal-based, 

model-based, and knowledge-based. One of the most popular 

signal-based methods is motor current signature analysis in 

which the fault type is determined from direct analysis of the 

stator current waveform. MCSA is used to diagnose an inter-

turn short circuit fault using Wavelet Transform (WT) in [5]. 

Although WT provides information in both time and 

frequency domains, it is sensitive to signal noise. The use of a 

Kalman filter has been developed as an alternative [22]. 

Model-based/parameter estimation methods have also been 

suggested for the diagnosis of stator winding faults. In [23], 

[24] model parameters are estimated using a stochastic 

optimization methods and open-circuit fault features are 

extracted from the obtained values of stator/rotor resistances 

or the number of turns. While in [3], the estimation of fault 

loop resistance and the percentage of shorted turns is used as 

an inter-turn short circuit fault feature, estimated by particle 

filter, a generic Bayesian filtering approach, which can be 

applied to nonlinear systems and non- Gaussian noise. 

Knowledge-based methods in which data corresponding to 

both healthy and faulty conditions are gathered for different 

load conditions, then used to train classifications tools for 

making the final decision on the state of the machine have also 

been employed for detecting stator short-circuit faults [25], 

[26]. In general, the signal-based approach is the simplest; 

however, disturbances affect its accuracy [8]. Some noise 

immunity can be achieved using model-based or knowledge-

based strategies, at the cost of system complexity. 

Model-based techniques have been suggested for the 

purpose of stator winding faults identification [3], [27]-[29]; 

However, none of these studies examined the effectiveness of 

utilizing the number of stator winding turns to extract faults’ 

features; i.e., the possibility of employing a model of a 

machine with asymmetrical windings in which each of the 

three stator windings has a different number of turns.  In this 

this paper, a model of an asymmetrical induction machine [30] 

is used as the basis of a reliable hybrid diagnostic system for 

induction machine stator winding faults. Model parameter 

values can be easily calculated from general machine 

parameters without the need for detailed information about 

motor geometry or winding arrangements. The proposed 

diagnostic system combines this relatively simple model of an 

asymmetrical induction motor with a trust-region method 

analysis and a fuzzy logic classifier to recognize unhealthy 

conditions and give further details of the fault location and its 

severity; a matter of great importance for increasing the 

reliability and effectiveness of any maintenance regime. The 

proposed diagnostic system is experimentally verified using a 

0.75 kW cage induction motor test rig. What’s more, the 

effectiveness of the proposed scheme is tested and verified 

under practical, non-ideal operating conditions such as 

unbalanced supply voltages and measurements noise, 

demonstrating excellent performance characteristics. The 

contributions of this work can be summarized as follows: 1) 

The use of a simple model of the machine, eliminating the 

need for extra equations to represent the various fault 

conditions. 2) Defining the healthy state by appropriate FL 

rules instead of initiating the estimation process with pre-

specified threshold values to recognize a healthy/faulty state. 

3) Recognition of the severity of the inter-turn short-circuit 

fault. 4) The method is fully tested and verified under practical 

operating conditions where the effects of an unbalanced 

supply voltage, load variations, and signal noise are accounted 

for. 

II. THE PROPOSED DIAGNOSTICS SYSTEM 

The first step in constructing a diagnostic system is to extract 

fault features. For each fault type, these features should be 

unique and capable of specifying the fault type without 

ambiguity.  In this study, the number of stator winding turns 

are used to extracting the features corresponding to winding 

open-circuit and inter-turn short-circuit faults. The Trust-

Region Method (TRM), which enjoys fast convergence speeds 

and strong stability [31], is selected for estimating the effective 

number of turns. TRM is used to minimize the sum of the 

squared errors between the measured stator currents (𝑖𝑎, 𝑖𝑏, 

and 𝑖𝑐) and  the corresponding currents calculated from a  

virtual motor (𝑖^𝑎, 𝑖^𝑏, and 𝑖^𝑐). The resulting values of 

machine parameters (rotor and stator resistances, rotor and 

stator inductances, and mutual inductance) are then used to 

estimate the effective number of stator winding turns (𝑁𝑎𝑠,, 

𝑁𝑏𝑠,, and 𝑁𝑐𝑠,). Finally, a fuzzy logic classifier uses the 

estimated values of  𝑁𝑎𝑠,, 𝑁𝑏𝑠,, and 𝑁𝑐𝑠, to declare the 

machine’s condition, fault severity, and location. Fig. 1 shows 

the overall scheme of the suggested diagnostic system. 

A.  MODEL BASED THEORY 

The Model-based approaches have been successfully used for 

diagnosing faults in different engineering applications. 

Model-based theory is developed from the traditional 

hardware redundancy approach, which identifies a 

component's condition by analyzing the differences between 

the condition of the component under consideration and an 

additional hardware component operating in parallel. This 

hardware redundancy is often replaced by analytical 

“software” redundancy [32] to reduce system cost and space. 

The proposed diagnostic system employs a software model 

of the motor (a virtual healthy motor) operating in parallel with 

the machine under examination to generate the required 

information. Previous approaches used a model of a faulty 

machine for comparison with the actual motor [3], [27], i.e., a 

complex model of the machine since redundant equations are 

needed for faults representation. In contrast, the “virtual 

healthy motor” adopted in this work is represented in 𝑞𝑑-

stationary reference frame [30], with consideration to an 
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asymmetrical induction motors where the number of a stator 

winding at each phase are not the same (𝑁𝑎𝑠, ≠ 𝑁𝑏𝑠, ≠ 𝑁𝑐𝑠,). 

 

FIGURE 1.  The hybrid model-based/fuzzy logic diagnostic system. 

B.  TRUST-REGION METHOD 

The Trust-Region Method (TRM) is a numerical 

(deterministic) optimization method. An objective function 𝑓 

is approximated to a simpler quadratic function 𝑚 (the 

standard TRM represents the quadratic function by the first 

two terms of Taylor’s approximation) in which 𝑚 reflects the 

behavior of 𝑓 in a neighborhood (trust-region) around the 

current point. Several trials are conducted for solving the sub-

problem (the quadratic function) until global convergence of 

the main objective function. The trust-region radius is updated 

according to the ratio of the expected change in 𝑓 to the 

predicted change in m [31]. The TRM process of as follows: 

Step 1:  Measure the three-phase stator currents (𝑖𝑎, 𝑖𝑏, 𝑖𝑐) and 

voltages (𝑣𝑎,𝑣𝑏,𝑣𝑐). 

Step 2: Generate the simulated three-phase currents (𝑖^𝑎, 𝑖^𝑏, 

𝑖^𝑐) from the virtual machine using the measured supply 

voltages data as an input. 

Step 3:  Evaluate the objective function 𝑓(𝑿) given by: 

𝑓(𝑿) = ∑{[𝑖𝑎(𝑘) − 𝑖^𝑎(𝑘)]2 + [𝑖𝑏(𝑘) − 𝑖^𝑏(𝑘)]2
𝑁

𝑗=1 + [𝑖𝑐(𝑘) − 𝑖^𝑐(𝑘)]2}                              (1) 

where N is the number of samples. The estimation process is 

divided into two stages for faster convergence. The model 

parameters are estimated first and these values are then used 

in the estimation of the number of turns. Thus, X={Rs, Rr, 

Lm, Ls, Lr, LOAD} at the first stage of the estimation, while 

X={Nas, Nbs, Ncs}  at the second stage of the estimation, 

where Rs, Rr, Ls, Lr are the stator and rotor resistances and 

inductances, Lm is the magnetizing inductance and LOAD is 

the load level. 

Step 4:  Create an initial circle trust-region with radius ∆, set 

Ɀ∈ [0, 1/4) 

Step 5:  Solve the following sub-problem for k = 0, 1, …  

min
‖𝒅‖≤∆𝑘

𝑚(𝒅)𝑘 = 𝑓(𝑿)𝑘 + [∇𝑓(𝑿)𝑘]𝑇𝒅 +
1

2
𝒅𝑇𝐵(𝑿)𝑘𝒅  (2) 

where ‖𝒅‖ is the second norm of d (the square root of the sum 

of the squared values) and 𝐵(𝑿) is the approximate hessian 

matrix: 

𝐵(𝑿) =

[
 
 
 
 
𝜕2𝑓(𝒙)

𝜕2𝑖𝑎
 
𝜕2𝑓(𝒙)

𝜕2𝑖𝑎 𝑖𝑏
 
𝜕2𝑓(𝒙)

𝜕2𝑖𝑎 𝑖𝑐

𝜕2𝑓(𝒙)

𝜕2𝑖𝑏 𝑖𝑎
 
𝜕2𝑓(𝒙)

𝜕2𝑖𝑏
 
𝜕2𝑓(𝒙)

𝜕2𝑖𝑏 𝑖𝑐

𝜕2𝑓(𝒙)

𝜕2𝑖𝑐 𝑖𝑎
 
𝜕2𝑓(𝒙)

𝜕2𝑖𝑐 𝑖𝑏
 
𝜕2𝑓(𝒙)

𝜕2𝑖𝑐 ]
 
 
 
 

                                            (3) 

Step 6:  Find the ratio of the actual reduction in the objective 

function to the predicted reduction (𝜌𝒌) 

𝜌𝒌 =
𝑓(𝑿)𝑘 − (𝑓(𝑿)𝑘 + 𝒅𝑘)

𝑚(𝟎)𝑘 − 𝑚(𝒅)𝑘𝒅𝑘
                                                   (4) 

for k=0, 1, 2, … 

Evaluate 𝜌𝒌 

if  𝜌𝒌 <
1

4
        

           ∆𝑘+1=
1

4
‖𝒅𝑘‖ 

else 

         if 𝜌𝒌 >
3

4
  and ‖𝒅𝑘‖ = ∆𝑘      

                    ∆𝑘+1= min(2∆𝑘 , ∆)    
          else 

                ∆𝑘+1= ∆𝑘 ; 

  if 𝜌𝒌 >Ɀ,   

             𝑿𝑘+1 = 𝑿𝑘 + 𝒅𝑘 

  else 

           𝑿𝑘+1 = 𝑿𝑘 

end (for). 

Step 7:  Check that the termination condition (the function 

tolerance is less than 0.001) is valid. If so, stop and save the 

values of {Nas, Nbs, Ncs} else go to Step 3. 

C.  FUZZY LOGIC CLASSIFIER 

Fuzzy Logic (FL) is used as a classification tool to make the 

final decision about the state of the motor. FL has four main 

stages: fuzzification, rule-building, aggregation, and 

defuzzification. Crisp input/output values are converted to 

linguistic variables (fuzzy values) in the fuzzification stage. 

The link between the input linguistic variables and the output 

linguistic variables is represented by if-then rules. Rules are 

combined in the aggregation stage before defuzzification, i.e. 

converting the linguistic variables to crisp values. An FL-

Mamdani type system was developed in Matlab using three 

inputs (Nas, Nbs, Ncs) and three outputs (state, severity, and 
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location) as demonstrated in Fig. 2. Input/output variables are 

represented by simple triangular membership functions to 

convert the crisp values into fuzzy values. Each input variable 

has four membership functions: lowest, lower, low, and high. 

The output state has three fuzzy variables: healthy, open-

circuit, and short-circuit. The output severity has three fuzzy 

variables: low (indicating no fault or an inter-turn fault of 2%), 

moderate (indicating an inter-turn fault of between 2% and 

8%), and high (indicating an open-circuit fault or an inter-turn 

fault of 8% or higher). Finally, four linguistic variables 

(phase_a, phase_b, phase_c, and none) represent the output 

location. Table 1 shows the ranges of these linguistic 

variables. The total number of rules is 64, written in 

accordance with simulation and experimental results. Some of 

these rules are shown below as an example: 

1-if (Nas is low), (Nbs is high) and (Ncs is high) then (state is 

short) (severity is low) (location is phase_a). 

2- if (Nas is lower), (Nbs is high) and (Ncs is high) then (state 

is short) (severity is moderate) (location is phase_a). 

3- if (Nas is low), (Nbs is low) and (Ncs is low) then (state is 

healthy) (severity is low) (location is none). 

4- if (Nas is low), (Nbs is high) and (Ncs is low) then (state is 

open) (severity is high) (location is phase_a). 

5- if (Nas is low), (Nbs is low) and (Ncs is high) then (state is 

open) (severity is high) (location is phase_b). 

 

FIGURE 2.  Fuzzy logic inputs and outputs. 
 

TABLE I 

FL LINGUISTIC VARIABLE RANGE 

Variable Type Range 

lowest input [0.7 0.7 0.93] 

lower input [0.9 0.97 0.99] 

low input [0.98 1.05 1.07] 

high input [1.061 1.3 1.3] 

healthy output [0 0.2 0.4] 

short output [0.4 0.6 0.8] 

open output [0.8 1 1.2] 

low output [0 0.1 0.2] 

moderate output [0.2 0.3 0.4] 

high output [0.4 0.5 0.6] 

phase_a output [0 0.2 0.4] 

phase_b output [0.4 0.6 0.8] 

phase_c output [0.8 1 1.2] 

none output [1.2 1.4 1.6] 

III. EXPERIMENTAL INVESTIGATION 

A.  EXPERIMENTAL TEST RIG 

A 0.75kW, 4-pole, 380V three-phase induction motor 

experimental test rig was constructed for examining the 

performance of the proposed diagnostic system, as shown in 

Fig.3. The parameters of the test machine are given in the 

appendix. A permanent magnet dc generator supplying a 

resistive load was coupled with the induction motor to provide 

loading. Three hall-effect voltage sensors (HV25) and three 

hall-effect current sensors (HTS6) were used to measure the 

supply voltages and the stator currents. These signals were 

gathered through a USB Data Acquisition (DAQ) instrument. 

The DAQ (DI-4208) was interfaced with a (PC) through the 

USB cable. 

 

 

FIGURE 3.  Photos of the experimental test rig. 

The test induction motor was fed from an inherently 

unbalanced three-phase voltage supply (the laboratory supply 

had imbalanced voltages with a voltage unbalance factor 

(VUF) [34] of up to 5%. The unbalance in the waveforms is 

due to the unbalanced voltage source and other inherent 

asymmetries. Three load levels were used during the tests, 

obtained by adjusting the bank resistances attached to the dc 

generator. Load level 1 corresponding to a lightly loaded 

machine, load level 2 corresponding to a load of about 50% of 

full-load, and load level 3 corresponding to a load of between 

70% and 80% of full load. Voltage and current data were 

collected using WinDaq software for a one-second period at a 

sampling rate of 1000 S/s. Figs. 4 shows the measured current 
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waveforms for a healthy condition. Fig. 5 shows the measured 

current waveforms at load level 1 with phase a open-circuited. 

No current passes through the faulty phase, while the 

remaining two healthy phases carry significantly elevated 

values of current. Figs. 6 and 7 show the voltage and current 

waveforms in the presence of 2% and 10% inter-turn short-

circuit fault at phase a, respectively. To introduce the inter-

turn fault, the motor was rewound, and tapped wires were pull-

outed from phase a every eight turns, so that 2%, 4%, 6%, 8%, 

and 10% inter-turn short-circuit faults severity could be 

obtained. Comparing Fig. 6 with Fig. 7, it is evident that the 

waveform imbalance is more pronounced with the more 

severe fault, as would be expected (the current unbalance 

factor was 11.7% for a 2% inter-turn fault, and 25% for 10% 

inter-turn fault).  

 
FIGURE 4.  Measured stator current waveforms; Load level 1, 
healthy condition (1000S/s sampling rate). 

 
FIGURE 5.  Measured stator current waveforms; Load level 1, open-
circuit fault, phase a (1000S/s sampling rate). 

 
FIGURE 6.  Measured stator current waveforms; Load level 1, 2% 

inter-turn fault, phase a (1000S/s sampling rate). 

 
FIGURE 7.  Measured stator current waveforms; Load level 1, 10% 
inter-turn fault, phase a (1000S/s sampling rate). 

A higher sampling rate of 5000 S/s was also used so that the 

noise immunity of the proposed scheme could be investigated. 

Figs. 8 and 9 show two examples of these waveforms. 

 

 
FIGURE 8.  Measured stator current waveforms; Load level 1, open-
circuit fault, phase a (5000S/s sampling rate). 

 
FIGURE 9.  Measured stator current waveforms; Load level 1, 10% 

inter-turn fault, phase a (5000S/s sampling rate). 
 

IV. ANALYSIS AND RESULTS 

Any fault in the machine will affect the effective values of the 

motor parameters [35] and it is important to consider this in 

the estimation process. Parameter values are estimated 

(together with the motor loading condition) at the first stage of 

the TRM optimization, using the cost function equation (1). 

which represents the difference between the simulated stator 

currents of the virtual model (set at full load initially) and the 

measured stator currents of the motor under examination. The 

effective values of the stator windings number of turns (Nas, 

Nbs, Ncs), are then obtained at the second stage of the TRM 

optimization. The estimation process was implemented in 

Matlab R2017b/Simulink environment. 
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The values of the cost function, initially and at the end of 

each stage of the estimation process, are given in Table 2 for a 

healthy motor, an open circuit fault and inter-turn faults at 

various severities.  For the healthy motor, the initial value of 

the cost function is maximum when the motor is at load level 

1 since the virtual model is set initially at full load. At the end 

of the first stage of estimation, the cost function decreases 

considerably, as the virtual motor catches up the actual 

operating conditions of the examined motor. The value of the 

cost function decreases further by the end of the second stage 

of the estimation process. The initial values of the cost 

function for the open-circuit fault are higher than the 

corresponding values for the healthy condition because the 

current in the faulty phase of the motor is zero, unlike the 

virtual motor’s current at the start of the process.  For the inter-

turn fault, it can be seen that the initial cost function values go 

down as the fault severity increases since a higher fault 

severity means higher values of stator currents and a better 

match with the initial current of the virtual motor. At the end 

of the second stage, the cost function values for all conditions 

are reduced further. Note that the estimation of the load level 

is higher than the actual loading for all fault conditions as the 

currents would be higher than their normal values. The open-

circuit fault, and the 6% and 10% inter-turn faults, were 

examined at load level 1 only, because the available current 

sensors were rated at a maximum of 6 A. 
TABLE 2 

COST FUNCTION AND ESTIMATED LOAD VALUES (1000 S/S; 5000 S/S) 

Operating 

Condition 

Initial 

(full-

load) 

End of 

1st stage 

of est. 

End of 

2nd stage 

of est. 

Est. 

load 

level 

Healthy 

(load level 1) 

669.5; 

2.28e3 

71.4; 

609.0 

69.7; 

600.0 

11%; 

12% 

Healthy 

(load level 2) 

243.6; 

1.00e3 

61.6; 

528.8 

60.6; 

519.7 

53%; 

58% 

Healthy 
(load level 3) 

119.2; 
629.3 

51.0; 
439.6 

50.2; 
435.6 

73%; 
81% 

o.c. fault 

(load level 1) 

14.0e3; 

28.13e3 

1.1e3; 

4.64e3 

1.0e3; 

4.46e3 

6%; 

5% 

2% inter-turn 

fault (load level 1) 

573.3; 

1.89e3 

75.5; 

619.5 

65.3; 

600.3 

25%; 

27% 

2% inter-turn 

fault (load level 2) 

233.5; 

785.3 

73.3; 

497.4 

66.1; 

471.5 

58%; 

71% 

2% inter-turn 

fault (load level 3) 

99.1; 

555.8 

55.3; 

431.8 

49.1; 

414.6 

81%; 

94% 

6% inter-turn 
fault (load level 1) 

423.7; 
1.42e3 

98.8; 
580.8 

59.0; 
477.0 

36%; 
38% 

10% inter-turn 

fault (load level 1) 

317.3; 

1.13e3 

121.8; 

628.2 

51.5; 

443.5 

47%; 

51% 

 

The estimated normalized values of 𝑁𝑎𝑠,, 𝑁𝑏𝑠,, and 𝑁𝑐𝑠, for 

the healthy and faulty motor conditions are shown in Table 3 

together with the corresponding fuzzy logic results. 

Normalized values were used (1 pu) to generalize the fuzzy 

rules for all motor sizes. As shown, the values of these 

parameters vary in accordance with the motor’s state, the 

location of the fault, and its severity. As evident from the 

results, the noisy environment (i.e. when using the increased 

sampling rate of 5000S/s) does not have much of an effect on 

the accuracy of the results. 

V. CONCLUSION 

A hybrid diagnostic system for winding faults in three-phase 

cage induction motors is presented in this paper. The proposed 

scheme combines a model-based strategy with fuzzy logic 

(FL) to identify the type, location and severity of stator 

winding faults. The main part of the diagnostic system is 

feature extraction, carried out using the trust-region method. 

This was used to estimate the corresponding variation in the 

number of turns of the virtual motor. A FL classifier then uses 

the extracted features to announce the motor’s health 

condition (healthy, faulty with open-circuit fault, and faulty 

with inter-turn fault), fault’s severity, and location. 

The proposed diagnostics system considers the healthy state 

as an unknown condition, evaluated by the FL classifier, 

removing the need to set threshold parameter values for 

separating the healthy state, as is usually the case. The system 

is not dependent on motor size and can operate successfully in 

the presence of noise, at different loading conditions, and even 

with a significantly unbalanced supply. It is also non-intrusive 

and requires only terminal voltage and current measurements. 

All the above features were experimentally verified using a 

0.75 kW induction motor test rig (which was re-wound to 

allow the introduction of inter-turn short circuit faults of 

different severities). Other faults like broken rotor bars, 

eccentricity faults and bearings faults are not considered in this 

work. 
TABLE 3 

FUZZY LOGIC RESULTS (1000 S/S; 5000 S/S) 

Operating 

Condition 

FL inputs 

(Nas, Nbs, Ncs) 
FL outputs 

Estimation 

(state, 

severity, 

location) 

Healthy 

(load level 1) 

1.02, 0.98, 1.01; 

1.02, 0.99, 1.00 

0.6, 0.1, 0.6; 

0.59, 0.1, 0.63 

(healthy, 

low, none) 

Healthy 

(load level 2) 

1.02, 0.99, 1.01; 

1.01, 0.99, 1.00 

0.2, 0.1, 1.4; 

0.2, 0.1, 1.4 

(healthy, 

low, none) 

Healthy 

(load level 3) 

1.02, 0.99, 1.00; 

1.03, 1.0, 1.01 

0.2, 0.1, 1.4; 

0.2, 0.1, 1.4 

(healthy, 

low, none) 

o.c. fault 
phase b 

(load level 1) 

0.97, 1.01, 1.20; 

0.98, 1.00, 1.23 

1.0, 0.5, 0.6; 

1.0, 0.5, 0.6 

(open, high, 

phase b) 

2% inter- 
turn fault 

phase a 

(load level 1) 

0.96, 1.00, 1.05; 

0.97, 0.99, 1.04 

0.6, 0.3, 0.2; 

0.6, 0.3, 0.2 

(short, 

moderate, 

phase a) 

2% inter- 

turn fault 

phase a 

(load level 2) 

0.98, 1.00, 1.05; 

0.98, 1.00, 1.06 

0.6, 0.3, 0.2; 

0.6, 0.3, 0.2 

(short, 

moderate, 
phase a) 
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2% inter- 
turn fault 

phase a 

(load level 3) 

0.98, 1.0, 1.06; 

0.98, 1.01, 1.06 

0.56, 0.28, 0.3; 

0.6, 0.3, 0.2 

(short, 

moderate, 

phase a) 

4% inter- 

turn fault 

phase a 

(load level 1) 

0.94, 1.0, 1.06; 

0.95, 1.0, 1.06 

0.6, 0.3, 0.2; 

0.6, 0.3, 0.2 

(short, 

moderate, 
phase a) 

4% inter- 

turn fault 

phase a 

(load level 2) 

0.95, 1.0, 1.06; 

0.96, 1.02, 1.0 

0.6, 0.3, 0.2; 

0.6, 0.3, 0.2 

(short, 
moderate, 

phase a) 

4% inter- 

turn fault 

phase a 
(load level 3) 

0.96, 1.02, 1.0; 

0.94, 1.00, 1.04 

0.6, 0.5, 0.2; 

0.6, 0.3, 0.2 

(short, 

moderate, 

phase a) 

6% inter- 

turn fault 
phase a 

(load level 1) 

0.91, 1.0, 1.06; 
0.92, 1.0, 1.07 

0.6, 0.4, 0.2; 
0.79, 0.5, 0.4 

(short, high, 
phase a) 

10% inter- 
turn fault 

phase a 

(load level 1) 

0.86, 1.0, 1.07; 

0.88, 1.0, 1.09 

0.6, 0.5, 0.2; 

0.6, 0.5, 0.2 

(short, high, 

phase a) 

APPENDIX 

The parameters of the 0.75kW, 380V, 50 Hz, 4-pole three-

phase test induction motor used in the investigation are as 

follows: rated current = 1.88 A, coils per phase = 2, turns per 

phase = 192, stator resistance = 14.56 , stator reactance = 

14.28 , magnetizing reactance = 151.5 , rotor resistance = 

11.83 , and rotor reactance = 14.28 . 
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