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 Inter-turn short circuit (ITSC) issues are a common electrical failure mainly 

caused by the deterioration of winding insulation in the machine over time. 

Failing to detect such issues early can lead to catastrophic consequences. 

This article investigates the interturn fault in the stator winding of a doubly-

fed induction generator (DFIG) used in wind turbines. A flux linkage 

difference vector (FLDV) model is introduced in this study for fault 

detection. Additionally, an artificial neural network (ANN) model is 

proposed to classify these faults. Specifically, a short-circuit fault is induced 

in each phase of the stator winding, and the faults are classified by assigning 

different magnitudes to the respective phases. The ANN is trained to identify 

which phase contains an interturn fault, with output waveform amplitudes of 

1, 2, or 3 corresponding to faults in phases "a," "b," and "c." If no fault is 

present, the waveform magnitude is designated as "0." This approach 

enables early fault diagnosis by analyzing waveform patterns, thereby 

preventing overheating caused by short circuits and avoiding severe, 

irreversible damage to the windings. 
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1. INTRODUCTION 

The escalating global energy demand and rising environmental worries have hastened the shift to 

renewable energy sources. Among these, wind and solar energy have emerged as the most widely adopted 

options because of their sustainability and availability. Wind energy conversion systems (WECS) are crucial 

for contemporary electricity generation, with doubly fed induction generators (DFIGs) being widely utilized 

because of their high efficiency, ability to operate at variable speeds, and independent management of active 

and reactive power. Even with these benefits, DFIGs are susceptible to different types of electrical faults, 

with inter-turn short circuit (ITSC) faults in stator windings being especially serious. ITSC faults lead to a 

rise in localized current, overheating, deterioration of insulation, and ultimately machine failure if they are 

not caught early on. Hence, to guarantee dependable functioning, lower upkeep expenses, and avert power 

loss, it is crucial to detect ITSC faults accurately and promptly.  

Due to the growing use of wind energy and the requirement for dependable operation, fault 

detection and condition monitoring of DFIG-based wind energy conversion systems have drawn a lot of 

research interest. Numerous studies have used various signal processing and intelligent diagnostic techniques 

to examine electrical, mechanical, sensor, and converter faults in DFIG system. Atteyeh et al. [1] created a 

thorough dq-axis MATLAB/Simulink model of a 2 MW DFIG for faulty and healthy operation conditions. 

https://creativecommons.org/licenses/by-sa/4.0/
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The study showed that electromagnetic torque, dq-axis voltages, and stator currents are particularly sensitive 

to winding and bearing problems, making them helpful indicators for condition monitoring. In a similar vein, 

a stator current amplitude ratio-based method for diagnosing drivetrain faults was put out in [2], and its 

efficacy was confirmed through experimental testing under a range of operating circumstances. One of the 

most serious electrical problems in DFIGs is rotor winding issues. A Symmetric Impedance Deviation (SID)-

based diagnostic method was introduced in [3] to differentiate between rotor inter-turn and inter-phase short 

circuits. Using symmetrical component analysis of rotor currents, the technique correctly determined the kind 

and severity of the problem. Additionally, in order to enhance fault tolerance against current sensor failures 

while preserving acceptable dynamic performance, a different stator current-based backstepping control 

technique was put out in [4]. In [5], a machine learning-based method for identifying faults via negative-

sequence current analysis was presented. Under various operating conditions, the identification accuracy was 

98%. Similarly, a hybrid intelligent framework with a 99% localization accuracy was created in [6] for stator 

current sensor problem diagnostics by using the unscented Kalman filter (UKF) in addition to an artificial 

neural network (ANN).  

The literature has put forth several methods for identifying and diagnosing ITSC defects in DFIGs. 

A zero-sequence voltage-based method is introduced, using MATLAB-based modelling and simulation to 

facilitate fault detection and localization [7]. A 100 kW DFIG wind turbine's issue is diagnosed via 

correlation analysis between vibration signals and external magnetic signals in [8]. Stator and rotor flaws are 

examined under controlled conditions utilizing a 5-kW test setup for experimental validation. There has also 

been much research done on advanced signal processing methods [9]. The notion of magnetic flux leakage 

(MFL) is used to identify early defects [10]. Stator interturn defects are identified and their severity assessed 

using motor current signature analysis (MCSA) in conjunction with multi-scale Park's vector approach [11]. 

For automated DFIG testing, the inverted embedded offline test is used in [12]. The suggested technique 

detects and categorizes the defects in the stator core interlaminar insulation, rotor winding turn insulation, 

and slip ring brush contact. A micromachine and a standard small store-bought wound rotor induction 

machine (WRIM) are compared in [13]. In this study, rotor interturn faults in large-scale and micromachines 

are compared. Because micromachines are proportionate replicas of bigger machines, they offer an ideal 

representation of what is expected under the transient operating conditions of wind turbines. This would 

facilitate the development of condition monitoring solutions suitable for the industry's real systems. [14] 

suggests the enlarged Park's vector method, which calculates the mathematical relationship between 

unbalanced voltage, load variation, and the negative sequence current in the stator using the Fryze-Buchholz-

Dpenbrock algorithm and the non-linear least squares approach. 

A model based on the finite element method (FEM) is developed in [15] to comprehend the 

machine's behavior in both healthy and ITSC fault conditions in the rotor winding. The study [16] proposes 

deep learning-based convolutional neural networks (CNNs) with non-intrusive infrared imaging for precise 

defect localization and classification. In ITSC fault detection, model-based and observer-based approaches 

have demonstrated encouraging outcomes. A new fault feature for precise diagnosis is offered by the bilateral 

flux linkage difference vector (FLDV) approach, which was first presented in [17]. In [18], models based on 

the Finite Element Method (FEM) are created to examine machine behaviour in both faulty and healthy 

scenarios. For DFIG wind turbines, a fault ride-through technique is suggested in [19] for stator interturn 

short-circuit faults. The suggested concept reduces maintenance when an ITSC failure occurs, increases 

operating capacity, and prevents power loss from shutdown. A robust method for estimating rotor ITSC 

defects is devised using an H-infinity observer [20].  

An experimental system is created to mimic the real operation of a wound rotor induction machine 

(WRIM) [21]. The stator ITSCF is detected using empirical mode decomposition (EMD) and time-domain 

analysis. Additionally, compared to traditional procedures, data-driven approaches like long short-term 

memory (LSTM) networks in [22] show better diagnostic accuracy and quicker reaction. For fault 

identification, statistical analysis and frequency-domain techniques are also frequently employed. An 

experimental setup has been constructed in [23] to identify the ITF in the rotor turns of a DFIG with a 

magnetic flux measuring coil antenna. It suggests that, to identify an ITSC problem in a DFIG, search coil 

voltage at various frequencies is a more efficient and sophisticated method than current signature analysis. 

Fault-related features can be effectively extracted using methods like power spectral density (PSD), time 

synchronous averaging (TSA) [24], Kalman filtering [25], maximum power point tracking (MPPT)-based 

detection [26], and TSA; CSA techniques are applied in [27] to detect faults. An ITSC fault between the rotor 

and stator is hypothesized. Here, the best active power production for varying wind speeds is ensured by 

applying maximum power point tracking (MPPT) management [28].  

Winding function analysis (WFA), dq0 transformation, and multi-circuit theory are examples of 

advanced modelling techniques that have been used to enhance fault analysis and comprehension [29]. 

Additionally, measures including RMS current, total harmonic distortion (THD), sequence components, and 
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phase differences are used in analytical and experimental research to detect ITSC faults [30]-[32]. The fast 

Fourier transform is suggested in [33], and multi-circuit theory is suggested in [34], and the outcomes of the 

suggested experimental model are confirmed for ITSC fault detection. Inter-turn short circuit (ITSC) fault 

detection in doubly fed induction generator (DFIG)-based wind energy systems has been extensively studied, 

but there are still a few important issues that need to be addressed. For example, many of the current methods 

rely on intrusive measurement techniques, expensive sensors, or complex mathematical modelling, which 

restricts their practical implementation in real-time applications. Signal processing approaches like FFT, 

CNN, SVM, and MCSA frequently fail to detect incipient faults under varying load and noise conditions, and 

they are costly too, while model-based and observer-based techniques are sensitive to parameter variations 

and modelling errors. Moreover, even while data-driven methods like deep learning have demonstrated 

encouraging outcomes, they frequently need big datasets, a lot of processing power, and are difficult to 

understand. As a result, a reliable, precise, and computationally effective technique for early-stage ITSC fault 

detection under various operating situations is required.  

The integrated phase-wise stator ITSC identification framework for a DFIG wind turbine is what 

makes this work innovative, even though FLDV-based detection and ANN-based fault classification have been 

documented in earlier works. The proposed framework integrates supervised machine-learning classification 

with the variations in FLD and FLDV caused by stator-winding impedance imbalance. The classifier output is 

encoded into four operational classes: phase-a stator ITSC, phase-b stator ITSC, phase-c stator ITSC, and 

healthy state. Therefore, instead of just determining whether an abnormal state exists, the method performs 

phase localization of the stator ITSC defect. This work's primary contributions are listed as follows: i) Firstly, 

a wind-turbine model for healthy and phase-wise stator ITSC conditions is created using MATLAB/Simulink 

DFIG. To determine how shorted stator turns affect current, voltage, and flux-linkage behavior, the FLD and 

FLDV responses are examined; ii) Then, phase ‘a’, phase ‘b’, and phase ‘c’ ITSC faults and healthy operation 

are represented by four output classes in a trained diagnostic dataset; iii) Thereafter, an ANN classifier is 

created for automatic fault identification, and an SVM classifier is incorporated as a comparative baseline; and 

iv) Finally, classification metrics and confusion matrices are used to assess the diagnostic performance, 

allowing for a clear interpretation of the model accuracy and phase-wise classification behavior. 
 

 

2. DFIG SIMULATION MODEL 

Figure 1 displays the entire MATLAB/Simulink-based DFIG wind-turbine model utilized in this 

investigation. The simulated generator has a rating of 400 V, 50 Hz, and 1 MVA. There are 48 and 32 turns in 

the stator and rotor windings, respectively. The rotor winding is regarded as healthy, and the inquiry is restricted 

to stator interturn short-circuit defects. To investigate the phase-wise response of the DFIG, a five-turn short 

circuit is introduced independently in the stator phases. Phase A faults occur between 0.5 and 0.7 seconds, 

Phase B faults occur between 1.1 and 1.4 seconds, and Phase C faults occur between 1.5 and 1.7 seconds. The 

healthy operational condition is represented by the remaining time periods. Three-phase stator current, three-

phase stator voltage, active power, reactive power, flux linkage difference (FLD), flux linkage difference vector 

(FLDV), and the classifier output are among the logged signals. The target classes are represented by the 

following codes: 0 for healthy operation, 1 for phase-a ITSC, 2 for phase-b ITSC, and 3 for phase-c ITSC. The 

suggested method can detect both the impacted phase and the existence of a stator ITSC fault. 
 

 

 
 

Figure 1. Schematic diagram of simulation model 
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3. INTERTURN SHORT CIRCUIT FAULT 

An ITSC defect is characterized by the short-circuiting of 2 or more turns in the stator or rotor 

winding. Because of this fault, the current suddenly increases in the phase where the fault occurred, which 

increases the temperature in the winding. Due to the continuous heating in the winding for a long time, it may 

damage the whole winding. Therefore, to save the machine from severe damage, it is required to diagnose the 

fault at an early stage and take necessary action. The neural network tool in MATLAB/Simulink is applied to 

diagnose the interturn fault in the stator winding. 
 

3.1.  Mathematical modelling of ITF 

In this study, faults are introduced in all three phases for different durations. As shown in Figure 2, 

an inter-turn fault in phase ‘a’ is created by short-circuiting the phase winding. Similarly, an inter-turn fault 

can be introduced in each phase. The number of turns in the stator winding is given by Ns = 48, and the 

number of turns in the rotor winding is Nr = 32. The turns ratio is given by 𝑎 =
𝑁𝑠

𝑁𝑟
=

48

32
= 1.5. The number 

of short-circuited turns in the stator winding is denoted by 𝑁𝑠𝑓. The number of healthy turns remaining in the 

stator winding is given by 𝑁𝑠𝑟𝑚 = 𝑁𝑠 − 𝑁𝑠𝑓. The magnetic permeance is denoted by 𝒫. The inductance of the 

short-circuited turns is expressed as 𝐿𝑠𝑓   =   𝑁𝑠
2𝒫   =   𝐿𝑠 (

𝑁𝑠𝑓

𝑁𝑠
)

2

. The inductance of the remaining healthy turns 

is expressed as 𝐿𝑠𝑟𝑚   =   (𝑁𝑠 − 𝑁𝑠𝑓)
2𝒫   =   𝐿𝑠 (

𝑁𝑠−𝑁𝑠𝑓

𝑁𝑠
)

2

. The mutual inductance between the short-circuited 

turns and the remaining healthy turns in the same phase is given by 𝑀𝑠𝑓𝑟𝑚   =   𝑁𝑠𝑓(𝑁𝑠 −

𝑁𝑠𝑓) 𝒫   =   𝐿𝑠 
𝑁𝑠𝑓(𝑁𝑠−𝑁𝑠𝑓)

𝑁𝑠
2 . Therefore, the per-phase inductance matrix is given by 𝐿𝑠𝑓𝑟𝑚 = [

𝐿𝑠𝑓 𝑀𝑠𝑓𝑟𝑚

𝑀𝑠𝑓𝑟𝑚 𝐿𝑠𝑟𝑚
]. 

The resistance per turn is given by 𝑅𝑝𝑡 =
𝑅𝑠

𝑁𝑠
. 

The resistance of short-circuited turns is expressed as (1). 
 

𝑅𝑠𝑓 = 𝑁𝑠𝑓 ⋅ 𝑅𝑝𝑡 = 𝑅𝑠 
𝑁𝑠𝑓

𝑁𝑠
 (1) 

 

Resistance of the remaining healthy turns:  
 

𝑅𝑠𝑟𝑚 = (𝑁𝑠 − 𝑁𝑠𝑓) 𝑅𝑝𝑡 = 𝑅𝑠 
𝑁𝑠−𝑁𝑠𝑓

𝑁𝑠
 (2) 

 

[

ѱФ𝑠

ѱ𝑟

ѱ𝑠𝑓

] = [

𝐿𝑠𝑠 𝑀𝑠𝑟 𝐿𝑠𝑓𝑟𝑚

𝑀𝑠𝑟 𝐿𝑟𝑟 0
𝐿𝑠𝑓𝑟𝑚 0 𝐿𝑠𝑓

] [

𝐼𝑠
𝐼𝑟
𝐼𝑠𝑓

] (3) 

 

[

𝑉𝑠
𝑉𝑟
𝑉𝑠𝑓

] = [

𝑅𝑠𝑠 0 0
0 𝑅𝑟𝑟 0
0 0 𝑅𝑠𝑓

] [

𝐼𝑠
𝐼𝑟
𝐼𝑠𝑓

] + 𝒫 [

ѱ𝑠

ѱ𝑟

ѱ𝑠𝑓

] (4) 

 

V, I, and ѱ The voltage, current, and flux linkage matrices are shown in (3) and (4). Where the subscripts s, r, 

and f represent stator, rotor, and fault, respectively. L, R, and M represent the self-inductance, resistance, and 

Mutual inductance. 
 

𝐿𝑠𝑠 =

[
 
 
 µ

2(𝐿𝑙𝑠 − 𝐿𝑚𝑠) −
µ

2
𝐿𝑚𝑠 −

µ

2
𝐿𝑚𝑠

−
µ

2
𝐿𝑚𝑠 (𝐿𝑙𝑠 − 𝐿𝑚𝑠) −

µ

2
𝐿𝑚𝑠

−
µ

2
𝐿𝑚𝑠 −

µ

2
𝐿𝑚𝑠 (𝐿𝑙𝑠 − 𝐿𝑚𝑠)]

 
 
 

 (5) 

 

𝐿𝑟𝑟 =

[
 
 
 
 ζ

2(𝐿𝑙𝑟 − 𝐿𝑚𝑟) −
ζ

2
𝐿𝑚𝑟 −

ζ

2
𝐿𝑚𝑟

−
ζ

2
𝐿𝑚𝑟 (𝐿𝑙𝑟 − 𝐿𝑚𝑟) −

ζ

2
𝐿𝑚𝑟

−
ζ

2
𝐿𝑚𝑟 −

ζ

2
𝐿𝑚𝑟 (𝐿𝑙𝑟 − 𝐿𝑚𝑟)]

 
 
 
 

 (6) 

 

𝐿𝑠𝑠 and 𝐿𝑟𝑟 are the self-inductance matrices of the stator and rotor windings, respectively. Here µ and ζ are 

the short-circuit coefficients for the stator and rotor windings, respectively. The short-circuit coefficient for 

the stator winding is defined as µ = no. of fault turns in stator winding/total no. stator winding and ζ = no. of 
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fault turns in the rotor winding/total no. rotor winding. If there is no fault, then the value of the short-circuit 

coefficient will be ‘0’. 
 

𝑀𝑠𝑟 = 𝐿𝑠𝑟 [

µζ𝑐𝑜𝑠Ѳ µ cos(Ѳ + 1200) µ cos(Ѳ − 1200)

ζ cos(Ѳ − 1200) 𝑐𝑜𝑠Ѳ cos(Ѳ + 1200)

ζ cos(Ѳ + 1200) cos(Ѳ − 1200) 𝑐𝑜𝑠Ѳ

] (7) 

 

Where 𝑀𝑠𝑟 is the mutual inductance matrix between stator and rotor.  
 
 

 
 

Figure 2. Short-circuit diagram of stator winding 
 
 

3.2.  Identification method based on FLDV 

Flux linkages in a DFIG can be shown as in the following equation. The (8) and (9) represent the 

current and voltage models to get the flux linkages for the DFIG. 

 

 [Ѱ𝑖] = [
ѱ𝑠𝑖

ѱ𝑟𝑖
] = [

𝐿𝑠𝑠 𝑀𝑠𝑟

𝑀𝑠𝑟 𝐿𝑟𝑟
] [

𝐼𝑠
𝐼𝑟

] (8) 

 

𝒫[ѱ𝑣] = 𝒫 [
ѱ𝑠𝑣

ѱ𝑟𝑣
] = [

𝑉𝑠
𝑉𝑟

] − [
𝑅𝑠𝑠 0
0 𝑅𝑟𝑟

] [
𝐼𝑠
𝐼𝑟

]  (9) 

 

The DFIG is affected by the slip ratio; the rotor current fault features are diminished, and it is 

challenging to precisely identify the rotor-side ITF, which are limitations of the existing diagnosis approach 

as a characteristic quantity. Therefore, a new approach is proposed, characterized by the flux linkage and the 

flux linkage difference vector (FLDV). Due to the fluctuation in the impedance of the stator and rotor 

windings before and after the ITF, the observed fault voltage and current are incorporated into the voltage 

and flux equations. Thus, the flux linkage obtained is: 

 

𝛥ѱ =  ѱ𝑖 − ѱ𝑣 (10) 

 

𝜟ѱ = [
𝐿𝑠𝑠 𝑀𝑠𝑟

𝑀𝑠𝑟 𝐿𝑟𝑟
] [

𝐼𝑠
𝐼𝑟

] − ∫ ([
𝑉𝑠
𝑉𝑟

] − [
𝑅𝑠𝑠 0
0 𝑅𝑟𝑟

] [
𝐼𝑠
𝐼𝑟

]) (11) 

  

The (10) and (11) represent a fault characteristic quantity. Ѱ𝑖and ѱ𝑣 are current and voltage models, 

respectively, and their difference represents the flux linkage difference (FLD). 

 

£𝑠 = 𝛥ѱ𝑠𝑎+ 𝛥ѱ𝑠𝑏 + 𝛥ѱ𝑠𝑐 (12) 

 

£𝑟 = 𝛥ѱ𝑟𝑎+ 𝛥ѱ𝑟𝑏 + 𝛥ѱ𝑟𝑐 (13) 

 

£𝑠  and £𝑟 are the respective FLDVs in the stator and rotor windings. The stator and rotor FLDVs rotate at 

different frequencies because of the DFIG's asynchronous motor features. The slip ratio is multiplied by the 

rotor FLDV frequency, while the FLDV frequency of the stator is the power frequency. It is possible to 

determine whether an ITF happens on the rotor or the stator using this frequency. 

 

3.3.  FLDV theory 

Assume that the phase ‘a’ of the stator winding is short-circuited and it short-circuit factor is ‘µ’. 

The FLDV calculation formula under fault conditions is represented by (11). Now,  
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𝛥ѱ𝑠 = [

𝛥ѱ𝑎

𝛥ѱ𝑏

𝛥ѱ𝑐

]  = ѱ𝑠𝑖 − ѱ𝑠𝑣 = [𝐿𝑠𝑠  𝑀𝑠𝑟] [
𝐼𝑠𝑓
𝐼𝑟𝑓

] − ∫ (𝑉𝑠𝑓 − [𝑅𝑠𝑠  0] [
𝐼𝑠𝑓
𝐼𝑟𝑓

]) (14) 

 

Suffix f indicates faulty quantities with DFIG parameters in (14). Calculation of the short-circuit additional 

flux linkage in the fault model is not required, as there is no additional term for the fault in the normal 

machine model. The values of flux linkage obtained from the voltage and flux linkage equations by a typical 

DFIG are the same. 

 

𝛥ѱ𝑠 = 𝛥ѱ𝑠𝑖 − 𝛥ѱ𝑠𝑣 = (ѱ𝑠𝑖𝑓 − ѱ𝑠𝑖ℎ) − (ѱ𝑠𝑣𝑓 − ѱ𝑠𝑣ℎ) (15) 

 

In (15), the faulty and healthy DFIGs’ current equations represent the changes to the flux difference. This 

allows FLDV to be calculated separately. 

 

𝛥ѱ𝑠𝑖𝑎  =  (ѱ𝑠𝑖𝑎𝑓 − ѱ𝑠𝑖𝑎ℎ) 

𝛥ѱ𝑠𝑖𝑎 = (𝐿𝑙𝑠 − 𝐿𝑚𝑠)( µ
2
 
−  2µ) 𝐼𝑠𝑎 +  µ(1 −  µ)𝐿𝑚𝑠𝐿𝑓 + 

µ

2
𝐿𝑚𝑠(𝐼𝑠𝑏 + 𝐼𝑠𝑐)  − 

µ𝐿𝑠𝑟[𝐼𝑟𝑎𝑐𝑜𝑠Ѳ + 𝐼𝑟𝑏cos (Ѳ + 1200) +  𝐼𝑟𝑐cos (Ѳ − 1200)] (16) 

 

The 3-phase unbalanced rotor current can be neglected for the stator phase ‘a’ term ITF; therefore, the last 

term in (15) can be ignored. 

 

𝛥ѱ𝑠𝑖𝑎 = (𝐿𝑙𝑠 − 𝐿𝑚𝑠)( µ
2
 
−  2µ) 𝐼𝑠𝑎 +  µ(1 −  µ)𝐿𝑚𝑠𝐿𝑓 + 

µ

2
𝐿𝑚𝑠(𝐼𝑠𝑏 + 𝐼𝑠𝑐) (17) 

 

Similarly, the flux linkage of the healthy phase of stator winding ‘b’ & ‘c’ is given by (18). 

 

𝛥ѱ𝑠𝑖𝑏 =  𝛥ѱ𝑠𝑖𝑐 = 
µ

2
𝐿𝑚𝑠(𝐼𝑠𝑎 + 𝐼𝑠𝑎𝑓) (18) 

 

𝛥ѱ𝑟𝑖 = [

𝛥ѱ𝑖𝑎

𝛥ѱ𝑖𝑏

𝛥ѱ𝑖𝑐

] = µ𝐿𝑠𝑟(𝐼𝑠𝑎𝑓 −  𝐼𝑠𝑎) [

𝑐𝑜𝑠Ѳ
𝑐𝑜𝑠(Ѳ + 1200)

𝑐𝑜𝑠(Ѳ − 1200)
] (19) 

 

The flux linkage of the healthy winding of each phase in the rotor is shown in (19). The FLD in the voltage 

equation is obtained from (20) and (21). 

 

𝒫𝛥ѱ𝑠𝑣𝑎 = 𝒫ѱ𝑠𝑣𝑎𝑓 − 𝒫ѱ𝑠𝑣𝑎 = µ𝑅𝑠 (𝐼𝑠𝑎𝑓 −  𝐼𝑠𝑎)  (20) 

 

Assume 𝐼𝑠𝑎𝑓 −  𝐼𝑠𝑎 = 𝐴𝑠𝑖𝑛(𝜔 + Ѳ0): 

 

𝛥ѱ𝑠𝑣𝑎 = −
µ𝑅𝑠 𝐴 

𝜔
cos(𝜔𝑡 + Ѳ0)         (21) 

 

By using (17)-(21), six-phase FLDs can be found. Also, (11) & (12) give FLDV. From (20) and 

(21), FLDs of the 3-phase rotor winding are symmetrical, so their sum (£𝑟) is zero. Concerning the stator 

windings, the amplitude of fault phase ‘a’ differs significantly from that of the other phases. Since the vector 

sum of Isb and Isc is directed opposite to that of Isa, Isaf follows the same direction as Isa. Phase ‘a’ FLD angle 

tracks its current. In the case of an ITF in the stator, the fault current typically exhibits a higher amplitude 

than that of the stator current. Consequently, the FLD in the other two phases will be opposite to that of  

phase ‘a’. Now, FLDV of the stator winding is obtained as (22) and (23). 

 

£𝑠 =  µ𝐿𝑙𝑠(µ − 2)𝐼𝑠𝑎 + 
µ𝑅𝑠 𝐴 

𝜔
𝑐𝑜𝑠(𝜔𝑡 + Ѳ0) +  µ𝐿𝑚𝑠 [(µ − 

5 

2
) 𝐼𝑠𝑎 + ( 

3 

2
−  µ) 𝐼𝑠𝑎𝑓 +

 
1 

2
 (𝐼𝑠𝑏 + 𝐼𝑠𝑐  )]  (22) 

 

£𝑟 =  µ𝐿𝑙𝑟(µ − 2)𝐼𝑟𝑎 + 
µ𝑅𝑟 𝐴 

𝜔
𝑐𝑜𝑠(𝜔𝑡 + Ѳ0) +  µ𝐿𝑚𝑟 [(µ − 

5 

2
) 𝐼𝑠𝑎 + ( 

3 

2
−  µ) 𝐼𝑠𝑎𝑓 +

 
1 

2
 (𝐼𝑠𝑏 + 𝐼𝑠𝑐  )]  (23) 
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4. ARTIFICIAL NEURAL NETWORK (ANN) 

An ANN is based on the composition and capabilities of the human brain, analyzes data, and draws 

conclusions by using interconnected nodes, or artificial neurons. Neural networks are helpful for image 

identification, natural language processing, and predictive analytics applications because of their capacity to 

learn from data and spot patterns. Training data is essential for neural networks to learn and gradually 

increase their accuracy. A standard feed-forward ANN, often called a Multilayer Perceptron (MLP), is 

composed of an input layer, one or more hidden layers, and an output layer, as shown in Figure 3. 

Each layer consists of interconnected nodes (neurons) that process information using non-linear 

activation functions, enabling the network to learn complex patterns from data. The learning process is 

governed by a training algorithm, with backpropagation being the most fundamental method. 

Backpropagation calculates the gradient of a loss function (cross-entropy) with respect to the network’s 

weights, allowing the model to iteratively adjust its parameters via an optimization algorithm like Stochastic 

Gradient Descent (SGD) or Adam to minimize prediction error. This capability to learn intricate, non-linear 

decision boundaries without explicit feature engineering makes ANNs highly effective for classification tasks 

such as the fault diagnosis presented in this work.  

The outcome of the simulation was transformed into a dataset for supervised classification. 

Depending on the applicable operating condition, a class label was given to each sample. Phase-a ITSC was 

designated as 1, phase-b ITSC as 2, phase-c ITSC as 3, and the healthy state as 0. Phase A fault windows 

were 0.5-0.7 s, phase B was 1.1-1.4 s, and phase C was 1.5-1.7 s. Samples that are extremely near to the 

beginning and end of each fault period may be omitted from training or handled carefully during performance 

evaluation in order to prevent ambiguity at switching instants.  

Quantities that physically react to stator interturn short-circuit failures were used to choose the 

diagnostic inputs. These comprise active power, reactive power, FLD, FLDV, three-phase stator currents, and 

three-phase stator voltages. Because an ITSC fault lowers the faulty phase's effective impedance, the 

accompanying voltage and flux-linkage behavior change, and the current magnitude in that phase increases. 

Thus, each analysis window was used to extract time-domain features, including mean value, root-mean-

square value, standard deviation, maximum value, minimum value, peak-to-peak value, energy, skewness, 

kurtosis, and phase-current/phase-voltage imbalance ratios. The SVM and ANN classifiers received these 

features as inputs. 
 
 

 
 

Figure 3. Neural network model 
 

 

5. RESULTS AND DISCUSSION 

The simulation results obtained using MATLAB/Simulink are shown in Figures 4 and 5. The 

simulation model shown in Figure 1 consists of a 1 MVA, 400 V, 50 Hz DFIG wind turbine connected to a 

neural network model. In the proposed model, ITFs are introduced simultaneously in phases ‘a’, ‘b’, and ‘c’. 

Figure 4 presents the waveforms of the healthy DFIG, including the per-unit values of the three-phase 

voltage, current, active power, and reactive power in Figures 4(a)–4(d), respectively. The waveforms of each 

quantity, namely voltage, current, active power, and reactive power, exhibit normal characteristics without 

disturbances, indicating the healthy operating condition of the machine. 

Next, the inter-turn fault is considered in the stator winding only, while the rotor winding remains 

healthy. Different results are obtained, as shown in Figures 5(a)–5(h) (see Appendix). First, 5 turns in phase 

‘a’ of the stator winding are short-circuited from 0.5 to 0.7 s. As shown in Figure 5(a), the FLD is ‘0’ before 

0.5 s because the machine is operating under healthy conditions. When the fault occurs, the magnitude of the 

FLD increases. Similarly, the magnitude of the FLDV increases, as shown in Figure 5(b). Thus, the current 

signature of phase ‘a’ of the stator winding shows an increase in magnitude, as shown in Figure 5(c), between 
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0.5 and 0.7 s, while the corresponding voltage response is shown in Figure 5(d). The magnitude of the current 

in phase ‘a’ increases, as indicated by the red waveform in Figure 5(c), because the impedance of that phase 

is reduced. At the same time, the amplitude of the voltage in phase ‘a’ decreases, as indicated by the red 

waveform in Figure 5(d). 

Similarly, the fault is created in phase ‘b’. Figures 5(e) and 5(f) represent the ITF involving 5 turns 

in phase ‘b’ of the stator winding from 1.0 to 1.3 s. Figure 5(e) shows an increased amplitude of the current 

in phase ‘b’, represented by the yellow waveform, while the amplitude of the voltage in phase ‘b’ decreases 

at the same time, as shown by the yellow waveform in Figure 5(f). Next, the ITF is established in phase ‘c’ of 

the stator winding, as shown in Figures 5(g) and 5(h), from 1.5 to 1.7 s. Here, the amplitude of the current in 

phase ‘c’ also increases, as shown by the blue waveform in Figure 5(g), while the voltage response 

in Figure 5(h) shows that the peaks of the blue waveform are shorter than those of the other phase voltages. 
 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

 
 

Figure 4. The waveform of (a) 3-phase voltage, (b) current, (c) active, and  

(d) reactive power for DFIG under normal conditions 
 

 

As the current increases in the winding, the temperature of the winding also increases, which may 

cause insulation failure and therefore increase the risk of permanent damage to the winding. Therefore, it is 

necessary to identify the inter-turn fault at an early stage to protect the machine from damage and obtain 

stable and reliable power in the system. Thus, the neural network tool is applied in MATLAB for fault 

classification and identification. First, the model is trained for faults occurring in all phases at different times, 

and each phase is assigned a different magnitude. After that, the trained neural network model is connected to 

the DFIG simulation model, which further identifies the fault in the windings according to the training. 

In MATLAB's Neural Network Toolbox, the "best" performance range for a regression curve 

depends on the specific problem and data, but generally, a low mean squared error (MSE) and a high R-value 

(correlation coefficient) indicate good performance. The range of performance for a regression curve depends 

on the problem and data, but a low value of MSE, i.e., close to ‘0’, and a high R-value (correlation 

coefficient), i.e., close to 1, indicate good performance. A high R-value means that the predicted and actual 
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values are strongly correlated along a straight line, which indicates that the regression is accurate. Figure 6 

indicates that the best validation performance is 0.10393 at epoch 23 (i.e., 23 iterations), which means that 

the value of MSE is close to ‘0’, i.e., 0.10393. Thus, the training performance curve indicates good 

performance of the neural network. Figure 7 shows the regression curve of the neural network for training, 

validation, and testing. For training, the value of R = 0.96967; for validation, R = 0.95374; and for testing, R 

= 0.96957, with an overall R-value of 0.96715. Therefore, the regression curve also indicates good 

performance, as the R-value is very close to 1. 
 
 

 
 

Figure 6. Training performance curve of neural network by MATLAB 
 

 

    
 

Figure 7. Regression curve of neural network by MATLAB for training, validation, and test 
 
 

Here, a feed-forward artificial neural network (ANN) is developed for the multi-class classification 

of the operational state of a system into one of four categories: Healthy, phase ‘a’ fault, phase ‘b’ fault, and 

phase ‘c’ fault. Figure 8 shows the confusion matrix for the total dataset, which comprises 10,001 samples, 

with a notable class imbalance. The Healthy class contains 1,301 instances, while the phase ‘a’ and phase ‘c’ 

fault classes each contain 200 instances, and the phase ‘b’ fault class contains 300 instances. To mitigate the 

bias introduced by this imbalance, the synthetic minority over-sampling technique (SMOTE) was applied to 

the training partition to generate synthetic samples for the minority classes. 

The model architecture consisted of an input layer, two hidden layers with 64 and 32 neurons, 

respectively, employing the rectified linear unit (ReLU) activation function, and an output layer with four 

neurons using the Softmax function to output class probabilities. The model was compiled with the Adam 

optimizer and categorical cross-entropy loss function and was trained for 100 epochs with a batch size of 32. 

The model’s performance was evaluated on a hold-out test set. The resulting confusion matrix demonstrated 

exceptional classification capability, with the model correctly classifying 1296 out of 1301 Healthy instances, 

199 out of 200 instances for phase ‘a’ & ‘c’ fault, and 299 out of 300 instances for phase ‘b’ fault, achieving 

a final overall classification accuracy of 99.60%. 

Previously, authors [17], [18], [21] analyzed the ITSC fault (like 2 or 5 turns shorted) for a 

particular phase of the stator winding. But, in this study, the faults are created in all the 3 phases; they are 

classified by different amplitudes. As per training the Figure 9 shows, that fault in phase ‘a’ which is 

occurred between time 0.5 sec to 0.7 sec having amplitude 1, further fault occurred in phase ‘b’ is in 

between time 1.1 sec to 1.4 sec having amplitude 2 and fault occurred in phase ‘c’ is in between time 1.5 to 

1.7 sec having amplitude 3. This means we have trained the neural network model such that, during a fault, 
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when the waveform has an amplitude equal to 1, it means an inter-turn fault occurred in phase ‘a’. 

Similarly, if the waveform has a value of 2, then the short circuit will be in phase ‘b’ and for an amplitude 

of 3, the fault will be in phase ‘c’; otherwise, the amplitude will be zero, which means that when there is no 

fault, the waveform has zero magnitude. 
 

 

 
 

Figure 8. Confusion matrix  
 

 

 
 

Figure 9. Input provided to the neural network to train the model for identifying a turn fault that occurred  

in phases a, b, and c 
 
 

Figure 10(a) shows that, for time 0.5 sec to 0.7 sec, the magnitude of the waveform is nearby or 

equal to 1, which shows that the fault is in phase ‘a’. Further, for time 1.0 sec to 1.3 sec, the magnitude of the 

waveform is equal to 2, so it is clear that the short circuit is in phase ‘b’ as shown in Figure 10(b).  From time 

1.5 sec to 1.7 sec, the magnitude of the waveform is 3, as shown in Figure 10(c), which states that the short 

circuit is in phase ‘c’. The magnitude of the waveform is ‘zero’ except for these time periods; it means that 

there is no fault in any phase during the rest of the time. In Figure 10(d), the magnitude is ‘zero’ throughout 

the duration as there is no fault created in any phase. Which means there is no inter turn fault (ITF) in any 

phase of stator windings and the system is healthy.  

Figure 11(a) shows the statistical characteristics of phase ‘a’ under healthy conditions, whereas 

Figure 11(b) shows the corresponding characteristics when an ITSC fault is introduced in phase ‘a’. The 

current magnitude in Figure 11(b) increases to approximately 0.5 p.u., which is about ten times higher than 

the current (isa) in Figure 11(a), which is approximately 0.05 p.u. A difference in voltage magnitude between 

Figures 11(a) and 11(b) can also be observed. 

Similarly, Figure 11(c) shows the statistical characteristics of phase ‘b’ under healthy conditions, while 

Figure 11(d) shows the corresponding characteristics when an ITSC fault is introduced in phase ‘b’. As shown 

in Figure 11(d), the magnitude of the current (isb) increases to approximately 0.7 compared with the healthy 

condition in Figure 11(c). A change in voltage magnitude can also be observed when the fault is introduced. 

Finally, Figure 11(e) presents the statistical characteristics of phase ‘c’ under healthy conditions, 

whereas Figure 11(f) shows the corresponding characteristics when an ITSC fault is introduced in phase ‘c’. 

The current (isc) is approximately −0.01 under healthy conditions and increases to approximately 0.07 when 

the fault occurs in phase ‘c’. A slight difference in voltage magnitude between the healthy and faulty stator 

winding conditions can also be observed. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 
 

Figure 10. Final output after applying the neural network (NN) in the doubly fed induction generator (DFIG) 

model: (a) inter-turn fault (ITF) in phase ‘a’ from 0.5 to 0.7 s with an output magnitude of 1, (b) ITF in phase 

‘b’ from 1.0 to 1.3 s with an output magnitude of 2, (c) ITF in phase ‘c’ from 1.5 to 1.7 s with an output 

magnitude of 3, and (d) healthy condition with zero output magnitude throughout the duration 
 
 

 

Figure 11. Data statistics of the healthy and faulty DFIG machine for different phases: (a) healthy condition 

of phase ‘a’, (b) ITSC fault condition in phase ‘a’, (c) healthy condition of phase ‘b’, (d) ITSC fault condition 

in phase ‘b’, (e) healthy condition of phase ‘c’, and (f) ITSC fault condition in phase ‘c’ 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

 



                ISSN: 2088-8694 

Int J Pow Elec & Dri Syst, Vol. 17, No. 3, September 2026: 1643-1658 

1654 

6. CONCLUSION 

The proposed study investigates interturn faults within the stator winding of a DFIG wind turbine. In 

this context, each phase of the winding in the stator experiences a short circuit, which is characterized by 

assigning a specific magnitude to each phase. A fault identification method based on FLDV is proposed, 

employing artificial neural networks to categorize faults at various stages. The accompanying figure depicts 

the graphical output of the DFIG, including current, voltage, and active & reactive power, under both healthy 

and faulty conditions. The methodology indicates that the neural network output reflects the amplitude of 

waveforms 1, 2, or 3 for faults in the respective phases "a," "b," and "c"; otherwise, it records a zero 

magnitude, signifying the absence of faults when the waveform's magnitude is "0." This approach facilitates 

early fault detection by analyzing waveform patterns, thereby enabling the prevention of winding overheating 

due to short circuits and averting severe and permanent damage to the windings. In future applications, IoT-

based monitoring, digital twin integration, and multimodal sensing can be implemented to enhance scalability 

and robustness. 
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Figure 5. Stator winding responses under inter-turn fault conditions: (a) flux difference (FLD), (b) flux 

linkage difference vector (FLDV), (c) stator current response for 5 short-circuited turns in phase ‘a’,  

and (d) stator voltage response for 5 short-circuited turns in phase ‘a’ 
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(h) 

 
 

Figure 5. Stator winding responses under inter-turn fault conditions: (e) stator current response for 5 short-

circuited turns in phase ‘b’, (f) stator voltage response for 5 short-circuited turns in phase ‘b’,  

(g) stator current response for 5 short-circuited turns in phase ‘c’, and (h) stator voltage  

response for 5 short-circuited turns in phase ‘c’ 
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