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Abstract 

The early identification of inter-turn short-circuit faults (ITSCFs) in electrical machines has become a 

priority due to their detrimental influence on reliability and efficiency. However, achieving accurate detection 

under closed-loop control remains challenging. Conventional second-harmonic-based methods are highly 

dependent on electromagnetic torque and machine parameters, reducing robustness. This study proposes a 

parameter-independent fault indicator for synchronous reluctance machines (SynRMs) based on the residual 

difference between measured and reference dq-axis currents. Simulation results demonstrate that the proposed 

indicator amplifies the fault-related second harmonic up to 0.47 p.u., compared to less than 0.01 p.u. in 

conventional dq products. Under both steady-state and transient conditions, the method successfully detects 

weak faults (μ = 4%) and severe faults (μ = 16%) with a short detection delay of approximately 0.038 s, while 

remaining insensitive to load torque variations up to 14 N·m and speed changes from 400 to 1500 rpm. The 

approach eliminates torque dependence and parameter sensitivity, providing a robust and computationally 

efficient framework suitable for real-time predictive maintenance applications. 
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1. INTRODUCTION 

 

Recent progress in power electronics has 

significantly boosted the relevance of synchronous 

reluctance machines (SynRMs). These machines 

produce torque exclusively from the saliency 

produced by the variation in the direct (d) and 

quadrature (q) axis inductances, a feature made 

possible by their distinctive rotor design. In contrast 

to permanent magnet machines, SynRMs are 

immune to demagnetization issues, which translates 

into lower production costs, enhanced durability, and 

simpler rotor construction [1], [2]. These attributes 

have encouraged their adoption in diverse fields such 

as robotics, automotive traction, high-speed drives, 

and pumping systems [3]. Nonetheless, SynRMs still 

face challenges including low power factor, 

pronounced torque ripple, and acoustic noise [4], [5]. 

With their growing use in industry, the probability of 

unexpected failures has risen, leading to downtime, 

financial impact, and safety concerns. Among the 

most critical faults are inter-turn short circuits 

(ITSCFs) [6], [7]. 

The literature reports a broad spectrum of 

diagnostic strategies. Classical signal-based methods 

rely on spectral analysis tools such as FFT and STFT 

[8], or more advanced approaches including wavelet 

transforms, Hilbert-Huang techniques, and Wigner-

Ville distributions [9]. Although artificial 

intelligence (AI) methods have shown promise [10]–

[12], they typically require intensive computation 

and extensive training. Other techniques target 

specific harmonic distortions in current, voltage, or 

torque signals [13], [14], or use high-frequency 

signal injection [15]. Sensor-based solutions such as 

thermal monitoring [16], stray magnetic field 

mapping [17], and leakage flux measurement [18] 

add cost and complexity because of the need for 

external hardware. Meanwhile, model-based 

diagnostic schemes [19], [20] demand accurate 

knowledge of motor parameters, which may vary 

with operating conditions, reducing robustness. 

Compared to permanent magnet synchronous 

and induction machines, SynRMs remain less 

investigated in the context of ITSCF detection. A 

few attempts exist, using methods such as artificial 

neural networks [21], hidden Markov models [22], 

odd-harmonic current analysis [23], and multi-

sensor setups [24]. Research in this field has 

accelerated in line with the rising deployment of 

SynRMs [25]. While SynRMs are recognized for 

their eco-friendly and cost-effective design, they are 

also susceptible to a range of anomalies including 

inter-turn faults, eccentricity, and rotor 

misalignment [26]–[28]. Classical diagnostic 

techniques often exploit motor current signature 

analysis (MCSA) or FFT for fault feature extraction, 

and finite element modelling (FEM) is widely used 

to simulate such fault cases [29]. Still, when closed-

loop controllers are present, early fault indicators are 

easily masked by feedback mechanisms or 

compensation signals [30]. 

To overcome these masking effects, researchers 

have begun leveraging AI and machine learning 

(ML). Models such as ANNs and SVMs have 

reported high detection accuracy under dynamic 

operating conditions [31]. Complementary 

approaches employ new indicators based on 

harmonic distortion, residual current analysis, or 

thermo-electromagnetic interactions [32]. Hybrid 

frameworks that integrate physical modelling, signal 

processing, and AI inference have recently emerged, 

offering adaptive and real-time detection suited to 

complex environments [33]. Nevertheless, the 

inherent robustness of closed-loop control 

introduces further complexity, since conventional 

open-loop fault detection techniques often fail when 

control feedback attenuates or conceals the fault 

signatures [35], [36]. Some studies suggest that 

control-related signals themselves may encode 

subtle fault information that can be exploited for 

early diagnosis. 

From a critical review of current methodologies, 

five major limitations can be identified in adapting 

existing strategies to closed-loop SynRMs: 

1. Heavy reliance on motor parameter accuracy. 

2. Adverse influence of high-frequency signal 

injection on healthy operation. 

3. Difficulty in extracting harmonic signatures from 

PI control loops [37]. 

4. Additional cost due to extra sensing devices. 

5. Dependence on AI training datasets or lookup 

tables for classification [38]. 

The present work aims to design a 

computationally efficient, online detection scheme 

for ITSCFs in inverter-fed SynRMs under closed-

loop control. The proposed approach introduces a 

fault indicator derived from torque equations, based 

on the residual between reference and measured dq-

axis currents. This indicator demonstrates reduced 

sensitivity to load variations, while selective filtering 

of unwanted frequency components allows the 

enhancement of second-harmonic features. In this 

way, the method strengthens both the sensitivity and 

reliability of detection. 

The remainder of this paper is organized as 

follows. Section II presents the mathematical 

modelling of the Synchronous Reluctance Machine 

(SynRM) under both healthy and faulty operating 

conditions. Section III details the architecture and 

design principles of the proposed fault detection 

scheme. Section IV provides simulation-based 

validation of the method, considering both steady-

state and transient scenarios. Finally, Section V 

concludes the paper by summarizing the main 

findings and contributions. 

 

2. SYNCHRONOUS RELUCTANCE 

MACHINE MODEL  

 

This section presents the mathematical 

formulation of the SynRM under both healthy and 

inter-turn short-circuit fault (ITSCF) conditions. The 
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derived models were implemented and validated in 

MATLAB/Simulink. 

 

2.1. Healthy SynRM Model in the abc Frame 

The three-phase stator voltage equations in the 

stationary reference frame, aligned with the stator a, 

b, and c axes, can be expressed as:  

[

𝑣𝑎
𝑣𝑏
𝑣𝑐

] = [

𝑅𝑠 0 0
0 𝑅𝑠 0
0 0 𝑅𝑠

] [

𝑖𝑎
𝑖𝑏
𝑖𝑐

] + [
𝐿 𝑀 𝑀
𝑀 𝐿 𝑀
𝑀 𝑀 𝐿

]
𝑑

𝑑𝑡
[

𝑖𝑎
𝑖𝑏
𝑖𝑐

]

 (1) 

Assuming sinusoidally distributed stator 

windings, the self  and mutual-inductance terms are:  

 {
    𝐿 = 𝐿1𝑠 + 𝐿𝐴 + 𝐿𝐵

𝑀 = −
1

2
𝐿𝐴 + 𝐿𝐵

 (2) 

The electromagnetic torque is:  

 𝑇𝑒 = 
3

2
 𝑝 (𝐿𝑑 − 𝐿𝑞) 𝑖𝑑  𝑖𝑞  (3) 

If the direct-axis current id is held constant, (3) 

simplifies to:  

 𝑇𝑒 =  𝐾𝑖𝑞    ;  𝑤ℎ𝑒𝑟𝑒:  𝐾 =  
3

2
 𝑝 (𝐿𝑑 − 𝐿𝑞) 𝑖𝑑 (4) 

The mechanical dynamic equation is:  

 𝑇𝑒 = 𝐽
𝑑𝜔𝑚

𝑑𝑡
+ 𝐵𝑚𝜔𝑚 + 𝑇𝐿 + 𝑇𝑘 (5) 

where the rotor speed and position are related by:  

 𝜔𝑒 = 𝑝𝜔𝑚   ;    𝜃𝑒 = ∫𝜔𝑒  𝑑𝑡 = 2𝑝𝜃𝑚 (6) 

 

2.2. Faulty Model in the abc Frame 

When an ITSCF occurs in phase aaa, let N 

represent the total turns of the phase and n  the 

number of shorted turns. The ratio is μ=n/N. The 

shorted portion carries current if through fault 

resistance Rf. As Rf →0, the condition approaches a 

complete short circuit.  

Fig. 1 illustrates the equivalent circuit of a 

SynRM with an ITSCF in phase a. The presence of 

the fault causes magnetic asymmetry, leading to 

reduced performance and possible progression to 

more severe faults such as inter-phase short circuits. 

 
Fig. 1. Equivalent circuit of a series-connected 

synchronous reluctance machine (SynRM) exhibiting  

an inter-turn short-circuit fault in phase a 
 

The voltage equations under this condition are: 

 [

𝑣𝑎
𝑣𝑏
𝑣𝑐
𝑣𝑓

] = [

𝑅𝑠 0 0 −𝑢𝑅𝑠
0 𝑅𝑠 0 0
0 0 𝑅𝑠 0
𝑢𝑅𝑠 0 0 −𝑢𝑅𝑠 − 𝑅𝑓

] [

𝑖𝑎
𝑖𝑏
𝑖𝑐
𝑖𝑓

]   + 

 [

L M M −uL
M L M −uM
M M L −uM
−uL uM uM −u2L

]
d

dt
[

ia
ib
ic
if

] (7) 

2.3. Faulty SynRM Model in dq0 Frame 

Applying Park’s transformation to Equation (7) 

yields the dq0 representation:  

 {
𝑣𝑑 = 𝑅𝑠𝑖𝑑 + 𝐿𝑑

𝑑𝑖𝑑

𝑑𝑡
− 𝜔𝑒𝐿𝑞𝑖𝑞 + 𝛥𝑣𝑑𝑓

𝑣𝑑 = 𝑅𝑠𝑖𝑑 + 𝐿𝑑
𝑑𝑖𝑑

𝑑𝑡
− 𝜔𝑒𝐿𝑞𝑖𝑞 + 𝛥𝑣𝑑𝑓   

 (8) 

where the additional fault-induced voltage terms 

are:  

 

{
  
 

  
  𝛥𝑣𝑑𝑓 = −

2

3
𝑢𝑅𝑠𝑖𝑓 𝑐𝑜𝑠 𝜃 −

2

3
𝑢𝐿𝑑 𝑐𝑜𝑠 𝜃

𝑑𝑖𝑓

𝑑𝑡
+

2

3
𝑢𝜔𝑒𝑖𝑓(𝐿𝑑 − 𝐿𝑞) 𝑠𝑖𝑛 𝜃

𝛥𝑣𝑞𝑓 =
2

3
𝑢𝑅𝑠𝑖𝑓 𝑠𝑖𝑛 𝜃 +

2

3
𝑢𝐿𝑞 𝑠𝑖𝑛 𝜃

𝑑𝑖𝑓

𝑑𝑡
+

2

3
𝑢𝜔𝑒𝑖𝑓(𝐿𝑑 𝑠𝑖𝑛 𝜃 − 𝐿𝑞 𝑐𝑜𝑠 𝜃)

  

Equation (8) can be reformulated as:  

 {
𝑣𝑑 = 𝑅𝑠𝑖𝑑𝑓 + 𝐿𝑑

𝑑𝑖𝑑𝑓

𝑑𝑡
− 𝜔𝑒𝐿𝑞𝑖𝑞𝑓

𝑣𝑞 = 𝑅𝑠𝑖𝑞𝑓 + 𝐿𝑞
𝑑𝑖𝑞𝑓

𝑑𝑡
+ 𝜔𝑒𝐿𝑑𝑖𝑑𝑓

 (9) 

with modified dq currents:  

 {
idf = id −

2

3
uif cos θ

iqf = iq +
2

3
uif sin θ

  

The inductances are given by:  

 𝐿𝑑𝑞 = 𝑃𝐿𝑠𝑃
−1 = 𝑑𝑖𝑎𝑔{𝐿𝑑 𝐿𝑞 𝐿1𝑠}  

 {
Ld = L1s +

3

2
(LA + LB)

Lq = L1s +
3

2
(LA − LB)

 (10) 

 

3. PROPOSED DIAGNOSIS METHOD 

 

This section is divided into two parts: a 

theoretical analysis of the fault signal and the design 

of the proposed detection method. The suggested 

technique is based on the electromagnetic torque 

equations of the SynRM to identify ITSCFs. The 

method operates within a closed-loop control system 

and does not rely on external sensors or high-

frequency signal injection. It is implemented in a 

dynamic simulation model capable of injecting ITSC 

faults into any phase winding of the SynRM. 

 

3.1. Fault Signal Analysis 

SynRMs require precise control of multiple 

electrical variables [39]. Among these, 

electromagnetic torque is a key indicator since it 

incorporates both d- and q-axis current components. 

However, under non-stationary conditions or with 

varying load torque, torque-based detection becomes 

unreliable. Moreover, torque measurement often 

requires external sensors, limiting practicality. 

To overcome this, the reference electromagnetic 

torque (from Equation (4)) is treated as the healthy 

torque signal, as it is largely unaffected by inter-turn 

faults. The actual electromagnetic torque under a 

fault, denoted as Te,f , can be compared to the healthy 

reference torque Te,h . The difference yields torque 

ripples, which carry valuable diagnostic information: 

- Odd harmonics typically indicate rotor-related 

faults. 
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- Even harmonics are characteristic of ITSC 

faults. 

The torque equation under fault conditions 

becomes: 

 𝑇𝑒,𝑓 = 𝑇𝑒,ℎ + 𝑇𝑟𝑖𝑝𝑝𝑙𝑒𝑠  (11) 

 𝑇𝑟𝑖𝑝𝑝𝑙𝑒𝑠 =
3

2
𝑝(𝐿𝑑 − 𝐿𝑞)⏟        

𝐾

(𝑖𝑑𝑓𝑖𝑞𝑓 − 𝑖𝑑𝑟𝑒𝑓𝑖𝑞𝑟𝑒𝑓)(12) 

with :     𝑖𝑑 ≈ 𝑖𝑑𝑟𝑒𝑓 , 𝑖𝑞 ≈ 𝑖𝑞𝑟𝑒𝑓  

The multiplication of d- and q-axis currents 

enhances the visibility of ITSCFs, making even 

minor turn faults more detectable. This approach 

also inherently eliminates irrelevant components 

associated with the stationary abc frame, thereby 

isolating fault-relevant dynamics more effectively. 

As a result, the diagnostic term introduced in 

Equation (13) directly reflects the presence and 

impact of ITSCFs. 

 𝑇𝑟𝑖𝑝𝑝𝑙𝑒𝑠 = 𝐾(
−
2

3
𝑢2𝑖𝑓

2 𝑠𝑖𝑛
2(2𝜃)

2
+

2

3
𝑢𝑖𝑓 (𝑖𝑑 𝑠𝑖𝑛( 𝜃) − 𝑖𝑞 𝑐𝑜𝑠( 𝜃))

) 

 (13) 

To ensure that the fault indicator remains robust 

against variations in model parameters, the constant 

gain factor k used in the torque equation is 

deliberately excluded from the analysis. By 

removing this dependency, the proposed ITSCF 

indicator becomes independent of the machine’s 

torque estimation process, as discussed in [40]. The 

indicator is instead derived from the comparison 

between measured and reference dq-axis currents: 

 ε = idf. iqf − idref. iqref  

 𝜺 =
1

3
𝑢2𝑖𝑓

2 𝑠𝑖𝑛(2𝜃)2 +
2

3
𝑢𝑖𝑓 (𝑖𝑑 𝑠𝑖𝑛( 𝜃) −

𝑖𝑞 𝑐𝑜𝑠( 𝜃))   (14) 

While the second term in Equation (14) may be 

slightly influenced by changes in load torque, the 

first term is directly proportional to the fault severity 

and is thus more dominant. It should be emphasized 

that the fault current if and the fault ratio μ cannot be 

directly observed in practice, but their effects are 

captured in the measured dq currents. Therefore, this 

signal serves as a reliable and sensitive indicator for 

detecting ITSCFs, even in real-time applications. 

 

3.2. Fault Detection Method Design 

The proposed detection process is based on 

analysing the instantaneous variation in the second 

harmonic component of  a residual between the 

measured and reference dq-axis currents in a closed-

loop SynRM. 

 

3.2.1. Dealing with Inherent Asymmetries 

Due to practical issues such as manufacturing 

tolerances, current sensor limitations, inverter 

mismatch, and inherent magnetic imbalance [41], 

second harmonic components may appear even in 

healthy machines. Also, DC offsets are present in 

both healthy and faulty states. 

To address this, the DC component is removed 

from both the measured and reference signals, 

aligning their average values. This operation is 

illustrated in Fig. 2, where mean value subtraction 

normalizes the signals, thereby enhancing fault 

visibility and minimizing sensitivity to transients. 

 
Fig. 2. Elimination of DC Component 

 

3.2.2. Noise and Harmonics Filtering 

Sensor noise and inverter switching frequency 

introduce additional distortions in the dq currents. To 

enhance the sensitivity of ε from (14), the signal is 

modulated by cos(2θ) and sin(2θ), and passed 

through a lowــpass filter, as exposed in Fig. 3. 

 
Fig. 3. Signal isolation of other harmonics 

 

This step isolates the second harmonic while 

filtering out higher-order harmonics and noise-

induced variations. 

 

3.2.3. Speed Adaptation and Normalization 

To maintain the fault indicator’s effectiveness 

across varying operating speeds, the output signal is 

normalized through an averaging process. 

Specifically, the isolation vector derived from the 

measured and reference dq-axis current disparity is 

averaged over one full cycle. This average is then 

used as a base reference value, and the second 

harmonic component is expressed in per unit (p.u.) 

with respect to it. 

 |𝜀𝑣𝑒𝑐𝑡𝑜𝑟|𝑁 =
|𝜀𝑣𝑒𝑐𝑡𝑜𝑟|

‖𝜀𝑣𝑒𝑐𝑡𝑜𝑟‖
[𝑝𝑢] (15) 

This normalized second harmonic, denoted as I2, 

is given by: 

 𝐼2  =  
𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑒𝑑 𝑆𝑒𝑐𝑜𝑛𝑑 𝐻𝑎𝑟𝑚𝑜𝑛𝑖𝑐

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒 𝑜𝑓 𝑡ℎ𝑒 𝐼𝑠𝑜𝑙𝑎𝑡𝑖𝑜𝑛 𝑉𝑒𝑐𝑡𝑜𝑟
 (16) 

The extracted harmonic is compared against a 

predefined threshold derived from healthy SynRM 

operation. Although second harmonic components 

can exist in the absence of faults due to inherent 

machine asymmetries and inverter imperfections, the 

magnitude increases significantly when an ITSCF 

occurs. Moreover, this component has low 

sensitivity to load torque variations, making it a 

robust fault indicator. However, abrupt changes in 

load can still cause slight disturbances, which must 

be accounted for in the detection logic. 
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3.2.3. False Alarm Prevention – Counting 

Algorithm 

To mitigate false alarms caused by transient 

disturbances or abrupt system changes, a counting-

based decision algorithm is introduced. This 

mechanism ensures that only persistent fault 

signatures are classified as true faults. 

When the normalized fault signal I2 exceeds the 

detection threshold, the algorithm activates an IC. 

This counter tracks how long the fault condition 

remains continuously active. If the condition is 

interrupted before reaching a minimum duration, the 

counter resets to zero, avoiding premature fault 

declarations. 

The minimum required duration defined as 

COUNT is calculated by: 

 𝐶𝑜𝑢𝑛𝑡 =
𝑇

𝑇𝑠
 . 𝑐 (17) 

A high c may delay detection or prevent it 

altogether. A low c may lead to spurious detections. 

The FD is made based on the following logic: 

 𝐹𝐷 =  {
1    , 𝑖𝑓  𝐼𝐶 ≥  𝑐𝑜𝑢𝑛𝑡
0    ,         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (18) 

This logic ensures that only stable, sustained 

anomalies trigger an alarm, significantly improving 

detection reliability in practical, noisy environments. 

 

3.3. Diagnostic Flowchart 

The complete flowchart of signal processing and 

fault detection from signal acquisition to decision 

logic is revealed in Fig. 4 (upper and lower sections). 

 

  
Fig. 4. Fault Detection Flowchart 

 

 

4. SIMULATION RESULTS 

 

The effectiveness of the proposed ITSCF 

detection method was evaluated through detailed 

simulations implemented in MATLAB/Simulink 

environment. The diagnostic technique was applied 

to SynRM stator Fault Model as defined in Section 

2.2. Table 1 summarizes the key machine parameters 

used during the simulation. 

The SynRM is supplied by a three-phase voltage 

source inverter (VSI) comprising six IGBT switches. 

A PI controller is used for speed regulation, while a 

hysteresis current controller maintains current 

control within the closed-loop system. ITSCFs were 

introduced in phase a by varying the short-circuit 

ratio μ and fault resistance Rf. 

 
Table 1. SynRM parameters 

Rated power 2.2 kW 

Rated voltage 220 V 

Rated current 5.7 A 

Rated speed 1500 rpm 

N° # pole pairs 2 

Moment of inertia 0.0017 Kg. m2/s 

Stator resistance 1.71  

 

To comprehensively evaluate the robustness of 

the proposed method, several test cases were 

conducted. The testing sequence was designed to: 

- Validate the choice of the diagnostic indicator, 

- Confirm fault-related harmonic symptoms, 

- Assess detection performance under steady-state 

and transient conditions, and 

- Analyze the effects of rotor speed and load 

torque on detection accuracy. 

 

4.1. Influence of ITSCF on the Proposed 

Indicator ε 

To validate the suitability of the proposed 

indicator ε, a FFT analysis was conducted on three 

signal sets: 

- The product of measured dq-axis currents, 

- The product of reference dq-axis currents, 

- The difference between measured and reference 

dq products. 

This test was performed under no-load 

conditions at a rated speed of 1500 rpm with an 

ITSCF. The results are presented in Fig. 5. Notably, 

the second-order harmonic amplitude in ε was 0.47 

p.u., and the fourth-order harmonic measured 0.12 

p.u. In contrast, the FFT of the measured dq product 

exhibited a second harmonic of only 9.5e-3 p.u., and 

the reference signal yielded 1e-3 p.u. for the same 

component. 

These results demonstrate that the proposed 

indicator ε significantly amplifies the fault-related 

harmonics while suppressing irrelevant components 

masked by closed-loop control. Therefore, ε proves 

to be a more sensitive and effective fault indicator 

compared to raw dq measurements or their 

references. 
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Fig. 5. FFT Results 

 

Additionally, the FFT results confirm that 

ITSCFs introduce distinct second harmonic 

components into the dq-axis currents consistent with 

observations in [37] and [42]. 

 

4.2. Fault Detection in Steady State 

In this test scenario, the SynRM operates at its 

rated speed of 1500 rpm under no-load 

environments. The measured phase current is 

approximately 5.79 A, with component currents id 

=2.7A and iq =5.3A. An ITSCF is introduced in 

phase a at t =2s, with fault parameters set to Rf = 1Ω 

and μ=10%. 

Fig. 6. illustrates the response of the system 

during this event. It is observed that the phase current 

waveform remains largely unaffected when the fault 

occurs. This is expected, as the closed-loop control 

is designed to reject external disturbances including 

fault conditions by interpreting them as transient 

perturbations. Consequently, the phase current 

waveform does not provide clear visual evidence of 

the fault. 

Before t =2s, during the healthy operating phase, 

the amplitude of the fault current remains near zero. 

Right after fault inception, the amplitude sharply 

rises to approximately 10.5 A, indicating the onset of 

the ITSCF. 

The normalized vector output ƐvN shows minor 

oscillations even in the healthy state, which are 

attributed to inverter switching frequencies and 

internal system noise. This baseline oscillation 

justifies the necessity of a fault threshold. 

The extracted second harmonic I2 is present even 

in the healthy state. Therefore, a threshold value is 

implemented to distinguish between healthy and 

faulty conditions. For instance, during the start-up 

phase (0 to 0.3 s), I2 may briefly exceed the threshold 

due to transient conditions. However, this does not 

result in a false detection because the IC, described 

in Section 3.2, ensures that only sustained threshold 

violations trigger a FD. 

The FD output as illustrated in Fig. 6 below. 

confirms the successful identification of the ITSCF. 

The detection is issued after a short delay of 0.038 s, 

corresponding to the duration required for the IC to 

satisfy the COUNT condition. This delay is essential 

to avoid false alarms from transient spikes. 
 

Phase Currents 

 
Fault Current 

 
Normalized vector ƐvN 

 
Second harmonic I2 with threshold 

 
Fault Decision   

 
Fig. 6. The fault detection in steady-state 

 

Unlike prior methods that rely solely on 

threshold crossings [37], [43], the proposed 

approach incorporates a time-based validation via 

IC, significantly enhancing detection reliability and 

noise immunity. 

 

4.3. Fault Detection During Transients 

To assess the robustness of proposed diagnostic 

technique under dynamic conditions, a transient test 
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was conducted. The SynRM was operated at a 

constant speed of 1500 rpm, while the load torque 

was subjected to abrupt changes: 

- At: t = 0 s,   TL=7 N.m 

- At: t = 1 s,   TL=14 N.m 

An ITSCF was introduced at t = 2s with fault 

parameters Rf =1 Ω and μ=10%. The results are 

shown in Fig.7. 

During the torque transitions, The amplitude of 

the phase currents varies in response to load 

fluctuations. However, at the moment of fault 

occurrence, no substantial change is observed in the 

phase current amplitudes demonstrating the 

controller’s ability to mask fault effects under 

closed-loop operation. 

The normalized indicator vector ƐvN reflects 

synchronous changes with the load torque, briefly 

deviating and then returning to its prior value after 

the transient passes. Importantly, this confirms the 

indicator’s responsiveness to external load changes 

without falsely indicating a fault. 

The second harmonic signal I2, plotted in Fig.7, 

illustrates brief crossings of the detection threshold 

during transient events (e.g., at 0.8 s and 1.0 s). 

These short-term threshold breaches activate the IC, 

but the counter resets before reaching the COUNT 

threshold due to the temporary nature of the 

disturbance. Therefore, no false alarms are 

generated. 

Upon the actual ITSCF at t = 2s, I2    increases 

sharply to 0.55 p.u., and sustains this value. As a 

result, the IC successfully increments beyond the 

COUNT value, and the FD is set to 1 with a detection 

delay of approximately 0.038 s. Fig. 7 illustrates the 

described transient behaviour. 

This test verifies the transient immunity of the 

proposed approach and its enhanced performance 

compared to AI-based solutions. [44] or extensive 

lookup tables [38] which are computationally 

expensive and require large datasets for various 

operating conditions. In contrast, this method 

achieves reliable detection using a single threshold 

and a time-validated counter mechanism. 

 

4.4. Influence of Motor Speed and Load Torque 

on Diagnosis Results 

This test investigates the effect of varying rotor 

speeds and load torque conditions on the 

performance of the proposed fault detection method. 

Simulations were carried out under two scenarios: 

- Without load torque (no-load condition) 

- With a constant loadـtorque of TL=14 N.m 

In both scenarios, the rotor speed was varied 

across three operating points: 400 rpm, 1200 rpm, 

and 1500 rpm. For each speed, the fault parameters 

were varied using different severities: 

- Rf  = 10 Ω   , μ = 4 % 

- Rf  =  1  Ω   , μ = 10 % 

- Rf  =  0  Ω   , μ = 16 % 

The results are depicted in Fig. 8, with 

subplots (a) for no-load and (b) for loaded 

conditions. 

 
Phase Currents 

 
Fault Current 

 

Normalized vector ƐvN 

 
 second harmonic  I2 with threshold 

 
Fault Decision

 
Fig. 7. The fault detection in the transients’ 

state 
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(a) Without Load Torque

 
(b) With Load Torque

 
Fig. 8. Effect of rotor speed and load torque 

on fault detection performance. 

 

1- No-Load Condition (Fig. 8a): 

At low speed (400 rpm), the second harmonic 

indicator I2 registers approximately 0.3 p.u., even for 

minor fault severity. As the rotor speed increases to 

1200 rpm and 1500 rpm, the magnitude of I2 

increases proportionally with fault severity, 

confirming the indicator's sensitivity. Notably, at all 

tested speeds, I2 remains above the detection 

threshold, validating the method’s effectiveness 

even at low speed a traditionally challenging 

scenario for fault detection. 

2- Loaded Condition (Fig. 8b): 

Under constant torque loading (TL=14 N.m), the 

results similarly show that the rotor speed has 

minimal influence on the magnitude of the second 

harmonic signal. Across all speed levels, the I2 signal 

remains distinct and above the threshold for each 

fault severity tested. 

These findings confirm that the proposed 

detection method is robust to variations in rotor 

speed and load torque. The system can reliably 

detect ITSCFs across a wide range of mechanical 

operating conditions including low-speed and no-

load states, which are particularly difficult for 

conventional detection strategies. 

 

5. CONCLUSION 

 

ITSCF detection in closed-loop controlled 

SynRMs presents a significant challenge due to the 

masking effects of feedback control and the typical 

reliance on external sensors, high-frequency signal 

injection, or precise machine parameter modeling. In 

contrast, the method proposed in this work 

introduces a robust and computationally efficient 

solution that requires only measured and reference 

dq-axis currents. 

A novel fault indicator was derived from the 

product difference between the measured and 

reference dq-axis currents. This indicator effectively 

highlights the second harmonic component 

introduced by ITSCFs. Unlike conventional 

methods, it is independent of torque sensors and 

model parameter estimation, and it remains reliable 

under a wide range of operating conditions. 

The detection architecture incorporates: 

- DC component removal . 

- Harmonic isolation using signal modulation 

and filtering . 

- Time-validated thresholding via an incremental 

counting algorithm. 

Simulation results validate the method’s 

robustness and accuracy. The proposed technique 

successfully detected ITSCFs during steady-state, 

transient load changes, and across a wide range of 

speeds and torque levels including traditionally 

difficult conditions such as low speed and no load. 

The reliance on a single threshold and a time-based 

counter eliminates the need for memory-intensive 

lookup tables or complex AI training models, 

making it ideal for real-time fault diagnosis in 

practical applications. 

This approach offers a scalable, cost-effective, 

and sensor less diagnostic tool that enhances the fault 

tolerance and reliability of SynRM-based drive 

systems. 

Future work will focus on extending the 

proposed technique beyond simulation by 

implementing it on embedded real-time platforms 

such as DSPs or FPGAs. Experimental validation 

using HIL setups or laboratory test benches will be 

conducted to evaluate detection accuracy, latency, 

and false alarm rates under real operating conditions. 

Additionally, the adaptability of the method to other 

machine types  such as PMSMs and Interior IPMs 

will be investigated to assess its generalizability 

across motor drive technologies. 
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