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The paper deals with position sensor fault detection in Permanent Magnet Synchronous Motor 
(PMSM) drives. Two fault detection algorithms are described here. The first algorithm is based 
on Discrete Wavelet Transform (DWT) and especially on MultiResolution Analysis (MRA) 
technique. The second algorithm is based on the Parity Equations Approach (PEA) for 
residuals generation. The considered position sensor fault is a high level noise disturbance. 
Simulation results related to the both fault detection algorithms application are presented and 
discussed. The effectiveness, the robustness to noise, and the real time implementation    are the 
criteria considered to carry out a comparative study between the two fault detection algorithms.        
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1. Introduction 

     Nowadays, modern technological systems need to maintain desirable stability and 

performance proprieties after faults or failures occurrence. This can be performed thanks to 

fault tolerant control systems. The advancements made on fault tolerant control systems are 

particularly important for sensitive systems, such as transportation, aircrafts, propulsion 

systems and industrial applications. These systems need service continuity especially in 

closed-loop control operating. In other words, it is a primary purpose to ensure reliability, 

maintainability and survivability of those systems. That’s why, several control systems 

approach have been designed and developed in order to tolerate faults occurrence. 

    In addition, such efforts have been made on AC drive applications, particularly 

induction motors and synchronous motors applications. Recently, a particular interest is 

given to Permanent Magnet Synchronous Motors (PMSM drives). Indeed, many research 

results have dealt with fault detection in PMSM drives, but most of them focused on power 

semiconductors faults and motor faults (stator, rotor, and bearing faults) [1-8].  

    Thus, PMSM drives control requires the use of position sensors which may be 

sensitive to faults occurrence such as total or partial loss of the position information, offset, 

disturbances, measure deviation, channel mismatch, etc. [9-11]. Moreover, these faults lead 

to dangerous system operation and instability or even to the PMSM drive breakdown. 

That’s why an effective and fast fault detection and isolation must be performed in order to 

avoid the system hard failure and to reconfigure the PMSM drive control thanks to fault 

tolerant control strategies [11-15]. 

        Numerous approaches, used for electric drive sensors fault detection and isolation, 

have been proposed such as fuzzy logic, neural networks, statistical classifiers, signal 

processing–based techniques (frequency and time – frequency analysis, continuous and 

discrete wavelet decompositions), parity equations, state estimations or parameters 
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estimations [14]. Special investigations have been carried out for the detection of current, 

voltage and dc-link sensor faults such as in [15-18]. However, few researches have 

concerned mechanical sensors faults that can occur on speed and/or position sensors 

associated to electric drives, and especially to PMSM drives. 

    In this paper, two fault detection techniques used for position sensor fault detection are 

presented and described. The first technique is based on Discrete Wavelet Transform 

(DWT) and the second one uses Parity Equations Approach (PEA). Indeed, DWT have 

been largely investigated in electrical and mechanical fault detection occurring in AC 

electric machines or their associated inverters, [19-21]. Indeed, such signal processing 

techniques allow transients and signal singularities detection and fault feature extraction. 

However, their main drawback consists in no standard parameter setting for a given fault 

detection problem. On the other hand, PEA has been applied for electrical sensors fault 

detection in DC motors and in variable speed wind systems. However, the classical form of 

this approach suffers from its system parameters strong dependency.  

    This paper focuses first on the detection of position sensor fault using the two fault 

detection techniques. The considered position sensor fault is a high level noise disturbance. 

A comparative study is then carried out between these two techniques in order to discuss 

their advantages and drawbacks according to effectiveness, robustness to noise, and real 

time implementation criteria. 

   The present research work is presented through four sections. In the second section, 

simulation results of the PMSM drive operating under faulty conditions are presented. In 

the third section, the two fault detection techniques principles are presented. In the fourth 

section, disturbance fault detection using DWT and PEA techniques is analyzed and 

discussed. Finally, a comparative study between the two fault detection techniques is 

discussed in order to illustrate their advantages and drawbacks. 

2. PMSM drive operating under position sensor disturbance conditions  

2.1 PMSM drive modeling 

The PMSM adjustable speed drive consists of PMSM motor, PWM inverter, current 

sensors, position sensor and a control algorithm based on a Flux Oriented Control (FOC) 

strategy. This strategy is based on a direct current controller, a quadratic current controller 

and a speed controller, as seen in Fig.1. 

The classical PMSM mathematical model, considered in the synchronous reference frame 

(d,q), is described by equations (1) to (7). 

.
-  θ= +

disdv R i L L ies sq sqsd sd sd
dt

                                                                    (1) 

. .
 θ θ= + + + Ψ

disq
v R i L L ie esq s sq sq sd sd f

dt
                        (2) 

Ψ = + ΨL isd sd sd f
                     (3) 

Ψ = L isq sq sq                                      (4) 
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( )( )3
-

2
= + ΨC p L L i i iem sq sq sqsd sd f

                         (5) 

( ) -
ω

ω= −
d fpe vC Cem r e
dt J J

                        (6) 

 
θ

ω=
d e

e
dt

                           (7) 

The PMSM parameters, considered for performing simulations, are given in appendix I. 

 
Fig.1. PMSM adjustable speed drive scheme. 

2.2 Noise sources in PMSM drives 

In PMSM drives, several external noise sources can affect sensors in different ways. The 

main noise source is the electric circuit which can be used with the PMSM drive. For 

example, in adjustable speed drive applications, inverters are used to drive motors and they 

are the main source of noise. Indeed, inverters consist of power semiconductors which 

operate at high and very high switching frequencies [22,23]. In addition, noises are 

generated through electromagnetic waves or by electric wires which supply converters and 

motors. That’s why; sensors used in PMSM drives may be sensitive to these external 

noises. Moreover, these noises disturb the measured signals, and it is difficult to eliminate 

them, which may cause serious and even dangerous consequences on PMSM drives 

operating when these noises exceed a tolerated level. 

2.3 Impact of disturbance fault on PMSM drive operating  

In this study, the considered position sensor fault is a disturbance of the measured 

position information by a high level external noise. Indeed, it has been proved in a previous 

work [10] that a noise level equal or superior to -28dB may distort significantly the supply 

motor signals and then leads to the instability of the PMSM drive operating. 

In order to analyze the position sensor disturbance impact on the PMSM drive operating, 
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simulation results have been carried out by considering a -28dB noise which has been 

added arbitrarily to the measured position at a given instant. Moreover, all simulations have 

been carried out, considering a -50dB level noise added to the PMSM stator current signals, 

in order to take into account the presence of normal noise level due to a healthy drive 

operating. 

The disturbance occurrence has been considered arbitrarily at td=0.6s. The rated load 

torque is applied to the PMSM motor at the instant tℓ=0.4s. Fig.2 shows respectively the 

phase a voltage supply reference 
_a refv , the phase a stator current sai , the electromagnetic 

torque 
emT , the mechanical motor speed N and the electrical position 

eθ , before, during and 

after the fault occurrence.  
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Fig. 2. Position sensor disturbance effects on: (a) voltage supply reference, (b) stator current, (c) 

electromagnetic torque, (d) mechanical speed and (e) electrical position. 

 

    As shown by simulation results of Fig.2, position sensor disturbance has direct 

consequences on PMSM drive behavior. Indeed, the high level disturbance engenders 

vibration and even malfunctions in the PMSM drive, which may leads to unsatisfactory 

performance. Moreover, PMSM drive strategy is based on flux oriented control (FOC) 

scheme including a speed closed-loop control. Therefore, disturbance fault occurrence 

affects all control strategy variables. As a first step, and according to the FOC algorithm 

principle, it affects the speed error which rises dangerously. Consequently, the quadratic 

current control variable isqref is badly performed. Thus, the disturbance affects the Park 

transformation matrix which engenders erroneous values of stator voltages references and 

the PWM inverter is therefore badly controlled.  
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That’s why, after the disturbance occurrence on the position sensor, the PMSM stator 

currents become distorted and this generates high level harmonics, overheating and high 

level vibration. On another hand, the speed fluctuation highlights the loss of the motor 

synchronism. 

3. The two detection techniques principles 

In this study, two detection techniques are considered and used for the detection of the 

position sensor fault. The first technique is the multiresolution analysis (MRA) based on the 

discrete wavelet transform (DWT). The second technique is based on the parity equations 

approach (PEA). The two techniques are presented in Fig.3.  

First, DWT-MRA is applied to the PMSM stator current sai , and the residual 
saRes_i  is 

then generated. 

Second, PEA is applied to both the electrical position eθ  and the electrical pulsation 
eω , 

then two residuals 
eRes_θ  and 

eRes_ω  
are respectively generated. 

The two techniques principles are presented and discussed in the above subsections.  
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Fig.3. Position sensor fault detection algorithms. 

 

3.1. MultiResolution Analysis technique 

The MultiResolution Analysis (MRA) algorithm is a DWT – based algorithm using a 

numerical filter bank, which is composed by low-pass filters (LPF) and high-pass filters 

(HPF). These filters are used for the construction of the multiresolution time-frequency 

plane. A fast MRA – based pyramidal algorithm is that of Mallat, which is based on 

convolution with quadrate mirror filter [24]. 

The MRA analyzes a numerical signal S(n) at many frequency bands with different 

resolutions by decomposing it into approximations and details information. Indeed, the 

signal decomposition into different frequency bands is obtained by successive high-pass 
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g(n) and low-pass h(n) filters. Frequencies contained in the two filters outputs signals are 

the same as those contained in the input signal, but the data amount is doubled. 

Consequently, down sampling by a factor 2 is applied to the output of each filter.  

Therefore, the detail d1 and approximation a1, which have been given respectively by the 

high-pass and low-pass filters, can be mathematically expressed as:  

 

 

N-1

1
k=0

d (n)= s(k) g(n - k)∑

                                                                                               

(8)

 N -1

1
k=0

a (n)= s(k) h(n - k)∑                                                                                                (9) 

 

Here, d1(n) and a1(n) represent the decomposition results at level 1. 

The same operation is iterated at the second level of decomposition and it gives d2(n) and 

a2(n) as described by (10) and (11). 

 

 

N / 2-1

2 1
k=0

d (n)= a (k) g(n - k)∑

                                                                                        

(10)

 N / 2-1

2 1
k=0

a (n)= a (k) h(n - k)∑                                                                                         (11) 

 

Thus, the same operation is iterated in order to determine the other decomposition levels 

depending on the desired level. 

Fig.4 illustrates this procedure, where S(n) is the original numerical signal to be 

decomposed, and h(n) and g(n) are respectively low-pass and high-pass filters.  

 

 
Fig. 4. Two levels S(n) decomposition using MultiResolution Analysis technique principle. 

 

 

      The decomposition of a numerical signal into frequency bands is limited by the samples 

number sN  of the considered signal. Then the maximum level J  depends on the samples 

number sN . So, the decomposition level J  can be determined according to the condition 

given by the relation (12). 
 

≤J
s2 N                                                                                                             (12) 

 



Y.R.Bhavanam & M.Shahrazad: Impact of Increased DG on Fault Levels ... 
 

 200 

The frequency bands limits, relative to approximations and details signals, depend only 

on the sampling frequency and the decomposition level. Thus, in this work, the sampling 

frequency is set at �� = 10��� and the decomposition level is chosen equal to 7. Indeed, in 

the case of this work, this decomposition level is sufficient for highlighting the fault 

occurrence.  

The frequency bands relating to a decomposition level equal to 7 are provided in table 1. 

 

 
Table 1. Frequency bands related to the stator current decomposition – J=7. 

Decomposition 

level 

Frequency bands (Hz) 

ai  di  

7 0 – 39.0625 39.0625– 78.125 

6 0 – 78.125 78.125– 156.25 

5 0 – 156.25 156.25 – 312.5 

4 0 – 312.5 312.5 – 625 

3 0 – 625 625 – 1250 

2 0 – 1250 1250 – 2500 

1 0 – 2500 2500 – 5000 

 

 

The decomposition of S(n) at the J
th

 level is given by equation (13) [24]. 

 

∑
J

I
I=1

JS(n)= a (n)+ d (n)                                                                                            (13) 

 

 

 
 

Fig. 5. Frequency bands related to the MultiResolution Analysis of a numerical signal S(n). 

 

Fig.5 highlights the frequency bands related to the approximations and the details obtained 

from the decomposition of a numerical signal S(n) at 3 levels. 
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The approximation aJ(n) is the product of the approximation coefficients ,J pα by the 

scaling function ,J pφ at level J: 

1
, ,( )   . ( )

J

p
J J p J pa n nα φ

=
= ∑                                                                                          (14) 

where 2( ) 2 . (2 .  - )
,

J
J

n n p
J p

φ φ=  is the scaling function applied to the scale 2J
 and 

shifted by p . 

The detail dI(n) is the product of the wavelet coefficients ,J pβ by the wavelet function 

,J pψ at each level I: 

∑
I

p=1
I I,p I,pd (n)= β  .ψ (n)                                                                                           (15) 

where 2
, ( ) 2 . (2 .  - )

I
I

I p n n pψ ψ=  is the scaling function applied to the scale 2I
 and shifted 

by p . 

3.2. Parity Equations Approach and residual generation  

Electrical position and electrical pulsation are measured with a short sampling time much 

lower than the mechanical system dynamic. So, between two consecutive acquisition 

sampling times, the electrical pulsation remains unchanged. Equation (16) is used for a 

general formulation of the method. 

 

dx
a

dt
=                                                                                                                                  (16) 

 

In this work, equation (7) is considered to apply this formulation where ex θ=  and 

ea ω= . 

First order Euler discrete form leads to state equations (17) where the state variable is 

directly measured and ( )ξ k  are

 

noises.  

( )

( 1) ( )

( ) ( )

ax k x k aT

y k x k kξ

+ = +

= +
                                                                                                            (17)

 
 

In this paper, space parity method is based on measures temporal redundancy in the data 

window [k, k+2]. Indeed, only three acquisition measurements are performed, for a fast 

Fault Detection and Isolation (FDI) algorithm. The measures given below by (18) at . ak T , 

( 1). ak T+  and ( 2). ak T+  instants are derived from (17).
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( )

( )

( )

( ) ( )

( 1) ( ) 1

( 2) ( ) 2 2

a

a

y k x k k

y k x k aT k

y k x k aT k

ξ

ξ

ξ

= +

+ = + + +

+ = + + +

                                                                                       
(18) 

 

These measures are arranged using matrices form to apply space parity approach, as it 

can be seen in [25,26], where the known variables are grouped in one side and the unknown 

ones ( ( )x k  and noises) in the other side. A condensed form of (19) is presented in (20). 

 

( ) 0 1 ( )

( 1) 1 1 ( ) ( 1)

( 2) 2 1 ( 2)

a

y k k

y k aT x k k

y k k

ξ

ξ

ξ

       
       

+ − = + +       
       + +       

                                                                       (19) 

 

( ,2) ( ) ( ,2)− = +ak aT x k kY G H ξ                                                                                          (20)
 

 

where 

 

                       

( )

( ,2) ( 1)

( 2)

 
 

= + 
 + 

y k

k y k

y k

Y ;

0

1

2

 
 

=  
 
 

G ;

1

1

1

 
 

=  
 
 

H ;                
( )

( ,2) ( 1)

( 2)

ξ

ξ

ξ

 
 

= + 
 + 

k

k k

k

ξ
  

 

Parity space methods eliminate the unknown state ( )x k  using projection technique. A 

vector V, called parity vector, is determined verifying (21). 

 

. 0=V H                                                                                                                               (21) 

 

Many vectors orthogonal to H can be obtained. A simple choice is ( )1 2 1= −V . The 

residual is then calculated by multiplying each side of (20) by this V vector. 

[ ]( ) ( , 2) ( , 2)= − =ar k k aT kV Y G V ξ                                                                                    (22) 

 

The first equality gives the form used for implementation since it depends on known 

variables, and the second one shows that the residual is null when there is no fault and no 

noise. 

In real conditions, noises always exist, but according to their level in spite of filtering, 

they can or cannot deteriorate control performances. Then, the residual threshold should be 

fixed according to these conditions. 

Residual equation to be implemented is given by expression (23). 

( ) ( ) 2 ( 1) ( 2)r k y k y k y k= − + + +                                                                                         (23) 

 

To amplify the residual value, its absolute value is considered. In addition, to confirm the 

unacceptable noise level, decision is made after three residual computations. So, the final 

expression of residual, considered for the fault detection, is given by equation (24). 
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( ) ( ) ( 1) ( 2)R k r k r k r k= + − + −                                                                                       (24) 

4. Disturbance fault detection using DWT and PEA techniques  

In this section, the position information disturbance fault detection is analyzed and 

discussed using respectively DWT and PEA techniques. The two techniques have been 

applied to PMSM drive variables obtained from simulations carried out with a sampling 

rate of 10 kHz which has been considered to perform the PMSM FOC strategy. 

4.1. Position sensor disturbance detection using DWT technique 

    It has been shown in a previous work [10] that a 7-level multiresolution analysis 

decomposition of the PMSM stator current isa has been sufficient to highlight the 

disturbance fault occurrence.  

    In this section, the multiresolution analysis of the stator current has been performed using 

MATLAB – Simulink®. 
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Fig. 6. 7-level multiresolution analysis of sai using DB10,  

 

(a): decomposition in healthy conditions, (b): decomposition in faulty conditions. 

Fig. 6 presents 7-level MRA results using the mother wavelet Daubechies noted DB10. It 

illustrates the stator current decomposition into seven details signals respectively in case of 

healthy conditions operating (a) and in case of faulty conditions operating (b). Thus, it can 

be noted that there are changes in the details contents, particularly in details d1, d2, d3 and 

d4, where the disturbance occurrence appears clearly at the instant td=0.6s.  
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    Fig. 6.c presents a zoom around the fault transient instant in the details signals d1, d2, d3 

and d4.  

    It can be concluded that it is possible to fix detection thresholds related to details d1, d2, 

d3 and d4 in order to ensure an effective detection of the position sensor disturbance fault 

occurrence.  

    On the other hand, Fig. 6 shows clearly that there is no changes in details contents 

relatively to the load torque application (t=0.4s). Therefore, it can be noted that DWT-MRA 

technique allows discrimination between transient due to torque condition variation and 

transient related to disturbance fault occurrence.  

4.2. Position sensor disturbance detection using PEA technique  

The same simulation conditions, considered in subsection 4.1., have been used to carry 

out the detection of the position sensor fault by applying the PEA – based fault detection 

algorithm. The method has been applied to generate the position residual 
eRes_θ . 

As shown by simulation results of fig.7.a, 
eRes_θ  is sensitive to the position sensor fault 

occurrence and allows detecting it. Moreover, the low value of the position residual can be 

amplified to obtain a more significant residual. This can be performed by generating the 

electrical pulsation residual 
eRes_ω  

starting from the principle that the electrical pulsation is 

derived from the electrical position, as it can be seen in fig.7.b. 

In another side, the residual generation algorithm remains not sensitive to load condition 

variation in the PMSM drive. Then, it can be concluded that PEA allows discrimination 

between transient due to torque condition variation and transient related to disturbance fault 

occurrence. 
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Fig. 7. Position residual (a) and electrical pulsation residual (b) performed for position                  

sensor disturbance detection. 

5. Discussion 

In order to conclude to advantages and drawbacks of each disturbance fault detection 

algorithm, a comparison between the two detection algorithms is carried out. This 

comparison is based on effectiveness, robustness and real-time implementation criteria.  

As it is known, DWT-MRA algorithm is based on numerical filter banks which 

necessitate many operations to be implemented. Indeed, expressions (14) and (15) need an 

important operations number and thus a significant time execution amount to be performed. 



J. Electrical Systems 10-2 (2014): 194-208 
 

 205

Whereas, the residuals generation based on PEA, and as shown by equation (24), 

necessitates few arithmetical operations to be performed. That’s why, real-time 

implementation of multiresolution analysis algorithm on dsPIC boards is more complicated 

than that of parity equations algorithm. As a result, PEA based fault detection algorithm is 

faster than MRA based fault detection algorithm.  

In order to illustrate this result, on-line position sensor fault detection has been simulated 

in Matlab – Simulink® environment for the two fault detection algorithms. 

Indeed, Fig.8 shows clearly that the disturbance fault detection results is delayed with 

respect to the disturbance occurrence. The earlier detection is ensured starting from the 

detail signal d2 with a delay of 0,4ms. 
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Fig. 8. On-line position sensor fault detection simulation using 7-level MRA of sai

 
 
 

Fig.9 shows clearly that the PEA technique based fault detection can be performed very 

rapidly within a time period equal to three position measure acquisitions. 

On the other hand, simulation results have shown clearly that both detection algorithms 

are robust to PMSM drive operating normal noise conditions and highlight abnormal 

occurrence of high level noise disturbance. However, the MRA based detection algorithm 

parameters setting remains the same for different disturbance levels whereas, the PEA 

based detection algorithm must be adjusted according to the noise level. 

Moreover, both MRA and PEA based detection algorithms allow discrimination between 

transients related to load variations and transients related to a position sensor fault 

occurrence, which ensures effective fault detection. Indeed, the rated load torque appliance 

does not affect neither the detail signals contents nor the position or the electrical pulsation 

residual.  
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Fig. 9. On - line position sensor fault detection simulation using PEA 

 

 

Table 2 summarizes the different comparative criteria that were discussed in this section 

which are effectiveness, rapidness, robustness to noise, simplicity of real time 

implementation and discrimination between sensor fault and load variation transients.  

 
Table 2. Comparative Criteria of MRA and PEA – based fault detection 

Criteria 
MRA – based fault 

detection 

PEA – based fault 

detection 

Effectiveness +++ +++ 

Rapidness +-- +++ 

Robustness to noise +++ ++- 

Simplicity of real time implementation +-- +++ 

Discrimination between sensor fault and 

load variation  
+++ +++ 

6. Conclusion 

In this paper, a comparative study between two fault detection algorithms, used for the 

detection of PMSM position sensor disturbance fault, has been carried out. The first fault 

detection algorithm has been based on multiresolution analysis technique. The second fault 

detection algorithm has concerned the parity equations approach principle. 

Simulation results have shown that the two algorithms allow an effective detection of the 

position sensor disturbance fault and they are robust to normal noise condition operating 

and load torque disturbance. The advantage of the PEA based detection algorithm is that it 

provides easy and fast detection of the disturbance fault, whereas the advantage of the 

MRA based detection algorithm is that its parameters setting remains the same for different 

disturbance levels. 

 

For future works, the complementarities presented by these two fault detection 

algorithms can be considered in order to combine them for improving robustness, 

effectiveness and real time performance of sensor faults detection in electrical drives. 
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Appendix. PMSM parameters  
 

Variable Designation Value 

Rated power nP  53 kW 

Rated torque nC  852 N.m 

Rated speed nN  600 rpm 

Rated current nI  168 A 

Maximum current maxI  368 A 

Pairs poles Number p  5 

 


