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ABSTRACT 

This paper investigates improving reliability in Induction Motor (IM) drives using the Field-Oriented 

Control (FOC) technique by developing a Modified Page–Hinkley Test (MPHT) for real-time detection of 

Current Sensor Faults (CSFs). The proposed method monitors the absolute residual between the measured 

stator current and the corresponding estimated obtained value from a Luenberger Observer (LO). The 

modified test is implemented in a stepwise manner to ensure high sensitivity to faults and robustness 

against measurement noise. Upon fault detection, the observer seamlessly reconstructs the faulty current 

signal to maintain stable closed-loop operation without re-tuning the controller. Simulation studies 

performed in MATLAB/Simulink under various types of soft (drift, scale, offset, precision degradation), 

and hard (constant value, constant with noise) faults confirm fast fault detection, accurate fault isolation, 

and stable system performance. The results show that the proposed method provides a practical and 

efficient solution for IM drive systems under dynamic operating conditions. 

Keywords-induction motor drive; field-oriented control; current sensor fault detection; Luenberger observer; 

Page–Hinkley test 

I. INTRODUCTION  

IMs have long been the preferred choice in a wide variety 
of applications, from industrial automation to electric 
transportation [1], due to their simple structure and high 
durability. Regarding control techniques, FOC is a popular 
approach to achieve precise regulation of both torque and flux 
[2, 3]. Advances have expanded the scope of FOC, including 
its application to electric vehicles [4, 5], its extension to 
polyphase machines via advanced converter topologies [6], and 
the development of current sensorless strategies, such as virtual 
current methods [7] and Model Reference Adaptive System 
(MRAS) based estimators [8]. These contributions confirm the 
central role of FOC in IM drives, which typically integrate four 

main subsystems: motor, voltage source inverter, controller, 
and sensor system. 

Despite its multiple advantages, FOC relies on accurate 
current measurements, making the drive highly susceptible to 
sensor faults. In particular, CSFs can lead to severe 
performance degradation or even instability, highlighting the 
need for Fault-Tolerant Control (FTC). The latter has been 
extensively studied to improve the reliability of IM drives 
under sensor failure conditions. Nevertheless, existing 
approaches, including sensorless strategies [9], observer-based 
methods [10, 11], and current space vector techniques [12], 
remain computationally demanding and sensitive to parameter 
variations. Some also show limited accuracy under noisy 
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environments [13]. Counter-based fault detection mechanisms, 
where faults are recognized after a number of consecutive 
threshold crossings of the current or speed signal, have been 
proposed [14, 15]. Although this method is simple and easy to 
implement, it causes a significant delay in fault detection 
(typically requiring 20–35 sampling cycles, equivalent to 2–3.5 
ms at 10 kHz) and may miss transient faults in noisy 
environments. In [16], an Artificial Neural Network (ANN)-
based fault detector was trained to recognize CSFs in a vector 
control system. The simulation results show that the optimal 
ANN configuration achieves a detection time ( t∆ ) of Δtdet = 
0.22 ms, along with the smallest Integral of Square of the Error 
(ITSE) and Integral Time Absolute Error (ITAE) values among 
the compared models. However, as the detection delay 
increases, both the ITSE and ITAE indices rise significantly 
since control errors accumulate over longer periods before the 
compensation mechanism is activated. Notably, under low-
speed operation, the ANN-based detector exhibited an 
oscillation delay of up to 8.0 ms for the phase-B sensor fault, 
indicating reduced sensitivity due to the lower signal-to-noise 
ratio at this condition [16]. This limitation highlights the need 
for faster fault detection methods that are statistically sound 
and capable of distinguishing real faults from random 
fluctuations in real time. 

Beyond FTC schemes, signal processing methods have also 
been investigated for IM Fault Diagnosis (FD). Fourier-based 
spectral analysis is widely applied due to its simplicity, 
although it is limited to stationary signals and noise sensitivity 
[17]. To address these drawbacks, wavelet and time-frequency 
techniques have been explored for rotor fault detection [18]. 
Hybrid approaches combining mechanical and electrical 
signals have also been proposed [19], while Discrete Wavelet 
Transform (DWT) integrated with ANNs has achieved high 
diagnostic accuracy in distinguishing incipient faults [20]. 
Despite these advances, current methods remain inadequate. 

Building on previous Page Hinkley-based change detection 
techniques [21, 22], this study introduces the MPHT integrated 
with an LO [23, 24] to enhance CSF detection and fault 
compensation in IM drives. The residual value between the 
measured and estimated currents serves as the detection input, 
allowing the MPHT to distinguish real sensor faults from 
random noise. When a fault is detected, the faulty current 
measurement is seamlessly replaced by the observer's estimated 
signal, ensuring uninterrupted FOC. Fault simulation 
experiments validate the effectiveness of the proposed scheme, 
demonstrating rapid detection, low false alarm rate, and 
improved operational sustainability of the IM drive. 

II. MATHEMATICAL MODEL OF INDUCTION 
MOTOR 

A. Mathematical Model in the (α, β) Stationary Reference 
Frame  

The relationship between current, voltage, and flux in an 
IM can be expressed through a system of first-order differential 
equations [25]. In the static reference frame (α, β), the stator 
current vector and rotor flux components corresponding to the 
input voltage and motor parameters are governed by: 
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where s su ,u  are the stator voltage components, s si ,i  are the 

stator current vector, r r,   are the rotor flux linkage 

components, r is the rotor speed, s rR ,R are the stator and 

rotor resistances, 
s r mL ,L ,L are the stator, rotor, and 

magnetizing inductances, and 
iK are constants.  
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B. Field-Oriented Control  

The FOC strategy enables decoupled control of flux and 
torque in an IM by transforming the three-phase stator currents 
(ia, ib, ic) into the stationary orthogonal reference frame (α, β) 
using the Clarke transformation. Subsequently, the (α, β) 
components are transformed into the rotating reference frame 
(x, y), in which the x-axis is aligned with the rotor flux vector, 
using the Park transformation [26]. These steps are expressed 
mathematically as: 

s a
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where γ is the instantaneous position of the rotating reference 
frame, which is typically aligned with the rotor flux vector. 
Here, 

sxi  is the direct-axis current component responsible for 

regulating the rotor flux magnitude, while syi  is the quadrature-

axis current component controlling the electromagnetic torque. 

The FOC scheme typically employs a cascade control 
architecture consisting of an outer speed control loop and inner 
current control loops, which are implemented using 
Proportional-Integral (PI) controllers to achieve independent 
regulation of torque and flux. Based on the reference rotor 
speed r

  and reference rotor flux r
 , the FOC algorithm 

computes the required voltage commands for the voltage 
source inverter. The complete configuration of the FOC system 
is shown in Figure 1. 
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The rotor flux vector r  is estimated in real time using a 

flux observer, while the actual rotor speed 
r  is measured 

through an incremental encoder for closed-loop feedback. This 
control structure ensures accurate torque production, rapid 
transient response, and robustness under varying load 
conditions. Compared to typical scalar control methods, FOC 
provides higher precision, improved dynamic performance, and 
superior adaptability for high-performance drive applications. 

 

 

Fig. 1.  Block diagram of the FOC structure [3]. 

III. CURRENT SENSOR FAULT MODELING 

A. Fault Classification 

SFs in current measurement can be classified into two main 
types: soft faults (including offset, drift, scale, and precision 
degradation) and hard faults (including constant signal, 
constant value with noise, or bottom noise). These faults can 
significantly reduce the performance and stability of FOC-
based motor drives. To accurately model the fault signals, 
mathematical expressions for each type of fault are used and 
defined in Table I. The standard deviation of the sensor noise is 
considered negligible in this analysis. 

TABLE I.  MATHEMATICAL EXPRESSIONS FOR TYPICAL 
CURRENT SENSOR FAULT TYPES 

Fault type Expression for measured signal imeas(t) 

Drift imeas(t) = itrue(t) + a.t 
Scale imeas(t) = a.itrue(t) 
Bias imeas(t) = itrue(t) + b 

Precision degradation imeas(t) = itrue(t) + n(t) 
Constant fault imeas(t) = C 

Constant with noise imeas(t) = C + n(t) 
Bottom noise imeas(t) = n(t) 

 

where a is the scale factor, b is the shift factor, n is the 
decomposition level, and C is the wavelet coefficient. 

Table I summarizes the mathematical formulations for 
different fault types. Soft faults such as drift, scale, and bias 
introduce predictable deviations in the sensor output, whereas 
hard faults lead to constant or completely erroneous readings. 
Collectively, these models form the basis for generating faulty 
signal scenarios used to simulate and test the proposed fault 
detection algorithm. 

B. Integration of Fault Diagnosis in Field-Oriented Control 

Under normal operating conditions, the FOC strategy 
requires accurate measurement of the three-phase stator 
currents. These are first converted to the stationary two-phase 
coordinate system (α, β), and then to the co-rotating coordinate 
system (x, y) to realize the separate control of the magnetic flux 
and torque. However, in practice, current sensors may 
encounter problems such as broken circuits, value deviations, 
or signal drifts, which degrade the control performance or even 
cause system instability. To overcome this issue, an FD 
mechanism is integrated into the IM drive.  

The FD block detects abnormal sensor behaviors and 
automatically restructures the control algorithm to maintain 
stable system operation. The overall control structure 
integrating the FOC strategy with the FD block is displayed in 
Figure 2. 

 

 

Fig. 2.  FOC scheme, including an FD block for the IM drive. 

IV. FAULT DIAGNOSIS CONTROL FRAMEWORK 

A. Luenberger Observer for Current Estimation  

In the system, an LO estimates the stator current space 
vector components in the (α, β) reference frame, as given by (7-
10). Its accuracy relies on the input angular speed. Using the 
actual rotor speed from an encoder, the LO accurately reflects 
the IM's behavior: 
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To interface the estimated stator current components in the 
stationary frame with the three-phase domain required for the 
fault detection and control structure, an inverse Clarke 
transformation is applied to convert iα and iβ into phase currents 
ia and ib as described in: 
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B. Modified Page-Hinkley Test for Fault Detection 

To detect CSFs in real time, the MPHT is applied to the 
absolute residual signal, defined as the difference between the 
measured stator current and the corresponding estimated value 
obtained from the LO. This equation allows the detection of 
both positive and negative offsets, ensuring reliability against 
sensor faults due to drift or phase shift. The absolute residual is 
computed using: 

e ess tab m asr (t) i (t) i (t)      (12) 

where imeas(t) is the measured stator current from the sensor and 
iest(t) is the estimated current from LO. 

The PHT statistic S(t) is computed incrementally using: 

absS(t) S(t 1) r (t) / 2          (13) 

where   is a user-defined tolerance for the expected average 
absolute residual under nominal conditions. 

The minimum of S(t) is tracked using: 

S Sm (t) min m (t 1),S(t)       (14) 

The PHT decision statistic is given by: 

SPH(t) S(t) m (t)      (15) 

A binary fault flag, defined in (16), is latched if the decision 
statistic exceeds a predefined threshold: 

1, if PH(t)F(t) 0, otherwise
      (16) 

where   is the threshold for fault declaration. 

Two parameters control the detection sensitivity: the 
expected absolute residual under normal operation, 0.08  , 
and the detection threshold, 0.4  . An external binary reset 
signal is used to reset the MPHT memory, including 

   SS t ,  m t  and the fault latch flag. This allows the system to 

clear the fault state after fault handling or acknowledgment. 

Figure 3 depicts a block diagram of the MPHT algorithm 
for diagnosing CSFs. The diagram illustrates the process of 
calculating the absolute residual value, incrementally updating 
the decision statistics, and triggering the faulty flag (Fa, Fb) 
when the thresholds are exceeded. The faulty current signal is 
then replaced by an observer-based estimate, thereby ensuring 
the reliable operation of the IM drive under sensor fault 
conditions. 

 

 

Fig. 3.  Flowchart of the MPHT algorithm for current sensor fault FD. 

Unlike conventional PHT techniques that rely on signed 
residuals, the proposed MPHT method uses absolute residuals 
as the error detection input. This improvement significantly 
increases the sensitivity to both positive and negative 
deviations, allowing for fast and reliable error detection. In 
addition, MPHT continuously evaluates the cumulative average 
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deviation of the observed residual signal, allowing the 
algorithm to react to long-lasting deviations in just a few 
sampling cycles (< 1 ms) without the need for fixed counters or 
manual threshold adjustments. The statistical formulation of the 
algorithm also provides strong anti-interference ability and 
ensures stable and reliable operation under real-time 
conditions. 

The FD module performs three main functions: (i) 
evaluating the operating status of the current sensor by PH 
index, (ii) triggering the corresponding fault current sensor 
flags (Fa, Fb) when anomalies are detected, and (iii) 
reconfiguring the proper current signal to the FOC controller, 
as shown in Figure 4. 

 

 

Fig. 4.  The current sensor evaluation diagram. 

In the proposed FTC architecture, the symbols aî  and bî  

represent the reconstructed phase currents fed to the FOC 
algorithm when a sensor fault is detected. These reconstructed 
values are obtained from the estimated stator current 

components î  and î , generated by LO in the stationary 

reference frame. Under normal operating conditions, aî  and bî  

are equal to the measured phase currents from the sensors. 

Under fault conditions, the observer-based estimates î  and î  

are transformed through the inverse Clarke transform to 
provide accurate and reliable current signals to the FOC 
controller, ensuring continuous and stable motor operation. 

V. SIMULATION RESULTS 

To evaluate the effectiveness and reliability of the proposed 
FD method, a series of simulations were performed on an IM 
drive system operating under a FOC structure in the 
MATLAB/Simulink environment. These simulations included 
both soft current sensor and hard current sensor fault scenarios 
under no-load conditions. In addition, to investigate the sensor 
behavior under loaded conditions, two additional fault 
scenarios were simulated corresponding to scale and drift fault. 
These scenarios simulate real-world conditions when the IM 
operates under load condition, where sensor saturation and 
thermal drift are more likely to occur. In the test, the motor was 
driven at a reference speed from standstill to 750 rpm during 
the first 2.5 s of operation. All motor parameters used in the 
study are summarized in Table II. 

 

 

TABLE II.  PARAMETERS OF THE IM 

Name Unit Rating value 

Rated power W 3360 
Rated torque Nm 14.8 

Rated frequency Hz 50 
Nominal speed rpm 1420 

Pole pair number - 2 
Stator/rotor resistance  3.179/2.118 
Stator/rotor inductance H 0.209/0.209 
Magnetizing inductance H 0.192 

 

A. Fault Detection Performance for Soft Faults under No-
Load Condition 

Soft faults were simulated to evaluate the robustness of the 
proposed FD and FTC framework. Four types of soft faults, 
drift, scale, bias, and precision degradation, were simulated 
corresponding to the A-phase current measurements at 1.25 s. 
In all cases, the MPHT, applied to the absolute residual signal, 
effectively detected the anomalies with minimal delay, and the 
measured current was seamlessly replaced by the estimated 
current from the LO, maintaining the continuity of the control 
process, as shown in Figures 5-9. The fault flag for phase A 
was triggered in every case, indicating the test's sensitivity to 
different fault characteristics (Figure 9(a)). The rotor speed 
remained smooth and closely followed the reference value in 
all cases, demonstrating that the FTC mechanism preserved the 
system's stability and performance (Figure 9(b)). 

 

 

Fig. 5.  Fault detection under drift fault in phase A: (a) measured phase 
currents and (b) comparison between faulty ia and estimated current. 

 

 

Fig. 6.  Fault detection under scale fault in phase B: (a) measured phase 
currents and (b) comparison between faulty ib and estimated current. 

 



Engineering, Technology & Applied Science Research Vol. 16, No. 1, 2026, 31254-31262 31259  
 

www.etasr.com Tran et al.: Application of the Modified Page-Hinkley Test to Diagnose Current Sensor Faults in … 

 

 

Fig. 7.  Fault detection under bias fault in phase A: (a) measured phase 
currents and (b) comparison between faulty ia and estimated current. 

 

 

Fig. 8.  Fault detection under precision degradation in phase A: (a) 
measured phase currents and (b) comparison between faulty ia and estimated 
current. 

 

 

Fig. 9.  System behavior under soft sensor faults: (a) fault detection flag 
for phases A and B and (b) rotor speed and reference. 

B. Fault Detection Performance for Hard Faults under No-
Load Condition 

Three typical hard fault scenarios were simulated to 
validate the robustness of the proposed FD framework: a 
constant 3 A fault and a constant 3 A fault with noise. Each 
fault was simulated, corresponding to the B-phase current 
measurement at t = 1.25 s. The MPHT, applied to the absolute 
residual signal, effectively detected all fault conditions with 
minimal delay. Once detected, the FD mechanism triggered the 
LO to replace the corrupted current signal, ensuring continuity 
and stability during the control process. The results are 
depicted in Figures 10-13. Despite the sudden and severe 
nature of these faults, the fault flag for the B-phase was always 
triggered by the observer structure (Figure 13(a)), 
demonstrating accurate and continuous anomaly detection. 
Additionally, the rotor speed remains stable and closely follows 
the reference trajectory in all scenarios, confirming the 

effectiveness and resilience of the FTC strategy under hard 
fault conditions (Figure 13(b)). 

 

 

Fig. 10.  Fault detection under constant-zero fault in phase A: (a) measured 
phase currents and (b) comparison between faulty ib = 0 and estimated current. 

 

 

Fig. 11.  Fault detection under constant-3A fault in phase B: (a) measured 
phase currents and (b) comparison between faulty ib = 3A and estimated 
current. 

 

 

Fig. 12.  Fault detection under constant-3A fault with noise in phase B: (a) 
measured phase currents and (b) comparison between noisy faulty ib and 
estimated current. 

 

 

Fig. 13.  System behavior under hard sensor faults: (a) fault detection flag 
for phases A and B and (b) rotor speed and reference. 
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C. Fault Detection Performance under 5 Nm Load Condition 

To further validate the method under actual operating 
conditions, additional simulations were performed with the 
motor loaded at 5 Nm. Two typical soft faults, bias and drift, in 
the A-phase current sensor were examined. As illustrated in 
Figures 14-16, the FD mechanism maintained fast and accurate 
detection even under load, with the observer promptly 
compensating the error signals. Despite the load and gradual 
fault growth in the drift case, the proposed MPHT based 
detector maintained stable current regulation and accurate 
speed tracking, confirming the robustness of the method under 
real-world conditions. 

 

 

Fig. 14.  Fault detection and current response under a phase-A bias fault at 5 
Nm load: (a) measured phase currents and (b) comparison between faulty ia 
and estimated current. 

 

 

Fig. 15.  Fault detection and current response under a phase-A drift fault at 
5 Nm load: (a) measured phase currents, (b) comparison between faulty ia and 
estimated current. 

 

 

Fig. 16.  System behavior under sensor faults with load at 5 Nm: (a) fault 
detection flag for phase A and (b) rotor speed and reference. 

The simulation results in both soft and hard fault cases have 
confirmed the robustness, fast response, and reliability of the 
proposed fault detection method. Under all operating 
conditions, the MPHT-based detection algorithm accurately 

identifies sensor faults with minimal delay and quickly triggers 
the replacement of the fault measurement signal with the 
estimated value from the LO. 

D. Quantitative Evaluation of Fault Detection Performance 

To quantitatively evaluate the performance of the MPHT, 
the t∆ , the ITSE, and the ITAE were compared, as defined in 
[16]: 

n t 2
2

t 0
i 1

1
ITSE t.e (t)dt

n






     (17) 

n t 2

t 0
i 1

1
ITAE t. | e(t) | dt

n






     (18) 

where e(t) denotes the error between the measured and 
observer estimated current signals. 

As outlined in Table III, the proposed MPHT algorithm 
demonstrates superior detection performance compared to the 
conventional ITAE and ITSE metrics described by (17) and 
(18). Specifically, the MPHT achieves fault detection within 
0.1–0.6 ms, which is significantly faster than the traditional 
methods that require tens to hundreds of ms. This improvement 
is consistently demonstrated for both soft errors (drift, scale, 
skew, and precision degradation) and hard errors (constant and 
constant with noise) under both no-load and 5 Nm load 
conditions. 

The significantly reduced Dt confirms the high sensitivity 
and fast response of MPHT when applied to the absolute 
residual signal generated by the LO. Furthermore, the smooth 
rotor speed and stable current profile observed in Figures 9, 13, 
and 16 verify that the FTC system remains robust and 
maintains accurate regulation even under severe fault 
conditions. 

TABLE III.  COMPARISON OF FAULT DETECTION TIMES 
UNDER DIFFERENT OPERATING CONDITIONS 

Operating 

condition 
Fault type 

t∆ (ms) 

ITAE 
[16] 

ITSE 

[16] 
MPHT 

(proposed) 

Soft Faults under 
no-load 

Drift 196.2 247.6 0.6 
Scale 211.3 112.5 0.1 
Bias 124.7 50 0.2 

Precision 
Degradation 

111.9 70 0.1 

Hard Faults 
under no-load 

Constant-zero  55.5 53 0.4 
Constant-3A  53.6 52 0.1 

Constant-3A with 
noise  

53.4 51.7 0.1 

Faults under 
load 

Bias 106.5 50 0.2 
Drift 158.3 93.3 0.4 

 

VI. CONCLUSIONS 

This study proposed a comprehensive Fault-Tolerant 
Control (FTC) and diagnosis framework for induction motor 
drives, which combines the Luenberger Observer (LO) and the 
Modified Page–Hinkley Test (MPHT) algorithm. The 
simulation results demonstrate that the MPHT-based fault 
detector has significantly faster and more accurate detection 
capabilities than traditional indicators. In all tested scenarios, 
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the high sensitivity and real time performance of the proposed 
method were demonstrated. In addition, the FTC mechanism 
still maintains stable current and rotor speed regulation without 
requiring controller recalibrating, even under severe fault 
conditions. The obtained results confirm that the proposed 
method is a compact, efficient, and reliable solution for current 
sensor fault detection in field oriented control systems. Future 
research will focus on experimental validation and extending 
this framework to handle multi-sensor and parameter faults, 
thereby enhancing its reliability and applicability in real 
industrial settings. 
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