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Abstract

Asynchronous motor drives are extensively used in industrial applications due to their robustness, efficiency, and relatively low
cost. However, their performance can be significantly degraded by sensor failures, parameter variations, or power supply
disturbances, which compromise reliability and voltage stability. The objective of this research is to propose a fault-tolerant
control strategy that enhances the reliability and stability of asynchronous motor drives under degraded operating conditions. To
achieve this, a fuzzy logic controller is designed. The controller adaptively adjusts control actions by integrating heuristic rules
and membership functions capable of representing system uncertainties, thereby ensuring dynamic adaptability to unexpected
disturbances. The methodology consists of designing the fuzzy controller and evaluating its performance through
MATLAB/Simulink simulations. Comparative analyses are conducted against classical vector control and PID schemes. The
evaluation criteria include voltage stability, dynamic response, and harmonic distortion under scenarios such as sensor faults and
load disturbances. Simulation results demonstrate that the proposed fuzzy-based approach maintains voltage stability and ensures
satisfactory dynamic performance even in the presence of sensor faults and load variations. Furthermore, comparative analysis
highlights superior tolerance to defects and a reduction of harmonic distortion compared with conventional control strategies. In
conclusion, fuzzy logic control emerges as a practical and effective solution for industrial applications requiring high reliability.
The proposed method improves fault tolerance and system robustness. Future work will focus on experimental validation and
integration with hybrid artificial intelligence techniques, paving the way for deployment in critical industrial environments.
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1. Introduction

Asynchronous motors are widely used in industrial pro- strongly depend on the reliability of speed and current sensors,
cesses thanks to their robustness and low cost [1]. Combined = which are often exposed to severe constraints leading to drifts
with advanced strategies such as vector control, they offer or signal losses. These faults can cause control instability and
high dynamic performance [2]. However, these performances costly shutdowns [3].
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To address these issues, fault-tolerant control (FTC) has
emerged as a strategic focus [4]. It combines detection, isola-
tion and reconfiguration, favoring analytical redundancy,
which is more economical than hardware redundancy[5]..
Several studies have shown the interest of FTC strategies ded-
icated to speed and current sensors , notably via the generation
of residues [6]. However, decision-making remains delicate in
the face of uncertainties and noise, and fixed thresholds lack
robustness [7].

Artificial intelligence approaches have been explored to
strengthen the FTC [8]. While deep learning offers good per-
formance, it suffers from a lack of interpretability and massive
data needs [9]. Conversely, fuzzy logic remains an appropriate
solution, capable of handling imprecision while remaining in-
terpretable [10].

In this work, we propose a FTC strategy based on fuzzy
logic for asynchronous motor drives. It is based on the exploi-
tation of residues from observers, used as inputs to a fuzzy
inference system of the Mamdani type. The control is then re-
configured to replace failed measurements with estimates, en-
suring service continuity and system stability. The main con-
tributions are:

1) A residue-based diagnostic framework;

2) A fuzzy decision system robust to noise and variations;

3) An automatic reconfiguration strategy without hardware

redundancy.

2. Mathematical Modeling of the
Induction Motor Drive and Sensor
Fault Description

This section presents the mathematical model of the induc-
tion motor drive used for the development of the proposed
fault-tolerant control strategy. The objective is not only to de-
scribe the electromechanical behavior of the machine but also
to establish a rigorous analytical framework suitable for state
estimation, residual generation, fault diagnosis and control re-
configuration. The obtained model constitutes the theoretical
foundation for the observer design and the fuzzy fault diagno-
sis algorithm developed in the following sections.

2.1. Dynamic Model of the Induction Motor in
the Synchronous Reference Frame

The three-phase stator variables are transformed into the
synchronously rotating dq-reference frame using the Park
transformation. Let

(1

Xq (1)
xc(t)]

Xape(t) = [xb ®)

denote a generic three-phase variable vector.
The Park transformation is defined as
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Xdaq (t) = P(gs)xabc (t) (2)
where the synchronous electrical angle is given by
t
05(t) = [, w5 (D)dr 3)
and the transformation matrix is
,| cosbs  cos (95 - %ﬂ) cos (65 + %ﬂ)
P(6,) == “

| —sinf; —sin (95 - 2?”) —sin (65 + %ﬂ)

The transformation preserves the instantaneous power ac-
cording to

)

Pabe = Paq

The derivative of a transformed variable introduces an ad-
ditional rotational term.

(6)

a a
Exdq = P(0,) Exabc + ws]xdq

where
_ 0 -1
J= [1 0 ]
is the 90° rotation matrix.

In the synchronous reference frame, the stator voltage equa-
tions become

(7

APsq

Vsq = Rglsq +— = — Wsigq (3
Vg = Rylsqg + 2L+ wiahq ©
while the rotor voltage equations are expressed as

0 = Ryl + 22 — (W — w, thrq (10)

0 = Ryiyg + 22+ (w5 — 0y (11)

The flux-current relationships are given by

Ysa = Lsisqg + Linira (12)

Ysq = Lslsq + Liniyg (13)

Yra = Lyirg + Linisa (14)

Yrq = Lyiyg + Lipisg (15)

where Ls, Lr and Lm denote respectively the stator, rotor and
mutual inductances.
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The leakage coefficient is defined as

2
Lm

LgLy

c=1

(16)

and the rotor time constant is

_ Lr

T =
r Ry

(17)

After elimination of the rotor currents, the rotor flux dy-
namics are obtained as

2.2. Electromechanical Dynamics

The mechanical dynamics of the drive are governed by

d
Jm =t =Ty =Ty, — fop, 21)
where Jm is the total inertia, f'is the viscous friction coefficient
and TL denotes the load torque.

The electrical and mechanical angular velocities are related
by

a . . Wy = PWm (22)
d:d = _;lprd +fisd + wsllprq (18)
where p represents the number of pole pairs.
dprg _ 1 plmy 19 The electromagnetic torque is expressed as
dt - 7 lprq 7 lsq wsllprd ( )
3 . .
h T, = Ep("l}sd lsg — wsq lsd) (23)
where
and the mechanical output power is
Wg = W5 — Wy (20)
. . Pp = Tewp (24)
is the slip angular frequency.
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Figure 1. General structure of the induction motor drive with RFOC.

2.3. Rotor Flux Oriented Control

In rotor flux-oriented control, the rotating frame is aligned
with the rotor flux vector. Therefore,

=0

Yrq (25)

and

Yrg =Py (26)

Under this condition, the electromagnetic torque simplifies
to

3 Lm , .
=-b L_l/)rlsq
T

T, 2

@7

67

which clearly demonstrates the decoupling between flux and
torque control.
The rotor flux amplitude is controlled through

Yr = Lipisa (28)
while the slip angular frequency is given by
RyL is
Wy = L w_z (29)
The synchronous speed can then be computed as
Ws = Wy + wg (30)

and the orientation angle is updated according to
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0, = fot ws (T)dt (31) These equations constitute the core of the vector control al-
gorithm and highlight the sensitivity of the control system to
speed and current measurement faults.

A q
Vg
isq ¢ —————-—— == . 3 Lo .
6y = O T, = 2 p T Y igq
r
I
: (Z)S v, = Lm lsd
I
I .
b, ; / . Rl lsq
| . sl *
3 = "1 Lr lbr
/0 tsd lI’r = ll"nl
s - (alligned W, = W, + Wy
(Wrg =0) it ¥, ? ! -
c_l')l' - I) (’T)IN
Rotor flux vector s, — Synchronous speed vector @
——— Stator voltage vector V; Rotor electrical speed vector @,
——— Stator current vector i

Figure 2. Rotor-flux-oriented vector diagram showing yr, isd, isq and ws.

2.4. State-Space Representation for Fault
Diagnosis
For observer synthesis and residual generation, the system

is represented in nonlinear state-space form.
The state vector is defined as

x=[lsa Isq Yra Yrq Om]" (32)
The control input vector is
u=[Vsa Vsq]T (33)
The system dynamics can be written as
x = f(x,u,0)+ Gyd (34)
and the measured outputs are
y = h(x) (35)

where d denotes external disturbances and parameter uncer-
tainties.

2.5. Sensor Fault Modeling

The general faulty measurement model is expressed as

68

ye() =T (@®)y(t) + b(t) +v(t) (36)

where I'(t) represents multiplicative faults, b(t) additive faults
and v(t) measurement noise.

2.5.1. Speed Sensor Faults

The speed measurement is modeled by

Yoo (£) = Voo ()i (£) + by (£) + v, (£) €0

This formulation describes abrupt bias faults, progressive
drifts, partial signal losses and complete sensor failures.

The resulting synchronization error affects the electrical an-
gle estimation.

0,(t) = [, 0, (Mdr (38)

leading to an incorrect orientation of the rotating reference
frame.

2.5.2. Current Sensor Faults

The current measurement model is expressed as
yi®) = (I +4g(®)is(®) +4b@®) +vi () (39

where Ag(t) and Ab(t) denote gain and bias faults, respectively.
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The faulty measurements directly affect flux estimation,
torque computation and observer performance.

Finally, the fault distribution model can be written in com-
pact form as

Speed sensor faults (w,, measurement)

(a) Bias fault (constant offset) = True speed
200 4 = = = Measured speed
Wp W Eememm—m—m—m e ——————
(rad/s) 01
-200 T T T T >
0 1 2 3 4 51(s)
200 (b) Drift fault (slowly varying bias)
Bia, oo L omonn e AR Gl B e PR
(rad/s) 01
-200 T T T T >
0 1 2 3 4 51(s)
200 - (c) Partial signal loss (dropout)
"— p—— J—
,
- | | I I |
(rad/s) 0 T T T T T
| | I I |
=200 -t — -~ + e e
0 1 2 3 4 51(s)

yr(®) = h(x (1)) + Spf: () + v() (40)

where Sf is the fault signature matrix and fs(t) represents the
fault vector.

Current sensor faults (i; measurement)

(a) Gain error (multiplicative)

= True current
= = = Measured current

N\
/

is (A)

is (A)

-10 T T T T —
0 1 2 3 4 5 1(s)
(c) Drift fault (slowly varying bias)
10 - - o -
= o v - S50 W St N
- 0 -
-10 T T T T —>
0 1 2 3 4 5 t(s)

Figure 3. Typical sensor fault signatures: speed bias, speed drift, sensor loss and current gain error.

2.6. Residual Generation Framework

The observer provides an estimation of the measured out-
puts

() = h(2(®) (1)
The residual signal is defined as
r(®) =y () —9(@®) (42)

To improve fault detection robustness, the residual evalua-
tion index is computed as

J-(© = JrT(©OWr®) (43)
where W is a positive definite weighting matrix.
In addition, a residual energy criterion is introduced:
E.(t) = [ T @Wr()de (44)

These indicators are used as inputs of the fuzzy inference
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system developed in the next section for fault detection, isola-
tion and decision-making.

3. Observer-Based Fault Estimation and
Structured Residual Generation

The proposed fault-tolerant control strategy relies on ana-
lytical redundancy generated through state observation. The
observer is designed not only to estimate the unmeasured var-
iables of the induction motor drive but also to generate fault-
sensitive residuals suitable for diagnosis and control reconfig-
uration. Compared with hardware redundancy approaches, ob-
server-based techniques significantly reduce implementation
costs while maintaining a high level of reliability and fault de-
tection capability.

3.1. Observer-Based Analytical Redundancy
Principle

Starting from the nonlinear state-space representation es-
tablished in Section II, the observer reconstructs the system
outputs using the available measurements and the machine
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model.
The observer dynamics are expressed as

while the state estimation error becomes

ey =x—X (48)
X=fEuw0)+Lly—9p (45)
Under bounded disturbances and parameter uncertainties,
where L denotes the observer gain matrix. the observer gains are selected to ensure asymptotic conver-
The estimated output vector is defined as gence:
9 =h(x) (46) lime,(t) =0 (49)
The output estimation error is therefore given by This convergence property guarantees that the estimated
variables accurately reproduce the actual system behavior
€&y =Y~y (47) during normal operating conditions.
Measurements Residuals Residual evaluation
KNmp—— ; Residual norm
Wy Tw = Wn = Wy F di is
+ m 3O =T oW uzzy diagnosis
i > > " : LA ot (Mamdani)
lsq VU > Tq =lisq —lsq » Fault decision
; Input: Jy, E, solati
L -4 Tq =lsq = isq Residual energy b & isolation
Induction | = t Output: Fault
Motor Drive : : F.sAumaI‘ed uu!puls EBi(t)= f ! (t)Ws(r)dt decision
A : | @m, Isdy isq e
| |
I ! L
: : Control inputs Observer i
: : Ug (Nonlinear / STO-SMC) Reconfiguration / control action _:
______ o - ———— - 2 2 2 ‘—————________.________-__--_-___-_—_-----------
x=fxud)+Lly-9)
¥=h(@)

Figure 4. Observer-based fault diagnosis architecture showing analytical redundancy, residual generation and fuzzy decision-making.

3.2. Structured Residual Generation

The estimated outputs provided by the observer are com-

pared with the measured quantities to generate residual signals.

Unlike conventional approaches based on a single residual,
the proposed strategy employs a structured residual vector ca-
pable of distinguishing between speed and current sensor
faults.

The residual vector is defined as

7 (1)
T(t) = Td(t) (50)
7y (0)
where
T () = Yy (t) = O (£) (51
represents the speed residual,
1a(t) = isa(6) — L5q(8) (52)

is the direct-axis current residual, and
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Tq ) = isq ® - isq ®) (53)
corresponds to the quadrature-axis current residual.
Under healthy operating conditions, the measured and esti-
mated variables remain consistent, yielding
r(t) =0 (54)
whereas the occurrence of sensor faults produces significant
residual deviations
r(t) #0 (55)
which constitute reliable indicators of abnormal operating
conditions. The use of multiple residual channels improves

fault isolation capability by providing a specific signature for
each fault type.

3.3. Residual Evaluation and Fault Indicators

Residual signals are inherently affected by measurement
noise, transient operating conditions and model uncertainties.
Consequently, direct threshold comparison may lead to false
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alarms. E.®) = [ T @Wr(Ddr (57)
To enhance robustness, a weighted residual norm is intro-
duced:

where T denotes a moving observation window. The residual
norm J, is particularly sensitive to abrupt faults, whereas the
J-(@©) = yrT(©OWr(t) (56)  residual energy E, efficiently captures progressive drifts and
persistent sensor degradations. This dual-indicator approach

where W' is a positive definite weighting matrix. The index  gjgnificantly improves the reliability of fault detection under
J provides an instantaneous evaluation of the fault severity. uncertain operating conditions.

To complement this information, a residual energy criterion
is defined as

Healthy Bias fault Drift fault Sensor loss
(0-25) (2-45s) (4-65) (>65s)
20 _>< >E<
2 i
=
2 0 | e o —
> '
[ = Speed residual r,, (rad/s) ]
=20 :
5 - i
§ [ = d-axis current residual r; (A) l
E 0 gl
= il
E :
-5 ;
5 -
= g-axis current residual rq (A)
< N
= 0 i
& |
-5 . - . . . . . . :
0 1 2 3 4 5 6 T 8 9 10

Time (s)

Figure 5. Typical residual responses under abrupt bias, progressive drift, sensor loss and current gain faults.

. . 1 00
3.4. Fault Signature Analysis 5 = [ 0 1 Ol (59)
0 0 1

To establish a direct relationship between residuals and sen-

sor faults, the residual vector can be represented as i ) .
This representation establishes a one-to-one correspond-

r(t) = S;£,(8) + Tyd(t) (58) ence betwe'en res'idual channels and fault sources.
An efficient diagnostic system must satisfy

where f.(t) denotes the fault vector, Sf the fault signature

© f® ) / : Iyl > 1T (60)
matrix and d(t) external disturbances.

For the considered sensor faults, the fault signature matrix

which ensures high fault detectability while minimizing the
can be expressed as

influence of disturbances and modeling errors. The structured
residual formulation therefore provides a robust basis for fault
classification and isolation.
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(a) Healthy operation (no fault)

(b) Speed bias fault (abrupt bias)
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Figure 6. Residual evaluation space (], E,) showing the separation between healthy operation, sensor drift, bias faults and severe sensor

failures.

3.5. Discussion and Transition Toward Fuzzy
Diagnosis

The observer-based residual generation framework developed
in this section transforms raw measurements into fault-sensitive
indicators suitable for intelligent diagnosis. The residual norm J,
provides instantaneous fault information, while the residual en-
ergy E, characterizes fault persistence and severity.

By combining analytical redundancy with structured resid-
ual evaluation, the proposed approach achieves improved ro-
bustness against noise, parameter uncertainties and transient
operating conditions. However, fixed-threshold decision
mechanisms remain insufficient for handling the nonlinear
and uncertain nature of induction motor drives.

To overcome these limitations, the next section introduces
a fuzzy inference system based on Mamdani reasoning. The
indicators J,. and E, are used as linguistic inputs for fault de-
tection, isolation and decision-making, thereby enabling an
adaptive and reliable fault-tolerant control strategy.

4. Fuzzy Residual Interpretation for
FTC Decision Making

The structured residual generation framework developed in
Section III provides two complementary fault indicators,
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namely the residual norm (J_r) and the residual energy (E r).
These indicators contain valuable information regarding fault
occurrence, persistence and severity. To exploit this infor-
mation for fault-tolerant control purposes, a Mamdani fuzzy
inference system is employed to transform the residual indi-
cators into a continuous fault severity index.

4.1. Residual-Based Decision Mechanism

The proposed fuzzy decision mechanism evaluates the re-
sidual indicators and generates a normalized fault severity in-
dex according to

D f=F(J rE r) (61)
where (D_f) represents the health condition of the induction
motor drive.

The generated index provides a continuous assessment of

fault severity and constitutes the supervisory variable used for
FTC activation.

4.2. Residual-Based Decision Matrix

The fuzzy rule base is constructed from the physical behav-
iour of the induction motor under sensor fault conditions. The
resulting decision matrix is summarized in Table 1.


http://www.sciencepg.com/journal/epes

American Journal of Electrical Power and Energy Systems http://www.sciencepg.com/journal/epes

Residual signals Residual evaluation Residual interpretation Fault severity index FTC decision
Resldiial siorn Control reconfiguration
= / mitigation action
Mamdani Fuzzy
Jo(t) = /7T () W,r(t) Inference System Healthy
......................... (No fault)
Structured
Residual Vector Residual energy Inputs: Incipient fault
e > > >
X ) J.(t), E.(t) 0<D, <1 (Bias fault)
r(t) = [rw Ta "q] E.(t) = ./_7- rT(r) W,.r(r)dr Madicate Bl
Output: (Drift fault)
D § F (J r» Er)
Severe fault
Feature vector (Sensor loss)
fO=[10 E© Lo Eo] :
Ty, : High threshold (severe fault) Critical fault
(Norm, Energy, Rates of change) T,, : Medium threshold (moderate fault) (Safe mode / fallback)
Figure 7. Residual interpretation mechanism for FTC decision making.
Table 1. Residual-Based Decision Matrix for FTC Activation.
Jr\E r VL L M H VH
VL Healthy Healthy Incipient Incipient Moderate
L Healthy Incipient Incipient Moderate Moderate
M Incipient Incipient Moderate Moderate Severe
H Moderate Moderate Severe Severe Critical
VH Moderate Severe Severe Critical Critical

Low residual values correspond to healthy operation, whereas simultaneous increases of (J_r) and (E_r) indicate severe degradation requiring
FTC activation.

4.3. FTC Decision Surface

%R ol
& 3 %
s‘:‘g"' '. %S SRR .
‘:‘\‘ 255 %
0.8
g
= 0.7
o
<
g_ 0.6
<
=3 -
Fb: 0.5aQ
o
— 0.4
-
c
= 0.3
0.2
0.1

0.0 0.0

Figure 8. FTC decision surface generated from the residual indicators (J 1E r).
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Figure 8 illustrates the FTC decision surface generated from
the residual indicators. The surface provides a continuous
transition between healthy, degraded and critical operating
conditions, thereby avoiding abrupt switching phenomena and
improving decision robustness.

4.4. Fault Severity Index

0<D f<1 (62)

Healthy Bias fault Drift fault Severe fault Sensor loss
(0-25s) (2-4) (4-65s) (6-8s) (8-10s)
(a) Residual norm J,.(¢)
1.0 T - . -
< 051 % : !
i i i
! i
Y p—— ; i ;
0 2 4 6 8 10
(b) Residual energy E,(1)
0.75 1 ' {
o 0.50 4 E E :
0.00 L —— i ; -
0 2 4 6 8 10
(c) Fault severity index Dy(z)
1.00 T T -
0.75 1 | | W
S 0.50 g
0.25 - i
0.00 ; j .
0 2 4 6 8 10

Time (s)

Figure 9. Evolution of the fault severity index under different sensor fault conditions.

The fault severity index is used as a supervisory signal for
FTC activation. Values close to zero indicate healthy operation,
whereas values approaching unity correspond to severe fault
conditions.

4.5. Contribution to FTC Reconfiguration

The originality of the proposed diagnosis framework does
not reside in the use of fuzzy logic itself, but in the integration
of observer-based structured residuals with a continuous FTC-
oriented decision mechanism. Instead of producing binary
fault alarms, the proposed approach generates a fault severity
index reflecting both fault magnitude and fault persistence.
This information is directly exploited by the reconfiguration
mechanism developed in the next section.

The resulting architecture establishes a direct link between
residual generation, fault interpretation and control adaptation,
thereby ensuring smooth and reliable fault-tolerant operation
of the induction motor drive under sensor fault conditions.
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5. Adaptive FTC Reconfiguration and
Performance Validation

The fault severity index generated by the fuzzy diagnosis
system is used to supervise the transition between measured
variables and observer-based estimations. This adaptive re-
configuration ensures control continuity and preserves vector
control performance under sensor fault conditions. The pro-
posed FTC architecture combines analytical redundancy,
fuzzy decision making and observer-based estimation within
a unified framework capable of maintaining stable operation
without hardware redundancy.

5.1. Adaptive FTC Reconfiguration Principle

The reconfiguration mechanism progressively replaces cor-
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rupted measurements with observer-estimated variables ac- switching and guarantees smooth operation during fault con-
cording to the fault severity level. This strategy avoids abrupt ditions.

e [r— 7 ~ r , A —————

Observer Residual Residual Fuzzy Diagnosis FTC 5.upems' 'or
(STO /SMC) | Fstimated Generator Evaluation (Mamdani FIS) | Fault severity | (Decision Logic)

Measurements states Residuals Indicators index Determine fault type

= Compute residuals P! Evaluate indicators [ Fuzzification | = = = == P and severity level
iabes ‘bm r(t) Jr. E, Inference Df(l) o Tncigient

B 7 Defuzzification * Moderate
X,y Vdgs - T Ty T J.(t), E.(t) :

Dy(t) € [0,1] + Critical
N ——— A — v, . J \ ) * Sensor loss

A4

Tabes Vabes @, S
abe: “abes Cm State estimation

| Decision
v

AR
Adaptive Control
Reconfiguration

VSI Select control strategy

3 Control and reconfigure
sl signals Speed / torque control | €= ===+~ parameters
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Sabe Yabe Controller switching

.
Control ¢ Order reduction

IRFO Controller

Gate

e ——————

A
A

P s

.
(PWM) Ug, Ug parameters
Orrc

Signal reconstruction
Robust tuning

Motor measurements feedback

(iabc: Vabes W)

Figure 10. Adaptive FTC architecture integrating observer-based estimation, fuzzy diagnosis and control reconfiguration.

5.2. Performance Evaluation under Sensor Fault Conditions

The proposed FTC strategy is evaluated under three representative fault scenarios: speed sensor bias, progressive speed
drift and complete speed sensor loss. These faults directly affect rotor flux orientation and therefore represent critical op erat-
ing conditions for RFOC-based induction motor drives.

Healthy Bias Fault Drift Sensor Loss
106 : i |
- | MWW
(rad/s) I : :
94 } 4 i
0 2 (a) Rotor Speed a(f) 6 10
. ! ! :
! +4rad/s | Drift & Oscillations
Error ! i
(radfsili : i i Fluctuations
0 2 (b) Speed Error e(t) 6 10
1.00 : : :
Speed | Adjusted to 100 rad/s | B -+
(rad/s) i i i
94 f t :
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Figure 11. Rotor speed response under speed sensor bias.
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The proposed FTC strategy significantly reduces speed deviation and improves recovery performance compared with conven-
tional RFOC.
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(100
Speed \
(rad/s) 60 \
0
0 2 Speed Drops to 0 10
100 (b) Speed Error e(t)
Error
(rad/s) 20 'I
0
0 2 Error Jumps to 100 rad/s 10
100 (c) Corrected Speed o(t)
Speed. og
(rad/s) . Maintained at 100 rad/s
0 2 10
Time (s)

Figure 12. Rotor speed response under progressive speed drift.

The combined use of residual norm and residual energy enables early fault detection and limits the accumulation of orientation
errors.
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Figure 13. Rotor speed response under complete speed sensor loss.

Observer-based reconfiguration preserves closed-loop stability and ensures continuous operation despite the loss of sensor
information.

5.3. Electromagnetic Torque Analysis

The electromagnetic torque response constitutes a direct indicator of control quality under faulty operating conditions.
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Figure 14. Electromagnetic torque response with and without FTC reconfiguration.

The proposed FTC strategy significantly reduces torque oscillations and preserves the decoupling properties of rotor-flux-

oriented control.

5.4. Comparative Performance Assessment

Table 2. Comparative performance evaluation of conventional RFOC and proposed FTC strategy.

Performance Index

Maximum speed overshoot (%)

Worst-case settling time (s)

Worst-case steady-state speed error (%)
Electromagnetic torque ripple after fault (%)
Recovery time after complete sensor loss (s)

Stable operation after complete sensor loss

The obtained results confirm the superiority of the proposed
FTC scheme in terms of speed regulation accuracy, disturb-
ance rejection capability and fault recovery performance.

5.5. Discussion

The proposed framework establishes a direct link between
observer-based fault estimation, fuzzy decision making and
adaptive control reconfiguration. The simulation results
demonstrate improved robustness, reduced torque ripple and
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Conventional RFOC Proposed FTC
10.80 4.21
>6.00 2.00
30.11 0.00
25.00 2.19
Not recovered 0.00
No Yes

preserved speed regulation under severe sensor fault condi-
tions. These characteristics make the proposed FTC strategy
suitable for high-reliability industrial drive applications.

6. Conclusion

This paper presented an adaptive fault-tolerant control strat-
egy for induction motor drives operating under sensor fault
conditions. The proposed framework combines observer-
based residual generation, fuzzy fault severity assessment and
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adaptive control reconfiguration within a unified FTC archi-
tecture.

The generated fault severity index enables a progressive
transition between measured and observer-estimated variables,
thereby avoiding abrupt switching and preserving control con-
tinuity. This mechanism ensures reliable operation even under
speed sensor bias, progressive drift and complete sensor loss
conditions.

Simulation results demonstrated the effectiveness of the
proposed approach in maintaining rotor speed regulation, re-
ducing electromagnetic torque oscillations and preserving
closed-loop stability under faulty operating conditions. Com-
pared with conventional RFOC, the proposed FTC scheme ex-
hibited improved robustness and fault accommodation capa-
bility.

Future work will focus on experimental validation and real-
time implementation of the proposed strategy under multiple
fault scenarios and parameter uncertainties.

Abbreviations

FTC Fault-Tolerant Control
RFOC Rotor Flux Oriented Control
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