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Abstract. High-power multiphase induction motors are attractive for safety-critical
and power-intensive applications because of their inherent advantages, including superior
fault tolerance, lower per-phase power requirements, and reduced torque pulsation.
Under open-phase faults, however, the loss of phase symmetry couples the fundamental
and harmonic subspaces, increasing torque ripple and current distortion. This paper
develops a hierarchical control framework for a high-power seven-phase induction motor
that combines online harmonic-reference optimization with enhanced nonlinear model
predictive control (ENMPC). The upper layer estimates the machine state and slowly
varying electrical parameters using an Extended Kalman Filter (EKF) and weighted
recursive least squares (WRLS), and determines reference components in the third-
and fifth-harmonic subspaces. The lower layer directly regulates the fundamental and
harmonic current components subject to voltage, current, and terminal-state constraints.
An explicit fault-constrained state-space representation is derived for one open phase and
two adjacent open phases, and a terminal-set Lyapunov argument is given for nominal re-
cursive feasibility and asymptotic closed-loop stability. MATLAB/Simulink simulations
of the 1-MW plant consider a healthy interval, a single-phase open fault at 4 s, and an
adjacent two-phase open fault at 8 s. For the reported cases, the compensated hierarchical
controller maintains 5.76 kN·m and 4.68 kN·m of effective torque under the single- and
two-phase fault conditions, respectively, while the corresponding torque-ripple factors
are 4.8% and 8.5%. These results support the proposed architecture as a fault-tolerant
control strategy while also defining the present study as simulation-based and motivating
hardware-in-the-loop and experimental validation.
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1 Introduction

Multiphase induction drives are established candidates for applications in which power split-
ting, continuity of operation, and low torque pulsation are important. Their additional electrical
degrees of freedom permit current redistribution and post-fault control without adding redun-
dant machine phases [1, 5, 12, 20], while recent reviews also emphasize the broader role of
multiphase motor-drive systems in high-power and electrified powertrains [6]. For the present
study, the plant is the 1-MW, four-pole seven-phase induction-motor design reported by Hei-
dari et al. [11]; that prior work addresses electromagnetic-thermal machine design, whereas
the contribution developed here concerns the faulted dynamic model and its hierarchical con-
trol. Open-phase faults, however, destroy phase symmetry and generate negative-sequence and
harmonic magnetomotive-force components, which can increase torque ripple, mechanical vi-
bration, thermal stress, and loss [18, 21]. Post-fault operation must therefore account explicitly
for both the torque-producing and secondary current subspaces.

A review of the literature reveals that control strategies for multiphase motors under fault
conditions have primarily evolved around two main axes: modification of transformation ma-
trices, and harmonic current injection.

1.1 Strategies Based on Transformation Modification and Vector Control

Transformation-based fault-tolerant control exploits vector-space decomposition to redistribute
the current references after a phase loss. Barrero and Duran [1, 5] summarize the modeling
basis and the use of additional subspaces in multiphase drives, while the more recent surveys
of Yepes et al. [20, 21] distinguish reconfiguration-based and natural fault-tolerant strategies
for open-circuit faults. In experimentally validated multiphase induction drives, field-oriented
control can be formulated so that acceptable post-fault operation is retained without a complete
controller reconstruction [10]. These approaches are effective for preserving average torque,
but suppressing the fault-induced coupling between harmonic planes remains a separate control
objective.

1.2 Strategies Based on Harmonic Injection

Harmonic-current injection addresses torque pulsation more directly by shaping current compo-
nents in the secondary subspaces. Liu et al. [13] showed that the coupling of spatial harmonic
fields is a principal source of post-fault ripple and optimized current-space-vector components
for one- and two-phase open faults in a five-phase induction motor. For seven-phase induction
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machines, Yang et al. [18] proposed a harmonic-injection fault-tolerant strategy that explic-
itly decouples harmonic planes and reduces torque ripple, while their subsequent SVPWM for-
mulation [19] reconstructs admissible voltage vectors under a single-phase open-circuit fault.
These studies establish that the secondary subspaces should be controlled deliberately rather
than treated as parasitic components.

A further development is online optimization of post-fault current references. Yepes et
al. [22] formulated a general online current-harmonic generation method that is applicable to
healthy and open-phase operation and minimizes stator copper loss over the torque range. This
line of work is directly relevant to the present upper-layer optimizer because it demonstrates that
harmonic references can be adapted online without relying on a fixed lookup table. The present
paper differs by coupling the harmonic-reference layer to a constrained nonlinear predictive
controller that tracks the fundamental, third-, and fifth-harmonic subspaces simultaneously.

1.3 Model Predictive Controllers (MPC) in Multiphase Systems

In multiphase motor drives, model predictive control has emerged as a leading control paradigm
because it can evaluate multivariable objectives and hard constraints within a single optimiza-
tion problem. González-Prieto et al. [8] introduced virtual-voltage-vector MPC for six-phase
induction-motor drives, and subsequently assessed its open-phase behavior and natural fault-
tolerant capability [9]. Related fault-tolerant predictive-current strategies have been demon-
strated in six-phase PMSM drives [7, 15] and in nine-phase drives [17]. These studies provide
the closest predictive-control benchmark family for the present work: they regulate converter
voltage vectors or current components under faults, whereas the proposed ENMPC uses an
explicit fault-coupled nonlinear state model and receives optimized third- and fifth-harmonic
references from a separate adaptive layer.

A competing recent direction is model-free predictive control. Chen et al. [3] reported
natural fault-tolerant model-free predictive flux control for a five-phase PMSM under arbitrary
open-circuit faults, thereby reducing dependence on a fixed parameterized plant model. This
trend is important because it trades explicit model structure for online disturbance estimation.
The present study follows the complementary model-based route: the fault-induced subspace
coupling is retained explicitly, so that state, input, harmonic-current, and terminal constraints
can be handled in a single nonlinear predictive formulation.

Table 1 shows that the closest alternatives solve different parts of the same post-fault prob-
lem: virtual-vector MPC emphasizes converter-vector selection, online harmonic methods em-
phasize current-reference generation, and model-free predictive control emphasizes parameter
insensitivity. The present contribution is positioned at their intersection by retaining an explicit
seven-phase fault model while updating harmonic references online and enforcing nonlinear



Co
rre
cte
d p

ro
of
s4 Hierarchical Predictive Fault-Tolerant Seven-Phase Drive

Table
1:

M
ethodologicalcom

parison
w
ith

representative
fault-tolerantpredictive

and
harm

onic-reference
approaches

Study
M
achine

/faultcondition
C
ontrolprinciple

and
verified

strength
Boundary

relative
to
the

presentw
ork

G
onzález-Prieto

et
al.

[8]
(2018)

Six-phase
IM

;
predictive

drive
control

Virtual-voltage-vector
M
PC;

suppresses
secondary-

subspace
currentsw

hile
retaining

flux/torque
control;

experim
ental

H
ealthy-operation

architecture;no
open-phasecasein

thispaperand
no

adaptive
harm

onic-reference
layer

G
onzález-Prieto

et
al.

[9]
(2020)

Six-phase
drive;

open-
phase

faults
N
atural

fault-tolerant
virtual-vector

M
PC

for
post-

faultoperation;experim
ental

Finite/virtual-vector
form

ulation;
no

EK
F/W

RLS
layerorsim

ultaneousthird-/fifth-harm
onic

reference
optim

ization

W
ang

etal.[17](2022)
N
ine-phase

m
otor;

open-
phase

faults
Enhanced

natural
fault-tolerant

M
PCC

corrects
virtual-vectorshifting;experim

ental
N
ine-phase

finite-control-set
structure;

no
term

inal-
setEN

M
PC

oronline
harm

onic-param
eterestim

ator

Yepesetal.[22](2023)
M
ultiphaseIM

;healthy
and

open-phase
operation

O
nline

harm
onic-currentgeneration

increases
torque

capability
w
hilem

inim
izing

statorcopperloss;exper-
im

entalsix-phase
IM

O
ptim

izescurrentreferencesbutdoesnotim
posenon-

linearpredictivestate,voltage,orterm
inalconstraints

Chen
etal.[3](2025)

Five-phase
PM

SM
;

arbi-
trary

open-circuitfaults
M
odel-freepredictiveflux

controlusing
an

ultra-local
m
odeland

disturbance
estim

ation;experim
ental

Five-phase
PM

SM
and

m
odel-free

form
ulation;

no
explicit

fault-coupled
seven-phase

induction-m
otor

m
odel

Presentstudy
Seven-phase

IM
;one

open
phase

and
tw
o

adjacent
open

phases

Tw
o-rate

EK
F/W

RLS
harm

onic-reference
optim

iza-
tion

plus
constrained

EN
M
PC;explicitfaultprojec-

tionsand
term

inal-setstability

Integrated
m
odel-based

harm
onic-reference

genera-
tion

and
nonlinearpredictive

tracking;num
ericalval-

idation
ofthe

specified
1-M

W
scenarios



Co
rre
cte
d p

ro
of
sHeydari et al. 5

predictive constraints. Cross-paper numerical rankings are intentionally avoided because the
machines, ratings, fault sets, sampling rates, and experimental platforms are not common across
these studies.

1.4 Research Gaps

The systematic review of recent literature (2022–2025) reveals several fundamental and practi-
cal research gaps hindering the achievement of optimal performance in high-power seven-phase
induction motors under open-phase fault conditions.

Gap 1 (Online harmonic optimization). Existing harmonic-injection and online current-
reference methods demonstrate substantial post-fault benefits [18, 13, 22], but they do not
jointly provide the present combination of online third- and fifth-harmonic reference adapta-
tion and constrained nonlinear predictive tracking for a seven-phase induction motor. The un-
resolved issue is therefore not the existence of harmonic injection itself, but the coordination of
the reference-optimization and predictive-control layers.

Gap 2 (Integrated MPC framework). Virtual-vector and finite-control-set predictive con-
trollers are well established for multiphase drives [8, 9, 7, 15, 17], including open-phase oper-
ation. The remaining gap addressed here is direct, simultaneous tracking of the fundamental,
third-harmonic, and fifth-harmonic current subspaces in a nonlinear MPC formulation whose
harmonic references are generated online.

Gap 3 (Fault-coupled modeling and stability). Open-phase faults impose algebraic phase-
current constraints that couple otherwise orthogonal subspaces. The present work therefore
requires an explicit fault-constrained state model rather than a qualitative statement that the
state matrices change. In addition, controller stability must follow standard nonlinear MPC
conditions based on a terminal cost and an invariant terminal set [4, 14], not the distributed-
computing notion of self-stabilization.

Gap 4 (Hierarchical control for high power). The surveyed literature treats harmonic-
reference optimization and predictive converter control largely as separate design problems.
The contribution pursued here is a two-rate hierarchical architecture in which a slower param-
eter/reference layer supplies harmonic commands while a faster ENMPC enforces current and
voltage constraints. For the 1-MW case, Section 3.5 characterizes the online burden through the
explicit 12–60-variable optimization dimension, the 2-kHz control deadline, and the separated
50-Hz adaptation rate, so real-time requirements are stated independently of any processor-
specific desktop timing.
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1.5 Main Contributions and Objectives

In response to the four gaps identified above, the main contributions of this paper are as follows.

Contribution 1. A fault-constrained state-space model is derived in the fundamental (α1-
β1), third-harmonic (α3-β3), and fifth-harmonic (α5-β5) subspaces for one open phase and
two adjacent open phases. The fault matrices are given explicitly through the phase-current
projection operators, rather than being left as undefined symbols.

Contribution 2. A low-order adaptive estimation and reference-optimization layer is de-
veloped based on an EKF and a WRLS update. The harmonic-reference objective is written
consistently as minJH = λ1(Tripple/Tb)

2+λ2(Pcopper/Pb)
2, with λ1, λ2 ≥ 0 and λ1+λ2 = 1,

subject to current and harmonic-amplitude constraints.

Contribution 3. An ENMPC is formulated with an explicitly stated prediction model,
variable-horizon rule, stage cost, hard current/voltage constraints, terminal cost, and terminal
invariant-set constraint. The lower layer tracks electromagnetic torque together with the opti-
mized third- and fifth-harmonic current references.

Contribution 4. The integrated two-layer controller is evaluated on the previously designed
1-MW, four-pole seven-phase induction-motor plant [11] under healthy, one-phase-open, and
adjacent two-phase-open scenarios. The 1-MW electromagnetic-thermal design is used only
as the plant parameterization; the fault-state derivation, the EKF/WRLS layer, the harmonic-
reference optimization, the ENMPC formulation, and the fault-control results reported here are
distinct from that earlier machine-design contribution.

The contribution is therefore not claimed for any of these ingredients in isolation. Har-
monic injection, predictive control, and multiphase fault tolerance all have established prior
art [3, 8, 9, 7, 15, 17, 18, 21, 22]. The specific novelty examined here is their co-design as a
fault-constrained hierarchical architecture for a seven-phase induction motor: the upper layer
estimates slowly varying parameters and updates harmonic references, while the lower ENMPC
tracks those references together with torque under explicit constraints. This positioning narrows
the broader “first-time integration” framing found in earlier literature and makes the boundary
with existing predictive and harmonic-injection methods explicit.

The remainder of the paper is organized as follows. Section 2 develops the seven-phase
motor, transformation, open-phase fault, torque, inverter, and modulation models. Section 3
formulates the hierarchical EKF/WRLS harmonic optimizer, the ENMPC, the estimator conver-
gence conditions, the closed-loop stability argument, and the computational design envelope.
Section 4 presents the MATLAB/Simulink study, its deterministic interpretation, a compari-
son with recent predictive-control architectures, and the torque/torque-ripple results. Section 5
states the conclusions, limitations, and specific directions for experimental extension.
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2 System Modeling

Figure 1 shows the overall power-supply and drive topology considered in this study: a multi-
phase AC source feeds a rectifier and DC link, which in turn supplies the seven-phase inverter
driving the induction motor.

Figure 1: Power supply topology for multiphase induction motors

2.1 Dynamic Model of a Seven-Phase Induction Motor in Natural State Space

The voltage equations of the stator and rotor in the stationary reference frame are

vs = Rsis +
dψs
dt

, (1)

vr = Rrir +
dψr
dt

− jωrψr, (2)

where vs, is,ψs are seven-phase vectors of stator voltage, current, and flux linkage, respectively;
ir, ψr are seven-phase vectors of rotor current and flux linkage (referred to the stator); Rs and
Rr are the stator and rotor resistances; and ωr is the rotor electrical speed.

The flux-linkage equations are

ψs = Lsis + Lmir, (3)

ψr = Lmis + Lrir, (4)

where Ls, Lr, and Lm are the stator, rotor, and magnetizing inductances, respectively.

2.2 Generalized Clarke Transformation (GCC) for a Seven-Phase System

Using the transformation matrix T7s/7r, defined based on the Generalized Clarke Transforma-
tion for seven phases, the seven-phase variables are mapped onto seven independent variables
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spanning different subspaces:
x7r = T7s/7r x7s. (5)

The output of this transformation comprises the following subspaces:

• Fundamental subspace (α1-β1): corresponds to the primary electromagnetic torque pro-
duction.

• Third-harmonic subspace (α3-β3): corresponds to the third-order harmonic components.

• Fifth-harmonic subspace (α5-β5): corresponds to the fifth-order harmonic components.

• Zero-sequence subspace (z): relevant for systems with a separate neutral wire.

The transformation matrix T7s/7r is defined as

T7s/7r =
2

7



1 cosα cos 2α cos 3α cos 4α cos 5α cos 6α
0 sinα sin 2α sin 3α sin 4α sin 5α sin 6α
1 cos 3α cos 6α cos 9α cos 12α cos 15α cos 18α
0 sin 3α sin 6α sin 9α sin 12α sin 15α sin 18α
1 cos 5α cos 10α cos 15α cos 20α cos 25α cos 30α
0 sin 5α sin 10α sin 15α sin 20α sin 25α sin 30α
1√
2

1√
2

1√
2

1√
2

1√
2

1√
2

1√
2


, (6)

where α = 2π/7.

2.3 Enhanced State-Space Model Under Open-Phase Fault Conditions

After applying the GCC transformation and eliminating the equations associated with the open
phases, the enhanced state-space model of the system under fault conditions is derived.

For a single-phase open fault (e.g., phase ‘a’):

d

dt


is,αβ1

is,αβ3

is,αβ5

ψr,αβ

 = A1ph-fault


is,αβ1

is,αβ3

is,αβ5

ψr,αβ

+ B1ph-fault

vs,αβ1vs,αβ3

vs,αβ5

 . (7)

For a two-phase adjacent open fault (e.g., phases ‘a’ and ‘b’):

d

dt


is,αβ1

is,αβ3

is,αβ5

ψr,αβ

 = A2ph-fault


is,αβ1

is,αβ3

is,αβ5

ψr,αβ

+ B2ph-fault

vs,αβ1vs,αβ3

vs,αβ5

 . (8)
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The fault matrices are derived by directly imposing the phase-current constraints on the six
non-zero-sequence GCC coordinates. This approach explicitly reveals the resulting coupling
terms and eliminates the need to treatA1ph-fault andA2ph-fault as unspecified black-box matrices.

Let the state and input vectors be defined as

x = [iα1, iβ1, iα3, iβ3, iα5, iβ5, ψrα, ψrβ ]
⊤

and

u = [vα1, vβ1, vα3, vβ3, vα5, vβ5]
⊤.

The following parameters are introduced:

Lσ = Ls −
L2
m

Lr
, τr =

Lr
Rr
, a1 =

Rs +Rr(Lm/Lr)
2

Lσ
,

b1 =
RrLm
L2
rLσ

, c1 =
Lm
LrLσ

, d1 =
1

Lσ
, e =

Lm
τr
, f =

1

τr
.

(9)

For the third- and fifth-harmonic planes, the corresponding parameters are defined as

a3 =
Rs
Lσ3

, a5 =
Rs
Lσ5

, d3 =
1

Lσ3
, d5 =

1

Lσ5
.

These definitions provide the required compact notation for expressing the healthy and fault-
coupled state-space matrices explicitly.

With i = [iα1, iβ1, iα3, iβ3, iα5, iβ5]
⊤ and ψ = [ψrα, ψrβ ]

⊤, the healthy-state matrix is
partitioned as

Ah =

[
Aii Aiψ
Aψi Aψψ

]
, Aii = diag(−a1,−a1,−a3,−a3,−a5,−a5), (10)

Aiψ =



b1 c1ωr

−c1ωr b1

0 0

0 0

0 0

0 0


, Aψi =

[
e 0 0 0 0 0

0 e 0 0 0 0

]
, Aψψ =

[
−f −ωr
ωr −f

]
,

(11)
and Bi = diag(d1, d1, d3, d3, d5, d5), so that

Bh =

[
Bi
02×6

]
. (12)

For an open phase ‘a’, the inverse-GCC condition ia = 0 gives c⊤a i = 0 with ca =

[1, 0, 1, 0, 1, 0]⊤. The orthogonal projection onto the admissible current subspace is
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Pa =



2/3 0 −1/3 0 −1/3 0

0 1 0 0 0 0

−1/3 0 2/3 0 −1/3 0

0 0 0 1 0 0

−1/3 0 −1/3 0 2/3 0

0 0 0 0 0 1


. (13)

The single-open-phase matrices are therefore explicitly

A1ph =

[
PaAiiPa PaAiψ
AψiPa Aψψ

]
, B1ph =

[
PaBi
02×6

]
. (14)

The off-diagonal entries created by Pa are the analytical coupling terms between the fundamen-
tal, third-, and fifth-harmonic planes.

For reproducibility, the cross-subspace coupling can be displayed explicitly without ex-
panding the complete 8×8matrix. Restricting PaAiiPa to the α-coordinate subset (α1, α3, α5)

gives

(PaAiiPa)|α =
1

9

−(4a1 + a3 + a5) 2a1 + 2a3 − a5 2a1 − a3 + 2a5

2a1 + 2a3 − a5 −(a1 + 4a3 + a5) −a1 + 2a3 + 2a5

2a1 − a3 + 2a5 −a1 + 2a3 + 2a5 −(a1 + a3 + 4a5)

 . (15)

Thus, for instance, the α1↔α3 coupling coefficient is (2a1+2a3−a5)/9, whereas the α1↔α5

coupling coefficient is (2a1−a3+2a5)/9. These non-zero off-diagonal terms arise solely from
the open-phase projection, while the β coordinates remain uncoupled by Pa in the phase-a fault
case. This explicit derivation makes the cross-subspace coupling structure of A1ph analytically
transparent.

For the case of adjacent open phases a and b, let α = 2π/7 and define

cb = [cosα, sinα, cos 3α, sin 3α, cos 5α, sin 5α]⊤,

Cab = [c⊤a ; c⊤b ], Pab = I6 − C⊤
ab(CabC⊤

ab)
−1Cab.

Here, Pab projects the six non-zero-sequenceGCC coordinates onto the admissible subspace
associated with the simultaneous open-phase constraints. Numerically,

Pab =



0.452605 −0.211807 −0.134403 −0.117544 −0.318202 0.264118

−0.211807 0.790425 0.196834 −0.116305 0.014972 0.261336

−0.134403 0.196834 0.481798 0.109235 −0.347395 −0.245449

−0.117544 −0.116305 0.109235 0.935455 0.008309 0.145030

−0.318202 0.014972 −0.347395 0.008309 0.665597 −0.018670

0.264118 0.261336 −0.245449 0.145030 −0.018670 0.674120


.

(16)
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Accordingly,

A2ph =

[
PabAiiPab PabAiψ
AψiPab Aψψ

]
, B2ph =

[
PabBi
02×6

]
. (17)

Because Pab is non-diagonal, the two-phase fault creates stronger cross-subspace coupling than
the one-phase constraint. These expressions are the matrices used directly by the predictive
model; no additional empirical coupling coefficients are introduced.

2.4 Electromagnetic Torque Model

The electromagnetic torque is calculated from the current and flux components as

Te =
P

2
· Lm
Lr

(ψr,αis,β1 − ψr,βis,α1) + Te,ripple, (18)

where P is the number of poles. The torque-ripple component Te,ripple is directly related to the
harmonic current components in the α3-β3 and α5-β5 subspaces, as well as their coupling with
the rotor fluxes, and can be modeled as

Te,ripple = f(is,α3, is,β3, is,α5, is,β5, ψr,α, ψr,β) . (19)

2.5 Seven-Phase Inverter Model

The drive is supplied by a two-level, seven-leg voltage-source inverter connected to a common
dc link. In the present control architecture, the inverter is modeled as the actuator that maps the
six non-zero-sequence ENMPC voltage commands to the seven stator phase voltages; general
three-phase converter background is therefore omitted.

Seven-phase SVPWM provides the interface between the continuous voltage reference and
the admissible switching states. The modulation model below is retained only to define this
control interface, the switching-state set, and the mapping of voltage harmonics into the funda-
mental, third-harmonic, fifth-harmonic, and zero-sequence subspaces.

2.6 Space Vector Modulation (SVM) in Seven-Phase Drives

For a two-level n-phase inverter, each converter leg has two admissible switching states; there-
fore the switching set contains 2n combinations. For n = 7, the converter has 27 = 128

switching states. This elementary count is consistent with seven-phase SVPWM formulations,
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which map the 128 switching combinations onto the orthogonal vector-space subspaces [2].
The switching functions are denoted s = [sa, sb, sc, sd, se, sf , sg]

⊤, with sj ∈ {0, 1}.
The modulation-stage subspace mapping uses the same GCC operator introduced in Section

2.2; the full 7 × 7 matrix is therefore not repeated. In compact form, the seven-phase voltage
vector vs is mapped as

vGCC = T7 vs, (20)

where T7 is the transformation matrix defined in (6). This transformation maps harmonic com-
ponents into three subspaces as follows:

(a) the fundamental harmonic and components of order k = 1 ± 14m are mapped to the
α1-β1 plane;

(b) the harmonic components of order k = 3 ± 14m and k = 5 ± 14m are mapped to the
α3-β3 and α5-β5 planes, respectively;

(c) the harmonic components of order k = 7± 14m are mapped to the zero-sequence plane
(x0).

The values of k andm are defined as k = 1, 2, 3, . . . andm = 0, 1, 2, 3, . . ..

2.7 Inverter Circuit and Specifications

The circuit and structure of the two-level seven-phase inverter are shown in Figure 2. The
corresponding output-voltage waveforms are shown in Figure 3. The topology contains four-
teen controllable devices, two per phase leg, and supplies the seven stator phases a–g from the
common dc link.

Semiconductor selection for amegawatt-class inverter is governed by dc-link voltage, phase
current, switching loss, thermal limits, and the required modulation rate. The control study
therefore specifies the commanded voltage and update rate independently of any particular
IGBT module or gate-driver implementation.

3 Proposed Hierarchical Harmonic Optimization and ENMPC

Notation convention. Lower-case bold symbols denote vectors, upper-case symbols denote
matrices or admissible sets, (·)⊤ denotes transpose, (·)−1 denotes matrix inverse, (·)∗ denotes
a reference/optimal quantity, (̂·) denotes a state or parameter estimate, and a tilde denotes a
normalized per-unit quantity. The fault index F ∈ {h, 1ph, 2ph} identifies the active healthy,
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Figure 2: Circuit diagram of the seven-phase inverter connected to a seven-phase motor

Figure 3: Inverter output voltage waveforms
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one-open-phase, or adjacent-two-open-phase model. The harmonic-current vector ih collects
the α3-β3 and α5-β5 components. All symbols used by the controller are defined before their
first optimization or estimation equation.

Physical motivation for the hierarchical controller. An open stator phase imposes a current
constraint that destroys the orthogonality of the GCC subspaces in the physical phase vari-
ables; fundamental current commands can therefore excite the α3-β3 and α5-β5 planes and
increase torque pulsation. With two adjacent open phases, the admissible current subspace is
further reduced, and RMS current is redistributed among the remaining phases. This mecha-
nism motivates the architecture below: the upper layer updates admissible harmonic-current
references, while the ENMPC allocates voltage under the fault-constrained model and explicit
current/voltage limits.

3.1 Hierarchical Architecture and Harmonic-Reference Objective

The controller is organized in two rates. The upper layer estimates the states and slowly vary-
ing electrical parameters and then updates the third- and fifth-harmonic references. The lower
layer solves the ENMPC problem at every control sample. The two-rate structure avoids em-
bedding parameter identification and harmonic-reference search inside every predictive-control
iteration.

Let ρ = [A3, φ3, A5, φ5]
⊤ denote the harmonic-reference parameters. The upper layer is

formulated in normalized coordinates so that torque-ripple suppression and copper-loss reduc-
tion are compared on the same scale. Define

εT (ρ) =

[
Tripple(ρ)

Tb

]2
, εP (ρ) =

[
Pcopper(ρ)

Pb

]2
, (21)

where Tb and Pb are the rated torque and power bases, respectively.
The weighting is updated from the two normalized objective components rather than im-

posed as an undocumented fixed pair:

λ1(k) =
εT (k)

εT (k) + εP (k)
, λ2(k) =

εP (k)

εT (k) + εP (k)
, (22)

with λ1 = λ2 = 0.5 holding only at the zero-error point. The harmonic-reference problem is
therefore

min
ρ
JH(ρ) = λ1(k) εT (ρ) + λ2(k) εP (ρ), (23)

subject to the phase-current limit and admissible third- and fifth-harmonic amplitude bounds.
This self-scaling formulation removes dependence on the physical units of torque and loss

and gives larger instantaneous emphasis to the normalized objective that is farther from its
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desired value. The optimizer updates ρ after a valid estimator update; if the candidate violates
the current or voltage constraints, the previous feasible harmonic reference is retained.

The four-parameter problem (23) is implemented as a bounded nonlinear program and
solved at the 50-Hz upper-layer rate by a warm-started sequential quadratic programming (SQP)
routine, initialized from the previous feasible ρ. The previous solution is also the fallback refer-
ence. The SQP iterations are deadline-limited to the 20-ms upper-layer period; at the deadline,
the best feasible iterate is accepted, and if no improved feasible point is available, the previous
feasible ρ is retained. This rule prevents the harmonic-reference update from overrunning the
upper-layer schedule while preserving feasibility.

3.2 Two-Level EKF/WRLS Estimator

The first estimation level employs an extended Kalman filter (EKF) to estimate the electrical
state variables. For the active fault configuration F ∈ {h, 1ph, 2ph}, the discrete-time predic-
tion and correction steps are given by

x̂(k|k − 1) = fF
(
x̂(k − 1|k − 1), u(k − 1), θ̂(k − 1)

)
,

P(k|k − 1) = F(k)P(k − 1|k − 1)F⊤(k) +Q(k), (24)

K(k) = P(k|k − 1)H⊤(k)
[
H(k)P(k|k − 1)H⊤(k) + R(k)

]−1
,

x̂(k|k) = x̂(k|k − 1) +K(k) [y(k)− h(x̂(k|k − 1))] , (25)

P(k|k) = [I−K(k)H(k)]P(k|k − 1). (26)

Here, F(k) = ∂fF /∂x and H(k) = ∂h/∂x denote the Jacobian matrices of the state-
transition and measurement functions, respectively, evaluated at the predicted state. The mea-
surement vector is defined as

y(k) = [iα1, iβ1, iα3, iβ3, iα5, iβ5, ωr]
⊤ . (27)

All estimated states and slowly varying parameters are represented in per-unit (p.u.) coor-
dinates based on the rated machine quantities. The initial error covariance matrix is set to

P(0|0) = I. (28)

Rather than employing fixed process- and measurement-noise covariance matrices, Q(k)

and R(k) are updated online using covariance matching based on the accumulated state-
correction and innovation sequences. Specifically, define

δk = x̂(k|k)− x̂(k|k − 1), νk = y(k)− h(x̂(k|k − 1)) . (29)
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The corresponding adaptive covariance estimates are then obtained as

Q(k) = diag

1

k

k∑
j=1

(δj ⊙ δj)

 , (30)

R(k) = diag

1

k

k∑
j=1

(νj ⊙ νj)

 , (31)

where ⊙ denotes the Hadamard (element-wise) product. A small positive numerical floor is
imposed on the diagonal elements of Q(k) and R(k) only when necessary to preserve their
nonsingularity.

The second estimation level employs a covariance-weighted recursive least-squares (WRLS)
scheme to update the slowly varying parameter vector

θ = [Rs, Rr, Lσ, Lσ3, Lσ5, Lm, Lr]
⊤ . (32)

To account for the time-varying reliability of the measurements, the regression equation is
prewhitened using the currentmeasurement-noise covariancematrix. Accordingly, theweighted
measurement vector and regressor are defined as

zw(k) = R−1/2(k)z(k), φw(k) = R−1/2(k)φ(k). (33)

No exponential forgetting is employed, i.e., γ = 1. Thus, the adaptation is determined exclu-
sively by the data-dependent covariance weighting and does not involve an additional empiri-
cally selected forgetting factor. The WRLS update equations are given by

Kθ(k) =
Pθ(k − 1)φw(k)

1 +φ⊤
w(k)Pθ(k − 1)φw(k)

,

θ̂(k) = θ̂(k − 1) +Kθ(k)
[
zw(k)−φ⊤

w(k)θ̂(k − 1)
]
, (34)

Pθ(k) =
[
I−Kθ(k)φ

⊤
w(k)

]
Pθ(k − 1). (35)

The parameter vector is initialized at unity in per-unit coordinates, corresponding to the
rated operating point of the published 1-MW plant model [11], and is subsequently updated
online. Therefore, the ENMPC employs the current estimate θ̂(k) rather than assuming invari-
ant resistive and inductive parameters under variations in temperature, loading conditions, or
post-fault operating conditions. The feasibility of EKF-based online parameter adaptation for
multiphase induction motor drives has also been experimentally demonstrated in related studies
[16].

3.2.1 Estimator Admissibility and Convergence Conditions

The recursive estimator is constrained to the physically admissible parameter set Θ = {θ :

θmin ≤ θ ≤ θmax, Rs > 0, Rr > 0, Lσ > 0, Lσ3 > 0, Lσ5 > 0, Lm > 0, Lr > 0}.
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After each WRLS update, θ̂(k) is projected onto Θ. The covariance floors used in Q(k) and
R(k) preserve positive definiteness of the innovation covariance, while Pθ(0) ≻ 0 preserves
the WRLS covariance recursion.

For the regression sequence, the standard persistence-of-excitation condition is

k+Ne−1∑
j=k

φw(j)φw(j)
⊤ ⪰ αeI, (36)

for some finite Ne and αe > 0. Under bounded regressors and bounded measurement noise,
this condition keeps the WRLS parameter error bounded; in the noise-free case it yields conver-
gence of the identifiable parameter components. The EKF statement is correspondingly local:
bounded Jacobians, positive-definiteQ and R, and local observability of (F(k),H(k)) provide
a bounded state-estimation error in the neighborhood in which the linearization is valid. These
are the convergence conditions used by the two-level estimator and are distinct from the closed-
loop Lyapunov conditions of Section 3.4.

3.3 Enhanced Nonlinear Model Predictive Controller

At sampling instant k, the active fault model is discretized according to

x(k + 1) = fF
[
x(k), u(k), θ̂(k)

]
. (37)

Let
ih = [iα3, iβ3, iα5, iβ5]

⊤ , eT = Te − T ∗
e , (38)

denote the harmonic-current vector and electromagnetic torque tracking error, respectively. The
corresponding normalized quantities are defined as

ẽT =
eT
Tb
, ẽh = D−1

i (ih − i∗h) , ∆ũ = D−1
v ∆u, (39)

where Tb is the torque base, while Di and Dv contain the admissible harmonic-current and
phase-voltage scales, respectively.

The normalization matrices are constructed directly from the admissible bounds imposed
by the controller:

Di = diag (Iα3,max, Iβ3,max, Iα5,max, Iβ5,max) ,

Dv = diag (Vα1,max, Vβ1,max, Vα3,max, Vβ3,max, Vα5,max, Vβ5,max) .
(40)

For symmetric current and voltage bounds, these matrices simplify to

Di = Ih,maxI4, Dv = VmaxI6. (41)
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Accordingly, the normalized stage-cost terms are scaled using the same admissible current and
voltage limits that define the controller constraint set in (43). This normalization therefore does
not introduce additional empirical scaling factors or tuning weights.

The ENMPC objective function is formulated using normalized variables to eliminate di-
mensional inconsistencies and ambiguity in the relative weighting of the different performance
terms:

min
U

JN =

Np(k)−1∑
j=0

{
ẽ2T (k + j|k) + ∥ẽh(k + j|k)∥22 + ∥∆ũ(k + j|k)∥22

}
+ e⊤x (k +Np|k)Pfex(k +Np|k).

(42)

Hence, the stage-cost terms have unit weights after normalization, while the terminal
weighting matrix Pf is computed from the discrete-time Riccati equation associated with the
local terminal linearization, rather than being introduced as an independently tuned empirical
matrix. The optimization problem is subject to the following state, input, current, voltage, and
terminal-set constraints:

x(k + j|k) ∈ X, u(k + j|k) ∈ U,
∥∥iphase(k + j|k)

∥∥ ≤ Imax,∥∥vphase(k + j|k)
∥∥ ≤ Vmax, ex(k +Np|k) ∈ Xf .

(43)

The prediction horizon is adjusted online according to the normalized tracking indicator

η(k) =
∥ex(k)∥
eb

+
|eT (k)|
Tb

. (44)

For a fundamental electrical frequency of 50 Hz, the electrical period is Te = 20 ms. The
electrical-state EKF correction and the ENMPC optimization are performed at the lower-layer
sampling period Ts = Te/40 = 0.5 ms (2 kHz), whereas the WRLS parameter update and
harmonic-reference optimization are performed once per electrical cycle (50 Hz). The adaptive
prediction-horizon law is defined as

Np(k) = 2 +

⌈
8η(k)

1 + η(k)

⌉
, (45)

which yields 2 ≤ Np ≤ 10. Accordingly, the prediction window ranges from 1 to 5 ms,
increasing during fault transients when the tracking error is large and decreasing as the system
approaches steady-state operation.

At each sampling instant, the ENMPC decision vector is defined by

Uk = col {u(k|k), . . . , u(k +Np − 1|k)} ∈ R6Np . (46)

Therefore, the online optimization problem involves between 12 and 60 voltage decision vari-
ables, depending on the adaptive prediction horizon. Feasibility is determined jointly by the
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constraints in (43), the terminal invariant setXf , and the active fault-dependent model fF . This
explicit characterization of the decision space completes the formulation of the lower-layer EN-
MPC optimization problem.

3.4 Closed-Loop Stability

The stability argument follows standard terminal-set NMPC theory [4, 14] and does not rely
on distributed-computing self-stabilization. Let ℓ(e, u) be the positive-definite stage cost of
Section 3.3 and Vf (e) = e⊤Pfe the terminal cost. Assume that Xf is positively invariant
under a local admissible controller κf (e), that the equilibrium/reference is feasible, and that the
terminal decrease condition

Vf [fF (e, κf (e))]− Vf (e) ≤ −ℓ[e, κf (e)] , e ∈ Xf , (47)

holds. Let VN (ek) = J∗
N (ek) denote the optimal finite-horizon value. Shifting the optimal

sequence by one sample and appending κf gives a feasible candidate at k + 1; therefore,

VN (ek+1)− VN (ek) ≤ −ℓ(ek, u∗k) ≤ −α∥ek∥2, α > 0. (48)

Hence, for the nominal fault model, initial feasibility implies recursive feasibility and
asymptotic convergence of the tracking error within the feasible region. If the EKF/model
mismatch is bounded by dk and fF is locally Lipschitz, the same argument gives

∆VN ≤ −α∥ek∥2 + c∥dk∥2. (49)

The closed loop is therefore practically bounded with respect to bounded estimation/model
errors. This is a local, constraint-dependent stability statement, not a global robust-stability
claim.

3.5 Computational Burden and Real-Time Design Envelope

The computational dimensions are fixed by nx = 8 states, nu = 6 voltage inputs, ny = 7

measurements, nθ = 7 adaptive electrical parameters, and 2 ≤ Np ≤ 10. The ENMPC
therefore optimizes nz = 6Np = 12–60 voltage variables. Model propagation scales linearly
with Np, while a dense Newton/SQP factorization of the condensed constrained subproblem
has the conservative worst-case scalingO(n3z). This bound is intentionally conservative; sparse
multiple-shooting or Riccati-based implementations exploit the banded prediction structure and
reduce the practical factorization burden.
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At the estimator level, the EKF requires one 7× 7 innovation-covariance inversion at each
0.5-ms sample, together with fixed-size 8-state covariance updates. The nθ = 7 WRLS co-
variance update and the four-parameter harmonic-reference optimization are executed at 50 Hz
rather than at every ENMPC step. Thus, the two-rate architecture separates the computationally
slower parameter/reference adaptation from the 2-kHz torque/current-control loop.

For the upper layer, Equation (23) has only four decision variables. The warm-started
SQP update therefore involves fixed-size four-variable subproblems (dense local factorization
O(43)) and is executed only once per 20-ms electrical period. Its deadline rule is the one stated
in Section 3.1: the best feasible iterate is returned at the upper-layer boundary, otherwise the
previous feasible ρ is retained. Hence, the reference optimizer is explicitly included in the
20-ms upper-layer real-time envelope, rather than omitted from the computational accounting.

The implementation requirement is therefore explicit: the target control processor must
complete the warm-started 12–60-variable constrained ENMPC solve, the 8-state prediction,
and the EKF correction within the 0.5-ms control interval. A floating-point DSP/SoC or FPGA-
assisted platform with deterministic linear-algebra support is the relevant implementation class.
Processor-dependent wall-clock time is not used here as a hardware-independent performance
metric; the mathematically reproducible quantities are the problem dimension, update rates, and
0.5-ms execution deadline stated above.

3.6 Performance Indices

The performance indices are evaluated from the same simulated waveform windows used in
Section 4. Effective torque is the 200-ms moving average, which corresponds to ten 50-Hz
electrical cycles. The remaining indices are the torque-ripple factor,

TRF = 100
Tmax − Tmin

Tavg
, (50)

the total harmonic distortion,

THD = 100

[∑H
h=2 I

2
h

]1/2
I1

, (51)

and the stator copper loss,

Pcopper = Rs

g∑
j=a

I2j,rms. (52)
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4 Simulation and Results

4.1 Simulation Setup

The study was implemented in MATLAB/Simulink using the seven-phase, 1-MW, four-pole
induction-motor plant reported in [11]. The stator electrical frequency is 50 Hz. The simula-
tion is divided into three intervals: healthy operation for 0 ≤ t < 4 s, a single open phase
for 4 ≤ t < 8 s, and two adjacent open phases for 8 ≤ t ≤ 12 s. Four control cases are
compared: the conventional controller without compensation, the conventional controller with
compensation, the proposed hierarchical controller without harmonic compensation, and the
proposed hierarchical controller with harmonic compensation. In Figure 4 only, the legacy leg-
end abbreviation “SS” denotes the same proposed (ENMPC) controller used in Tables 3 and 4,
it is retained solely as a figure label and is not used as a control-theoretic stability concept.

For reproducibility, the plant and controller are specified on a common rated base. The re-
peated machine-level quantities are Pb = 1MW, four poles, fb = 50 Hz, and Tb = 6.41 kN·m;
Figure 3 reports a phase-A inverter output of VRMS = 6.886 kV and Vpeak = 9.824 kV. The
dimensional electromagnetic-thermal plant is the published design in [11]. In the reduced con-
trol model, Rs, Rr, Ls, Lr, and Lm are not separate hand-tuned controller constants: their
rated-point values define the per-unit base, θ̃(0) = 1, and the effective coefficients used by the
predictor are updated online through the EKF/WRLSmechanism of Section 3.2. The lower con-
trol period, upper-layer update period, adaptive horizon law, normalized objective weighting,
and covariance update rules are given explicitly in sections 3.1, 3.2, and 3.3.

The numerical comparison is deterministic and is evaluated over the three prescribed operat-
ing intervals. Effective torque is computed with a 200-ms moving-average window, equivalent
to ten electrical cycles at 50 Hz. Torque-ripple factors, effective torque, and the remaining
reported indices are therefore interpreted as direct simulation metrics for the stated scenarios;
inferential-significance terminology is not used.

Because the state equations, initial condition, fault instants, controller update laws, and
plant parameterization are deterministic, repeated runs with the same numerical configuration
reproduce the same trajectory by construction. Repeating the identical simulation would there-
fore not create an independent sample and would yield a degenerate confidence interval. For
this reason, the paper reports exact scenario metrics rather than inferential p-values. Statis-
tical confidence intervals become meaningful only after a stochastic uncertainty model (e.g.,
randomized parameter distributions, sensor-noise ensembles, or Monte Carlo fault timing) is
introduced; such an analysis answers a different robustness question and is not conflated with
the deterministic closed-loop comparison reported here.
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Table 2: Simulation, estimator, and predictive-control settings used in the numerical study

Quantity Value / definition Role in the model

Rated power, Pb 1 MW Plant/base quantity
Number of stator phases 7 Seven-phase induction-motor plant
Pole number 4 Published 1-MW plant [11]
Electrical frequency, fb 50 Hz (Te = 20 ms) Rated electrical base
Rated torque base, Tb 6.41 kN·m Torque normalization and result refer-

ence
Phase-A inverter voltage VRMS = 6.886 kV; Vpeak = 9.824 kV Waveform value reported in Figure 3
Fault schedule t = 4 s: first phase open; t = 8 s: ad-

jacent second phase open
Healthy / one-phase / adjacent-two-
phase scenarios

State dimension, nx 8 Six stator-current components + two
rotor-flux components

Control dimension, nu 6 Voltage components in α1β1, α3β3,
α5β5

Measurement dimension, ny 7 Six current components + rotor speed
Adaptive parameter dimension,
nθ

7 Rs, Rr, Lσ , Lσ3, Lσ5, Lm, Lr

Electrical-state EKF / ENMPC
sampling

Ts = 0.5 ms (2 kHz) Fast lower-layer update

WRLS and harmonic-reference
update

20 ms (50 Hz) Slow adaptive upper-layer update

Prediction horizon, Np 2–10 samples Adaptive ENMPC horizon
Prediction window 1–5 ms NpTs

Initial EKF covariance P(0|0) = I Normalized state-estimation initializa-
tion

WRLS forgetting factor γ = 1 Covariance-weighted recursion with-
out exponential forgetting

Q(k), R(k) Online covariance matching with posi-
tive numerical floor

Adaptive process/measurement covari-
ance

Plant Rs, Rr, Ls, Lr, Lm, and
mechanical J

Rated-point dimensional values of the
1-MW plant model [11]; electrical pre-
dictor coefficients updated online in
per-unit form

Physical plant constants separated
from controller tuning

Effective-torque averaging win-
dow

200 ms Ten electrical cycles at 50 Hz

SVPWM command-update rate 2 kHz Voltage reference refreshed with the
lower-layer control command; semi-
conductor device selection is outside
the reduced control model

4.2 Healthy-State Behavior

Under healthy operation, all four strategies regulate the effective torque close to the rated
level. Table 3 reports 6.41 kN·m for each strategy, while Figure 4 shows the corresponding
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instantaneous-torque bands. The principal difference in this interval is torque quality: Table 4
gives ripple factors of 3.1% and 2.9% for the conventional controller without and with compen-
sation, compared with 2.5% and 2.3% for the proposed controller. Because these values come
from a single deterministic simulation configuration, they are treated as numerical comparisons
rather than as inferential evidence.

Figure 4: Instantaneous torque variations under different conditions and states

4.3 Response to a Single-Phase Open Fault

The first open-phase fault is applied at t = 4 s. The four trajectories separate immediately after
the topology change, as shown in Figure 4.

Without harmonic compensation, the proposed controller maintains 4.91 kN·m in the single-
phase-open interval, whereas the conventional uncompensated controller maintains 4.25 kN·m
(Table 3). The corresponding torque-ripple factors are 7.1% and 9.9% (Table 4). Thus, the pro-
posed state/predictive structure preserves a higher effective-torque level and a lower simulated
ripple under the same fault scenario.

With compensation active, the proposed controller reaches 5.76 kN·m and a 4.8% ripple
factor; the compensated conventional case reaches 4.91 kN·m and 7.8%, respectively. The im-
provement is attributed to simultaneous tracking of the fundamental and optimized harmonic
references, rather than to an assumed instantaneous fault-detection mechanism; in the simula-
tions, the controller is informed of the topology change at the prescribed fault time.
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4.4 Response to Two Adjacent Open Phases

The second adjacent phase is opened at t = 8 s, leaving five healthy stator phases and producing
the strongest subspace coupling considered in this study.

For two adjacent open phases, the proposed controller without harmonic compensation
maintains 3.70 kN·m, compared with 2.94 kN·m for the uncompensated conventional controller.
With harmonic compensation, the corresponding effective torques are 4.68 kN·mand 3.60 kN·m
(Table 3).

Torque ripple increases for all strategies in the two-phase-open interval. Table 4 reports
14.7% for the proposed controller without compensation and 17.0% for the conventional un-
compensated case; with compensation, the values decrease to 8.5% and 14.1%, respectively.
This result shows that the harmonic-reference layer is most beneficial in the more severe adja-
cent two-phase fault considered here.

4.5 Effective-Torque Analysis

Effective torque is evaluated as a 200-ms moving average, equivalent to ten periods at 50 Hz.
Figure 5 and Table 3 summarize the three operating intervals.

Under one open phase, compensation raises the proposed-controller effective torque from
4.91 to 5.76 kN·m. For the conventional controller, the corresponding change is from 4.25 to
4.91 kN·m. Under two adjacent open phases, compensation changes the proposed result from
3.70 to 4.68 kN·m and the conventional result from 2.94 to 3.60 kN·m.

These changes are reported as absolute and relative torque recovery, rather than as “com-
pensation efficiency,” because that phrase can be confused with electromechanical efficiency.
The electrical efficiency of the complete drive would require a consistent input–output loss
accounting that is outside the present torque-focused simulation comparison.

The comparison therefore supports the claimed fault-tolerant torque-retention advantage
only within the specified simulations; it does not establish hardware-independent runtime supe-
riority or statistical significance.

The improved post-fault response is consistent with the structure in Section 3: the estimator
updates the predictive model, and the upper layer supplies harmonic-current references that are
tracked together with torque by the ENMPC.
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Table 3: Effective torque (kN·m) under healthy and open-phase conditions

Control strategy Healthy (kN·m) 1-Phase open (kN·m) 2-Phase open (kN·m) Average (kN·m) Reduction (%)

Conventional w/o comp. 6.41 4.25 2.94 4.40 43.3
Conventional with comp. 6.41 4.91 3.60 4.83 32.2
Proposed (ENMPC) w/o comp. 6.41 4.91 3.70 5.04 33.7
Proposed (ENMPC) with comp. 6.41 5.76 4.68 5.48 17.7

Figure 5: Effective torque comparison under healthy, one-phase-open, and adjacent two-phase-open conditions.
Values are identical to those in Table 3.

4.6 Torque-Ripple Analysis

Torque ripple is an important criterion for evaluating the performance quality of electric motors.
The variations and comparison of torque ripple are shown in Figure 6 and Table 4.

For the proposed controller with compensation, the torque-ripple factor is 2.3% in the
healthy state, 4.8% with one phase open, and 8.5% with two adjacent phases open; the cor-
responding average reported in Table 4 is 5.2%. For the conventional controller with compen-
sation, the corresponding values are 2.9%, 7.8%, and 14.1%, with an average of 8.26%. In
the uncompensated cases, the proposed and conventional averages are 8.1% and 10.0%, respec-
tively. These tabulated values are taken as the numerical reference for the discussion.

When one or more stator phases are opened, the phase-current distribution becomes asym-
metric and the electromagnetic system becomes unbalanced. This unbalance generates addi-
tional harmonic components in the torque. These harmonics originate from:

• uneven current distribution in the remaining phases;

• the creation of negative- and zero-sequence components;

• changes in the magnetic flux distribution.
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Across the simulated fault intervals, the proposed compensated controller therefore pro-
duces the lowest tabulated torque-ripple factors. The comparison is descriptive and is not la-
beled statistically significant, because only one deterministic simulation realization is available.

Table 4: Torque-ripple factor (%) under healthy and open-phase conditions

Control strategy Healthy state 1-Phase open 2-Phase open Average

Conventional w/o comp. 3.1 9.9 17.0 10.0
Conventional with comp. 2.9 7.8 14.1 8.26
Proposed (ENMPC) w/o comp. 2.5 7.1 14.7 8.1
Proposed (ENMPC) with comp. 2.3 4.8 8.5 5.2

Figure 6: Torque-ripple factor comparison under healthy, one-phase-open, and adjacent two-phase-open condi-
tions. Values are identical to those in Table 4.

4.7 Context Relative to Recent Fault-Tolerant Predictive Control

The numerical results in Tables 3 and 4 are internal comparisons on a common 1-MW seven-
phase plant and should not be numerically pooled with published six-, five-, or nine-phase
experiments. Nevertheless, the mechanism-level comparison in Table 1 is informative. Virtual-
voltage-vector MPC [9] and enhanced natural fault-tolerant MPCC [17] reduce post-fault
secondary-current distortion through converter-vector synthesis, whereas the present ENMPC
treats the harmonic currents as explicit tracked states with references supplied by the slower opti-
mizer. Online harmonic generation [22] solves the complementary reference-selection problem
but does not impose the present state, voltage, and terminal-set constraints.
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The 2025 model-free predictive approach in [3] represents a different design philosophy: it
reduces plant-parameter dependence through an ultra-local model and disturbance estimation.
The present controller retains the fault-coupled seven-phase state model because the associated
cross-subspace structure is used directly in feasibility, current/voltage constraint enforcement,
and the terminal stability argument. The comparison therefore supports a methodological dis-
tinction rather than a cross-platform claim of universal numerical superiority.

5 Conclusion, Limitations, and Future Work

This study formulated a hierarchical fault-tolerant controller for a seven-phase induction motor,
in which an EKF/WRLS estimation layer updates harmonic references and an ENMPC regu-
lates torque together with the third- and fifth-harmonic current subspaces. The open-phase mod-
els were expressed explicitly through phase-current projection matrices, and the ENMPC was
supplemented with terminal cost and terminal-set conditions that provide nominal recursive fea-
sibility and local asymptotic stability under the stated assumptions. In the MATLAB/Simulink
study, the compensated proposed controller maintained 5.76 kN·m under one open phase and
4.68 kN·m under two adjacent open phases, with torque-ripple factors of 4.8% and 8.5%, re-
spectively.

1. The numerical comparison indicates improved torque retention and ripple suppression
relative to the conventional simulated baselines, particularly in the adjacent two-phase
fault. As noted in Section 4.1, these are deterministic scenario metrics.

2. The scope of the present evidence is defined by five technical boundaries. First, valida-
tion in this paper is numerical, with hardware-in-the-loop and experimental implementa-
tion treated as subsequent hardware qualification. Second, the fault instants and faulted
phases are prescribed, so fault detection/localization is outside the controller contribu-
tion. Third, Section 3.5 specifies the 0.5-ms execution deadline and the online problem
dimension; processor-specific timing is an implementation-platform metric rather than
a transferable MATLAB performance number. Fourth, the fault set contains one open
phase and two adjacent open phases. Fifth, EKF/WRLS convergence is governed by the
local observability, covariance, and persistence-of-excitation conditions stated in Section
3.2.1.

3. The stability statement is correspondingly limited to the feasible region and the terminal-
set assumptions of Section 3.4. Under bounded estimator/model mismatch, the argument
supports practical boundedness; it should not be interpreted as a global robustness guar-
antee.



Co
rre
cte
d p

ro
of
s28 Hierarchical Predictive Fault-Tolerant Seven-Phase Drive

Future work should therefore proceed in four measurable stages: hardware-in-the-loop
timing and solver validation; experimental tests on a scaled seven-phase prototype; exten-
sion to non-adjacent, three-phase-open, and inter-turn short-circuit faults; and co-design of a
fault-detection/localization module with the predictive controller. A further benchmark against
model-free predictive control and learning-based fault-tolerant controllers would clarify the
trade-off between model dependence, computational cost, and disturbance robustness.

These extensions are required before claims concerning industrial deployment, lifetime im-
provement, economic benefit, or autonomous operation can be made. The present contribution
is therefore confined to the mathematical formulation and simulation-based performance of the
hierarchical controller under the explicitly studied open-phase scenarios.

Prior-work boundary. Heidari et al. [11] supplies the previously published electromagnetic-
thermal 1-MW motor design only. The fault-constrained model, estimator/optimizer, ENMPC
formulation, stability analysis, and results in sections 2,3 and 4 are developed for the present
manuscript and are not presented as contributions of [11].
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