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Blind Bilinear Approach for Nonlinear-Based
System Identification

Abdulmajid Lawal, Karim Abed-Meraim, Azzedine Zerguine, and Ali Muqaibel

Abstract—In this paper, we develop an efficient nonlinear channel identification method for single input multiple output
finite impulse response (FIR) channels. The developed algorithm utilizes the structure embedded in the columns and
rows subspaces of the received signal matrix. Both the Toeplitz structure available in the signal matrix and the block
Sylvester structure present in the channel matrix is used to develop a criterion that can be minimized to establish the
optimal solution of the channel estimates. With nonlinearity in the system, the proposed bilinear nonlinear approach
produces some extremely intriguing channel estimation findings.
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NOMENCLATURE

This section includes the abbreviations used in the manuscript:

FIR Finite Impulse Response.

SIMO Single Input Multiple Output.

SCS Structured Channel Subspace

BSCS Nonlinear Biliear Structured Channel Subspace.
LBSCS Linear Biliear Structured Channel Subspace.

I. INTRODUCTION

Many practical systems have inherent nonlinear behaviors which
necessitate the use of dedicated processing especially when such
nonlinearities can significantly impact the input signal restora-
tion [1,2]. The analysis and solutions to nonlinear problems
have attracted different specialties such as engineers, mathe-
maticians, and physicists. In particular, the transmission and
reception of signals in communication systems involve the use
of nonlinear devices such as power amplifiers and optical equip-
ment [3]. Hence, communication channels may be corrupted as
a result of nonlinear distortions caused by nonlinear multiple
access interference, intersymbol interference, and inter-carrier
interference just to mention a few. The signal obtained at the
receiving end may deteriorate significantly as a result of these
distortions. To tackle such problems, nonlinear models are de-
ployed to accurately represent the channels and enhance the
development of dedicated signal processing techniques that can
effectively mitigate nonlinear distortions.

In system identification, the ’linear in parameter’ nonlinear
models are widely adopted. While the relationship between
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the input and output of the system is nonlinear, the identification
problem is linear concerning the coefficients of the channel.
Some typical examples are the Volterra filters [4] and polynomial
filters which have been employed widely in several fields such
as electrical engineering, mechanical engineering, and control
engineering to mention a few [5]. These filters excellently model
the real-life behavior of nonlinear phenomena and their memory
effect. In nonlinear system identification, different Volterra
filter-based approaches have been proposed. Some of these
approaches are adaptive and use training symbols [6] and are
typically based on least mean squares algorithms, recursive
least mean square algorithms and affine projection algorithm [7].
Others are fully blind such as higher-order output cumulant-
based method [8], and the subspace-based method [9, 10].

Moreover, it is worth pointing out here that the techniques pre-
sented in the recent studies of [11] and [12] were originally
developed for, and successfully applied to, linear systems for
which they exhibited an excellent performance. This has there-
fore provided us with ample encouragement to extend, in this
work, these techniques to nonlinear systems so that their per-
formance could be used as a baseline against which the per-
formance of our newly-developed algorithm could be directly
compared, thus providing us with a fair and reliable way to
assess the level of improvement achieved by our proposed algo-
rithm.

To emphasize more, the work in [13] is designed for linear sys-
tems and employs a linear model while the proposed work is
designed for nonlinear systems and employs a nonlinear model.
While this difference in approaches makes the comparison be-
tween both algorithms infeasible, it emphasizes the generality
of our approach in that the nonlinear approach presented in our
paper actually subsumes that of the linear approach presented
in [13]. As such, our paper ought therefore to represent a useful
and important extension of our previous work [13], which offers
wider practical applications than can be afforded with the linear
approach.

In this work, we propose a bilinear structure subspace method
for blind channel estimation of a nonlinear SIMO system. The
approach uses the intrinsic Toeplitz structure present in the
signal matrix and the block Sylvester structure present in the
channel matrix to construct a criterion that is minimized to estab-
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lish the estimates of the desired channel parameters. Simulation
results reported in this work reveal the excellent performance of
the proposed algorithm in a nonlinear environment.

Notations: The symbols ()T, ()*, O, ()~*, and T'r(), stand for
the transpose, conjugate, conjugate transpose, inverse, and the
trace operations respectively. A scalar is denoted by a, a vector
by a, and a matrix by A. || . |2 represents the Frobenius norm
operation. An a X a dimensional identity matrix is represented
by I,,, a x b dimensional zero matrix matrix is represented by
0, . The entry of A at position (2, j) is denoted by A(%, j).

II. THE SYSTEM MODEL

Let us consider a SIMO nonlinear system consisting of a single
transmit antenna, transmitting a signal s(n), and multiple receiv-
ing antennas of size N, as illustrated in Fig. 1. The received
signal vector y(n), is given as follows [14]:
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Fig. 1: The proposed SIMO system’s block diagram.

Ly, LN
y(n) = D h(k)s(n—k)+ > h(k)i(n—k)
k=0 k=0
+ wv(n), (D)
where  y(n) = [y1(n)--- yN,,.(n)]T, h(n) =

T - - - T
[ (n) by, )] and h(n) = [B(n) B, ()]
denote the output signal vector, the channel vector of linear part
and the channel vector of the nonlinear part of size N, x 1,

respectively, h;(n) and h;(n) are the channel taps of the i*"

receiving antenna and v(n) = [vi(n)- - vn, (n)] "is an
additive white noise of covariance 021, , assumed to be inde-
pendent of the transmitted signal. Ly and L, respectively,
represent the channel orders of the linear channel h(n) and
the nonlinear channels /~1(n) parts. The transmitted linear
portion of the signal input, which is considered to be an i.i.d.
complex random variable, is denoted by s(n), §(n) represents
the nonlinear portion and F' represents the nonlinear function
so that 5(n) = F(s(n),s(n — 1),...) [6,15]. In this work a
quadratic nonlinearity is considered i.e., F'(s(n)) = s%(n) due
to the fact that many real-life applications have been modeled
in this manner, amongst the popular example is the power
amplifier and the optical devices [14,16,17]. Since the proposed

Note that in our study F(.) can be considered as a general non-
linear function. Only to test the validity of the proposed work in the
sequel, we considered a second order nonlinearity.

model is linear with respect to the coefficients of the channel, a
MIMO model that has two inputs, i.e., §(n) = [s(n) 5(n)]"
can be used to represent the proposed SIMO model [14]. As a
result, the equivalent MIMO model representation is given as:

y(n)=> H(k)s(n—k)+v(n), n=0,--- ,N-1, (2)

L
k=0
where N is the signal size, the k*" channel matrix tap is denoted
as H (k) can be expressed as:

hi(k)

H(k) = 3)

and L = max{Lp,Lyr}. Assuming that N,, samples are
successfully stacked into a yy, (n) vector of M = NN,
dimension given as

yn, () =[y" () " (n—1)..y"(n— N, + DI, @
yn, (n) = Hy, 8k(n) + vy, (n), (5)
H(0) H(L) 0
Hy, = ,  (6)
0 H(0) H(L)
where 55 (n) = [87(n) 87 (n —1)..58T7(n — K + 1)]7 and

K = N, + L and Hy, represent the block Sylvester channel
matrix. Finally, one can set up the data matrix as follows:

Y = [yNu,(Nw - 1) Yn, (Nw)v YN, (N - 1)}

_ H Q (7)
=Hy,Sk + Vn,,
where
5(Nw—1)  5(Nw) 5(N — 1)
. 5(Ny—2) 5(Nw—1) --- 8N —2)
Sk = : , ) (8)
S(-L)  8(—L+1) s(N - K)

In the following sections, the manuscript maintains the following
assumptions: The input symbols are sufficiently complex to
ensure that matrix Sx has a full row rank. The block-Toeplitz
matrix H . has full column rank.

w

III. BILINEAR-SIMO NONLINEAR CHANNEL ESTIMATION
APPROACH

This section derives the proposed nonlinear SIMO bilinear
method. The method exploits the information from both the
column and row subspaces of matrix Y which are used to de-
velop a criterion that estimates the channel matrix Hy, in an
iterative manner. To implement the proposed method, the singu-
lar value decomposition (SVD) of the Y matrix is considered:
Y =UsVH. ©)
To start, let U represents a sub matrix of U that contains the
first 2K columns of U with dimension M x 2K, 3 is a sub
matrix of X that has a dimension of 2K x 2K, and V; is also
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formed by the first 2K columns of V' and has a dimension
of (N — N, + 1) x 2K. The proposed bilinear method for
nonlinear system is built by exploiting the structures of both
the columns and row subspaces of matrix Y to estimate the
channel matrix H, (or equivalently Sk the signal matrix) in
an iterative manner. In a noiseless case, the data matrix can be
expressed exactly as follows:

(10)

where VS = ESVSH . It is obvious that the expression
Hy, Sk = (U,Q) (Q_le
singular matrix Q. Therefore, the aim is to search for the matrix

Q such that Hy, = U,Q and S = Q™ 'V, (to the level of
ambiguities inherent in blind processing).

) can be satisfied by any non-

The latter equalities are only approximately satisfied in the pres-
ence of noise by minimizing a composite criterion relative to
the Hy, and Sx Sylvester and Toeplitz structure respectively
as well as the nonlinear relationship between §(n) and s(n). A
nonlinear matrix inversion (i.e., Qil) is required in such crite-
rion. Hence, an iterative approach paired with a suitable linear
approximation of matrix inverse update is proposed as

(1)

Qnew = Qold(I + 8)
ol (12)

QT:elw ~ (I - S)Qol(ll’

where Q4 and Q,,¢,, represent the current and updated value
of Q, respectively. Here, £ is used to represent correction
matrix, the matrix elements have values that are so small to
permit the linear approximation considered. The expression
for the combined cost function using(11) and (12) is given as
follows:

J(8>=J1+J2+J3+J4, (13)

where J; represents the cost function responsible for minimizing
the non zero portion of the Toeplitz structure of UsQ e, J2
minimizes the Toeplitz structure present in Q,jelwf/s, J3 is the
cost function responsible for minimizing the zero terms present
in the first row and column blocks of U,Q,,.., and Jy is to
enforce the nonlinear relation between entries 5(n) and s(n) in
Qe Vs

In the ensuing, the newly proposed cost function details are
provided, starting with:

Ji=|| JUsQora(I + E)Jo — U Qoia(I + E) Ty |1}
= [|A+AET, — AET, I},

where J,,, ja, Jy, and jb are all selection matrices that contain
ones and zeros and are used to pick the desired portion. These

The tightness of the proposed approximation is because the sub-
space method in [13] (we used for initialization) provides already a
good channel estimate that is further refined by our proposed method
using (typically) just few iterations.

are, respectively, defined as J, = [Ip—n,. Onr—n,. N, J, =

Lok—1 Oox—n)2)", Jbo = [Om—n,.n, Tn-n,)s o =
02k —1),2 Iz(K_l)}T. Also, the matrices A, A4, and A, are

found to be expressed as A = J,U,Qo1ado — JoUsQorady,
Al = JaUs Qold’ and A2 = JbUs Qold-

A first-order approximation of J; can be shown to be:
Ji~| A2 +2Re {Tr ((jaAHAl - ijHAQ)g)} ,

Similarly, the second part of the criterion (13) is given as follows
T || Jo(I ~ €)QuuVede — Ja(I — €)QuVadu IIf
~ || B +2Re {Tr ((BQBHJd - BlBHJC)S)} :

where  J. = |:IQ(K71) 02(1@1),2], J. =

T
[INwa 01,(N—Nw)] , Jg = {02(1{—1),2 I2(K—1)},

~ T
and Jy = |:0(N7Nw),1 IN—Nw:| , with B =
J.O VI, — J.Q ) V.ds, B, = Q) V.J. and
By =9Q,\V.J,.

Finally, J3 can be expressed as follows:

J3 = || JTwUSQOld(I+ 8)j'rw ||12:
+ || JaUs Qoia(I + €) T |12
~ [[CIE+IDIz
+2Re {TT ((jm,CHC'l + jchHDl)s)} :
where  J,, = [In, On,..N,N.—N,] T =
[02(Nw~—1),2(L+1) Ln,-n]", Ja = [Op-n, N, IM_NN,J
and J, = [12 02,2(K71)]T’ C = erysQoldera
Cl = erUsQold» D = JclUsQoldJcla and

Dl = JClUSQOld'

As for the last part Jy, since Sy ~ Q;jwf/s, the linear and
nonlinear parts of the matrix can be extracted using appropriate
selection matrix J. and Jy. J. is a matrix of size K x 2K
formed from the odd indexed rows of an identity matrix of size
2K x 2K, while J is formed from the even indexed rows of the
same matrix. Let S; and S5 represent the linear and nonlinear
signal matrices, respectively. Hence, they can be written as
follows:

$1=1.Qu Vem LI -OQuVe
Sy =J;Q,.,Vem Ji(I - €)Q,,,V.
Hence, J4 can be expressed element-wise as follows:
Ji = Y |F(Si(i,5)) — Sa(i, 5)I
4,7
= Y 183,4) — Sa(i. ) (15)
‘7]’

~ > (eI = €)Soali, 4))* — Tr(I = €)Soialis )|

,J
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where S,;; = Q;l}if/s. After straightforward derivations, the
first order approximation of .J4, can be written in matrix form
as:

Ju & Jy01q + 2Re {T’I”((SoldFJe + S’oldEJf)g)} (16)

where J4,old = ‘(Jegold(iaj))2 — Jfgold(i,j)|2 and
E(]7Z) - [(Jesold(iaj))Q - Jf‘gold(iaj)}*

F(j.i) = =2E(j,1)(JeSoiali, j))-

Finally, the first order expansion of J (&) is expressed as follows:
JE) =| Al +BIE+1CIE+1D Iz

ot + 2Re {Tr ((My + My + M, + M)E) |, an
where M, = J, A A, — J,A"A,, M, = B.B"J, —
B,B"j, M, = J,,C"C, + J,D"D, and M, =
SoiaF'Je + SoiqEJy. Here, to ensure that the cost function de-
creases, & is selected such that it moves in a direction opposite
to that of the gradient, according to:

E=—p(M,+M,+M. +My)", (18)

where p represents a small positive constant.

The proposed bilinear method for nonlinear systems uses the
structured channel subspace method in [13] for initialization
and few iterations are used for channel and signal matrix refine-
ment in order to improve estimation quality. The step-by-step
procedure involved in the proposed bilinear method is described
in Algorithm 1.

Algorithm 1: Summary of the proposed Bilinear method.

initialization;

Qold> Sotd

while Number of iterations <N, do
Qold = Qnew N
M,=J,A7A, — J, AT A,
M, =B,B"J;,— B,B"J,
M, = jerHcl + jchHDl
M, = SoldFJe + SoldEJf.
E=—p(M,+M,+M,+ M,"
Qnew = Qold(I + g)

Qr_wlw ~ (I - 8)_9313

Snew ~ (I - g)Sold

HNU, = Us Qnew

end

1V. COMPUTATIONAL COMPLEXITY

The proposed method’s computation complexity is compared
to the complexity of the subspace (SS) method [11] and the
structured channel subspace (SCS) method [12]. The proposed
bilinear method has the heaviest computational cost with a total
complexity of O((N, Ny, )(N — Ny)?) + O((K (N — N,,))?) +
O((N, N, K)?) due to the data matrix SVD and the fact that it
is initialized with @ from the SCS method. The next in terms

This method estimates the N, x 2 MIMO channel in (3) up to a
2 x 2 unknown matrix (see [13] for details).

of computational cost is the SCS method with a complexity
of O((N;Ny)2(N — Ny)) + O((N,N,, K)?). Finally, the SS
method has the least computational cost with O((N,. Ny, )%(N —
Ny)) + O((N,(L + 1))?). Here, O represents the order of
complexity.

V. SIMULATION RESULTS

In this section, the normalized mean squared error (NMSE) is
used as performance metric for the developed nonlinear bilinear
method (BSCS), the SS method and the SCS method are inves-
tigated via simulations experiments. In fact, the SCS and SS
methods provide partial channel estimate of the NV, x 2 MIMO
system in (2). More precisely, the estimated channel taps H (k),
k=0,---, L satisty

H(k) ~ H(k)D

where D is a 2 x 2 unknown matrix (see details in [18]). In com-
parison, our bilinear method fully estimates the SIMO nonlinear
channel up to a scalar factor (which is the inherent ambiguity
of the blind processing methods for SIMO systems) [19]- [20].
In the sequel, for comparison purpose, we remove these ambi-
guities from the channel estimates, using a least squares fitting
criterion with the exact channel matrix, before their use in crite-
rion (19).

The effectiveness of the proposed channel estimator is firstly ver-
ified by the normalized mean squares error (NMSE) of channel
estimation, which is given in dB as:

Nme 3
i=1 Hi - H ”%

\/th Z?
NMSE = 20log; TH? ,
F

(19)

where N,,. = 100 is the number of Monte Carlo runs, H =
[H(0) --- H(L)] represents the true channel employed in the

simulations, and H; represents the estimated channel at the ith
run.

The input stream s(n) is drawn from a QAM 16 constella-
tion, the nonlinear part is obtained by passing the input stream
through a nonlinear function §(n) = F(s(n)) = s*(n) and
the additive noise is white Gaussian with zero mean which is
generated for each Monte Carlo run. Throughout the simula-
tions, the input signal length of N = 100 is considered, NV, = 4
receiver antennas, a window size of NV,, = 5, and the channel is
generated randomly with an orderof Ly, = Ly, = L = 3 in
all experiments except when otherwise specified. It is crucial to
note that the nonlinear bilinear technique is iterative, with the
step size set to p = 1 x 107° in all experiments.Here, in this
work our aim was to test the superiority of our algorithm in fair
comparison with the rest of the algorithms.

The proposed bilinear method significantly outperforms the SS
method, the SCS method, and the Bayesian method as shown in
Fig. 2, with a gain of over 2dB in our algorithm’s favor.

In the next experiment, the performance of the algorithms, in-
cluding the previous linear-based algorithm (LBSCS) [13], and
the Bayesian method is investigated in terms of the symbol er-
ror rate (SER) a more discerning and a more reliable metric

2716-912X © 2025 Ecole Nationale Polytechnique
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Fig. 2: The NMSE performance versus SNR.

for this type of steady-state analysis. The results of this com-
parison are all shown in Fig. 3, and clearly demonstrate the
strong consistency between the performance of our proposed
algorithm and other previously published and related algorithms.
As shown in Fig 3, the proposed bilinear method outperforms
all the other algorithms, including our algorithm in [13] with
the worst performance, and gives it an edge in steady-state per-
formance over the other algorithms. For a 6 x 10~3 SER, a
gain of 2 dB in favor of the proposed algorithm against the SCS
method is achieved. Consistency in performance of the pro-
posed algorithm is maintained in all the experiments performed
in this study even the Bayesian method was outperformed by the
proposed algorithm. The proposed method requires the longest
computation time among the evaluated techniques, primarily
due to the joint estimation of signal and channel subspaces and
the iterative refinement process. The Bayesian method follows,
exhibiting moderate computational time. In contrast, both the
SCS and SS methods are computationally efficient, with execu-
tion times significantly shorter than those of the proposed and
Bayesian approaches.

was designed to take care of any nonlinearity in the system. This
was achieved by introducing a new term in the minimization
procedure as to tackle the system’s nonliearity. The algorithm
performs better than the considered methods in terms of NMSE
and SER. To examine how well the proposed algorithm per-
formed, several scenarios were examined.

Overall, the proposed method outperformed other methods at
the expense of a moderate computational load which is mainly
due to the involvement of the iterative procedure.
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Implementation of Finite Control Set Model
Predictive Control (FCS-MPC) for Five-Phase
Induction Motors

Abdelfattah Hoggui, Ali Benachour, Mohamed Chafaa Madaoui, and Mohand Oulhadj Mahmoudi

Abstract—This paper investigates the study and practical implementation of Finite Control Set Model Predictive Control
(FCS-MPC) for a five-phase induction motor powered by a two-level, five-phase voltage source inverter. Multiphase
systems present notable benefits over conventional three-phase configurations, including improved fault tolerance,
enhanced torque production, and minimized harmonic distortion, making them well-suited for demanding applications.
FCS-MPC operates by directly predicting and selecting the optimal control action at each sampling instant, eliminating
the necessity of a modulation stage and offering fast dynamic response. The proposed control approach is designed and
validated through experimental testing, assessing key performance indicators such as speed tracking, torque ripple, and
current distortion under both transient and steady-state conditions. The experimental results demonstrate the effectiveness
of FCS-MPC in ensuring precise and efficient control across various operating scenarios, making it a viable alternative for
multiphase motor drive applications.

Keywords—five-phase induction motor, two-level five-phase voltage source inverter, finite control set model pre-

dictive control (FCS-MPC).

I. INTRODUCTION

In recent years, multiphase motor systems have gained in-
creasing attention due to their potential for enhanced perfor-
mance, reliability, and efficiency in various industrial applica-
tions. Among these, five-phase induction motors have emerged
as a viable alternative to conventional three-phase machines, of-
fering key advantages such as improved fault tolerance, reduced
torque ripple, and lower harmonic distortion. These characteris-
tics make five-phase systems particularly suitable for demanding
applications, including renewable energy generation, electric
transportation, and high-precision industrial drives [1-6].

The unique benefits of five-phase induction motors have driven
researchers to extend and adapt control strategies originally
developed for three-phase systems to these advanced multiphase
configurations [7-20]. One such technique is Finite Control
Set Model Predictive Control (FCS-MPC), which has gained
prominence as an alternative to conventional control methods
due to its ability to directly predict and optimize switching states
at each sampling interval [21-25].

FCS-MPC is based on a predictive control that utilizes the math-
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ematical model of the system to estimate future states and min-
imize a predefined cost function. This approach allows direct
control of stator currents, torque, and flux without requiring co-
ordinate transformations or pulse-width modulation (PWM). By
continuously evaluating the impact of different switching states,
FCS-MPC ensures fast dynamic response, improved transient
performance, and precise control of electromagnetic variables,
making it an attractive solution for multiphase motor drives.

This paper is structured as follows: Section II presents the mod-
eling of the five-phase induction motor, followed by the mathe-
matical formulation of the two-level five-phase voltage source
inverter. Section III introduces the principles of FCS-MPC and
its application to five-phase motor control. In Section IV, ex-
perimental results are analyzed to evaluate the performance of
FCS-MPC under various operating conditions. Finally, Section
V concludes the paper with key findings and potential research
directions.

II. MODELING OF THE FIVE-PHASE INDUCTION MACHINE

The mathematical representation of five-phase induction ma-
chines is derived from their distinct winding configuration and
electromagnetic characteristics. To simplify the modeling pro-
cess, the following assumptions are considered in this work [13]:

* The magnetic circuit operates within a linear region, ne-
glecting saturation effects and assuming constant perme-
ability.

¢ The magnetomotive force (MMF) distribution and the re-
sulting air-gap flux are considered sinusoidal.

» Hysteresis, eddy current losses, and skin effect are dis-
regarded, focusing the model solely on electromagnetic
interactions.
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* A uniform air-gap thickness is assumed to facilitate the
magnetic circuit analysis.

Five-phase induction motors have five stator windings that are
symmetrically arranged with a spatial displacement of 2?” . The
corresponding arrangement is shown in Fig. 1

el 720

---- AIR GAP

Fig. 1: Winding arrangement of a five-phase induction machine.

The equations describing the voltage and flux linkage for the
stator and rotor phases are presented as follows:

d
Vs =Rl + @,

dt (1)
q’s = LsIs + Lerra
V., =R, I+ i‘I‘ — jw, P
T T dt T ] T T (2)

®, =L,I, + LI,
where:

* 'V, and V, are the stator and rotor voltages,
e I, and I, are the stator and rotor currents,
e &, and P, represent the stator and rotor flux linkages,

* R,,R,, L, L,, L., and L, are the stator and rotor
resistances, self-inductances, and mutual inductances,

* w, is the rotor speed.

While these equations provide an accurate representation of
the machine in the natural (a — b — ¢ — d — e) coordinate
system, the presence of time-varying coefficients complicates
their use in control applications. To facilitate implementation,
the stator and rotor equations are transformed into the (v — 5 —
x — y — z) reference frame using Park’s transformation. This
transformation simplifies the control structure by decoupling
the torque-producing (cv — ) components from the (z — y — z)
components, which do not contribute to electromagnetic torque
production. The resulting equations in the transformed domain
are given by:

as

d
Vas = RsIas +
3)

d®gss
Vﬁs = Rslﬁs + —bs

Dy,
ar TP

The electromagnetic torque generated by the five-phase induc-

tion machine is expressed as:

5
T, = ip ((baslﬂs - (I)Bs-[as) 5 (4)

where:

» T, represents the electromagnetic torque,
* p denotes the number of pole pairs,
* &, and ®p, are the a-f axis flux components,

* I,s and Ig, correspond to the a-f3 axis current compo-
nents.

This model serves as a foundation for implementing advanced
control strategies suitable for five-phase machines. By focus-
ing on the torque-generating «-3 components, the effects of
the non-torque-producing (z — y — z) components are disre-
garded. Although these additional components may introduce
extra losses in the machine [9, 14—17], studies have shown that
their impact is negligible in practical applications. Therefore,
for the sake of simplicity, these losses are not considered in this
work. The developed model provides a structured framework for
implementing predictive control techniques, particularly FCS-
MPC, which relies on the discrete-time representation of system
dynamics to optimize control performance.

III. Two-LEVEL FIVE-PHASE INVERTER

Fig. 2 presents the topology of a two-level five-phase inverter,
which serves as the power source for the stator windings of the
five-phase induction motor considered in this paper.

Fig. 2: Topology of the two-level five-phase inverter.

The inverter is composed of five legs, each incorporating two
insulated-gate bipolar transistors (IGBTs) operating in a com-
plementary switching scheme. This configuration results in 32
distinct switching states. Each switching state corresponds to
a specific space voltage vector, forming a set that includes two
zero vectors and thirty active vectors with different magnitudes.
The spatial distribution of these voltage vectors in the o« — 3
plane is depicted in Fig. 3.
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4 f —axis (3

> @
V,s a—axis

Fig. 3: Space voltage vector of the two-level five-phase inverter
in the o — 3 plane.

IV. FINITE CONTROL SET MODEL PREDICTIVE CONTROL
FOR A FIVE-PHASE INDUCTION MOTOR

Fig. 4 presents the schematic representation of the FCS-MPC
applied to a five-phase induction motor. It outlines the main
components of the control loop, including the predictive model,
cost function evaluation, and selection of the optimal switching
states.

¥ o Sa
w Speed controller : s_ o . . Se 4‘
Cost function minimization [
Df ———p| E:
—> F‘ phi
T(k+1) T T ‘l!:w‘ 1)

Torque and flux
prediction

T e

Stator and rotor
flux estimation

€

Vsa

Five-phas:

Induction t{ONS:
Motor

in a reference frame rotating at an arbitrary speed w, is trans-
formed into the stationary (a-f3-x-y-o) reference frame. For
implementation in a digital controller, the system is then dis-
cretized using a sampling period 7. To simplify computations,
only the torque-producing a-8 components are considered in
this work. The discrete-time expressions for the stator flux
linkages are formulated as follows:

TS (Vsa[k] - RsIsa[k])
T, (Valk] — RsIp[k])

sa [k

¢ ] = (I)sa[k} (5)
(I)sﬁ[k =0

+1 +
+1] +
Similarly, the rotor flux linkage equations in discrete form are
given by:

T
ol 1] = (1 ) 0]+ T,
R’I”TSLm
+ Lo [K]
L,
7 (6)
gl 1] = (1= 55 ) @0 - Tl
R’I”TSLm
T Ll

The rotor currents can be expressed in terms of the rotor flux
linkages as:

Dok + 1) — LinIsa[k + 1]

Lok +1] = 7
. (N
D5k + 1] — Ly Isglk+1
Lalk + 1] = sl +}L slk+1]

The stator flux linkages in relation to the stator and rotor currents
are expressed as:

Dok + 1] = Lolso [k + 1] + Ly Lo [k + 1] ®
(0]

sglk + 1] = LeIsglk + 1] + L I glk + 1]

The stator currents are then updated using the following rela-

Fig. 4: Schematic diagram of the FCS-MPC control strategy.

For five-phase induction motor control, FCS-MPC employs a
predictive approach based on the motor’s mathematical model
in the stationary reference frame. The controller forecasts fu-
ture states, such as stator currents and both stator and rotor flux
linkages, by considering different inverter switching states. The
predictive process relies on discretizing the motor’s dynamic
equations and using these discrete models to estimate system
behavior over a short prediction horizon. At each sampling step,
the controller evaluates all possible voltage vectors (correspond-
ing to the five-phase inverter’s switching states) and calculates a
cost function that includes terms for tracking errors [18].

The continuous-time model defined in system ( 3), expressed

Xa [k] = RLU <I:_:‘I>m[k] + krwm®@rp [k]>
Xglk] = Rig <I7€_:<I>r5[k] krwmém[k]>
alt 1] = (14 ) Lalb] + 2 (Xalk] + VK]

T s
Lol 1) = (14 72) Lolk] + 22 (sl + Vi)
where:
co=1-
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* w,, is the mechanical angular velocity.

The predicted electromagnetic torque at the next time step is
computed using:

Tlb1] = 2p (@aalh + 11Tuslk + 1] = ok + UTaal + 1)
(10)

To achieve precise control of the motor, the cost function in
this study aims to minimize errors in torque and stator flux,
formulated as:

J:)\T |Te[k+1]_1—|ref‘+)\<b|q)s[k+l]_q)s,ref| (11)

where:

* Ar and \g are weighting factors for torque and flux errors,
respectively.

o T.[k + 1] is the predicted electromagnetic torque at the
next time step.

o Tt is the reference torque.
e @[k + 1] is the predicted stator flux magnitude.

* d, . is the reference stator flux magnitude.

The control algorithm evaluates all 32 possible switching states
and selects the one that minimizes the cost function. This opti-
mization ensures minimal tracking error and efficient control.

V. EXPERIMENTAL RESULTS

Fig. 5 illustrates the experimental test bench utilized for im-
plementing the Finite Control Set Model Predictive Control
(FCS-MPC) strategy on a five-phase induction motor. The setup
consists of a transformer supplying a rectifier, which delivers a
DC voltage. This DC voltage powers two two-level three-phase
inverters configured to supply the five-phase induction motor.

The five-phase induction motor is mechanically coupled to a
DC generator, which serves as the load. The load level can be
adjusted using a variable resistor connected to the DC generator,
enabling precise control of the operating conditions.

The FCS-MPC control algorithm is implemented on a dSPACE
1104 control board, which interfaces with the system for real-
time control and data acquisition. A current measurement circuit
is integrated into the setup. Additionally, an incremental encoder

A. Hoggui et al.: Implementation of FCS-MPC for Five-Phase Induction Motors

Five-Phase Induction
Motor (3.5 kW)

Current

Measurement Circuit Two-Level Inverter

DC Generator (2 kW)

dSPACE
1104
Control
Board

Resistors.

Fig. 5: Experimental test bench used for FCS-MPC implemen-
tation.

is used to measure the motor’s rotational speed, providing essen-
tial data for the closed-loop control system. The parameters of
the five-phase induction motor used in this setup are presented
in a table in the appendix.

To evaluate the performance of the FCS-MPC strategy applied
to the five-phase induction motor, two experimental tests were
conducted under varying speed conditions while maintaining
a constant load. In the first test, the reference speed was in-
cremented from 50 rad/s to 200 rad/s in steps of 50 rad/s and
subsequently reduced from 200 rad/s to 150 rad/s under the
same load conditions. In the second test, the reference speed
was varied to assess the system’s performance during speed
reversals: it started at 50 rad/s, increased to 100 rad/s, and then
decreased to —150 rad/s in steps of 50 rad/s.

The results, presented in Fig. 6 and Fig. 7, provide insight into
key electromagnetic parameters, including the reference and
actual speed, the electromagnetic torque and its reference, as
well as the flux magnitude and its reference.

Fig. 6(a) and Fig. 7(a) show that the rotor speed closely follows
its reference, with minimal overshoot during acceleration and
deceleration. The motor smoothly transitions between speed
levels, highlighting the capability of the FCS-MPC strategy in
ensuring fast and precise speed adjustments.

Fig. 6(b) and Fig. 7(b) shows that the electromagnetic torque
closely follows its reference, with minimal ripple in both for-
ward and reverse rotational directions. In steady-state operation,
the torque ripple varies depending on the reference speed.

Fig. 6(c) and Fig. 7(c) illustrate that the path of the stator flux
forms an almost perfect circle, demonstrating that it has a consis-
tent magnitude with minimal ripple in both forward and reverse
rotational directions, as confirmed in Fig. 6(d) and Fig. 7(d).

Fig. 8 illustrates the electrical performance of the FCS-MPC
strategy at constant speed. It presents the inverter’s output
voltage along with its harmonic spectrum, as well as the stator
current and its corresponding harmonic spectrum.

The results show that the total harmonic distortion (THD) of
the inverter’s output voltage is notably high due to the vari-
able switching frequency of the FCS-MPC strategy. On the
other hand, the stator current THD is significantly lower, bene-
fiting from the filtering effect of high-frequency harmonics, a
characteristic effect of the inductive properties of the induction
machine. Additionally, during speed variations, peak current
values reach SA.
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Fig. 6: Experimental results of FCS-MPC: (a) Rotor speed
and reference speed, (b) Electromagnetic torque and reference
torque, (c) Stator flux trajectory, and (d) Stator flux magnitude
with its reference.

100
15
50 10
) 5
30
50 S s
100 10
15

150

0o 1

— 7.

Torque (Nm)

Speed (rad/s)

2 3 4 5 8 7
Time (s)

8 9 10 0 1 2 3 4 5 6§ 7 8 9 10

Time (s)

1
08
08
04
5 02 =
B B
Z 0 =05
% 0 E)
04
06
-
08 01
— ¢}
1 0
w5 0 05 1 0 1 2 3 4 5 6 7 8 9 10
4, (W0) Time (5)

Fig. 7: Experimental results of FCS-MPC : (a) Rotor speed
and reference speed, (b) Electromagnetic torque and reference
torque, (c) Stator flux trajectory, and (d) Stator flux magnitude
with its reference.
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Fig. 8: Experimental results of FCS-MPC: (a) Inverter output
voltage, (b) Harmonic spectrum of the inverter output voltage,
(c) Stator currents, and (d) Harmonic spectrum of stator currents.

VI. CONCLUSION

This paper demonstrates that the Finite Control Set Model Pre-
dictive Control (FCS-MPC) strategy, originally developed for
three-phase induction motors, can be effectively applied to five-
phase induction motors. The implementation of FCS-MPC in
five-phase systems has yielded promising results, confirming
its capability to achieve precise control and stable performance
under varying speed conditions.

For future work, further investigation into the impact of the x-y
components, which are unique to five-phase induction motors,
could help minimize losses and enhance the control strategy.
Additionally, extending predictive control techniques to account
for fault conditions in five-phase systems would enable full ex-
ploitation of their inherent advantages, improving performance
and reliability across various industrial applications.

APPENDIX

Table. I
FIVE-PHASE INDUCTION MOTOR PARAMETERS

Parameter | Value Parameter Value
Prom [KW] 3.5 Thom|[ N.m.] 12.7
R[] 9.5 R[] 7.3
L4[H] 1.389 L,[H] 1.331
L,,[H] 1.323 | Pole pair number 1
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Geotechnical Characterization of Soils for Road
Construction Along Textile Mill Road, Benin City,
Nigeria
David Idiata, Ngozi Kayode-Ojo, and Solomon Okonofua

Abstract- This paper presents a geotechnical characterization of soil samples to evaluate their suitability for road
construction. Laboratory tests, including specific gravity, sieve analysis, compaction, Atterberg limits, and California
Bearing Ratio (CBR), were conducted to assess engineering properties. The results highlight significant variations in
particle density, gradation, plasticity, and load-bearing capacity, which critically influence subgrade stability and
pavement performance. The findings demonstrate that soils with higher specific gravity and well-graded particle
distribution exhibit superior compaction characteristics and reduced moisture susceptibility. Lower plasticity indices
correlate with enhanced stability under wet-dry cycles, minimizing long-term maintenance needs. CBR tests further
reveal that soils with minimal strength loss under soaked conditions are more resilient, ensuring durability in moisture-
prone environments. The study underscores the importance of selecting soils with optimal gradation, density, and
plasticity to achieve cost-effective and sustainable road infrastructure. Practical implications for construction practices,
including moisture control and stabilization requirements, are discussed, providing actionable insights for engineers and
project planners.

Keywords- Geotechnical characterization, Soil properties, Road construction, California Bearing Ratio (CBR), Atterberg

limits, Compaction
L INTRODUCTION

Geotechnical characterization of soils is an important step in
the successful design and construction of road infrastructure,
especially in areas with a wide range of soil types and difficult
environmental conditions. This study looks at the geotechnical
evaluation of soils along Textile Mill Road in Benin City,
Nigeria. This road is an important transportation route that has
had problems with its pavement breaking down because the
soil was not properly assessed and the construction was not
done right. This study is unique because it uses both
traditional and geotechnical testing methods to describe the
subgrade soils along this specific corridor. This gives a full
picture of how the soils behave when they are under traffic
and environmental loads (Amadi et al., 2022 and Ezeh et al.,
2023). This study is different from others that have been done
in the area because they often used broad soil classifications.
This study, on the other hand, looks at the geology and climate
of Benin City in a way that is specific to that area. By doing
this, it fills in a major gap in localised geotechnical data,
which is necessary for building roads in Nigeria's rapidly
growing urban areas in a way that lasts.
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The fact that road infrastructure in Benin City keeps failing
shows how important this study is. This is often blamed on
using the wrong soils and not doing enough geotechnical
investigations. The Textile Mill Road, like many others in the
area, goes through places with ve