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Nonlinear Model Predictive Speed Control of
Electric Vehicles Represented by Linear
Parameter Varying Models with Bias terms

Navid Vafamand, Mohammad Mehdi Arefi*, Senior Member, IEEE, Mohammad Hassan Khooban,
Senior Member, IEEE, Tomislav Dragicevi¢, Senior Member, IEEE, and Frede Blaabjerg, Fellow,
IEEE

Abstract— This paper investigates a novel approach to design a
nonlinear optimal model predictive controller for the speed control
of constrained nonlinear electric vehicles (EVs). The proposed
approach employs a linear parameter varying (LPV) model
including bias terms and a model predictive scheme. The controller
design conditions are derived in terms of linear matrix inequalities
(LMIs), which can be solved through convex optimization
techniques. Due to considering bias terms in the system dynamic,
the proposed approach can be regarded as the general case of the
existing results. Furthermore, practical limitations on the
amplitude of the input signal are considered and formulated in
terms of LMIs. An electric vehicle dynamic with bias term is
presented and hardware-in-the-loop (HiL) real-time and
experiments are carried out to illustrate the effectiveness and
merits of the proposed approach over the existing results.

Index Terms— Nonlinear light-weighted electric vehicle,
nonlinear model predictive control, linear parameter varying
(LPV), linear matrix inequality (LMI), practical constraint.

I. INTRODUCTION

N recent years, because of global fuel supply, pollution

issues and global warming, zero-polluting electric vehicles
are a rapidly growing technology for energy management and
environmental protection. The Light-Weighted Electric
Vehicle (LWEV) has emerged as a promising alternative to
improve fuel economy while meeting the tightened emission
standards [1]-[4]. The LWEYV is used in several applications
including short-range transportations [5] A lot of work has
been reported in the literature for reducing the energy and cost
and increasing driving ranges in order to improve the
performance of the energy management system [6]-[9]. Direct
Current (DC) power is supplied by a battery and can provide
larger startup torque. Consequently, a DC motor-based LWEV
is known as a suitable choice and several DC motor-based
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EVs have been produced in the industry [10]. Furthermore, the
DC motors have an effective operation as a braking device due
to their fast torque response characteristics [11].

Several control approaches are presented for set-point
stabilization and reference tracking of the speed control of
nonlinear electric vehicle systems. In [12], a linear quadratic
controller was presented for hybrid electric vehicles by
controlling the throttle position. However, employing a linear
controller for nonlinear systems reduces the performance of
the closed-loop system. In [6], a probabilistic fuzzy neural
network was proposed for a six-phase permanent magnet
synchronous motor for LWEV. In [13], a fuzzy model-based
controller was designed to control the speed of a permanent
magnet synchronous motor and also experimentally tested. In
[14], a fuzzy model-free controller was proposed for the wheel
slip of electric vehicle's antilock braking systems. In [15], a
new method based on stochastic drive cycles was developed
for control optimization of an electric vehicle system. A robust
adaptive sliding mode controller for uncertain hybrid electric
vehicle systems was studied in [16]. Recently, a backstepping
scheme was proposed for speed control of the electric vehicle
systems [11]. Since the nonlinear dynamics of electric vehicles
are not in the form of a strict feedback structure, a nonlinear
mapping was first introduced. Then the backstepping
controller was considered for reference trajectory issue of the
electric vehicle speed. In [17], a feedback linearization method
was proposed for the LWEV system. In this approach, the
linear closed-loop system was stabilized by an LQR control
scheme. In [18], an interior permanent magnet synchronous
machine (IPMSM) based EV is controlled via an adaptive
neural network method. It is assumed that the parameters of
the IPMSM are unknown and an adaptive scheme is presented
to assure the closed-loop stability and reference tracking
through the Lyapunov stability theory. In [19], a terminal
sliding mode control method is developed for the speed
control of a hydrostatic heavy EV. The ramp angle is
estimated by a disturbance observer and used in the controller
design. However, in the above control methodologies, the
practical limitations including the limited amplitude of the
control input were not considered in the controller design
procedure. Therefore, the performance of the mentioned
controllers is decreased in the presence of practical
constraints.

Besides the above-mentioned approaches in controlling the
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speed of EV systems, model predictive control technique
(MPC) is an appropriate method, which effectively handles the
constraints and addresses different challenging control
problems such as disturbance rejection [20]-[23]. Based on
the (Takagi-Sugeno) T-S or LPV models, nonlinear MPC
(NMPC) is employed to DC microgrids [24], [25], active
suspension systems [26], and chemical reactors [27], [28].
Recently in [29], [30], we proposed a nonlinear model
predictive control for continuous-time T-S fuzzy systems
based on a non-quadratic Lyapunov function and a non-
parallel distributed compensation scheme and is applied to an
EV system. However, considering the Lyapunov-based
stability constraints can increase the computational burden of
solving the online optimization problem and requires an
analogous measurement of the system states. Furthermore, in
most of the LPV-based MPC techniques in the literature, bias
terms in the state space representation are not considered [26]—
[33].

This paper develops a novel control strategy for the speed
control of the constrained electric vehicle systems. A
nonlinear model predictive control scheme under constraints is
studied and formulated in terms of Linear Matrix Inequalities
(LMIs). The proposed approach is based on an LPV model
with bias terms. Firstly, the LPV model is used to exactly
represent the nonlinear electric vehicle dynamics. Then, a
model predictive scheme is proposed. The conditions
associated with the model predictive controller design and the
desired constraints are reformulated in terms of LMIs and
solved by the numerical convex optimization approaches.
Furthermore, controller design conditions are presented to
force the system states to converge to their desired references
on a finite horizon. Since the EVs comprise non-smooth
functions originated by the friction forces; an exact polytopic
LPV modeling of such systems is not possible. Therefore, the
existing LPV-based MPC techniques lead to undesired closed-
loop performance. The main advantage of our approach is that
we consider a wider class of nonlinear state space LPV system
and extend the existing results to this class of systems. This
class of system can be used to exactly model non-smooth
functions and, thereby, the proposed MPC method can be
directly applied to the EV systems. To illustrate the
advantages of the proposed approach over the recently
published papers in the presence of practical constraints, the
nonlinear model predictive, backstepping and feedback
linearization controllers are applied to a nonlinear electric
vehicle and the obtained experimental results are compared.

This paper is structured as follows: In Section 2, the
nonlinear dynamics of the LWEV and its LPV model are
proposed. In Section 3, the LMI formulations of the nonlinear
predictive control problem are discussed. Experimental results
are illustrated in Section 4. In the last section, the concluding
remarks are given.

Il. LIGHT-WEIGHTED ELECTRIC VEHICLE SYSTEM AND ITS
LPV MODEL

In this section, first, the description of the electric vehicle
will be given in detail. Then, the equivalent LPV
representation of the EV will be proposed.

A. The Electric Vehicle Model

Fig. 1 presents the schematic of an EV, which contains the
balance among the rolling resistance F,.,., aerodynamic drag
F,4, hill climbing F,,., and acceleration F,. forces, exposed on
a moving vehicle.

Fig. 1. The general scheme of light-weighted EV.

Take these factors into consideration, the total effective
forces of vehicle dynamics, which control the kinetics of the
wheels and vehicle can be considered as [29]:

Aerodynamic Drag Force Acceleration Force

Rolling Resistance Force Hill Climbing Force

where .. is the rolling resistance coefficient, m is the mass of
the electric vehicle, g is the gravity acceleration, p is the air
density, A is the frontal area of the vehicle, C; is the drag
coefficient, v is the driving velocity of the vehicle, and ¢ is
the hill climbing angle. This resultant force F will create a
counterproductive torque to the driving motor, which is
illustrated by following formula [30],

re
T,=F () )
where 1, is the tyre radius of the electric vehicle, G the gearing
ratio and the driving motor produced T, the torque.
B. Dynamics of the Electric Vehicle

An EV system comprises the vehicle and motor dynamics.
The DC motor is with serial connected armature and field
windings and it is linked to the electric vehicle through the
transmission part which includes the gearing system.
Consequently, the actual speed of the electric vehicle is
controlled by tuning the speed of the DC motor. The overall
dynamic model of the EV system can be written as follows
[11], [29]:

dw 1
—=—
“ Vem(@)
1 %\’ ;
(urrmgcosq) + /2 pAC, (E) w° + mgsm(p)}

di 1 , ,
a = <7La n Lﬂ-eld> {u — (Ra + Rf)l - Lafl(l)}

@)
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where w is the motor angular speed and i is the armature
current. Furthermore, Lq, Ry, Lyieiq and Ry are the armature
inductance, armature resistance, field winding inductance and
field winding resistance, respectively. Also, B is the viscous
coefficient, J is the inertia of the DC motor, u is the control
input voltage, and L, is the mutual inductance between the
armature winding and the field winding [11].

C. LPV Representation of the Electric Vehicle

By exerting some simplifications on (3) and considering a
small hill cIimbing angle to approximate cosg = 1, one has

5(1 m + KZ {K3x2 K4x1 - stf - K6m - K7Sln(p } (4)
J’Cz = _stZ Kgxle + Klou
y=Xx

where x = [x; x,}7 = [w i]7 is the state vector, y is the
G\?2 G\?2
output. Also, K; = (r—) , K, = (r—) ], K3 =Lgs, K, =B,

3
Ks = 05pAC, (%), Ko = (%) g, Kr= (%) mg, K=
(Ra"'Rf) Laf 1
(La+Lp)’ (Lat+Lg)' and Ky = (LatLf)
dynamic equations (4) consist of three nonlinear terms (i.e. x2,
x? and x;x,). Since the states are bounded, they vary in the

The nonlinear

9 =

interval x; € [—Xjmin Ximax] fOr i = 1,2. By defining the time
varying parameters as
( xlmax )( meax )
91 = ;
xlmax xlmm meax X2min
( X1imax — )( — X2min )
92 =
xlmax X1min Zmax x2mm (5)
0. = ( — X1min )( X2max — )
3 =
X1max — X1min x2max X2min
( X1 — X1min )( — X2min )
94 =
X1max — X¥1min/ \X2max — X2min

the following LPV model of (4) is obtained:

x—ZQ{Ax+Bu+E + D;v}

Z@Cx

where x = [x1 xz] , v = sing, and

(6)

_ K1K4- + Klezlmin K1K322min
A = m+ K, m+K, |[;
—KoZymin —Kg
_ K1K4 + Klezlmin K1K322max
A, = m+ K, m+K, |[;
_K9ZZmax _KB
_ KiKy + KiKsZymax  KiKsZomin
Az = m+ K, m+K, |;
—K9Zomin —Kg
_ KKy + KiKsZymax  KiKsZomax
Ay = m+ K, m+K, |[;
_K922max 0 _KB

C1=C2=C3=C4=[1 0J;

—K;Kgm
m+K, |,
0
—KiK;
m+K,|

0

As it can be seen in (6), the nonlinear dynamics of the EV
are modeled by a polytopic LPV model with 4 sub-systems,
which are dynamically weighted by time varying parameters
; for i =1, ...,4. The time varying parameters are continuous
and functions of the system states. Furthermore, the LPV
representation is obtained for the region R € {x|x; €
[—Ximin Ximax] fori=1,2}. The lower and upper bounds
can be selected based on the physical constraints of the EV.
The DC motor of a practical EV can be supplied with a limited
amplitude of the current and the overall EV has a limited
velocity. Considering such constraints, the LPV system will be
obtained. The sub-systems of (6) are linear and thereby, one
can conclude that the polytopic LPV systems provide a
nonlinear state-space representation, which is somehow affine
with respect to the states.

E1=E2=E3=E4=

D1=D2=D3=D4=

I1l. THE LPV-BASED MODEL PREDICTIVE CONTROL
SCHEME

MPC is a popular method, which utilizes a model to predict
the future behavior of a system over a specific prediction
horizon [34]-[36]. At each time step, an online optimization
problem is solved to obtain the control signal. The online
calculation can be carried out by a quadratic optimization or
the LMI numerical techniques, which are powerful tools for
solving the control problems that do not have analytical
solutions [37]-[39]. The main theoretical results of the MPC
related to the stability come from a state space formulation,
which can easily be extended to nonlinear processes [40].
Nonlinear MPC techniques can be formulated in terms of
LMIs by considering the T-S or LPV modeling [27], [41]. In
this section, a nonlinear model predictive controller based on
the LPV model will be studied. Consider the following
discrete-time LPV system W|th bias term:

lx(t+1)—ZHAx(t)+ZHBu(t)+ZHE

= Agx(t) + Bgu(t) + Eg (7)

ly(t) - Z 6,Cx(t) = Cox(t)

where E, |s the bias term and the following cost function [40]:

Np
TN M) = ) SDIICE +110) = wie + DI?
=, ®)

£ AP+ - DI

where N, and N, are the prediction and control horizons,
respectively, and J(t + j|t) is the optimal j-step ahead
prediction of the output and w(t + j) is the function of future
reference. The coefficients §(j) and A(j) determine the
weights of the tracking error and the energy effort terms in the
cost function (8), respectively. Generally, there is a tradeoff
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between the tracking error and the energy of the control input.
If high values of &(j) for j=1,..,N, are selected,
minimizing the tracking error will be primitive. Thereby, the
controller is designed so that it better minimizes the tracking
error. On the other hand, if the coefficient A(j) is chosen large,
then the impact of the term control input energy in the
optimization is enlarged. Therefore, the controller is designed
so that it better minimizes the tracking error.

In order to obtain the control inputs u(t+j—1), it is
necessary to minimize the cost function J given in (8). To do
this, the values of the predicted outputs $(t + j|t) are
calculated as a function of the past values of the system
characteristics and future control signals by using the LPV
model (7) substituted in the cost function. The predictions are
calculated as

CoEo 7
[ Code ] Co(l + Ag)Eg
CoAj | d |
Y = : x(t) + | Mp-1 |
Yl i
i=0
|' Cng 0 ]
Co(Ag)B 0
[ o E9) ) . v
CoAy’ By CoBy
where Y = [9(t+1]0) (¢ +2]t) ... 9(t+N,|t)]" and

=[u@®) u+1).. ult+ N, —1)]". Equation (9) can be
expressed in a vector form as

Y =W+ 0U (10)
where
[ Ceba ]
[ Codo ] Co(l + Ag)E,
CgAé :
v= o |x(@) +| Np—1 |’
N.
ol | Z caA;EeJ
CoBy .
_ lCe(Ae)Be o ‘
N: » . : '
CoAy’ "By CoBy

Rewriting the cost function (8) in a vector representation,

yields
J(Ny, N,) = (Y =W)TAY — W) + UTAU (11)
where =[w(t+1) wt+2) .. w(t+ Np)]T, A=
diag{5(1),8(2), .. 5(N,)} and
A = diag{(1),A(2), ..., A(N,)} with diag{.} stands for a
diagonal matrix. By substituting (10) into (11), one has
J(Ny,N,) =UTHU + KU + UTKT + G (12)

where

H=0TA®+A>0; K= —-W)"A0;
G= W -WTAWY -W).

The optimization problem is now to minimize J with respect
to U, subject to constraints. To address this issue, an upper
bound J* is introduced and minimized through the convex
optimization approaches.

J(N,, N,) =UTHU + KU+ UTKT + G < J* (13)

Applying the Schur complement [42] on (13) results in:
J*—G—KTU +UTKT UT (14)
U
In the following, the constraints on the saturated control
input will be derived in terms of LMIs. Consider the following
constraint on the amplitude of the control signal:

fmin(t-l_j - 1) < u(t +j_ 1) < fmax(t +j_ 1)

>0

for j=1,..,N, +1. (15)
The constraint (15) can be formulated as follows:
i Emin <IU < Epax (16)
or equivalently

=[]

=1 ~“min
where Emax = [Emax(t)' ey Emax(t + Nu)]Tv Emin =
[Emin(©), «ors Emin(t + N)]T and I is the identity matrix with

appropriate dimensions.

Remark 1 (advantages of the proposed approach): By
comparing the proposed MPC-based method with other
nonlinear control methods, one can conclude that:

1. The proposed approach is more robust against the system
uncertainty which is evident from the simulation results.
The reason is that the future behavior of the plant is also
considered in the controller design; and at each step, an
online optimization is performed to design the optimal value
of the control input.
2. The proposed approach can effectively handle input
constraints such as actuator saturation. However, the other
conventional methods lead to conservative results. Because,
the proposed approach deploys the online numerical
techniques and at each instant, the constraints are well-
considered in the controller design.

These merits are some of the main advantages of the model
predictive controller over the conventional controllers
including the backstepping [11], sliding mode [16], and
feedback linearization [17] methods. Additionally, in recent
years some predictive controllers are presented for the EV
case study [29], [30]. In [29] and [30], an infinite prediction
horizon scheme is considered and at each step, the gains of a
nonlinear state feedback controller are computed. These
approaches have three main drawbacks:

1) Considering an infinite prediction horizon increases the

computational burden of the online calculations.

I)The structure of the presented controllers (i.e. state

feedback) is complex and it needs an analogous

measurement of the EV’s states.

I11) The approaches [29] and [30] are applicable to those

systems with smooth nonlinear terms and infinite norm-2

disturbance inputs. However, the mechanical part of an EV
comprises frictions, which are smooth and modeled by
signum functions. Also, a hill climbing angle, which is
mainly considered as disturbance is better described by an
infinite norm-co specification. Therefore, one needs to
approximate the non-smooth functions by the smooth ones

to deploy [29], [30]. Furthermore, both approaches [29],

[30] consider the hill climbing angles as zero (same as [11]

and [17]) to design their controllers.

However, the proposed approach handles these difficulties
by considering a finite prediction horizon and a simpler
structure of the controller. The proposed controller is not a
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state feedback one and each step, the optimal value of the
control input is directly designed. Moreover, by considering a
nonlinear bias term in the system dynamic (i.e. Y/_; 6;E; in
(7)), a novel predictive controller is proposed, which is
explicitly applicable for non-smooth functions and amplitude
bounded disturbances; and thereby the proposed approach is
more suitable than the existing state-of-the-art MPCs for the
EV case studies.

IV. EXPERIMENTAL RESULTS

In this section, the proposed controller is applied to the
nonlinear electric vehicle. To evaluate the efficiency of the
proposed nonlinear model predictive controller, the obtained
results are compared with the backstepping controller [11],
feedback linearization [17], and TS-MPC [43] which are the
latest researches in the present problem.

Four cases are considered. In the first case, the hill climbing
angle is set to zero and the tracking performances of the
mentioned control laws are investigated. In the second case,
for a constant speed reference, the hill climbing angle changes
and the robustness of the controllers against the external
disturbance are studied. In the third case, the system
uncertainty is considered and the closed-loop performance in
the presence of the uncertainty is studied. In these three cases,
the hardware-in-the-loop (HIL) simulation approach is utilized
to evaluate the results. The HiL setup is illustrated in Fig. 2
and it is consisting of: 1) OPAL-RT as a real-time simulator
(RTS), 1) a PC as the command station (programming host) in
which the Matlab/Simulink based code executed on the
OPAL-RT is generated, and Ill) a router used as a connector
of all the setup devices in the same sub-network. The OPAL-
RT is also connected to the DK60 board through Ethernet port
[29]. Finally, in the last case, the experimental test on a
practical DC motor is carried out. The parameters of the EV
system utilized in this study are shown in Table I.

Fig. 2. The real-time setup for testing the proposed method.
TABLE I. EV system parameters

Symbol Value Symbol Value
Ry + Ry 0.2 [2] u 0~60[V]
Lq + Lf 6.008 [mH] I 0~5 [A4]
T 0.25 [m] ) 0~50 [Km/hr]
] 0.05 [Kg.m?] m 800 [Kg]
Los 1.776 [mH] A 1.8 [m?]
Uy 0.015 G 11
B 0.0002 [m?/s] Cq 0.3
p 1.225 [Kg/m3]

Case 1: In this case, the hill climbing angle is assumed to
be zero and the electric vehicle moves on a horizontal path.
The ranges of the EV states, for which the LPV model (6) is
obtained, are 0 < w <50 [Km/hr] and 0 <[ < 5[A]. The
nonlinear model predictive controller is constructed based on
the discretized LPV model of (6) with the period Ty = 1 sec
and the prediction and control horizons N, = N,, = 3. Also,
the weighting functions are selected as 6(j) = 1 and A(j) =
0.01. Furthermore, the lower and upper bounds of the
saturated input constraint are set as uyi, = 0 and uy,,x = 60.

The tuning parameter of the backstepping control law given
in [11] is selected such that the obtained control signal effort
does not experience a saturation situation. Therefore, this
tuning parameter is chosen as k, = 0.1.

It should be noted that the nonlinear model and its LPV
representation is assumed to be controllable. If x; is not
controllable, then © given in (10) will be zero, and the control
input calculated from the NMPC optimization problem will be
zero. The same assumption of controllability for the other
nonlinear control schemes must be held too.

The LWEV system (6) is controllable, if x, # 0. Therefore,
for simulation, the initial condition is chosen as x(0) =
[0,1]". Fig. 3 shows the state evolutions and control effort of
the closed-loop electric vehicle system for the proposed
NMPC controller and the recently presented nonlinear
controllers in hand.

20 30
VAN SN
v ! 25
10
20

=
3
5
3
0
0 100 200 300 400 500 600 700 800
Time [sec]
(@)

0 100 200 300 400 500 600 700 800
Time [sec]

(b).

u V]

0 100 200 300 400 500 600 700 800
Time [sec]
(©).
Fig. 3. Case 1 (feedback linearization by “green”, proposed approach by
“red”, backstepping by “blue” and reference by “black™): (a). the motor
angular speed, (b). the armature current, (c). the input voltage.
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As can be seen in Fig. 3, the proposed NMPC has a better
transient performance than the feedback linearization [17] and
the backstepping [11] approaches for speed control of the
LWEV system. The closed-loop LWEV system output
converges to the desired reference, without any oscillation
behavior.

Case 2: In this case, the effect of the hill climbing angle ¢
is investigated on the closed-loop system. Therefore, the
reference and the angle are set as w; = 18 km/hr and

0 for 0<t<80
)3 for 80 <t <180
?=o for 180 <t < 280 (18)
10 for 280 <t < 500

The simulation is performed by selecting the initial value of
the electric vehicle x(0) = [18,1.24]7. The initial conditions
are chosen such that the electric vehicle roughly is in its steady
state phase. Fig. 4 shows the state evolutions and control effort
of the closed-loop electric vehicle system for different
approaches. Fig. 4 illustrates that the proposed NMPC can
effectively alleviate the effect of the hill climbing angle
variation on the speed of the LWEV and maintains the LWEV
speed at its desired reference. From Fig. 4 one can conclude
that the changes and oscillations in the closed-loop LWEV
output derived based on the NMPC are much less than those
of the backstepping approach [11]. In addition, the feedback
linearization technique [17] fails to stabilize the EV’s speed,
because such a method is not robust against system
uncertainties and parameter variations.

Case 3: In order to show the robustness of the proposed
controller against the changes in system parameters, some
variations are made in some of the system parameters given in
Table I. The changes in the percentage of the system
parameters are shown in Table I1.

TABLE Il. Uncertainty analysis using the parameters of
Electric Vehicle

Parameters Variation Range
AR =R, + R, () +10%
AL=L, + L; (mH) 5%

1, (M) +10%

J (Kgm?) -25%
m (Kg) +25%
Cy -10%
Hry +20%

p (Kg/m) +15%

w [Km/hr]

0 50 100 150 200

Time [sec]
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Fig. 4. Case 2 (proposed approach by “red”, backstepping by “blue” and
reference by “green”): (a). the motor angular speed, (b). the armature current,
(c). the input voltage.

For the simulations, all initial values and controller
parameters are set as in Case 1. The proposed controller is still
designed based on the nominal parameters of the system given
in Table I. Therefore, the system parameter variations do not
affect the design procedure of the proposed control law and
only may degrade the closed-loop tracking performance since
the actual EV model differs from the nominal one used in the
controller. In addition, the TS-MPC approach [29] is
considered. Fig. 5 illustrates the closed-loop system state
evolution and control input signal. As it is evident from Fig. 5,
the feedback linearization approach cannot exactly track the
desired reference in the presence of the uncertainty; and the
EV speed has a bias compared to the reference. Consequently,
a different level of the input current (about 2 A) is injected
when the feedback linearization method is employed. Also,
the backstepping approach experiences a high chattering
phenomenon. Furthermore, by promptly changing the set
point, the TS-MPC controller leads to transient overshoot
oscillations. This is due to the fact that the approximating the
non-smooth functions in deriving the Takagi-Sugeno (TS)
model [43]. The best performance belongs to the proposed
MPC controller.

Case 4  (Experimental Implementation  Using
TMS320F28335 Digital Signal Processor (DSP)): In this
case, the experimental examination of the proposed LPV-
based MPC is conducted. By using a high-performance
TMS320F28335 DSP, the experimental results of the speed
control of a nonlinear DC motor are carried out. The interested
readers can refer to [30] for further implementation details. In
addition, the New European Driving Cycle (NEDC) is
considered to examine the performance of the proposed
controller.
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Fig. 5. Case 3 (feedback linearization by “green”, proposed approach by
“red”, backstepping by “blue”, TS-MPC by ”, and reference by
“black™): (a). the motor angular speed, (b). the armature current.

Fig. 6 shows the experimental NEDC speed test, the control
input, and the motor angular speed error. As demonstrated in
Fig. 6, the EV system with the proposed controller can track
the desired reference with an error of the order 10, Besides,
Fig. 6(b) depicts that the control signal of the suggested novel
approach is limited (48 Volt). This is very important because
the batteries in the EVs are limited.

In addition, the normalized integral of the square error

2
(NISE) (i.e. fot (Z((?)) dr), the normalized integral of absolute
. t]e(r)
error (NIAE) (i.e. [, e

input signal (i.e. %fot(u(r))zdr) for the interval te€
[0,1200] seconds are provided in Table Ill. To sum up, it is
shown that the real-time simulation results based OPAL-RT
technology and experimental results based TMS320F28335
DSP are very similar to each other for the evaluations of the
proposed control approach.

dt), and the power of the control

TABLE I11. Closed-loop performance of the experimental test

Performance Value
NISE 0.0132

NIAE 0.512
Control input power 247.154

H 1 i i i i

(@)
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Fig. 6. Case 4 (Experimental results of the proposed controller for NEDC
reference speed command) (a). the NEDC reference, (b). the error of the EV
speed from the desired reference. (c). the DC motor current (d). the control
input signal.

V. CONCLUSION

In this paper, a nonlinear model predictive control (NMPC)
method was proposed for the speed control of constrained
nonlinear light-weighted electric vehicles (LWEVS). The basis
of the NMPC was a linear parameter varying (LPV) model,
which facilitates formulating the controller design conditions
in terms of linear matrix inequalities and generalized
Eigenvalue problem (GEVP). Therefore, at each time step of
the NMPC controller, the input signal can be obtained through
the convex optimization techniques. Also, practical limitations
on the amplitude of the input signal were considered and
formulated in terms of LMIs. Experimental results have
illustrated that the proposed approach has a fast convergence
of the closed-loop LWEV system output without any
oscillations. In addition, the NMPC was robust to the hill
climbing angle. Therefore, the variation in the hill climbing
angle has a small destructive effect on the speed of the
LWEV. For the future work, considering the optimal section
of the coefficients of the cost function is an important research
area. Also, considering the motor power and torque constraints
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and other types of motors such as permanent magnet DC can
be of great importance.

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

2168-6777 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

References

R. Wang, H. Jing, F. Yan, H. R. Karimi, and N. Chen,
“Optimization and finite-frequency Hoo control of active
suspensions in in-wheel motor driven electric ground vehicles,”
J. Frankl. Inst., vol. 352, no. 2, pp. 468-484, Feb. 2015.

S. K. Kommuri, M. Defoort, H. R. Karimi, and K. C. Veluvolu,
“A Robust Observer-Based Sensor Fault-Tolerant Control for
PMSM in Electric Vehicles,” IEEE Trans. Ind. Electron., vol.
63, no. 12, pp. 7671-7681, Dec. 2016.

F. Yan, J. Wang, and K. Huang, “Hybrid Electric Vehicle
Model Predictive Control Torque-Split Strategy Incorporating
Engine Transient Characteristics,” IEEE Trans. Veh. Technol.,
vol. 61, no. 6, pp. 2458-2467, Jul. 2012.

D. Saifia, M. Chadli, H. R. Karimi, and S. Labiod, “Fuzzy
control for Electric Power Steering System with assist motor
current input constraints,” J. Frankl. Inst., vol. 352, no. 2, pp.
562-576, Feb. 2015.

G. Pellegrino, A. Vagati, P. Guglielmi, and B. Boazzo,
“Performance Comparison Between Surface-Mounted and
Interior PM Motor Drives for Electric Vehicle Application,”
IEEE Trans. Ind. Electron., vol. 59, no. 2, pp. 803-811, Feb.
2012.

F.-J. Lin, Y.-C. Hung, J.-C. Hwang, I.-P. Chang, and M.-T.
Tsai, “Digital signal processor-based probabilistic fuzzy neural
network control of in-wheel motor drive for light electric
vehicle,” IET Electr. Power Appl., vol. 6, no. 2, p. 47, 2012.

R. Mura, V. Utkin, and S. Onori, “Energy Management Design
in Hybrid Electric Vehicles: A Novel Optimality and Stability
Framework,” IEEE Trans. Control Syst. Technol., vol. 23, no.
4, pp. 1307-1322, Jul. 2015.

S. Overington and S. Rajakaruna, “High-Efficiency Control of
Internal  Combustion  Engines in  Blended Charge
Depletion/Charge Sustenance Strategies for Plug-In Hybrid
Electric Vehicles,” IEEE Trans. Veh. Technol., vol. 64, no. 1,
pp. 48-61, Jan. 2015.

K. Yu, X. Tan, H. Yang, W. Liu, L. Cui, and Q. Liang, “Model
Predictive Control of Hybrid Electric Vehicles for Improved
Fuel Economy: MPC of HEVs for improved fuel economy,”
Asian J. Control, Nov. 2016.

J. de Santiago et al, “Electrical Motor Drivelines in
Commercial All-Electric Vehicles: A Review,” IEEE Trans.
Veh. Technol., vol. 61, no. 2, pp. 475-484, Feb. 2012.

V. Sharma and S. Purwar, “Nonlinear Controllers for a Light-
Weighted All-Electric  Vehicle Using Chebyshev Neural
Network,” Int. J. Veh. Technol., vol. 2014, pp. 1-14, 2014.

A. K. Yadav, R. Gaur, S. K. Jha, J. R. P. Gupta, and A. P.
Mittal, “Optimal Speed Control of Hybrid Electric Vehicles,”
J. Power Electron., vol. 11, no. 4, pp. 393400, Jul. 2011.

H. H. Choi and J.-W. Jung, “Takagi—Sugeno fuzzy speed
controller design for a permanent magnet synchronous motor,”
Mechatronics, vol. 21, no. 8, pp. 1317-1328, Dec. 2011.

A. Nasri, A. Hazzab, |. Bousseerhane, S. Hadjeri, and P.
Sicard, “Fuzzy logic speed control stability improvement of
lightweight electric vehicle drive,” J. Electr. Eng. Technol.,
vol. 5, no. 1, pp. 129-139, 2010.

V. Schwarzer and R. Ghorbani, “Drive Cycle Generation for
Design Optimization of Electric Vehicles,” IEEE Trans. Veh.
Technol., vol. 62, no. 1, pp. 89-97, Jan. 2013.

A. K. Yadav and P. Gaur, “Robust adaptive speed control of
uncertain hybrid electric vehicle using electronic throttle
control with varying road grade,” Nonlinear Dyn., vol. 76, no.
1, pp. 305-321, Apr. 2014.

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

8

Z. Huang, Q. Huang, and H. Zhou, ‘“Nonlinear optimal and
robust speed control for a light-weighted all-electric vehicle,”
IET Control Theory Appl., vol. 3, no. 4, pp. 437-444, Apr.
20009.

H. Chaoui, M. Khayamy, and O. O. Okoye, “Adaptive RBF
Network Based Direct Voltage Control for Interior PMSM
Based Vehicles,” IEEE Trans. Veh. Technol., pp. 1-1, 2018.

Y. Li and L. He, “Counterbalancing Speed Control for
Hydrostatic Drive Heavy Vehicle Under Long Down-Slope,”
IEEEASME Trans. Mechatron., vol. 20, no. 4, pp. 1533-1542,
Aug. 2015.

H. R. Karimi, X. Hu, Y. Guo, and L. Wu, “Model predictive
control-based non-linear fault tolerant control for air-breathing
hypersonic vehicles,” IET Control Theory Appl., vol. 8, no. 13,
pp. 1147-1153, Sep. 2014.

Y. Liu, B. Guo, T. Zhang, R. Wang, and Y. Zhang, “Model
predictive control-based operation management for a
residential microgrid with considering forecast uncertainties
and demand response strategies,” IET Gener. Transm. Distrib.,
vol. 10, no. 10, pp. 2367-2378, Jul. 2016.

H. Abedini Najafabadi and M. Shahrokhi, “Model predictive
control of blood sugar in patients with type-1 diabetes: Blood
Sugar Control in Patients with Type-1 Diabetes,” Optim.
Control Appl. Methods, vol. 37, no. 4, pp. 559-573, Jul. 2016.
D. Yao, H. R. Karimi, Y. Sun, and Q. Lu, “Robust Model
Predictive Control of Networked Control Systems under Input
Constraints and Packet Dropouts,” Abstr. Appl. Anal., vol.
2014, pp. 1-11, 2014.

N. Vafamand, M. H. Khooban, T. Dragicevic, and F.
Blaabjerg, ‘“Networked Fuzzy Predictive Control of Power
Buffers for Dynamic Stabilization of DC Microgrids,” IEEE
Trans. Ind. Electron., pp. 1-1, 2018.

S. Yousefizadeh, J. D. Bendtsen, N. Vafamand, M. H.
Khooban, T. Dragicevi¢, and F. Blaabjerg, “EKF-based
Predictive Stabilization of Shipboard DC Microgrids with
Uncertain Time-varying Loads,” J. Emerg. Sel. Top. Power
Electron., 2018.

S. Bououden, M. Chadli, and H. R. Karimi, “A Robust
Predictive Control Design for Nonlinear Active Suspension
Systems: A Robust Predictive Control Design,” Asian J.
Control, vol. 18, no. 1, pp. 122-132, Jan. 2016.

N. Vafamand and A. Khayatian, “Model predictive-based reset
gain-scheduling dynamic control law for polytopic LPV
systems,” ISA Trans., Aug. 2018.

N. Vafamand, S. V. Naghavi, A. A. Safavi, A. Khayatian, M.
H. Khooban, and T. Dragifevi¢, “TS-based Sampled-Data
Model Predictive Controller for Continuous-Time Nonlinear
Systems,” Int. J. Syst. Sci., p. 2018.

M. H. Khooban, N. Vafamand, and T. Niknam, “T-S fuzzy
model predictive speed control of electrical vehicles,” ISA
Trans., May 2016.

M. H. Khooban, N. Vafamand, T. Niknam, T. Dragicevic, and
F. Blaabjerg, “Model-predictive control based on Takagi-
Sugeno fuzzy model for electrical vehicles delayed model,”
IET Electr. Power Appl., vol. 11, no. 5, pp. 918-934, 2017.

S. Bououden, M. Chadli, and 1. Zelinka, “LMI Approach of
Constrained Fuzzy Model Predictive Control of DC-DC Boost
Converter,” in Nostradamus 2014: Prediction, Modeling and
Analysis of Complex Systems, vol. 289, I. Zelinka, P. N.
Suganthan, G. Chen, V. Snasel, A. Abraham, and O. Réssler,
Eds. Cham: Springer International Publishing, 2014, pp. 205-
217.

S. Bououden, M. Chadli, S. Filali, and A. El Hajjaji, “Fuzzy
model based multivariable predictive control of a variable
speed wind turbine: LMI approach,” Renew. Energy, vol. 37,
no. 1, pp. 434-439, Jan. 2012.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JESTPE.2018.2884346, IEEE Journal

of Emerging and Selected Topics in Power Electronics

IEEE Journal of Emerging and Selected Topics in Power Electronics 9

[33] V. Ghaffari, S. V. Naghavi, and A. A. Safavi, “Robust model
predictive control of a class of uncertain nonlinear systems
with application to typical CSTR problems,” J. Process
Control, vol. 23, no. 4, pp. 493-499, Apr. 2013.

[34] M. M. Arefi, A. Montazeri, J. Poshtan, and M. R. Jahed-
Motlagh, “Wiener-neural identification and predictive control
of a more realistic plug-flow tubular reactor,” Chem. Eng. J.,
vol. 138, no. 1-3, pp. 274-282, May 2008.

[35] E. N. Hartley and J. M. Maciejowski, “Field programmable
gate array based predictive control system for spacecraft
rendezvous in elliptical orbits,” Optim. Control Appl. Methods,
vol. 36, no. 5, pp. 585-607, Sep. 2015.

[36] T. Manrique, M. Fiacchini, T. Chambrion, and G. Millerioux,
“MPC-based tracking for real-time systems subject to time-
varying polytopic constraints,” Optim. Control Appl. Methods,
vol. 37, no. 4, pp. 708-729, Jul. 2016.

[37] N. Vafamand and M. Shasadeghi, “More Relaxed Non-
Quadratic Stabilization Conditions Using TS Open Loop
System and Control Law Properties: More Relaxed Non-
quadratic Stabilization Conditions,” Asian J. Control, vol. 19,
no. 2, pp. 467-481, Mar. 2017.

[38] M. Sha Sadeghi and N. Vafamand, “More relaxed stability
conditions for fuzzy TS control systems by optimal
determination of membership function information,” J. Control
Eng. Appl. Inform., vol. 16, no. 2, pp. 67-77, 2014.

[39] N.Vafamand, M. H. Khooban, A. Khayatian, and F. Blabbjerg,
“Design of Robust Double-Fuzzy-Summation Nonparallel
Distributed Compensation Controller for Chaotic Power
Systems,” J. Dyn. Syst. Meas. Control, vol. 140, no. 3, p.
031004, Nov. 2017.

[40] E. F. Camacho and C. Bordons, Model Predictive control.
London: Springer London, 2007.

[41] T. Besselmann, J. Lofberg, and M. Morari, “Explicit MPC for
LPV Systems: Stability and Optimality,” IEEE Trans. Autom.
Control, vol. 57, no. 9, pp. 2322-2332, Sep. 2012.

[42] N. Vafamand, M. H. Asemani, and A. Khayatian, “Robust L1
Observer-based Non-PDC Controller Design for Persistent
Bounded Disturbed TS Fuzzy Systems,” IEEE Trans. Fuzzy
Syst., pp. 1-1, 2017.

[43] N. Vafamand, M. H. Asemani, A. Khayatian, M. H. Khooban,
and T. Dragicevic, “TS Fuzzy Model-Based Controller Design
for a Class of Nonlinear Systems Including Nonsmooth
Functions,” IEEE Trans. Syst. Man Cybern. Syst., 2017.

Navid Vafamand was born in Iran in 1990.
He received his B.Sc. degree in electrical
engineering and M.Sc. degree in control
engineering form Shiraz University of
Technology, Iran, in 2012 and 2014,
respectively. He is a Ph. D. candidate in
control engineering in Shiraz University,
Iran Currently, he is a Ph.D. visiting student at Aalborg
University, Denmark.

His main research interests include Takagi-Sugeno (TS)
fuzzy models, linear parameter varying (LPV) systems, linear
matrix inequality (LMI), predictive control, and stability and
control of power systems.

Mr. Vafamand has published more than 50 publications on
journals and conferences, plus one book chapter.

Mohammad Mehdi Arefi (M’17-SM’17)
was born in 1982. He received the B.Sc.
degree from the Department of Electrical
Engineering, Shiraz University, Shiraz,
Iran, in 2004, and the M.Sc. and Ph.D.
. degrees from the Electrical Engineering

Department, Iran University of Science
and Technology, Tehran, Iran, in 2007 and 2011, respectively.
He is an Associate Professor with the Department of Power
and Control Engineering, School of Electrical and Computer
Engineering, Shiraz University. His current research interests
include adaptive robust control, nonlinear and chaos control,
application of neural network in nonlinear control, observer-
based control, and model predictive control. Dr. Arefi is in the
editorial board of some journals, including the Iranian Journal
of Science and Technology, Transactions of Electrical
Engineering, and Industrial Control Magazine.

Mohammad-Hassan Khooban (M'13-
SM'18) was born in Shiraz, Iran, in 1988.
He received the Ph.D. degree from Shiraz
University of Technology, Shiraz, Iran, in
2017. He was a research assistant with the
University of Aalborg, Aalborg, Denmark
from 2016 to 2017 conducting research on
Microgrids and Marine Power Systems. Currently, he is a
PostDoctoral Associate at Aalborg University, Denmark.

His research interests include control theory and application,
power electronics and its applications in power systems,
industrial electronics, and renewable energy systems.

Dr. Khooban is author or co-author of more than 100
publications on journals and international conferences, plus
one book chapter and one patent. He is currently serving as an
Associate Editor of the Complexity Journal and IEEE
TRANSACTIONS ON ENERGY CONVERSION.

Tomislav Dragicevi¢ (S’09-M’13-SM’17)
received the M.Sc. and the industrial Ph.D.
degrees in Electrical Engineering from the
Faculty of Electrical Engineering, Zagreb,
Croatia, in 2009 and 2013, respectively.
From 2013 until 2016 he has been a
Postdoctoral research associate at Aalborg
University, Denmark. From March 2016 he is an Associate
Professor at Aalborg University, Denmark. He made a guest
professor stay at Nottingham University, UK during
spring/summer of 2018.

His principal field of interest is overall system design of
autonomous and grid connected DC and AC microgrids, and
application of advanced modeling and control concepts to
power electronic systems.

Dr. Tomislav has authored and co-authored more than 140
technical papers (more than 55 of them are published in
international journals, mostly IEEE Transactions) in his
domain of interest and 8 book chapters and a book in the field.

2168-6777 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JESTPE.2018.2884346, IEEE Journal
of Emerging and Selected Topics in Power Electronics

IEEE Journal of Emerging and Selected Topics in Power Electronics 10

He serves as an Associate Editor in the IEEE
TRANSACTIONS ON INDUSTRIAL ELECTRONICS and
in the Journal of Power Electronics. Dr. Dragicevi¢ is a
recipient of a Koncar prize for the best industrial PhD thesis in
Croatia, and a Robert Mayer Energy Conservation award.

Frede Blaabjerg (S’86-M’88-SM’97—
F’03) was with ABB-Scandia, Randers,
Denmark, from 1987 to 1988. From 1988 to
1992, he got the PhD degree in Electrical
Engineering at Aalborg University in 1995.
He became an Assistant Professor in 1992,
an Associate Professor in 1996, and a Full
Professor of power electronics and drives in 1998. From 2017
he became a Villum Investigator. He is honoris causa at
University Politehnica Timisoara (UPT), Romania and Tallinn
Technical University (TTU) in Estonia.

His current research interests include power electronics
and its applications such as in wind turbines, PV systems,
reliability, harmonics and adjustable speed drives. He has
published more than 600 journal papers in the fields of power
electronics and its applications. He is the co-author of four
monographs and editor of ten books in power electronics and
its applications.

Prof. Blaabjerg has received 28 IEEE Prize Paper Awards,
the IEEE PELS Distinguished Service Award in 2009, the
EPE-PEMC Council Award in 2010, the IEEE William E.
Newell Power Electronics Award 2014 and the Villum Kann
Rasmussen Research Award 2014. He was the Editor-in-Chief
of the IEEE TRANSACTIONS ON POWER ELECTRONICS
from 2006 to 2012. He has been Distinguished Lecturer for
the IEEE Power Electronics Society from 2005 to 2007 and
for the IEEE Industry Applications Society from 2010 to 2011
as well as 2017 to 2018. In 2018 he is President Elect of IEEE
Power Electronics Society. He serves as Vice-President of the
Danish Academy of Technical Sciences. He is hominated in
2014, 2015, 2016 and 2017 by Thomson Reuters to be
between the most 250 cited researchers in Engineering in the
world.

2168-6777 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



