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Abstract: Modular Multilevel Converters (MMCs) are a topology that can scale several voltage levels
to obtain higher efficiency and lower harmonics than most voltage-source converters. MMCs are very
attractive for renewable energy applications and fast charging stations for electric vehicles, where they
can improve performance and reduce costs. However, due to the complex architecture and the large
number of submodules, the current control of modular multilevel converters is a challenging task.
The standard solution in practice relies on hierarchical decoupling and single-input-single-output
control loops, which are limited in performance. Linearization-based model predictive control was
already proposed for current control in MMCs, as it can optimize transient response and better handle
constraints. In this paper, we show that the validity of linear MMC models significantly limits the
prediction horizon length, and we propose a nonlinear MPC (NMPC) solution for current control in
MMCs to solve this issue. With NMPC, we can employ long prediction horizons up to 100 compared
to a horizon of 10, which is the limit for the prediction range of a linear MMC model. Additionally,
we propose an alternative MMC prediction model and corresponding cost function, which enables
directly controlling the circulating current and improves the capacitor voltages” behavior. Using
the state-of-the-art in sequential quadratic programming for NMPC, we show that the developed
NMPC algorithm can meet the real-time constraints of MMCs. A performance comparison with a
time-varying linearization-based MPC for an MMC topology used in ultra-fast charging stations for
electric vehicles illustrates the benefits of the developed approach.

Keywords: nonlinear model predictive control (NMPC); modular multilevel converter (MMC); power
transfer control (PTC); ultra-fast charging stations (UFCSs)

1. Introduction

The Modular Multilevel Converters (MMCs) topology was presented in [1]. This type
of power electronics hardware has as its main feature a series connection of module capaci-
tors called submodules (see Figure 1). Employing these submodules allows scaling a higher
number of output voltage levels. Performance-wise, this characteristic permits obtaining a
low-current total harmonic distortion (THD) regardless of the switching frequencies [2].
Other advantages of MMCs include transformerless operational capability and increased
fault-tolerance [3]. Compared to other existing voltage-source converters (VSCs), MMCs are
considered more efficient and reliable solutions for high- and medium-power applications;
see e.g., [4,5]. These applications include ultra-fast charging stations (UFCSs) of electric
vehicles (EVs); see e.g., [6,7]. In this novel application, the MMC should ensure bidirectional
power transfer between the grid and the DC bus with lower losses and perturbation to
the grid.

MMCs have a modular design in which their submodules are interconnected physi-
cally. These submodules have nonlinear and discontinuous dynamics due to switching, and
the proper functioning of the MMCs depends on the coordinated actions of these submod-
ules. Hence, MMCs are multiple-inputs-multiple-outputs (MIMO) complex systems [8].
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Regardless of the application, the control objectives of the MMCs are (i) tracking of a time-
varying reference for the output currents, (i7) maintaining the average capacitor voltages
around a nominal value, (iif) suppressing the circulating current and (iv) balancing the
capacitor voltages. However, these control objectives cannot be achieved simultaneously,
which further adds to the challenge of controller design for MMCs.
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Figure 1. Three-phase bidirectional MMC topology with full-bridge submodules used in UFCS.

Hierarchical PI (proportional-integral) single-input-single-output control schemes are
well-established control solutions for these systems, see e.g., [9,10], but they are quite limited
in performance. Model predictive control (MPC) has achieved promising results improving
the transient response of MMCs, see e.g., [2,11-13], as it allows finding a Pareto optimal
solution to the multiple control objectives relevant for MMCs and handles constraints. In
general, the MPC solutions for MMCs are of two types: finite-control-set MPC [11-14],
which directly controls the discrete valued switching signals, and standard, continuous-
control-set MPC [2,15-17], which computes continuous insertion indexes and then utilizes
modulation techniques to control the switches. While finite-control-set MPC holds a
promise for the future, currently, its implementation is limited by the combinatorial increase
in complexity with the increase of the prediction horizon and the number of submodules.
In general, a long prediction horizon is desired when tracking time-varying references and
for optimizing the efficiency of power electronics circuits, see, e.g., [18,19]. Hence, in this
paper, we focus on continuous-control-set MPC (CCS-MPC), which in general exhibits a
tractable complexity increase with the increase of the prediction horizon.

In [2], a successive linearization-based MPC solution for current control in MMCs with
prediction horizon N, = 6 (this was extended to N, = 10 in [18]) showed improvement
over alternative solutions such as finite-control-set MPC and hierarchical PI schemes.
Therein, a cost for regulating the capacitor voltages behavior was also proposed. In [15,16],
the bilinear relationship between the arm current and the capacitor voltage that describes
the arm voltage dynamics is disregarded. Consequently, a linear model is obtained by
defining the arm voltage as the control input of the system. However, the validity of such
a linear model is limited to short prediction horizons (N, = 1 was used in these papers)
since the dependency between the control input and the state is not considered. In [17],
the authors built a model of the MMC in the dg-framework. This approach also yields a
linear model of the system and shows good performance with a prediction horizon N, = 4.
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However, extending this solution to MMC systems working under unbalanced conditions
is challenging.

All of the above CSS-MPC solutions based on linear or time-varying linear models
obtained via online linearization can be implemented as a single quadratic programming
(QP) problem, which can be solved efficiently. In principle, QP solvers for MPC allow using
a much longer prediction horizon compared to finite-control-set MPC. However, as shown
in this paper, the validity of linear MMC models is limiting the prediction horizon length
for which accurate predictions can be obtained, because the current dynamics of MMCs are
essentially bilinear dynamics with a strong nonlinear behavior. It is also worth mentioning
that recently, a differential-flatness nonlinear control solution for MMCs was developed
in [20] and a neural networks based nonlinear MPC controller with a short prediction
horizon (N, = 3) for MMCs was proposed in [21].

Motivated by the above analysis and the advances in sequential quadratic program-
ming (SQP) solvers for nonlinear MPC (NMPC) [22,23], in this paper, we develop a
continuous-control-set long-horizon NMPC algorithm for current control in MMCs. The
NMPC controller optimizes a cost function that penalizes the above-mentioned (7)—(iif)
objectives subject to constraints. We derive a nonlinear MMC prediction model using a
per-phase approach, which allows accurate predictions over a long, 200-steps horizon,
compared to a 10-steps horizon corresponding to a linearized MMC model. Additionally,
we construct the MMC prediction model differently than done in the previous linear MPC
solutions, e.g., [2], to enable direct control of the circulating current and to improve the
capacitor voltages behavior. The developed NMPC algorithm computes a voltage reference
for a carrier-based PWM (CB-PWM) modulator, and the capacitor voltage balancing is
performed separately using the method proposed in [9]. To compare the developed NMPC
solution with an online linearization-based MPC solution, we consider a specific MMC
topology designed for ultra-fast charging stations of electric vehicles, as in [7]. The obtained
results show a reduction of 29% of the power losses and 98% efficiency when a long-horizon
NMPC controller is used. Moreover, we present the computational time of running the
NMPC using the ACADO toolkit interface with MATLAB. Based on those results and the
capacity of field-programmable gate array (FPGA) to outperform microprocessor imple-
mentations in terms of computational speed [24], the developed NMPC algorithm can be
implemented in real time for much longer prediction horizons (i.e., N, = 25 up to N, = 100
compared to previous MPC solutions for MMCs surveyed above that use N, = 1 up to
Np = 10).

The remainder of the paper is structured as follows. Section 2 describes the MMC
topology along with the derivation of linear and nonlinear prediction models. After that,
the MMC control problem is formulated in Section 3. The design and implementation of the
NMPC algorithm for MMCs is presented in Section 4. Realistic simulation results and com-
parison with linearization-based MPC for MMCs are presented in Section 5. Conclusions
are summarized in Section 7.

Notation: Let R, Ry, Z, and Z denote the field of real numbers, the set of non-negative
reals, the set of integer numbers, and the set of non-negative integers, respectively. The
quadratic norm of a vector x € R" weighted by a positive-definite matrix Q = Q" € R"*"
is denoted by \x\é = x " Qx. The identity matrix is denoted by I, € R™". Foraset S C R”,

define S, ;) := {s € S : a<s<b}andSN:=Sx...xS.

2. Modular Multilevel Converter Topology and Modeling

This section presents a general description of an MMC topology meant for usage in a
ultra-fast charging station (UFCS) for electric vehicles instead of a traditional transformer
solution [25,26]. A description of the MMC topology is given, and the differential equations
describing the behavior of the internal variables of the MMC are derived.
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2.1. MMC Topology for Utra-Fast Charging Stations

The studied MMC is configured using the topology presented in [7]; see Figure 1.
The MMC is generally comprising of three-phase legs m € {a,b, c}, each with two arms
r € {u,l}. The arms are composed of N submodules (SM) connected in series, an arm
inductor (Ly,), and an arm resistance (R;,) that models conduction and device losses of
the arm.

The topology of the submodules is a full-bridge (FB), i.e., they are composed of a
polarized capacitor (Cy" = C) and four IGBTs. The IGBTs are driven by gating signals
that determine the switching signals (S"") and the corresponding terminal voltage of the
submodule (vgy;), as described in Table 1. Since the N submodules are series-connected,
the arm voltage (v},) can be represented as a voltage source depending on the submodules
switching positions.

Table 1. Relationship among the switching positions, switching signals, and terminal voltages.

Switching Positions Switching Signals Terminal Voltage
sm s M grm g States vsm
1 0 0 1 1 ON-Positive v
0 0 1 1 0 OFF-Bypassed 0
1 1 0 0 0 OFF-Bypassed 0
0 1 1 0 -1 ON-Negative —vé

The inductor Lpc and the resistor Rpc are connected to a DC voltage source vpc
and model the parasitic inductance and resistance, respectively. Those three components
represent the DC-bus found in most charging stations. Additionally, this MMC is connected
to a three phases grid represented by voltage sources v‘fﬂ/blc}, grid resistor Ry and grid
inductor Lg.

Figure 1 shows the MMC as the linking element between the grid and DC bus of
the UFCS. Hence, it should ensure a proper bidirectional power transfer while keeping
the current THD (total harmonic distortion) inserted into the grid as low as possible. The
latter can be achieved since FB submodules allow operation in an extended region where
o3, > vpc. These characteristics enable grid-to-vehicle (G2V) and vehicle-to-grid (V2G)
power transfer. Moreover, this new topology is more efficient than a cascaded H-bridge
topology previously proposed in the literature for UFCS applications [7].

2.2. MMC Modeling for Predictive Control

Using a per-phase modeling philosophy, as in [14], each phase leg m of the MMC is
modeled separately. In this case, the dynamics of the current components are assumed
to be identical for each phase. In addition, the grid is considered to be operating under
balanced conditions.

Modeling a single leg m of the MMC, the upper arm current (i};), the lower arm
current (i',), and the capacitor voltages (vg”) are taken as the state variables. Hence, the
state vector x(t) is defined as

T
. . ) ) I, I,

x(t) = [1;‘1(15) it () ve(t) og (1) ol () - vcg(t)} . x(t) e R2F2N (1)

where t € R. Similar to (1), the control inputs vector u(t) is composed of the correspond-

ing switching signal (5;™) of each ith submodule. Hence, the control inputs vector is
defined as

u(t) = [S17(e) L S S L Sw] L u) e 2N @
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As shown above, the overall state-space model of an MMC has a high dimension [8], which
is computationally challenging for control.

Hence, a common approach is to derive a simplified model with a reduced dimension,
see e.g., [2,15,27]. The above-mentioned examples assume having a PWM stage and that
the arm capacitor voltages are balanced, i.e.,

vém(t) ~ Ué’j’"(t), Vi, j €{1,2,...,N} (©)]

and
ol () ~ vlc"j”(t), Vi,j € {1,2,...,N}. @)

Under these conditions, we define a new state vector x;(t) as

i i1 b b T 4
xs() = [0 () o5 oF,0] , xeRr? 5)
with
N
Uy = Y vgt(t), Yref{ull,
i=1
where 0%, and v}, are the average capacitor voltage of the upper and lower arm, respec-

tively. Similarly, a new control input vector us(t) is defined as

u 1 T 2
us(t) = [dn(t) di (D], us(t) eRE ©)
with
r ]' N cr,m
dy, = N;Si (t), Vred{ul}, (7)
where d% and d!, are the real-valued insertion indexes of the upper and lower arm.

The influence of the grid voltages (v5,), the DC-bus voltage (vpc), and the DC-bus
current (ipc) are modeled via an exogenous input vector ws(t), i.e.,

wu(t) = [oh() opc(t) ipe(t)] ®

The MMC outputs are the output current (i,,) and the common-mode current (i%), i.e.,

im () = i3 (£) = T (1), ©)
(1) :=05 (i;@(t) + z‘fﬂ(t)). (10)

This yields the output vector
y(t) = [in(t) ()] - ()

The output choice as in (11) implies that the system outputs directly determine the power
flow and efficiency of the MMC (as described in Section 3.2). Employing standard electrical
circuit analysis, the state-space representation of the MMC is obtained as:

%s(t) = Ac(us(t)) - xs(t) + De - ws(t),

12
y(t) = Co-xs(1), (12
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where X ’
T 0 ghedi) o0
—Rm =1 4l
Aq = N 0 L 0 L dm(t) , (13)
- -dp(t) 0 0 0
0 Hd (1) 0 0
and
_1 1 _Rpc
lLWl Ll)}‘l I{Lﬂ‘l l 1 0 0
DC —_
De G ol <7 o5 05 0 0 (14)
0 0 0

It is important to observe that (12) is a bilinear model (which is a complex type of nonlin-
earity) due to the multiplication of inputs present in the A, matrix with states. Yet, the
dimension of the state and control input vectors are lower than that presented in (1) and
(2), respectively, and the control inputs are continuous real numbers instead of integers.

The bilinear model (12) is commonly linearized since the most used MMC control
solutions are based on control techniques for linear systems. For example, in [2], to
implement a linear MPC, first-order Taylor series expansion is used to compute successive
linearizations online. Following this approach, model (12) can be linearized at any time
instant t( as

%5(t) = Aq(to) - xs(t) + B (fo) - ugi () + De - ws(t),

(15)
y(t) = Ce-xs(t),
with the state matrix A, defined as
2 0 gda) 0
0 - 0 - dy (t
Aalto)i= | _y 0, L, Lodnlio) | )
= ~d(to) 0 0 0
0 & -d (k) 0 0
the input matrix B, defined as
L%,,Ug,m (tO) . 0
0 L Vi (t0)
By (tg) == L “1,m , 17
0 ~Cim(to)
and the control input vector is reformulated as
u u 1 1 T
ug(£) 1= [din(t) = diy (o) dby () — ()] (18)

Typically, tg is chosen as a multiple of the sampling period T, when a new state measure-
ment is available; see, e.g., [2,18] for more details.

Next, we discretize both the nonlinear model (12) and the linearized model (20)
using the Euler forward method with a sampling period Ts = 0.2ms, which yields the
corresponding discrete-time models:

xs(k+1) = Ag(us(k)) - xs(k) + Dy - ws(k),

y(k) = Cc-x5(k), Vk€Zy (19)

and
xs(k+1) = Ag (k) - xs(k) + Bgy (k) - ug (k) + Dy - ws(k),

y(k) = Cc-xs(k), Vk € Zy. (20)
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A comparison of the prediction accuracy of the two models above is done using the
MMC benchmark (i.e., parameters values) from [7]. The simulation of (20) and (19) versus
the MMC benchmark was implemented using Matlab/Simulink and PLECs. Figure 2
shows the state variables response over 200 steps in simulation, when sinusoidal control
inputs are applied to the MMC. In this case, it can be clearly seen that the error of the linear
model increases rapidly when the number of steps increases, especially after 10 steps.

Upper Arm Current Lower Arm Current

300

——— NonLinear Model

——— NonLinear Model
Linear Model 200 Linear Model
1 - - = MMC benchmark

= = :MMC benchmark

—- 100 +

=
= 9
-100
-200 . . . -200 : . .
50 100 150 200 0 50 100 150 200
k-step (k] k-step (k]
% 10* Upper Avg. Capacitor Voltage 354 x10* Lower Avg. Capacitor Voltage
T T 5 T T T
3.52 NonLinear Model
——— Linear Model
= = MMC benchmark
3.51 3.52
= =
s 35 £
oK s
) 3.5
349 NonLinear Model
——— Linear Model
348+ g — = -MMC benchmark
. . . 3.48 T . .
0 50 100 150 200 0 50 100 150 200
k-step [k] k-step [k]

Figure 2. Comparison of the predicted state trajectories obtained with the benchmark MMC model
and its simplified discrete-time nonlinear and linear models for predictive control.

Table 2 presents the quantitative results of the model validation using the Mean
Absolute Error (MAE). It is observed that the linear model is suitable when short prediction
horizons are used and not usable for longer time periods. However, the nonlinear model
preserves prediction accuracy quite well over longer time periods, which opens the door to
using long prediction horizons. This is quite beneficial for closed-loop performance, as it
will be shown in this paper.

Table 2. Mean Absolute Error (MAE) of the nonlinear prediction model (NPM) (19) and the linearized
prediction model (LPM) as (20).

MAE
k-Step Model i, il 775', m vfm
10 NPM 0.096 0.17 0.099 0.71
10 LPM 0.031 0.36 1.89 2.52
100 NPM 1.80 2.45 2.84 7.14
100 LPM 85.03 112.21 105.67 108.47

Remark 1. It is worth clarifying the differences in the adopted reduced-order nonlinear model (12)
(for one phase) with respect to the MMC three-phase model in [2] (see Equations (5)—(8) therein).
The model (12) of this paper has the arm currents and the capacitors voltages as states, while it has
the output current and the circulating current as outputs that can be controlled. In addition, the DC
voltage, the DC current, and the grid voltages are modeled as exogeneous inputs. In contrast, the
model of [2] has the arms currents, capacitors voltages, DC voltage, DC current, and grid voltages
as states, while it has the transformed af currents and the capacitor voltages as outputs. Both
models have the insertion indexes as control inputs.
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3. MMC Control Problem Formulation

In this section, the control problem for the considered MMC topology used in UFCS is
described in detail. The standard control scheme and control objectives of MMC in general
are also briefly explained.

3.1. Standard Control Scheme for MMCs

In control of MMCs, a standard three-layer hierarchical control scheme is used; see
Figure 3 [9]. In the top layer, a current controller uses the information from model (38) to
control the output current, the average capacitor voltage, and the circulating current. As it
is seen in Figure 3, the “Controller phase a” block receives the references for the output
current, circulating current, and capacitor voltages from a Reference Generator block. The
control signals computed by the current controller (a long-horizon NMPC controller in
this paper) are real-valued insertion indexes (d},), which are set as the voltage references
for the CB-PWM in the middle layer. In the middle layer, the CB-PWM translates the
insertion index (d},) into integer variables Nj, that indicate how many submodules need to
be switched ON or OFF. For this paper, multilevel CB-PWM as in [28] is used.

o ‘ 3

S T LS

gt »| Reference | = . CB-PWM > Bal. Ctrl |- LB

|- R »| Generator LU - N¥ al. Ctr o A —u =l

g pF Q* ' a a Sa ;;::;[S S]
T, ws 8 g C e . 1 8ilPaiPa
"""" gt YT 3 g

=1 v 1 T | =

L5 T, Wy C 11 H =N

(=10 ,| Controller | ' : & _ it BAT O] b g

g phase a . dfl CB-PWM Ni Bal. Ctrl o > g

10! ¢ 0

P Top Layer Middle Layer Bottom Layer Co

Figure 3. Control architecture for an MMC corresponding to the phase leg a.

At the bottom layer, each arm employs an independently operating controller to
balance the capacitor voltages by deciding on the switching signal (5) for the individual
submodules. The control signals of the bottom layer balancing controllers are the gating
commands for the entire arm defined as §},, := [S}" ... S}"] " The basic principle for
this approach is to order the charging and discharging of the submodules capacitors based
on the arm current direction and the instantaneous value of the capacitor voltage. For the
positive direction of the arm current, capacitors with the lowest voltage are inserted in
the arm for maintaining all the voltage from the capacitors submodules around the same
value. The opposite is done if the arm current direction is negative. The interested reader is
referred to [9] for more details.

3.2. Control Objectives

The main task of the MMC is to control the power transfer between the grid and the
DC bus. For this system, the instantaneous power in the grid side is described as

Pac = V3iq + v§ip + vfic, (21)

1 . . .
Qac=—%= (Ugla + Uilb + Z)‘glc), (22)

V3
where Psc and Q 4¢ are the active and reactive power on the grid side. The active power in
the DC-bus (Ppc) is defined as
Ppc = 2ipc - vpc- (23)
To guarantee a proper and safe functioning of each of the phase m € {a,b, c} of the MMC,
four variables are controlled: the output current (i, ), the circulating current (i%,), the upper

average capacitor voltage (v%,,), and the lower average capacitor voltage (v?m) [9,10].
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Equations (21) and (22) show how the grid voltage and the output current determine
the power extracted from the grid. Therefore, for assuring the desired power transfer, a
tracking problem is formulated, such that

li -yt = 24
tim [y (1) ~ 45 (8)] = 0, @4)
where y1(t) = i;(t) and the reference for the output current v} (t) := i}, (t) for each phase
m € {a,b,c} can be calculated with (21) and (22). However, as this is an undetermined
system of equations, using the amplitude-invariant Clarke transformation, a determined
system of equations is used instead, i.e.,

_ 2 To upl) (1] Pel®
lﬂﬂ]_@uwwyﬂ{%@ e J3L &< ) )

where v, and vp are the transformation of v5, in the p coordinates, and P;- and Q} - are
the desired active and reactive power on the grid side. Hence, the output current reference
is obtained applying the inverse of the amplitude-invariant Clarke transformation, such that

a0 5[5 0 e
it | =2 -1 L l b ] (26)
ili(t) 2 _; _3\§ lﬁ(t)

Using (25) also guarantees low THD if the reference is tracked accurately. Additionally, the
output current is limited to reduce THD and grid interference as follows:

imin < Ukt (t) < imax, (27)

where i;5x and i, are the upper and lower limit of the output current.
The reliability of the MMC depends on the capacity of rejecting both exogenous inputs,
the grid and the DC-bus voltage. That is possible if vZ,,(t) > [vy,(t)| + vpc. For this

application, the nominal average capacitor voltage (7*) is set such that

7" = vpc + 5, (28)
where 93, is the peak of the grid phase voltage. This ensures reliability and reduces the
capacitance needed for designing an MMC suitable for the application. Therefore, the
control objective for the average capacitor voltage is formulated as

lim |x,3(t) — 7| < Jy, (29a)
t—oo
lim [x;4(t) — 77| < 5, (29b)
—00

where x3(t) = 0%, (t), Xs4(t) = v%m(t), and Jy is a bound determined by the user and the

application. Additionally, limits are imposed on the capacitor voltages as follows:

U%lin < xS,3(t) < v%mx/ (30a)
Vhin < Xsa(t) < gy, (30b)

where v%,, = - + Jy and Urznin = o= — Jy are the upper and lower limit of the average

capacitor voltage. It is important to observe that regardless of the application, dx > 0
because for (24) to hold, then v;%m (t) cannot be constant. Hence, these control objectives are
competing and cannot be satisfied simultaneously.

Ideally, i%, = ipc, since the common-mode current is the inner current flowing through
the arm and the DC-bus components. Hence, i (t) = ipc(t) means that the MMC achieves
100% efficiency. However, due to the conduction and devices losses represented by Ry, this
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is not achievable. To control the efficiency of the system, a new inner current for each leg,
called the circulating current (i%,), is defined, such that

(i(8) + % (1)) = 3inc, 61

~
I N
—
~
~—
I
N —

which is only true if the grid and the MMC are balanced. In [29,30], it is proven that the
steady state of the common-mode current only has even harmonics, such that it can be
defined as

iE = %iDCHﬁcos (h-2nfe-t+¢n), Vh=2kkeN, (32)

where f, is the grid frequency, % and ¢, are the amplitude and the phase of the common-
mode current. Substituting (32) in (31), the circulating current is defined as

iz, = 1% cos (h-27fg -t + ). (33)

Re-arranging the power balance equation of the system, the amplitude of the common-
mode current is formulated as

g 2 g9 . 2 .
e Umlm _tm®  ,IDC UDC " IDC
I = \/ IR, cos (¢) e 2 9 + 3R, (34)

where ¢ is the phase difference between the current and voltage of the grid. In this paper,
the efficiency (17) of the MMC is defined by its capacity of transferring power, such that
71 = Ppc/Pac. Hence, using (34), a relationship between the amplitude of the common-
mode current and the efficiency of the MMC is established. For ensuring a desired level of
efficiency, the control objective for the circulating current is formulated as

. (] —
lim [y2(#) — y2(8)] =0, (35)
where y5(t) = i%(t) and y4(t) := 3ipc(t). Similarly as above, we also impose limits on the
circulating current as follows:
ifnin < yz(t) < iﬁmx/ (36)
Z

where iZ,,, = [% and Lin = — I% are the upper and the lower limit of the circulating current.
As the highest efficiency possible is determined by R, the minimal achievable circulating
current is also limited by this element.

Observe also that suppressing the circulating current forces the common-mode current
to be close to a defined value meaning that the average of the arm current is also regulated.

Since the MMC power losses (Pjyss5) can be defined as

2 2
Plosses = Rom - (I%Rms) + R - (ifﬂRMS) ’ (37)

see [7] for details, controlling the circulating current keeps the power losses as low as
possible.

In summary, the current controller, i.e., the NMPC controller to be designed, has to
track a time-varying sinusoidal reference for the output current, which is known in advance
over the prediction horizon, to track a time-varying reference for the circulating current,
which is assumed constant over the prediction horizon, and to keep the capacitor voltages
as close as possible to their nominal value, without sacrificing the tracking performance.
All these objectives must be achieved subject to soft constraints and hard constraints, which
will be defined in the next section.

4. Nonlinear Model Predictive Control Design and Implementation

The NMPC scheme proposed in this paper follows the principle of receding horizon
optimal control. In this case, at each sampling instant k, given the current state x;(k), an
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optimization problem is formulated and solved in real time. As a result, an optimal (or
feasible) sequence of control inputs U (k) = {uo‘ kr Wk -+ UN, 1| k} is obtained for a predic-
tion horizon N, which is optimal on the basis of a cost function subject to the dynamics of
the prediction model and constraints. Following the receding horizon policy, only the first
input us(k) := | in the sequence is applied to the system, and the process is repeated at
the next sampling instant k + 1. Additionally, if soft constraints are implemented, the opti-

mization problem needs to find a sequence of slack variables & (k) = {50‘ krE1fker -+ ENp -1k |/

which penalize violation of the soft constraints, see, e.g., [31].
In consonance with the analysis in Section 2.2, the prediction model used is the
discrete-time bilinear model (19), i.e.,

Xipak = Aa(uie) xijk + Dawij,

. (38)
yi|k = CCxi|k/ Vi = {O,...,Np—].},

where x;;, 1, and w;; denote the predicted state, control input, and exogenous input
vectors at i-steps in the future, starting from the current system state xs(k) and exogenous
input vector ws (k)measured at time k. Note thati € N,i = 0,1,...,N, — 1 and N, is the
prediction horizon. The prediction model and real system states and inputs are linked for
all k € Z via the relations x| := xs(k), us(k) := ug|;. Additionally, w; is determined as
follows: for the grid voltage, we assume perfect knowledge along the prediction horizon,
due to its periodic nature, and for the DC voltage and DC current, we keep the measured
values at time k constant over the prediction horizon.

As explained in the previous Section 3.2, the MMC control problem is a constrained
control problem due to the operation characteristics of the MMC. In this paper, not all
the constraints were catalogued the same. Based on the control objectives definitions,
(27), (30a), (30b), and (36) are treated as soft constraints since they are only performance
requirements. Moreover, the system also has hard constraints due the physical limitations
of the MMC, such as continuous insertion index, which it is limited by

~l<dy <1, Vi={0,...,N,~-1}, (39a)
-1< dfnl_‘k <1, Vi={0,...,N,—1}, (39b)

where d,ﬁgi‘ . and dfnl_‘ . form the predicted input vector u;;. The voltage of the polarized
capacitors is also limited as follows

0< v’j/m”k, Vi=1{0,...,N, — 1}, (40a)
0< ”%mi\k' Vi=1{0,...,N, —1}. (40b)

In this paper, it is assumed that grid components Ry and Lg are small enough to be
disregarded. Moreover, Ppc behaves as a piece-wise step function with a constant voltage
during the entire simulation. Hence, the derivative of the DC-bus current is assumed equal
to zero.

Cost Function and Optimization Problem

The cost function is a scalar mapping of the desired performance of the control ob-
jectives. A crucial criterion for developing a tracking MPC is that the number of tracked
output needs to be less than or equal to the number of control inputs. Hence, in this case,
only two outputs can be accurately tracked.

The multiple control objectives of the MMC compete among them; therefore, it is
impossible to find a control sequence that gives the optimal solution for all control objectives
simultaneously. Hence, aiming to achieve Pareto optimal performance, a cost function is
defined as

J(x(k), u(k = 1), E(k), Ux) := J1(k) + Ja(k) + J3(k), (41)



Energies 2022, 15, 1376

12 of 22

where the individual cost functions are defined next. Firstly, for solving the tracking
problem of the output current and suppressing the circulating current, the cost function J;
is formulated as

Np—1
.tk u0) = 1 |

2 2
Yijk — ]/ﬂkHQl + HAuikHR)r (42)

where Q1 € R?*2 contains the weighting factors that penalize the tracking error and the
deviation of the circulating current, R € R?*2 penalizes the control input rate of change

-
Aujj = i — uj_q fori = 0,...,Np =1 (u_q := u(k — 1)), and yflk = {yqi‘k ygi‘k}
denotes the time-varying output reference vector, which is computed as explained in the
previous section.

Secondly, the cost function [, aims to keep the average capacitor voltage near to a
desired nominal as follows

Np—1 )

L(x(k), ) = Y \xi{@A}_xl{liA}r o Yi= {0 Ny -1, (43)
=0

{%4} _ [vz b

.
where Xj wmg Ol m_‘k} , Q2 € R?*2 contains the weighting factors for penalizing
Gl A1

the average capacitor voltage deviations and xl{‘i’“r = [52
the nominal value of the average capacitor voltages. Since the MMC of UFCSs operates in
an extended region, the standard formulation of the nominal value, see e.g., [2,32], does
not ensure the desired performance. Therefore, the nominal average capacitor voltage is
set as (28) for guaranteeing proper sizing of the capacitance and keeping the energy stored
in the MMC balanced.

Thirdly, to implement soft constraints for (27), (30a,b), and (36), we define the slack

. T .
variable vector £ := [el,e%,63,¢*] € R% and the cost function

1T, .-
UZ] is the vector containing

Np—1
J(&) = Y, Mgkl (44)

i=0
where ¢!, €2, €3, and ¢* are slack variables that penalize the constraints violation of the

output current, upper average capacitor voltage, lower average capacitor voltage, and
circulating current, and A is a constant that penalizes the slack variables and determines
how strict the soft constraints are [31,33]. The corresponding soft constraints are defined as
follows:

€l >0, (45a)
Sll-‘k > imz‘|k — Timax, (45b)
e}‘k > —(imy, — imin), Vi={0,...,Ny—1}. (45c¢)

Similarly, the average capacitor voltage constraints are reformulated. For the upper and
lower average capacitor voltage (30a,b) respectively, the new inequalities are

2 3

€k =0, & =0, (46a)
2 > 2 3 by 2

Si‘k > Uu,mi‘k — Umax- ‘C’i‘k > Ul'mi|k — Umax’ (46b)

min

Szz‘\k 2 _(U)Limi\k B Z)xznin)r S‘zﬂ?|k 2 _<v%mi\k — v ), Vi= {O"“’NP o 1}' (46¢)
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The circulating current constraints are reformulated as

€l >0, (47a)

T (47b)

€l > ~ (o~ frin)s Vi={0,...,Ny —1}. (47¢)

Using (41), the NMPC algorithm for MMCs is formulated as the following optimization
problem:

i (k) (k= 1), €0, U(K) (482)

st Xip1pe = Aa (i) Xie + Dawip, (48b)

—1<dy <1, -1<d), <1, (48¢)

Vi 2 0 Vb, 20, (48d)

e 20, €, 20, &, 20, €, >0, (48e)

ik = Iy — bmaxs €5 2 Uiy — Umaxs (48f)

8:?|k > U%m,-‘k — Upmaxs 8?|k > Ty — Imaxs (48g)

s11'|k > _(imi\k — imin), 812\k > _(Ug,m,-‘k — Upmin)/ (48h)

s?|k > _(U%mi‘k ~ Ugnin), 841'1|k > _(i;zn,-‘k — inin)s (481)

Vi={0,...,N, —1}. (48j)

For solving the Nonlinear Programming (NLP) problem (48a) subject to (48b-i), an
efficient NMPC solver based on Sequential Quadratic Programming (SQP) [34] can be used.
In this paper, the ACADO Toolkit NMPC solver from [22] was used in combination with
the qpOASES Active Set QP solver [35].

Since the main objective is to speed up the solver, we changed the default ACADO con-
figuration. In this case, the KKT tolerance was relaxed to 10~ allowing a faster convergence.
The Hessian approximation method used was the Gauss—Newton method. Compared to
calculating Exact Hessian, this method represents a considerable time reduction, since there
is no need for calculating second-order derivatives. The maximum number of iteration QP
per sampling was set to 200, although as the KKT tolerance was softened, the maximum
number of iterations should not be reached. In addition, the discretization type used was
multiple shooting, since it provides a faster implementation.

5. Case Study: Control of Modular Multilevel Converters for Ultra-Fast Charging
Stations of Electric Vehicles

This section presents the results of testing the proposed controller in an ultra-fast
charging station topolgy presented in [7]. The rest of this section contains a brief description
of the UFCS topology and the simulations from three different scenarios. The first scenario
shows the performance of the NMPC when long prediction horizons are implemented. The
second scenario compares the NMPC and MPC using a long prediction horizon. Finally,
the third scenario offers insightful information about what is gained from the proposed
prediction model and cost function.

5.1. Ultra-Fast EV Charging Stations Topology

The proposed control solution is tested in the MMC topology for UFCSs presented
in [6]. In this case, the nominal active power of the UFCS is 3 MW. The grid is considered
three-phase with 25 kV phase voltage. The nominal DC-bus voltage is 10 kV. The simula-
tions of the UFCS and their control elements were done in MATLAB/Simulink and PLECs.
Table 3 depicts more information about the UFCS components.
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The control scheme used follows the guidelines explained in Section 3.1. In this case,
at the Top layer, an NMPC (or linearization-based) MPC algorithm is used. The weighting
factors were defined as Q; = diag(1500,1500), Q, = diag(10,10) R = diag(1,1), and
A = 10°. To put more emphasis on tracking performance, Q1 has a much higher value than
Q. The high value of A is meant to strictly penalize the violation of soft constraints, as this

improves the performance and efficiency of the MMC. The limits used in hard and soft
constraints are provided in Table 4.

Table 3. UFCS parameters from [6].

Component Parameter Symbol SI Value
Grid Frequency f§ 50 Hz
Grid Peak phase voltage O 25kV
Grid Nominal active power Pac 3 MW

DC Bus DC Voltage Upc 10 kV
MMC Arm resistance R, 50 mQ)
MMC Arm inductance Ly, 3mH
MMC Capacitance C 4 mF
MMC Number of SMs N 4
Table 4. Limits used in the system constraints.
Variable
Limit im vfjm iz, dr,
Upper 1.1 x max(|i%]) 1.2.7% 0.1ipc 1
Lower —1.1 x max(|i%,|) 0.8-5* —0.1ipc —1

At the middle layer, a regularly sampled multilevel CB-PWM with phase disposition

is used with a carrier frequency of 2.5 KHz. At the bottom layer, the balancing control
from [9] is implemented.

Checking the performance of the MMC, a transient test is carried out. In Figure 4,
the desired power extracted from the grid and the corresponding output current reference
are depicted. In this case, a full power transfer is expected, and based on that, the desired

DC-bus current is calculated; see Figure 4.

Grid Power Reference

Output Current Reference
3 i
50 iy
E 2k — Q¢ i
=3 Pic =
= — 0
g L8
2 ’
-50
0
0 500 1000 1500 0 500 1000 1500
k-step [k] k-step [k]
DC-bus Power Reference DC-bus Current Reference
‘ ‘ 150 ‘ !
3
% 2+ 1 = 100 1
Z *
g 1r 1S 50l 1
g :
=¥
0

0 500

1000

1500

k-step [k]

500

1000 1500
k-step [k]

Figure 4. Test references: (left-side) Power references; (right-side) Current references.
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5.2. Results for NMPC with N, = 100

Figure 5 presents the behavior of the output current controlled with the NMPC using
Np = 100. In this case, the NMPC scheme manages to regulate the output current closely
along the references presented in Figure 4. The proposed control solution reaches the
expected steady state, such as the one in [7], at a high speed without affecting other
performance indexes. The average mean square error (MSE) among the three phases is 0.26,
and the THD of the output current equals is 0.11%, which proves the good performance of
long-horizon NMPC.

Controlled Output Current (NMPC N, = 100)
“T [F-= ) - - =50 - - -0 ial0) ' 2

o
o
=
ot
o
=

0.15 0.2 0.25
Time ]

Figure 5. Trajectory of the controlled output currents 7, ;, . using NMPC with N, = 100.

The remaining controlled variables show an adequate behavior; see Figure 6. During
this test, the constraints are not violated, and the controlled variables are kept near the
references. The different behavior among the phases is mainly due to the initial conditions
chosen. For this test, all phase legs have the same initial states but the references are
not the same for every phase. Regardless, the performance of all phases is suitable. For
the average capacitor voltage, the mean deviation with respect to the nominal voltage is
approximately 7 V and the standard deviation error is 56.58 V which represent less than
0.16% of the nominal value. Finally, the root mean square (RMS) of the circulating current
is approximately 1.3 A, which is less than 0.2%.

Controllcd Cluulatmg, Cuu‘cnt (NMPC N = 100) ey X100 Controlled Upper Avg. Cap. Volt (NMPC N, = 100)
wf O RO RO = ) — = o) - - - D) 0 w0

51 A /\
_ I
= \ I\

J A e

Viea(t)

o

0 0.05 0.1 0.15 0.2 0.25 348 005 o1 oL 02 055

Time [s] Time [s]

Figure 6. Trajectory of the controlled circulating currents iZ , . and upper average voltages Ua):b . using
NMPC with N, = 100.

One of the main advantages of using MPC is faster convergence to the steady state
and consequently shorter settling time (Ts). In Table 5, performance indicators are
provided for various values of the prediction horizon. These indicators show that using a
gradually longer prediction horizon corresponds to gradually increasing the performance
and efficiency, which was matched by a reasonable increase in the required computation
time. Among the considered indicators are also the mean, the standard deviation (std), the
maximum (max), and the minimum (min) of the computational time, since the suitability
of this method for real-time implementation is investigated.
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Table 5. Performance comparison of the NMPC for the phase a with different Nj,.

Computational Time [ms]

Np THD (i,) [%] Tsett [s] Mean Std Max Min
Np =10 0.46 ~0.35 0.11 0.02 0.25 0.092
Ny =25 0.21 ~0.22 0.13 0.021 0.22 0.109
N, =50 0.053 ~0.17 0.28 0.036 0.49 0.23
N, =100 0.036 ~0.1 1.3 0.156 2.2 1.09

Based on Table 5, N, = 25 is already compatible with real-time implementation for
a sampling period Ts; = 0.2 ms. For the remaining prediction horizons, it is key to clarify
that the developed NMPC algorithm was implemented using the ACADO Toolkit on a
2.59 GHz Intel Core-i7-9750H using the MATLAB interface. On the other hand, in power
electronic applications, controllers are implemented in real time using special hardware,
such as field-programmable gate array (FPGA) and digital signal processors (DSP). FPGAs
significantly outperform microprocessor and DSP implementations due to their parallelism
characteristic [24]. As observed in [36], it is expected that FPGAs have a computational time
10 times shorter than the microprocessor implementations. This time reduction increases if
the state dimension and prediction horizon increase [36]. Aligned with the results of [36],
in [37], a nonlinear MPC with a long prediction horizon for Interleaved Switching AC/DC
converters was tailored in an FPGA. In that case, the computational time was around 10 ps
when a prediction horizon of 100 was used. Hence, using an FPGA will speed up our
solves so that real-time implementation for N, = 100 will be feasible. Moreover, unlike
other voltage-source converters, MMCs operate at low frequencies without significantly
decreasing their performance. Hence, it is possible to decrease the carrier frequency/the
sampling period up to certain limits [18].

5.3. NMPC vs. Linearization-Based MPC Comparison for N, = 100

Conversely to the behavior observed in NMPC implementation, when longer pre-
diction horizons are used in a linearization-based MPC formulation, the performance of
the MMC decreases significantly. These results are aligned with the findings from the
model validation. The upper and lower limits of the output current are reached when the
linearization-based MPC is used. Due to the soft constraints, these limits are not violated;
see Figure 7. However, the observed performance is not suitable for the application.

100 Controlled Output Current ( N, = 100)
T T T T T

- - =g (t)

- - - -Bound (10 %)
- - - -Bound (10 %) ‘
iy(t) MSE=60.754

ia(t) [A]

1
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35
Time [s]

Figure 7. Trajectory of the controlled output current (i) using linearization-based MPC with
N, = 100.
p
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In the case of the average capacitor voltage, the limits are not reached. However,
conversely to the NMPC performance, the voltage does not oscillate around the nominal
value; see Figure 8. The comparison with the NMPC behavior shows an increase in
the average deviation to the nominal average capacitor voltage and an increase in the
standard deviation.

25 «10% Upper Avg. Cap. Volt. (N, = 100)
- 17[13
NMPC

3.53 —MPC 1

3.52 + d
>
— I\
< 351 H |
n3

3.49 - 4

3.48 1 1 1 1
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35

Time [s]

Figure 8. Trajectory of the controlled upper average capacitor voltage (UE‘,,Z) using NMPC with
Np = 100 (blue) and linearization-based MPC with Ny, = 100 (red).

The circulating current performance shows a significant difference compared to the
NMPC; see Figure 9. The observed behavior of the circulating current is unsuitable for
this application due to the high amplitude of the oscillations of the circulating current.
Moreover, the current peaks are harmful to the MMC component lifespan. The evidenced
behavior of the circulating current could endanger the safe functioning and the lifetime of
the MMC. This increase in the circulating current is directly reflected in the arm current
and, consequently, in the MMC losses. When the linearization-based MPC is used, the
losses increase by 6.8%.

60 Controlled Circulating Current o RMS [iZ]

—— NMPC
——MPC

40

20

[RMS]

> 2
Z(l

!

!

| | | | | 0
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 NMPC MPC
Time [s]

Figure 9. Trajectory of the controlled circulating current (i7) using NMPC with N, = 100 (blue) and
linearization-based MPC with N, = 100 (red).
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5.4. Evaluation of the NMPC Cost Function

In this paper, a different prediction model and corresponding cost function were
derived, which enabled directly controlling the circulating current. To assess the benefits of
penalizing the circulating current in the cost function, even for a short prediction horizon,
we compare the proposed NMPC algorithm for N, = 10 (as used in [18]) with the following
cost functions: (i)—the cost function (41) developed in this paper and (ii)—a cost function
that mimics the cost function derived in [2], denoted as ], for the prediction model (19).
The cost function J is obtained by taking the output of model (19) as the output current and
the capacitor voltages, and then adding the correspond J; and J3 costs (i.e., corresponding
to J; and J3 for the redefined output). The main difference is that the cost function J;
corresponding to J; does not penalize the circulating current and that the cost J; penalizes
the capacitor voltages as well, so the cost J; is no longer used.

Figure 10 depicts the trajectory of the circulating current corresponding to the above-
mentioned cost functions. When the circulating current is not penalized, extremely high
peaks are observed. The RMS of the circulating current is significantly higher when
the circulating current is not controlled. These results are similar to the findings in [2].
Consequently, in [38], which is continuation of the work of [2], the circulating current was
controlled using an external PI controller to improve performance.

Circulating Current Trajectory (NMPC N, = 10)

200
100t ]
=<,
=
as 0
-100 | — NMPC-J —NMPC - J[ |
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35

Time [s]

Figure 10. Trajectory of the controlled circulating current (i;) using NMPC with N, = 10 (blue) and
MPC with N, = 10 (red).

Penalizing the circulating current provides a 29.75% reduction of the power losses,
and therefore, the efficiency increases. Figure 11 shows the behavior of the common-mode
current, which determines the power losses. Since the control objectives compete among
them, this increase of the circulating current amplitude allows an improvement in the
behavior of the average capacitor voltage; see Figure 12. However, the improvement of the
average capacitor voltage does not compensate for the high circulating current.
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Common-Mode Current Trajectory
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Figure 11. Trajectory of the controlled common-mode current (i%) using NMPC with N, = 10 (blue)
and NMPC with N, = 10 (red).
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Figure 12. Trajectory of the controlled upper average capacitor voltage (05,,1) using NMPC with
Np = 10 (blue) and MPC with N, = 10 (red).

6. Discussion

The use of NMPC provides a significant improvement in the MMC control. These
improvements are obtained mainly since nonlinear models can predict the MMC bilinear
behavior. Using NMPC controllers, MMCs can be used in applications where more strict
performance requirements are needed or the system properties demand a more accurate
controller. Moreover, Figure 6 shows how the NMPC maintains the average capacitor
voltage within 1% of the nominal value. Since the common indications for the constraints
of the average capacitor voltage are a maximum deviation of approximately 20% of the
nominal value, using NMPC enables the reduction of the capacitance of the submodule
and, consequently, decreases the MMC cost. The faster convergence to a steady state makes
the NMPC more suitable for applications such as UFCS stations, where quick changes on
the setpoint during intense periods of operation are expected.

However, there are many challenges that the NMPC implementation needs to over-
come in the future. The need for faster solvers is a constant challenge for MPC solutions.
Even if in this application a real-time implementation is achievable, many MMC appli-
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cations work at a higher frequency. Other improvements for the NMPC are providing
some guarantees for stability and recursive feasibility. In this regard, we have to recall that
our tracking problem has competing objectives and with less control inputs than output
variables; therefore, minimizing the design cost function yields a Pareto-optimal solution.
Methods for analyzing and providing some practical and robust stability for tracking
MPC are presented in [39-41]. Exploring if these methods could be applied to our case
is a good consideration for future works. In our application, we noted that using a long
horizon is beneficial for stability. This observation aligns with the analysis on the stability
of NMPC without terminal ingredients [42]. The other major challenge that the NMPC can
encounter is the mismatches between the model and the real system due to uncertainties
and perturbation of the grid or the failures in the lower control layers. Yet, this is a common
challenge for the MPC solutions, and in this case, robust NMPC solutions can be studied to
improve performance in conditions of high uncertainties.

7. Conclusions

A nonlinear model predictive control (NMPC) scheme for MMCs was proposed in
this paper, which was motivated by the fact that linearization-based MPC for MMCs is
limited to relatively short prediction horizons. The designed NMPC controller is suitable
for various applications independently of the number of submodules of the MMC. Us-
ing a nonlinear prediction model enables a much larger prediction horizon (up to 100)
compared to a linearized model (up to 10) and significantly increases perforamnce and
efficiency. Using state-of-the-art in NMPC solvers based on sequential quadratic program-
ming showed that the developed NMPC algorithm is suitable for real-time implementation
with a long prediction horizon (ranging from 25 up to 100 with additional solver compiling
and optimization) for a sampling period of 0.2 ms. A new prediction model and cost
function was developed that enables penalizing the circulating current, which resulted
in significant power losses reduction and efficiency improvements. The efficiency and
performance improvement brought by the developed NMPC control solution for MMCs
was demonstrated in a case study from ultra-fast charging stations for electric vehicles.
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