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(Abstrqct

Multilevel converter topologies have become integral to the technological advancements in
power electronics due to their scalability, quality, variety of voltage levels at external ports,
fault tolerance, among other features. They play a significant role in meeting the increasing
power demands in applications such as HVDC transmission, medium voltage drives, and wind
and solar energy conversion. Their wide range of operation brings with it the complex and
inherent task of controlling not only external signals but also internal variables, as they are
generally composed of passive storage devices like capacitors. Thus, voltage oscillations at
certain operating points can significantly affect external performance or damage converter
components.

This internal control uses variables inherent to the topology to balance energy between each
branch. Therefore, an energy balance control is proposed through the generation of circulating
current references without limitation on frequency components, utilizing an arbitrary common
mode voltage (CMV) signal while driving an induction motor whose critical operation occurs at
low speed with high torque. The control operates at the cluster level, considering their energy
model, which includes circulating currents as a degree of freedom and the external currents as
a known input, yielding a convex optimization function to solve.

Additionally, with the aim of achieving more optimal and efficient performance, an extended
horizon model predictive control is implemented based on an iterative resolution algorithm
called Alternating Direction Method of Multiplier (ADMM). Its main feature is solving through
the separation of the function to be optimized, with guaranteed convergence given the nature
of the model used. Finally, the results are tested through experimental maneuvers on a drive
prototype both in steady state and dynamic processes that include low speed and, consequently,
greater control demands.
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(1. Infroduction

For more than a decade, various applications requiring power electronics and their power
converters have occupied a significant percentage of the national power grid[4]. Moreover,
considering the decarbonization plans that lead to energy production through renewable raw
materials without high extraction costs, coupled with the reduction of gas emissions through
components that abandon fossil fuels in favor of electric energy.

That said, power converters are the primary means of connecting the needs of each
subsystem to the binding conditions of the grid as shown in Fig. 1.1. For example, in the case
of photovoltaic (PV) plants [5], where energy must be converted from direct current (DC, =)
to alternating current (AC, ~), or to change the frequency due to turbine rotation as in wind
energy conversion processes|6], and even to convert alternating current energy to direct current
exclusively for transportation, as in HVDC transmission lines|7]. Thus, power converters are
the enabling technology to maximize the use of clean energy directly from variable renewable
energy sources accompanied by a reduction in production and operating costs. Therefore,
converters are penetrating power grids not only significantly impacting the efficiency, reliability,
and energy quality of the different generation, storage and energy consumption technologies,
but also influencing the control and operation of the entire power system [8, 9.

In this scenario, modular multilevel cascaded converters (MMCC) emerge as a power
converter family suitable for high-power applications [10]. Compared with conventional power
converters, the MMCC topologies exhibit several prominent advantages, such as modularity,
scalability, power quality, and fault-tolerant operation capability [11, 12, 13, 14] such as stability
and power capacity. Among them, the leading exponents for ac to ac power conversion are
the back-to-back modular multilevel converter (B2B-M2C), the modular multilevel matrix
converter (M3C) and the Hexverter (HxC). These converters can be used for critical ac-ac
applications such as low-frequency ac (LFAC) transmission systems, wind power conversion
systems (WECS), power system interconnections (60-50 Hz) and medium/high voltage motor
drives for pumps, mills, conveyors, marine propulsion, among other applications. Positioning
these topologies as the next generation in medium /high voltage and high power applications. |15,
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FIGURE 1.1: Power system with high penetration of power converters.

16, 17, 18, 19, 20, 21].

A particular type within MMCs family is the M2C Converter, whose topology is shown in
Fig. 1.2, composed mainly of six branches that connect the phases through a line inductance to
avoid short circuits and clusters of N half-bridge submodules, whose function is to synthesize
the voltage required for a certain application. This converter is used to directly connect a DC
port to an AC port where there is a variable speed drive, implying an application with a wide
range of frequencies at the output port.

An inherent challenge of MMC converters is the complex task of their control, given the
number of energy storage components they contain, combined with external requirements. This
implies several control loops that may be dependent on each other. Thus, the control core
focuses on the components that synthesize the voltage, namely, the voltage of each submodule
(SM) and its corresponding capacitor.

In recent years, nested control systems based on decoupled modelling have been proposed
in the literature for M2C topology. This methodology enables a decoupled control of input
currents, output currents, and circulating currents [22, 23, 24]|. In this regard, the control
actions of each decoupled system do not interfere with each other, which enables performing
the Inter-Cluster Balance (ICB) control and the Low-Frequency Oscillations (LFO) mitigation
without affecting the external control systems.

These control stages are critical in the operation of a variable-speed drive since a common
start-up involves passing through critical operating points with a low frequency at the output
port, where the magnitude of the capacitor oscillation is inversely proportional to the frequency
and directly proportional to the current of the AC port [25]. Therefore, it is essential to inject
both circulating currents and common-mode voltage (CMV) at all times, with a dependence on
these external variables. However, considering both variables entails a non-linear characteristic
in the system that causes an impact between them and a consequent control that takes into
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FiIGure 1.2: M2C Topology with half bridge as submodules.

account such nature of the problem. Moreover, in [26] the high demand for circulating currents
in the converter is detailed as the power increases, especially for drives that use an M2C over the
M3C. Regarding control, a frequently studied application is Model Predictive Control (MPC)
[27], whose cost function solution depends on the dynamic model of the system and a prediction
over a defined horizon. Its application allows for exceptional dynamic performance [28, 29, 30],
coupled with its wide bandwidth particularly suited for variables without defined frequencies.
For example, in [31], a continuous control set MPC (CCS-MPC) is introduced, formulating
an optimization problem for the ICB and LFO stages where circulating current references are
provided given a CMV signal. However, the control strategy does not consider the nonlinear
model of energy in the clusters, leading to suboptimal solutions for the decision variables.
Additionally, due to the computational resolution method, an extended prediction horizon
cannot be achieved, limiting the ability to compensate voltage oscillations in a low-speed,
high-torque drive.

To further increase MPC applicability, recent research has considered exploiting properties
of optimization problems to improve computational efficiency. Thus, it becomes convenient
for large-scale control applications, such as MMCCs, to split the original constrained optimal
control problem (COCP) into a set of smaller and simpler subproblems. Active set |32, 33| and
interior point methods [34, 35| are commonly employed in MPC, but for reduced computational
complexity first order approaches such as fast gradient methods [36, 37| and alternating
direction method of multipliers (ADMM) have received recent attention [38], being tested on a
DC/AC converter with a hardware implementation|39].

Therefore, this work aims to improve the performance under conditions such as low-speed
high-torque start by using a MPC Scheme on ICB and LFO control. The proposed MPC
method is based on the Alternating Direction Method of Multiplier (ADMM) [38]. In essence,
the ADMM is an algorithm that solves convex optimization problems by breaking them into
smaller pieces, each of which are then easier to handle. Besides, To make better use of the
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available computational capacity, the COCP is solved by considering an extended prediction
horizon, which enhances the quality of the solution and, consequently, yields much more efficient
ICB and LFO control.

Hypothesis and Objectives
The hypothesis of this thesis are:

1. The long-horizon MPC strategy based on the COCP proposed reduces voltage oscillations
in the MMCCs by injecting optimal circulating currents.

2. The proposed decomposition strategy based on the Extended ADMM algorithm makes
the proposed long-horizon MPC control strategy implementable in a real-time control
platform for determining the optimal circulating currents references for MMCCs.

3. The implementation of an extended horizon allows for more efficient converter operation,
reducing voltage oscillations with a lower magnitude current.

4. The proposed MPC strategy proposed can be applied to MMCC-based variable-speed
drive applications, enabling a full frequency range operation.

The main objective of this project is to design and experimentally validate a Distributed
Long-Horizon MPC strategy to achieve a more efficient control strategy that increases the
operation range on High-Power Variable-Speed Drives by improving the ICB and LFO control
tasks performance.

To achieve the main goal, the following challenges and specific goals have to be studied and
accomplished through this project:

1. To design and develop a computationally efficient ADMM-Based algorithm to solve the
overall COCP underlying the proposed linear MPC strategy, aiming to compute the
optimal circulating currents in a real-time control platform.

2. To design and implement an experimental setup that incorporates a variable-speed drive
based on the M2C topology.

3. To implement and experimentally validate the performance of the proposed MPC strategy
in MMCC-based variable-speed drive applications.

4. To comprehensively assess the performance of the proposed control strategy under both
steady-state and dynamic conditions.
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Behind the proposed control strategy, which has been subsequently validated, lies a theoretical
foundation developed throughout the study in relevant fields such as power electronics, drives,
and control theory, which incorporates optimization strategies in linear problems. Thus,
this strategy can be applied to the reference generation in the energy balance control of
the cascaded modular multilevel converter, incorporating the linear controls involved for the
induction machine drive and the power balance between the converter’s output and input,
all modulated in the converter thanks to the PWM and Sorting Algorithm. Therefore, it is
imperative to address all these concepts in detail as part of the background of this thesis.

The Modular Multilevel Cascaded Converters

The terms “modular” and “multilevel” are mainly used to refer to a power converters family
characterized by the series connection of sub-modules (SM), usually based on half-bridges
(HB) and full-bridges (FB) with floating DC-capacitors, as illustrated in Figs. 2.1(a)-(c). Thus,
depending on the voltage level required by a specific application, the MMCC voltage rating
can be easily enlarged by increasing the number of SMs per cluster N. Each SM contributes
only a small voltage step and it can be controlled individually. As shown in Fig. 2.1(a), the
cluster of N sub-modules connected in series and one inductor L constitute a branch (or arm),
whose interconnections define specific topologies of the MMCCs family [11, 13]. For instance,
the modular multilevel converter (M2C) is composed of six arms to interlink one DC-port to
another three-phase AC system, as shown in Fig. 2.1(d). Even when the main applications
of this topology are related to flexible HVDC transmission solutions [7, 40], since 2016 the
M2C topology is also offered by Benshaw [41] and Siemens [42] as a commercial solution for
medium-voltage drives. This latter takes advantage of the features of the cascaded topology
to implement a cell bypass design [43] that cuts off the operation of a cell in case of failure
without affecting the performance external tasks like speed and torque. Utilizing the converter’s
scalability, it provides redundancy of SM’s that allow the voltage to be maintained even with
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failed cells, ranging from a 24-cell converter (4 per cluster) to a 66-cell converter (11 per cluster)
composed of low-voltage IGBT semiconductors. Additionally, it offers one of the highest output
power converters (~47 MVA) with medium voltage up to 13.8 kV, being mainly recommended
for driving pumps, fans, compressors, conveyors, etc. This is thanks to its ability to synthesize
voltages over a wide range of magnitudes and frequencies.

On the other hand, the three-phase modular multilevel matrix converter (M3C), also known
as triple-star bridge cell converter [13], interlinks two three-phase AC systems through nine
branches, based on full-bridge SMs, as illustrated in Fig. 2.1(e). The M3C can also be used
to directly interlink two single-phase AC systems (e.g. [44, 45, 46]). In addition, two AC
three-phase systems can also be interfaced by the interconnection of six branches in a hexagonal
configuration. This configuration, based on full-bridge SMs, is shown in Fig. 2.1(f) and it is
also known as the Hexverter MMCC (HxC). It is important to highlight that the focus of this
work is on the M2C converter due to its common use in drive applications.

Control Strategies for Modular Multilevel Cascaded Converters

MMCCs require many passive and active components to process electrical power, as shown
in Fig. 2.1. Consequently, the control of MMCCs is complex and typically requires achieving
several control tasks. Furthermore, these converters must not only govern variables at their input
and output (I/O) ports, they must also control multiple internal variables. This multivariable
control requirement is faced through various control loops, some dependent on each other and
others independent, making them challenging to handle.

Among the control tasks to be performed, the control of the SM capacitor voltages is crucial
to achieve a high-performance current control system, improving power quality indexes, such
as reactive power and harmonics, and providing stability and safety.

In general, control strategies for any application of this family of converters can be divided
into three-stage nested control loops applied to the SM capacitor voltages, as shown in Fig. 2.2,
also considering the decoupling methods of the variables mentioned previously.

First, the external control systems provide the I/O current references 4% to fulfill the
requirements of a specific application (e.g., active and reactive power control for Low-Frequency
AC (LFAC) systems or torque and speed control in drives). Also in the outer loops, the Total
Energy Balancing (TEB) controller defines an active current component (from the input or
output port) required to balance the overall MMCC’s energy, namely i* ... The circulating
current and the CMV references, 45 and v, respectively, are determined by the ICB and LFO
controllers.
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Second, thanks to the decoupled transformation, the I/O currents and the internal circulating
currents are controlled independently because their control actions do not disturb each other.
From this perspective, on the one hand, most of the external control systems are based on
standard and well-known vector control techniques (e.g., field- and voltage-oriented control
[47, 48]). On the other hand, proportional and multi-resonant controllers implemented in the
transformed space (e.g., [49]) are usually utilized for the regulation of the circulating currents.
Conversely, a constrained MPC strategy was recently introduced in [31] for M2Cs to perform
the circulating current regulation in the transformed space (XAa S0 framework).

Finally, in the third stage, the control actions of the decoupled models are mapped to the
original coordinates by applying the inverse transformation. Once the cluster voltage references
are obtained, the Local-cluster Balancing (LCB) control is locally performed in the modulation
stage using differents approaches as shown in the Figure aforementioned and explained in more
detail below.

Total Energy Balancing Control

The total energy balance control (TEB) is one of the most external controls within the multilevel
converter schemes, as it performs the power balance between the input and output to ensure
the appropriate amount of energy in the converter as a whole, allowing its operation in the
other stages and tasks. In this regard, the control can be carried out using either the input or
output current of the converter as the actuating variable. In the case of the M2C, the first
variable is usually used since it is typically the source that provides power for the operation of
a given application just like the focus of this work.

dEn2c
dt

= Ppc + Pac (2.1)

Pyroc =
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Now, the plant that directly derives from the power balance proposed in (2.1) has an integrator
nature with a disturbance coming from the power of the output port. Thus, the direct
relationship between the converter’s energy and the actuation is as follows:

Enc(s) _ Vae
Ip(s) s
For this reason, the action of a linear controller such as a PI-controller is sufficient to implement

this balancing stage, taking into account the output power as a disturbance that must be
compensated with feedforward techinque.

(2.2)

Inter-Cluster Balancing Control and Low-Frequency Oscillations Mitigation

Once the total energy of the converter is obtained, it must be distributed equally to each of the
six clusters present in the M2C, ensuring that all reach the same average voltage value. Since
this is an internal balance of the converter, the use of internal variables, such as circulating
currents, is essential. The exclusive condition is that they do not affect the external controls;
hence, they must not be reflected at the output and input ports. However, determining these
signals is not a simple task as they consist of various components of specific frequencies and
amplitudes according to the operating point.

While balancing between clusters through circulating currents is sufficient for a wide range
of frequencies, it becomes complex in applications where the output frequency is very low,
given its proximity to the fixed input frequency in an M2C. This is because the capacitor
voltage magnitudes are amplified in this range of operation. Therefore, a common-mode voltage
signal is injected as an additional degree of freedom to reduce oscillations for feasible operation.
Outside of this range, this signal can be dispensed with as it generates side effects in the
circulating currents and subsequent losses.

Most of the ICB control strategies reported in literature define a set of specific sinusoidal
components of known frequencies for the circulating currents. However, the amplitudes of
these components are hard to compute and optimize, and typically they are determined using
open- and closed-loop strategies [50, 51, 52, 24]. For instance, in [50, 52] multiple proportional-
integral controllers implemented in several synchronous reference frames rotating at wy + wo
are used to determine the amplitudes of the set of pre-defined sinusoidal components for the
circulating currents. Following this assumption, in [24], the amplitude of the circulating current
components is computed by using an optimization criterion to minimize their amplitudes.

In [53], a branch current reallocation is proposed using a theoretical analysis to find an
energy equilibrium of the M3C. Another MPC strategy was proposed in [54]|. Here, the CMV
and the circulating currents are obtained using an iterative algorithm. The CMYV is first
computed by minimizing a cost function with the quadratic sum of the tracking error of each
cluster’s equivalent capacitor voltage. Afterward, in the next iteration, the circulating currents
are calculated by minimizing the same cost function but using the CMV computed in the
previous step. An additional parameter depending on the output frequency is introduced to
limit the injection of both CMV and circulating currents.

Local Cluster Balancing Control

The Local Cluster Balancing Control is the control that operates at the most detailed level
in the converter, with the function of achieving the balance of the N, capacitors in their
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respective submodules installed in each cluster. This control task is usually implemented on
the modulation stage to locally control the capacitor voltage in every SM of each cluster. For
doing this, two options are generally considered in the literature [51, 55]: (i) proportional
controllers with the phase-shifted pulse-width modulation (PS-PWM) method or (ii) sorting
algorithms with the level-shifted PWM (LS-PWM) or nearest level modulation (NLM) schemes
[56]. Recently, MPC has also been proposed to deal with the balancing of the capacitor voltages
in every cluster [57, 58]. For the purposes of this work’s implementation, a hybrid LCB control
approach has been utilized, in which some of the sub-converters are operating with PS-PWM
method, while others utilize sort-and-select based LS-PWM.

Phase-shifted pulsed-width-modulation [55] is a technique in which the cluster voltage
reference for a MMCC of N,; SMs is modulated by a series of Ny high frequency carrier waves,
phase shifted 2” from each other. For half-bridge-based SMs, the corresponding duty cycle d
is directly modulated whereas for full-bridge-based SMS, the duty cycle and its negative are
both utilized. PS-PWM results in a natural intra-cluster balancing effect of the SMs capacitors
in MMCCs operated through this technique [59]. As a result, the output voltage effective
switching frequency of the cascaded converter becomes 2N, f., with IV, the number of SMs
within each arm of the converter, and f. the PWM carrier frequency. Additionally, this method
can be regulated using proportional or proportional-integral controllers to consider active power
deviation on the SMs.

An alternative approach is the Nearest Level Modulation (NLM) also known as Staircase
modulation [60] which is applied when determining a on/off operation during the sampling
period through the rounded value of the arm reference voltage. NLM method presents reduced
power losses at the cost of higher harmonic distortion, albeit for very high voltage applications
with hundred of SMs, the increased power quality with lower losses makes this the more
attractive option [61].

As for LS-PWM [62], this technique considers N, multiple high frequency carrier waves,
all of which are shifted in level to each other and compares them with arm voltage reference
leading to the change of only one SMs voltage during the sampling period. This method
has been noted for its improved voltage quality with reduced THD compared to PS-PWM
[63]. Nevertheless, its implementation is not preferred over the PS-PWM for MMC due to the
uneven switching frequency and conduction losses among SMs [64].

Both LS-PWM and NLM are often implemented together with an sorting method to achieve
the local cluster balance. The sorting is based on a priority list considering the voltage of each
SMs and the current sign at each sample time. Thus, the imbalance is regulated operating
the SMs with higher voltage in discharge state or the SMs wih lower voltage in charge state.
Therefore, the algorithm should be fast to avoid scalability issues when N, increase leading to
more time to perform the order|65].

Branch Current Control

With the exception of the LCB control, all other schemes must pass through a current control
stage as an intermediate step before obtaining the reference voltages. By using transformations
to other frameworks, the current controls (Input-Output-Circulating) are performed separately
and independently, due to the frequency requirements needed for each one and to consider the
dynamic phenomena such as in induction machine drives|[66, 67, 50, 54, 24].

Thus, this work will rely on this approach to carry out this stage, using linear controllers for
the DC port responsible for TEB control and the AC port responsible for machine control,
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while the reference circulating currents generated by the proposed algorithm will be controlled
using CCS-MPC, as it is a technique that allows reference tracking over a wide frequency
range|31, 25].

Continuous-Control-Set Model Predictive Control

In the last decade, MPC has surged as one of the most studied topics for control of power
electronic systems [27, 68]. In all of its different forms, MPC follows a rather simple approach.
A constrained optimal control problem (COCP) is formulated, in which the optimal control
input is an optimization variable that minimizes a cost function depending on the predicted
dynamical behavior of the system states and inputs in a given prediction horizon. By repeatedly
solving the aforementioned optimization problem in real time and only using the control variable
until a given control horizon, a principle known as the receding horizon policy introduces
feedback to the system.

As the name of the control method implies, model predictive control depends on a given
system model based on which predictions can be made for the dynamical behavior of the
system. In general, let us denote the state vector of the system as x, the input vector as u
and the system output as y. In the continuous-time domain, the dynamic model of the system
takes the form:

O o), u) (2.30)
y(t) = hla(). u(t) (2.30)

In which (2.3a) is the differential equation that represents the system’s continuous dynamic,
while (2.3b) maps the system’s output variables to its states and inputs. From this generalized
nonlinear system model, a discrete-time model can be determined, through Forward-Euler
approximation [68], or, for a linear or linearized system, through exact discretization.

a(k + 1) = Fa(k), u(k)) (2.4a)
y(k) = G(x(k), u(k)) (2.4b)

This discrete model is often, but not necessarily, a linear model in which the functions F' and
G can be expressed as linear combinations of the system states and inputs. It should be noted
that depending on the model utilized, the system inputs w(k) can either be continuous control
input references, or discrete states.

In power electronics, the use of the discrete switching state as the control inputs in the model
is known as Finite-Control-Set MPC (FCS-MPC), which eliminates the need for a modulation
stage in the control scheme of the converter, but results in a constrained optimization problem
with a discrete set of feasible values (integer or not), requiring the use of mixed integer linear
programming techniques. If instead, the system voltages are calculated as continuous values
and subsequently modulated into the switching inputs, this strategy is known as Continuous-
Control-Set MPC (CCS-MPC), and is the basic strategy considered in this work, in which
quadratic programming algorithms can be utilized [69, 70]. Both of these distinct model
predictive control strategies, as well as specific variants of each are shown in Fig. 2.3.
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Model Predictive Control
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Direct MPC Indirect MPC
(Finite Control Set MPC) (Continuous Control Set MPC)
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(OSV-MPC) (IM-MPC) (HB-MPC) (CB-PWM-MPC)
1 1
2 v v v

Optimal Switching Sequence Programmed PWM Explicit MPC Quadratic
(OSS-MPC) (P-PWM-MPC) (EMPC) (QP-MPC)

Ficure 2.3: Classification of MPC strategies applied to power converters and drives [1].

Vectors for the optimal inputs and predicted states and outputs over the prediction horizon
can be established, all of which are related through the discrete-time model presented in (2.4):

UKk) = [uk) uwk+1) ... w{iN,—1)]"
X(k) = [z(k+1) ak+2) ... o(N)]"
Y(k)=[y(k+1) y(k+2) ... y(N,)]"

The proper selection of a control function is required and fundamental for the accomplish-
ment of the desired control tasks, and is a non-trivial problem. However, in general, most cost
functions can be established as:

Np—1

J(@(k),u(k)) = Y, T(@(+1),u(0) + Jo(2(0))
=0

In which J is a scalar stage cost function that depends on the predicted states and control
inputs in a given instant £ as per the discrete-time mode, and is formulated as a penalizing
performance index, such as the square norm error of the output respect to its reference value.
Given that the predicted system states depend exclusively on the known initial state x(0) and
the input variables u(k), the argument of the cost function is the system input that becomes the
optimization variable. In general, the constrained optimal control problem is then formulated
as:

min J = > T(@(l+ 1), u(0)) + Jo(a(0)) (2.5a)

“ teH

s.t. x(k+1) = F(x(k),u(k)) (2.5b)
y(k) = G(k(k), u(k)) (2.5¢)
ull)eld (2.5d)
x(l+1)eX (2.5¢)
y(l+1)ey, VleH={0,1,...,N,—1} (2.5f)

where the general constraints for the system states, inputs and outputs are also explicitly
included. These constraints ensure that the optimal solutions found are feasible according to
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the physical reality and operational range of the system, as well as making sure that the states
and outputs remained controlled inside the feasible range during all of the prediction horizon.
The capacity to explicitly include constraints in potentially nonlinear systems where multiple
inputs and outputs are coupled together and must be simultaneously controlled is one of the
advantages of MPC as a control strategy in general.

Constrained Quadratic Programming Problem

The field of optimization has an ever growing importance on the sciences, economics, industry
and engineering [71, 72, 73, 74]. There are multiple subfields of optimization depending on
the different problems that require to be solved. In particular, for power electronics the
increased interest in CCS-MPC has given rise to constrained continuous optimization problems
that must be solved efficiently in real time. Depending on the nature of objective function
and the constraints, different algorithms can be selected to efficiently solve a given problem.
For constrained problems in particular, the existence of unequality constraints introduces an
additional challenge, as the algorithm must determine the set of active constraints that must
be satisfied to ensure optimality and feasability, presenting a combinatorial difficulty problem
[73].

In general, the optimization function appears as a quadratic function which is solve via
active-set method when there are constraints to be considered. However, the same problem
can be solved by decomposition into subproblems as the method presented in this work, the
alternating direction method of multiplier (ADMM) optimization algorithm.

Quadratic Programming

Optimization problems that present a quadratic cost function and linear constraints are known
as quadratic programming (QP) problems [73|. These problems appear often in different
contexts, such as in the most common cost functions associated to CCS-MPC for power
electronics. They can also appear as subproblems associated to algorithms implemented
for more difficult problems, such as sequential quadratic programming (SQP), augmented
Lagrangian methods and interior point methods [73]. In general, a QP problem can be defined
as:

1
min J(x) = §:BTH:E +flx (2.6a)
s.t. Az <b (2.6b)
Cx=d (2.6¢)

In which & and f are vectors belonging to R™, b belongs to R™, d belongs to RP, while H,
A and C are n x n, m x n and p X n size matrices, respectively. QP problems can always
reach a solution (or determine infeasibility) in finite time, which depends on the nature of the
objective function and the size of the inequality constraints. When the Hessian matrix H is
positive definite, the QP problem is convex and of similar difficulty to linear programming (LP)
problems. Furthermore, if the problem is unconstrained (or there are no active constraints and
all of the equality constraints have been eliminated), the optimal unconstrained solution can
be found as:

x=-H'f (2.7)
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Whereas if the H matrix is indefinite, the problem turns nonconvex and can present stationary
points and local minima, making for a more challenging problem to solve [73]|. There are several
methods available to solve QP problems presenting both equality and inequality constraints,
such as active-set, interior-point, augmented Lagrangian, amongst others |73]. In particular, for
small and medium size problems, active-set methods have shown to be effective in estimating
the optimal active set and solution.

Active-Set Methods

In general, unconstrained QP problems can be directly solved without recurring to iterative
algorithms. As for equality constrained QP problems, it has been shown that through different
techniques, they can be often transformed into equivalent reduced unconstrained problems,
depending on the particular equality constrains present. For inequality constrained problems,
however, the problem of determining the active set of inequality constraints (in which they can
be considered as equality constraints) becomes the main challenge. Active-set approaches, such
as the well-known simplex method [73| for LP problems tries to make guesses for the active set
of inequalities and iteratively updating the set until reaching optimality conditions.

For QP problems, the active-set methods works in a similar fashion, although unlike the
simplex method, the iterates and the optimal solution can be found outside the vertices of the
feasible solution space. Let us consider a primal active-set method, in which, at each iterate a
equality-constrained QP subproblem is solved, considering some inequality constraints active
and all the original equality constraints present, together known as the working set.

For the kth iterate, we consider a working set Wy and a solution x;. The algorithm starts from
a given feasible starting point @y and setting W, as a subset of the active constraints for this
starting point. First, it minimizes a quadratic subproblem, and checks whether the solution is
found within the feasible region defined by the working set. If it does not, a step is calculated
solving the working set-equality constrained QP subproblem without considering the inactive
inequality constraints [73]. This subproblem can be expressed in terms of the step p by:

pP=— T, g, = Hxyp + f

In this way, the cost function can be written as:

1 1
J(x) =J(xi, + p) = épTHp + ggp + <2w£Hwk + fTa:k>

S J
~—

=Pk

where the term pi does not depend on the step p. In this way, if p is selected as optimization
variable, the term can be dropped and the following QP subproblem can be formulated:

o1
min ipTHp +gip (2.8a)
s.t. Cywp=0 (2.8b)

in which Cyy is a (p +myy) x n matrix corresponding to the p equality constraints and the myy
active inequality constraints. The solution to this subproblem is denoted as p;,. It can be noted
that as Cyyp,, = 0, the active set remains the same, that is, the constraints for Cyyxy will be
also satisfied for Cyy(xp + apy,), for any value taken by a. Once the step p;. is computed, the
next iterate is obtained through
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Tpt1 = Tk + Py, (2.9)

Where «y is the largest value the parameter can take in [0, 1| such that all constraints are
satisfied. By this, we refer to the inequality constraints that remain outside the working set, as
all the working set constraints are always satisfied in each iterate. If this value results less than
1, then some of there are considered blocking constraints, and after the iterate, a new working
set Wi 1 is defined by adding one of the blocking constraints to the previous working set. This
method is iteratively repeated until a solution for the quadratic cost function minimization x*
is found within in the region defined by the working set YW*. In this point, the step subproblem
(2.8) has solution zero.

Alternating Direction Method of Multiplier Algorithm

According to [75], the ADMM algorithm aims to solve the general QP problem in (2.6) which
can be rewritten considering a separable function:

min J(z) = Y Ju(zx) (2.10a)
r KEK
s.t. Az <b (2.10Db)
Y. Cux =d (2.10¢)
KeK

Where K = {1,2,...,m} represents the m separable functions in J(x) that are defined by
blocks of @, variables in such a way that @ = [x1 @2 -+ ©,,]T. Accordingly, the constraint
(2.10c) should be written in terms of these variables, leading to the definition of matrices Cy.
Then, the iterative method is applied as follows:

$§n+1) — arg min Ep(w1,$(2n), L am A (2.11a)
I1€X1

{E;n—i_l) = arg min ﬁp(mgn—i_l)a Z2,. .. 7337(7?)7 A(n)) (211b)
IQEXQ

") — arg min Lp(as§”+1),w§"), o, A) (2.11¢)
TmEAm

AmHD — \() (Z Cz(™D) — d) (2.11d)

KelC

Here n represents the iteration counter, A is the dual variable, p > 0 is a parameter used to
penalizes the violation of the linear constraint, and £,(-) denotes the augmented Lagrangian
derived from (2.10), which is presented in (2.12). Thus, the algorithm is straightforward,
consisting of a sequential optimization of the primal variables x,; followed by a dual variable
update as shown in (2.11d). One of the main features of this algorithm is that it converges to the
globally optimal solution when all the functions J,; are strongly convex [76, 77]. Additionally,
the ADMM algorithm allows utilizing the fact that the cost function is separable into the terms
J,. without affecting the convergence of the overall problem [38]. Thus, terms not related to
the variable of the kth cluster could be omitted.
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Lo(@,N) = Y (Ju(@n) — \TCpu) + gu Y Cray — d? (2.12)
KEK KEK

It should be noted that the constraint (2.10b) is considered when solving each subproblem,
depending on whether it is active. Moreover, the algorithm itself allows for closed-form
analytical solutions given the function being optimized, thereby reducing the computational
burden of each iteration. Nevertheless, a disadvantage of algorithm (2.11) is that it updates
primal variables sequentially, making it unsuitable for parallelization. Recently, proximal
algorithms have been introduced in literature to overcome this drawback |78, 79|. However,
the thesis will focus on implement and evaluate the alternating algorithm given by (2.11).

ADMM algorithm convergence

The iterative algorithm that will be executed at each sampling instance requires a convergence
criterion to stop and give the reference to the Current Controller. According to [75], two
criteria can be established as given by (2.13), which consider the feasibility of the solution
and its optimality, respectively. Thus, it is possible to consider the approaches separately,
taking into account the reduction in computation time. In this regard, there will be a trade-off
between choosing feasibility over optimality due to its convergence rate.

max
KEKX

In this regard and as a complement, [38] define two terms as primal and dual residuals as
shown in (2.14a) and (2.14b) respectively which are derived from the primal and dual feasibility
conditions. Therefore, this residuals serve as sufficient conditions to converge to the optimal
solution of the COCP as iterations increase, with the only consideration that J, are proper,
closed, and convex functions, even without conditions on the matrix C such as being full rank.

S Coal) —d
ke

, | Crzl™ — C,@wg"+1)|} <e (2.13)

- CKZ’(JZ) (2.14a)
s — pC, (mgnm _ wg)) (2.14b)

Moreover, the parameter p fulfils the same objective of balance between optimality and
feasibility since the higher value of this parameter places greater emphasis on satisfying the null
space constraint over minimizing J(x). Nevertheless, this work considers convergence through
the primal residual (™) as the initial approach and which coincides with the first criterion of
(2.13).

Field Oriented Control of Induction Machines

Regarding energy control, low-speed medium voltage drives are among the most demanding
applications for MMCC technologies. The low-frequency output combined with high torque
leads to significant cluster energy imbalances, making both the ICB and LFO control tasks
particularly challenging. This imbalance presents an operational limitation when choosing the
topology for such applications, exemplified by the low-speed mills used in mining processing. The
control strategy proposed in this work aims to address these challenges by fully and optimally
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utilizing all available degrees of freedom, named common-mode voltage and circulating currents,
and its performance will be evaluated for these specific applications.

Accordingly, the induction machine drive is chosen for its conventional use and extensive
theoretical background. Moreover, as mentioned in previous sections, linear controllers are
opted for, with the most commonly used in these drives being Direct Torque Control (DTC)
and Field-Oriented Control (FOC). The latter will be explained below and used for this work.

Dynamical Model of the Induction Machine

For the generalized asynchronous machine, the dynamical behavior of the electrical system
can be modelled by the following equations in the synchronous rotating reference frame wyg, in
which there are four complex variables (is,%,, %4, 1,), as well as two input voltages (v, and
v,), also the machine schaft rotates at speed w:

d
vs = Ryis + :ﬁs + jwsg (2.15a)
d
v, = Ry, + :1/;7" + j(ws — w)1, (2.15b)
'¢5 = Lsis + Lsrir (2150)
¥, = Lysis + Lyi, (2.15d)

Where R and L; denotes the stator resistance and inductance as well as R, and L, for rotor
side, besides, the mutual inductance is represented by L. = L.s = L,,. On the other hand,
the mechanical system of this drive, considering any mechanical load, is dynamically modeled
according to the following equation:

Jdw D
Te+1, = ——— + — 2.1
+1r pdt+pw (2.16)

Being J the inertia, p the pair poles of the machine and D the damping factor. Additionally, the
electromagnetic torque is defined according to (2.17), forming a system of nonlinear equations
which, however, can be controlled by choosing an appropriate rotating reference frame such as
the synchronous speed frame. This allows dynamic control to achieve constant values in steady
state using linear control strategies.

T, =~ tmfap,i7) (2.17)

Although the complete electrical system of the induction machine defined in (2.15) has four
different variables, only two of these equations are differential, while the flux linkage equations
are merely algebraic. Due to this, the electrical system can be reduced to a set of only two
explicit variables, being the choice of these variables a degree of freedom depending on the
given application. A common control strategy is based on the selection of one flux linkage
variable and one current variable to model the system.

Such is the case for the squirrel-cage induction machine (SCIM). As the rotor of this machine is
unavailable, all measurements and control are made on the stator side. In particular, the most
direct variable for such task is the stator current 5. Through measurements of this variable
and the rotor speed w, the rotor flux linkage 1), can be also estimated, being these two the
controlled and state variables of the system. With this selection, the electromechanical system
is modelled by:
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FIGURe 2.4: Field Oriented Control (FOC) control scheme for induction machine drive, controlling
speed and flux [2].

dis, . 1 ) . . 1
To g +i, = o (—jwngzs — (jw — Tr> ke, + Us) (2.18a)
d
Tr (’;ir + d’r = _jerr’l»br + Lints (218b)
dw p -
e j(sz Im{epfi,} — T ) (2.18¢)

Where L, = cLs, Ry = Rs + kERT, Ty = é—‘;, T = 1%: and kp = %ka. The reduced system
presented in (2.18) considers the stator current and rotor flux linkage as first-order systems with
time constant 7, and 7., respectively. The first of these, presented in (2.18a), is considerably
faster, allowing for dynamically decoupled control loops in terms of their frequency. It can
be noted that the stator current system has the stator voltage v, as a direct control input,
whereas, once controlled, the stator current itself becomes an input for the rotor flux.

2.5.2 Field-Oriented Control

When the dynamical system’s reference frame is oriented with the rotor flux linkage variable
1,., the quadrature component by definition is null, that is:

d’r = T;Z)Td

With this consideration, the electromechanical system in (2.18) can be rewritten, separating
direct and quadrature components as:
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dig ) 1 ‘ Ky
To (;td + lgd = R70 (Wchrqu + ;¢rd =+ vsd) (2'193‘)
digg . 1 .
ng +1sqg = E (—wng’LSd — wkp)rqg + vsq) (2'19b)
dy, .
Tr 1/] d =+ zﬁrd = Lstd (219C)
dt
WrTrhrd = Linisq (2.19d)
dw p )
<=2 <1<;T¢Td,sq _ TL) (2.19)

This allows for control through a nested system shown in Fig.2.4, where the inner control
corresponds to the stator current in the direct and quadrature axes according to equations
(2.19a) and (2.19b). Both regulate an external variable such as the rotor flux through the
direct axis current according to (2.19¢) and the rotational speed through the quadrature
current, whose relationship with the electromagnetic torque is directly proportional according
to equation (2.19¢). The tuning of each plant involved in the control system must be done
considering the dynamics of the variables involved to avoid generating undesirable dynamic
responses and to achieve good reference tracking.

Flux Estimation

The most important element that enables the aforementioned control strategy is being able
to work with the variables in a reference frame that is oriented with the rotor flux linkage.
In practice, measuring the actual rotor flux linkage is not a feasible option due to different
economical and technical difficulties. Thus, indirect methods to compute this variable should
be considered.

Rotor machine model based estimator

With the aforementioned in consideration, a model to estimate the rotor flux linkage as to
enable the FOC strategy is absolutely required. Different models have been proposed with
different degrees of precision and distinct applications. This work will employ a estimator
based on the rotor model of the machine using the synchronous frame w;. Fig. 2.5 illustrates
the block diagram to obtain both flux angle and magnitude.

w
isq Wy Y W 0
>O—>{ >
i, | A : 0
l:(>e_] - > 7'7_. lm
lsd

FiGure 2.5: Current Model Flux Estimator based on rotor machine model [2].

This model is fully dependent on the rotor time constant 7. and mutual inductance L,, which are
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usually estimated and causes small errors taking into account the variation of these parameters
in certain operating points.

Kalman Filter based estimator

Another robust estimator is based on stationary-state Kalman filter where the state-space
model of the machine must be formulated in a stationary reference frame as follows:

i) = [ s [] + [8] - o0
= T ae v
y = LL;J [;] (2.20b)

This model is discretized for implementation in the equation (2.21) observer with a sampling
time T for each instant k. The advantage of this observer is that it operates as a closed-loop
system that ensures good performance, always under the consideration of a system that satisfies
the observability condition.

@k +1) = Aga(k) + Bav, (k) + Kp(y(k) — Ci(k)) (2.21)

where:

T2
Ayj=1,+ AT, + ?SAz
T2
B, = <I4Ts + ;A) B

Furthermore, the distinctive feature of the Kalman filter lies in its gain K, which is determined
by the Riccati matrix equation:

Kr = A;PCT (CPCT +R) ™ (2.22a)
P=(A;-KprC)PAT +Q (2.22D)

Here, the matrices Q and R correspond to process and measurement noise. Their purpose
is to achieve a balance between the reliability of the model used for the machine’s estimated
parameters and the accuracy of the measurement instruments for the current in this case. This
is because the current is the only variable that is recorded as observer feedback, even though
the speed must also be known to obtain the A matrix. Thus, this signal is treated as an input.

Sorting and Greedy Algorithm

The modulation stage allows for synthesizing the reference voltages derived from the current
controls for both external and internal tasks. Additionally, it aims to balance the voltages
of each submodule within a cluster. Therefore, it is necessary to establish algorithms that
simultaneously achieve both objectives.
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FIGURE 2.6: Sorting with (a) four, (b) six, and (c) nine inputs [3].

Algorithm 1 Greedy Algorithm
Require: v}, i, N, and U
. if i, > 0 then
for j =1tondo
/\/} = anjﬂ; > sorting in increasing order

: m = zeros(n); > all cells starts with m; =0

1
2
3
4
5. uy = 0;
6: for j =1 ton do
7
8
9

0:= Nj;
if uy + ucy < vl then
my = 1;
10: Uy 1= uy + ucy;
11: else
. 1 * .
12: me = o ('l)N + UE>,
13: break;
return m;

In this work, the Sorting algorithm will be executed as established in [58] as part of Optimal
Sorting Networks. In this algorithm, analysis is performed per cluster, establishing a set
U = {uci,...,ucy} representing the capacitor voltages and the set N' = {j1,...,jn} providing
the descending order of voltages, meaning uc;, is the maximum and ucj, the minimum. Thus,
the sorting strategy is based on comparison stages between two variables, modifying the output
N. Fig. 2.6 illustrates the process for a cluster with four, six, and nine submodules using
Knuth notation in [3]. The advantage of this strategy lies in the fact that the number of stages
ensuring the order is always fixed and will be of value n — 1. Logically, this process can be
carried out analogously to sort in ascending order.

Once the set is fully sorted, the Greedy algorithm 1 is then applied by taking the elements
of the set N to synthesize the reference voltage v} by applying a maximum duty cycle to the
first half-bridges, ensuring that only one covers the difference whose value will be:

1 -1

n
my=— | v + Z ucj — Z uc; (2.23)
uce =41 j=1
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From this, it follows that some submodules may not contribute to the modulation if the
reference voltage is covered by the other half-bridges. Additionally, the direction of the current
must be considered to decide the order in which the groups of semiconductors are activated.
When the current is positive, i.e., i,, > 0, the set A/ should be inverted so that the capacitors
with lower voltage are charged to match the value of the others. Similarly, when the current is
negative (i, < 0), the capacitors will tend to discharge; therefore, the submodules with higher
voltage should modulate to achieve balance.
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(3. Control Strategy

Behind the control proposal that performs the tasks of cluster balancing and low-frequency
oscillation mitigation, a modeling of the cascaded multilevel converters capable of capturing
and separating the phenomena for appropriate handling of their variables must be established.
Likewise, a cluster energy model must be proposed due to its relevance in the strategy this
thesis proposes. This foundation will lead to the optimization problem for the linear COCP,
whose application can be varied given the generality of the model and its decoupling from
other tasks, however, it is addressed within the context of drives in this work.

Modelling of Modular Multilevel Cascaded Converters

An important advantage of the proposed control strategy lies in its applicability across all
MMCC topologies. However, given the focus of this work, the theory will be specifically
presented for the M2C topology. Besides, In this thesis, the overall COCP to deal with the
ICB and LFO control tasks are presented first. To do so, let us consider an M2C composed of a
set of 6 branches (or edges) K = {1,...,6}, a set of n; = 2 phases (or nodes) at the input-side
of the converter and another set of no = 3 nodes at the output-side. Then, the branch currents
are comprised in the vector 25 = [i1 e iﬁ]T € RY and the input- and output port currents are
defined as i4c = [ip in]T and 42%¢ = [i% 40 i¢ |7, respectively.

On the one hand, by inspecting the circuit topology in Fig. 3.1, it is possible to establish
the following relationship between the branch, and the input- and output-currents:

0 0 0

11 1
i 000 1 1 1
de | _ 11 0 0-1 0 0 |i. (3.1)
—iabe 0-1 0 0-1 0 |
0 0-1 0 0-1

Im

v~

A

Where A € R3*0 is the incidence matrix of the M2C’s directed graph shown in Fig. 3.2.
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FIGURE 3.1: M2C Topology and drive application.

FiIGure 3.2: M2C’s directed graph.

The control system proposed in this work injects a circulating current component in each
cluster, namely i,, for k € K, to compensate for possible cluster energy deviations and low-
frequency oscillations in the SM-capacitor voltages. These additional branch currents represent
the first degrees of freedom to deal with the ICB control and LFO mitigation tasks.

Now, the additional branch currents i,, can be grouped in the following vector:

ir=[i1. ... i €RC (3.2)
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It is worth remarking that, the additional branch currents in (3.2) must satisfy the nullspace
condition, i.e., {i, € RO|Ai, = 0}, to be considered as circulating current components.
Therefore, for any injected branch currents 2, satisfying the nullspace condition, the input and
output currents are unaffected, achieving a decoupled control of the converter.

Therefore, the branch current vector can be expressed as:

is = ip + i (3.3)

Considering ig € RY the basic branch current vector. The latter represents the current flowing
in the branches when null circulating currents. It only depends on the external port currents.
Thus, for a given current in the input- and output-port, the basic branch current vector ¢p is
determined by using the Moore—Penrose inverse of the incidence matrix as:

ig = Af {_ ;abc] : (3.4)

In this regard, and by considering that the currents fulfill iy = —ip at the input-port and
i® 4 4% +4¢ = 0 at the output-port, the basic current vector i can be explicitly written as:

- ) _
A
3 0 —3 0f |ip
.| 5 0 0 —3| |
e —% -1 0 o] (3.5)
-3 0 ~3 01 Lim
-3 0 0 —3]
On the other hand, the voltage synthesized by each cluster is
Uy = Z UV Co={1,..., Ny} (3.6)

jeCx

where N, is the number of SMs in the kth cluster, meanwhile u,; € {0,1} and vcy; are the
switching state and the capacitor voltage of the jth SM. By introducing the cluster voltage

vector vg = [vl e v6]T € RS, the branch’s dynamic model can be expressed as:
T Vde dis .
A v La + Ris + vs — Lgx1vo, (3.7)
m
Being v%¢ = [v2 vb v¢]T the converter output voltage (respect to the machine neutral),

vac=[vp n]T = [% —%]T the input voltage (respect to the dec-link middle point), and vy

the voltage between the neutral points. Moreover, L, R are the branch filter parameters.

Decoupling Map
Although the proposed ADMM-based Model Predictive Cluster Energy Control is implemented
in the natural framework (abc), the machine control is implemented in a decoupled frame, c.f.,

[49], to straightforward include the dynamic model of the machine. To this end, and following
the M3C’s modeling introduced in [80], the linear map T : RS — RS defined in (3.8) is used
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in this work to decouple the control of the input ip € R, output i%ﬁo € R3, circulating i, € R?,
and zero-sequence current ig € R.

3 3 3 -3 -3 -3

o 4 2 2 4 2 2

) ) PA | . 11 0 =23 243 0 —-2v3 23
i = |90 | = [NT is =" Tzzé 5 5 5 3 5 5 (3.8)

ic 1 -9 1 -1 2 -1

=T 1 1 -2 -1 -1 2]

Where N € R6%? is the nullspace matrix of A, which relates the standard circulating currents
e = [ic1 ie2]T with the one defined in (3.2) as per 4, = Nié.. This matrix is not unique, but in
this work the following nullspace matrix is used:

-2 1-1 2—1} (3.9)

1 17
-1 0
C N _ 0-1 T._l
2, =Nt ;N = 11 — N.—6[1 1-9-1-1 9
1 0
0 1]

Being NT the Moore-Penrose inverse of N. Furthermore, in (3.8), matrix P maps the input
and output currents to the XA and af0 frame, respectively, as:

2 -1 -1
T 0 ; 1{1 1 1
p_ |Tea O Zfl,fbc B N ,Tapo=5 |0 v3 =3[ (3.10)
O3x2 Ta,BO —tm 2|1 —1 3 1 1 1

Therefore, by applying this transformation to (3.7), and considering that the zero-sequence
current is zero, i.e., 19 = 0, the following decoupled model is obtained:

dip 3

LE = —RZP + §Vdc — Usp (3113)
i .

L™ = Rin + 20 — vem (3.11b)
at

3Um0 = Vs — 3U0 (3.110)

L% — —Ri. — v, (3.11d)

Where ¢, = [zﬂ1 zﬁl]T is the stator current, vgy = [vg‘m vsﬁm]T is the output cluster voltage in

the af frame, and vg. = [vsl 'UEQ]T is the internal (circulating) cluster voltage. These cluster
voltage vectors are determined using v/, = Tvs.

In order to include the induction machine dynamic model at the output side of the converter,
the stator current i%ﬂ and the rotor flux linkage 1, in the af frame are selected as state
variables. Thus, using the stator current model [81] into (3.11b), the following dynamic model
for the output port is obtained:

ds

m . 1
—— = —Retm + 2 (I — Jw) krp, + vgm (3.12)

L
¢ dt 7
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With Lo = L + 20Ls and R, = R + 2R, being the equivalent inductance and resistance at the
output port, Ly is the stator inductance, o = 1 — k,.k; is the total leakage coefficient, k, = ]Z—’:
and ks = IZ—T are the magnetic coupling factors, and R, = Rs + kERT. Moreover, J is the
imaginary unity on his matrix form or the rotation matrix. Therefore, the dynamic behavior

of the stator current will be mainly determined by the following equivalent time constant:

_20Ls+ L

gs — .1
Tos = OR +R (3.13)

Besides, from the control point of view, the last term in the left-hand of (3.12) can be
considered as a known disturbance. Note that zero-offset is achieved under the assumption that
the disturbance and reference dynamics are appropriately included in the prediction model
and feasibility of the commanded reference is given [82].

Finally, once the voltages in the transformed framework vy, is obtained, the inverse
transformation is carried out to modulate the signals in each cluster and their respective local
controller.

Cluster Energy Model

To deal with the ICB control and the LFO mitigation, we will use the cluster energy E¢, as the
variable to be controlled. From the circuit diagram shown in Fig. 3.1, the xth cluster energy
can be expressed as Foy, = %C Zj\le véﬁj, where C' is the rated SM’s capacitance. Thus, the
cluster energy vector, i.e.,

Ec = [Ec1 ... Ece]" € RS, (3.14)

is the variable to be controlled.
The dynamic model for E¢ is given by:

t
Ec = f diag{v,} i, dr (3.15)
0

Therefore, by substituting (3.3) and (3.7) in (3.15), neglecting the filter voltage drop, and using
Forward Euler, the discrete-time model for the cluster energy vector is:

Ec(k+1)=Ec (k) + To[Va(k)+vo(k)Ts] (in (k) +i.(k)), (3.16)

Where Vp(k) is a diagonal matrix depending on the external voltages at instant k, i.e.,

Vi(k) = diag {AT [”;bi(k) ]} e RO%6 (3.17)
v (k)

The energy model shown in (3.16) represents a time-varying nonlinear system in which
the circulating currents ¢, and the common-mode voltage vy can be considered the control
actions, giving a highly coupled dynamical system which entails significant control complexity.
However, to simplify the control problem, most of the control algorithms presented in the
literature assume that the CMV to be injected v is a known variable [31, 25, 83]. In this
regard, a high-frequency signal is preferred to avoid extra low-frequency components in the
cluster power [49]. As a result, the discrete-time model in (3.16) becomes linear with respect
to the circulating currents, as follows:

Ec(k+1) = Ec(k) + B(k)i.(k) + d(k) (3.18)
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Where the input matrix is defined as:
B(k) = T, (Vs(k)+uvo(k)*Is) € RO<C (3.19)

and d(k) = B(k)ig(k) is a known disturbance.

The proposed ADMM-based MPC strategy

The control system requires performing the control of the internal cluster variables, that is,
branch current ¢, SM capacitor voltages Ve and the energy in every cluster E¢,. The latter
will be the variable to be controlled by the proposed control strategy.

The overall control structure of the converter is depicted in Fig. 3.3. The grey blocks
represent conventional control loops like Field-Oriented Control for the machine side (AC-port)
and TEB Control. The emphasis of this document is placed on the reference generation stage
for the circulating currents within a natural framework. To compute these signal references,
the proposed Cluster Energy Control (CEC) takes as input data the current references (¢
and ¢) from the aforementioned external controls, in addition to the energy cluster vector E¢,

the dec-link voltage V4. and an arbitrary signal for the CMV.

* —
CMV "P«—{ TEB | YCxi
= % = Control |
Vo Vo | |Ysp
\ 4
Eox( DL ) i vy
ADMM- o> |NGE
based MPC T &
Vae L PWM
A A A A A
Vim ( )
BRS¢ Rotor
2 Vs VUsp p i FOC
w* w

Ficure 3.3: Overall control scheme for the M2C. The ADMM-based MPC is detailed in section
3.2.2.

MPC Formulation for the Cluster Energy Control

To obtain the optimal circulating currents ., the following constrained optimal control problem
(COCP) for reference tracking of the cluster energy vector E¢ over the prediction horizon
H =1{0,1,..., N, — 1}, is proposed in this work:

min J = Y Ec(t+1) — BE [, + A:]i=(0)]; (3.20a)

B leH

s.t. Ec(£+1) = Eo(f) + d(¢) + B(£)i.(0) (3.20b)
Ai (f)=0 (3.20¢)

IL(k) <i.(k) <Iy(k), YleH (3.20d)
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The quadratic cost function presented in (3.20a) penalizes the predicted tracking error
weighted by the diagonal matrix Q@ = diag{qi, - ,qs}. Additionally, the weighting factor
A, > 0 is a tuning parameter that adjusts the trade-off between the tracking accuracy and
the control effort. The latter is proportional to the power losses generated by the circulating
currents and must be reduced as much as possible.

In the COCP presented in (3.20), the decision variables are the additional branch currents
i, (or circulating currents) over the finite horizon #, leading to a quadratic programming (QP)
problem of size 6/N,,. Thus, the controller aims to minimize the cost function (3.20a) over
the circulating currents that satisfy the inequality constraints regarding the upper and lower
bounds for the circulating currents given in (3.20d). These limits are time-varying since they
depend on the input and output current references, i, and 4y, respectively. The upper and
lower limits for the cluster currents can be deduced from (3.3) as:

{IU(k) = Imax1e — i(k) (3.21)

I (k) = —Inaxle —in(k).

Being Imax the rated branch over-current limit, and 4 is determined by using (3.4).

It is worth to emphasize that in this work, to inject circulating currents, the nullspace
condition (3.20c¢) is explicitly included in the COCP to guarantee that the circulating currents
in 2, (k) neither affect the input nor the output currents.

Reformulation of the Original Constrained Optimal Control Problem to apply the ADMM
method.

Regardless of the MMC topology, the number of variables that the problem needs to solve
increases with prediction horizon, leading to heightened complexity in real-time solution.
Therefore, the ADMM algorithm is introduced to address this issue while simultaneously
achieving an extended prediction horizon. As emphasized in [84], the philosophy of ADMM is
a decomposition-coordination procedure in which the solutions to small local sub-problems are
coordinated to find a solution to a large-scale global problem. However, ADMM is not directly
applicable to problem (3.23) since its cost function includes more than 2 blocks without coupled
variables in the optimization problem. The above can be resolved by transforming the original
multiblock problem into an equivalent two-block one by introducing splitting variables and
indicator functions [85] although this approach substantially increases the number of variables
and constraints in the problem, limiting its implementation on real-time embedded systems.

Moreover, The circulating currents of the QP problem presented in (3.20) must satisfy the
bounds constraint and the nullspace condition along the prediction horizon. Since the incidence
matrix A is not full-rank, finding an efficient QP solver for solving (3.20) is not straightforward.
However, the ADMM algorithm proposed in this work guarantees the convergence of the
problem without relying on assumptions about this matrix A, meaning it is not necessary for
the matrix to fulfil the full rank condition [38], making it a suitable method for the present
application.

To apply the ADMM algorithm, the circulating current in the sth cluster over the prediction
horizon is introduced:

2 = [i26(0) 2s(1) -+ de(N, — 1)]T € RN, (3.22)
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By using every control sequence introduced in (3.22), the QP stated in (3.20) can be rewritten
as the following separable optimization problem:

min J = > J (Ecx(0), 2,) (3.23a)
En KEK
st > Apze =0 (3.23h)
KelC
zy, € By, Vee K={1,...,6} (3.23¢)
where J,, : RV +— R, is the compact quadratic cost function associated to the xth cluster. It
is given by:
Je = zIHez, + 221 f,. + v(Ec(0)), (3.24)
considering:
H, = Bl¢:Bx + A1y, (3.25)
fr = Blax(1n,(Eck(0) — E¢,) + Ddy) (3.26)

Where matrices B, € RV»*™» and d,, € RN»*! are obtained from the predicted trajectory of
the xth cluster energy:

FEcr(1) 1 10 0 0 ir2(0)
Ecr(2) 1 11 0 ---0 irz(1)
_ = |.| EBcx(0)+|. . _ | de + By i (3.27)
Ecw(Np) 1 11 1 1 iz (Np—1)
~—_——— —— ~ ~ _
=Ecy 1N, =D =2k
With:
[5.(0) 0 0 0
b (0) be(1 0 0
R (3.23)
_b/-c(o) bN(l) b/-c(2) b,{(prl)
[ d.(0)
di(1)
| d(Np—1)

In addition, the set B, < R™» is the box derived from constraint (3.20d).
On the other hand, in the separable optimization problem presented in (3.23), A, is a
block diagonal matrix defined as:

A, = diag{a., - ,a,} e RPNV (3.30)

where a,, € R° is the xth column vector of the incidence matrix A = [a1 as - - aG]T given in
(3.1).
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Motivated by the philosophy of ADMM, an Extended ADMM algorithm is introduced in
[75], yielding to the sequential (or alternating) update scheme presented as follows:

z§i+1) _ arg szggl L,(z1, zg), o zf(ii)’ )\(i)) (3.31a)

zé”” = arg jiléélz Eﬂ(zgiﬂ)az% cees zg)’)‘(i)) (3.31D)

S0 g g (5,2 A0) (3310

AGHD — NG _ Z A, 20D (3.31d)
KEKX

In (3.31), i represents the iteration counter, A € R®» is the Lagrangian multiplier (dual
variable), p > 0 is a parameter used to penalise the violation of the linear constraint (nullspace
condition), and £,(-) denotes the augmented Lagrangian of (3.23), which is defined as:

Lp(zx, A) = Z (Jn(zﬁ) — )\TA,{zH) + BHZ Az, ? (3.32)
keC 2 KeEKC 2

The algorithm presented in (3.31) is straightforward, consisting of a sequential optimization
of the circulating currents z, (primal variables) followed by a dual variable update as shown
in (3.31d). In each iteration, the augmented Lagrangian (3.32) is minimized over only one
circulating current since the others are considered fixed. Thus, each update of the circulating
current involves solving a QP problem of size IV, with upper and lower bounds given by the
box set B,. To efficiently solve these QPs, various iterative algorithms have been proposed
in the literature [86]. In particular, active-set methods have been shown to effectively obtain
the optimal solution in each iteration for small- and medium-sized problems. To do so, the
augmented Lagrangian in (3.32) is rewritten in the standard quadratic form:

Ly(z4,A) = 2fHpezi + 221 f . + v(Ec(0)) (3.33)
where:

H,. = Bl¢.B. + In A, + ply, (3.34a)
For = BLaw(1n, (Ecx(0) — 1, EE,) + Ddy) — ATA,; + pCJ,

The matrix C, € R™ M is derived from the development of the null space condition provided
by the last term of (3.32), denoting the coupling between the primal variables and it is defined
as follows:

Ci [ 2o + z3 + z4 |
Cs z1+ 23+ 25
C— Cs _ Z1+ 29+ 24 (3-35)
Cy z1+ 25+ 24
Cs Z9 + 24 + Zg
_CG_ | 23 + 24 + 25 |
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Finally, based on the principle of receding horizon control, only the first element of each
optimal sequence in (3.22) defines the optimal circulating currents to be injected in the
converter:

it = [i21(0) i%5(0) -+ i%(0)]T € R° (3.36)

One of the main features of this algorithm is that it converges to the globally optimal
solution when all the functions J,; are strongly convex [76, 77]. This condition is fulfilled in
(3.23) since the Hessian matrix H,, associated with each cluster cost function in (3.24), is
positive definite for all k € K.

Inner MPC for Branch Current Control

The online reference generation relies on a current controller, whose control strategy necessitates
resorting to the general model given by equation (3.7). It is essential to note that the circulating
current components, denoted as z,, generated through the ADMM algorithm do not limit the
primal variables to any frequency spectrum. Therefore, it is crucial for the local controllers
to have a broad bandwidth, which is achieved with Continuous Control Set Model Predictive
Control (CCS-MPC), directly applicable in the natural framework (abc) or a decoupled
framework as is the case here.

CCS-MPC for Circulating Current

To effectively control the circulating current references provided by the proposed ADMM-based
MPEC, a CCS-MPC is implemented in this work. To do so, the following discrete-time model
is obtained from (3.11d):

te(k + 1) = Fi. (k) + Gus (k) (3.37)
where F = e_TSTRIQ and G = %(e_ g 1)Iy. Taking the above into consideration, the COCP
underlying the CC control is formulated as:

min [z (k +1) = 2 (k) + Aulose (k) — v (k)] (3.38a)
s.t. (kb + 1) = Fic(k) + Gus(k) (3.38b)
Vse €V (3.38¢)

where A, weighs the control effort over the tracking error. The circulating current reference
in the transformed space is computed as iy = T4}, where T, denotes the last two rows of
matrix T presented in (3.8). Finally, the set V represents the feasible region for the circulating
cluster voltages.
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(4. Experimental Setup Testing

With all the proposed and previously described theory, we proceed to the validation phase of
the energy control introduced in this thesis, which will be carried out through experimentation
with a reduced prototype. The tests will be typical for an electric drive, considering both
motor startup and steady-state operation under the conditions of interest established in the
objectives, and also evaluating the performance of the ADMM algorithm at each moment.

Testing Setup

The proposed control system was experimentally validated on the experimental setup shown in
Fig. 4.1. This setup comprises an M2C of 4 SMs per cluster driving an induction machine, as
shown in Table 4.1. To provide a mechanical load on the shaft, another induction machine is

coupled mechanically. The DC port is connected to a programmable unidirectional DC voltage
source (KEYSIGHT N8742A).

The system was controlled using the OPAL-RT OP4510 and OP4520 platforms, equipped
with a QuadCore 3.3 GHz processor and a Xilinx KINTEX-7 FPGA. The platform executes
the control scheme using a sampling time of 167 us for all involved algorithms. An incremental
encoder of 4096 PPR was used to determine the speed, and cluster currents and capacitor
voltages were obtained through Hall effect transducers. Moreover, a third harmonic CMV was
injected during the tests, whose amplitude decreases as the stator frequency ws increases [31],
ie.:

chmv
vo(t) = 0.8 (1—

° ) sin (3wst) (4.1)

WsN

where Ve = 500 V, and wsy is the nominal stator frequency. Thus, the CMV leads the con-
verter to greater modulation indexes, especially at low speeds up to around 10 Hz. Additionally,
constraint in (3.38c) was treated as a box constraint set at 100 V.
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and induction machines coupled together.

TABLE 4.1: M2C and Induction Machine Parameters for experimental results.

Parameter Value

DC-Link Input voltage, Vg, 520 V
SM’s Nominal DC voltage, V¢ 130 V
SMs per clusters, N 4
SM capacitance, C 987 uF
PWM Frequency, fe, 6 kHz
Cluster filter parameters, R, L 0.1 Q2,5 mH
Rated Machine Voltage, V,, 380 V
Power, P 3 kW
Rated Speed, n 1450 rpm
Frequency, f 50 Hz
Pair poles, p 2
Stator/Rotor resistances, Rs/R, 1.8/1.8 Q
Stator/Rotor leakage inductances, Lys/Lyr  2.6/2.6 mH
Mutual inductance, L,, 235 mH

Transient Performance

The performance of the proposed control algorithm was dynamically validated by accelerating
the system from a standstill to 800 rpm under a mechanical load of 60% of its rated value,
followed by braking back to a standstill. The weighting factors are adjusted to achieve similar
circulating currents during these tests.

Additionally, two performance indexes were used to demonstrate the impact of extending
the horizon prediction on the M2C performance: (i) the RMS average value of circulating
currents normalized by the RMS basic currents defined in (3.4) considering T,,/Ts samples; and
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FIGURE 4.2: Experimental results under machine start-up with prediction horizon N, = 1 (Column
1) and N, = 6 (Column 2): (a) Rotor Speed (b) Cluster Capacitor Voltage (c) Circulating
Currents.

(ii) the standard deviation of the cluster voltages respected to its desired average value v.
They are defined respectively as:

1 6
=5 Z (4.2)
vE —ve, (k)2
AV, = 100 = \/ZJ 106 — ve, (k) (4.3)
To keS
where Ty, is a time interval to cover at least one cycle of the signal, and S = {1,...,T,/Ts}. Since

this calculation is for each cluster, the final indicator is the average value, i.e., AV = % Zi:l AV.
This performance index is related to the first term in the cost function presented in (3.20a)
and I.. with the control effort.

Fig. 4.2 shows the dynamic performance of the startup for N, = 1 and N, = 6 with
weighting factors A, of 0.023 and 0.1, respectively. As shown in Fig. 4.2(b)-(c), during the
initial moments, the machine startup requires saturated circulating currents in the M2C to
balance and compensate for low-frequency oscillations in the capacitor voltages. However, for
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FIGURE 4.3: Experimental results under machine braking with prediction horizon N,, = 1 (Column
1) and N, = 6 (Column 2): (a) Rotor Speed (b) Cluster Capacitor Voltage (c) Circulating
Currents.

extended horizon case, the peak value of the capacitor voltages was significantly reduced from
620 V to 590 V.

Additionally, the closed-loop performance during braking from 800 rpm is depicted in Fig. 4.3.
For both prediction horizons, the constraint in (3.20d) remains active, demonstrating that the
proposed control algorithm effectively ensures the safe operation of the M2C by maintaining
the circulating currents within their prescribed limits. During braking, the capacitor voltage
oscillations are comparable across both horizons; however, the extended prediction horizon
achieves a lower voltage ripple at zero speed.

On the other hand, the Common-Mode voltage being an additional input causes a change in
the circulating currents, whose frequency spectrum is obtained by using Fourier Decomposition
and illustrated in Fig. 4.4 for six different stationary operations considering a fixed tuning on
Az and N,. Therefore, the spectrum is mainly composed of femy = fe and 2f, components
which demonstrates the influence of both the output port frequency and the frequency chosen
for the common mode voltage injection. This frequency component in the current helps to
cancel out the power components coming from the arbitrary CMV signal. It is also clear
that the components involving the frequency coming from common-mode injection decrease
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FIGURE 4.4: Frequency spectrum of the circulating current in cluster 1 at steady state considering

N, =1and A\, = 0.04.

in amplitude as the speed increases, being consistent with the CMV reduction. Although the
2 f. component varies slightly across speeds, it increases with higher speeds since the applied
torque remains constant.

That said, considering some horizons, the indicators of interest were obtained as signals
over time during the startup dynamics, considering a high-demand case with low weight factors
and a more relaxed case reflected in the amount of required current. Thus, Fig. 4.5 shows
for both cases the validation of what was proposed and previously mentioned in the dynamic
test. The most relaxed case shown in Fig. 4.5a)-b), ratifies that the extended horizon improves
the performance using circulating currents similar to the case with N, = 1, depending on
the weight factor election since the prediction horizon N, = 6 reduces the oscillations more
than the case with IV, = 5 but using larger current values even slightly exceeding the base
case in some moments. For N, = 3 the weight factor causes a operation more undesirable
than the previous ones due to worse performance at the beginning. Likewise, representing the
demanding case in 4.5¢)-d) the prediction step N, = 5 achieves the most significant reduction
in oscillations compared to the base case N, = 1, lowering the standard deviation by 1% at
its peak, achieving a reduction of about 2% of the oscillations amplitude with a current of
the same value. For the cases of NV, = 3 and N, = 6, although the reduction is smaller, it
is observed that operation with less current is achieved, implying a gain in control efficiency.
However, for the most demanding case, the current at start-up is always higher when the
horizon extends to more than one. In any case, the subsequent reduction makes a decrease in
losses as a start-up maneuver.

In both illustrated cases, it is observed that the performance demands currents that, in
many instances, exceed the value imposed by the controls performing external tasks when it
comes to a critical point for the matrix converter (low frequency high torque), i.e., I, = Ip,.
This implies operating with losses around twice the expected amount. Although it is possible to
reduce the required current as observed, there will be a tradeoff with the maximum acceptable
voltage oscillations for the operation, which falls outside the specific objective of this work but
is considered to protect the integrity of the converter.

It is important to highlight the shape in Fig. 4.5d), where the behaviour of the indicator
differs from the others between 1.5 s < t < 2.5 s, this effect is studied using Fig. 4.2b) in his
first column which exposes that the voltage oscillations not only increase in magnitude, but also
deviate from the mean value during the time mentioned and this caused mainly by two factors:
first, the small weight factor requesting more current, and second, the interaction between this
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FIGURE 4.5: Experimental results under machine startup with different prediction horizon and
fixed weight factor A, in each N,. Two cases are illustrated, taking as base case N, = 1, A, =
0.04 (rows 1-2) and N, = 1, A, = 0.023 (rows 3-4): (a)-(c) Circulating Currents mean RMS
(b)-(d) Cluster Voltage Standard Deviation.

variable and the common-mode voltage generating an energy component that typically has
a near-zero value but grows in magnitude. This component denotes the deviation between
upper and lower clusters, therefore, a non-zero value implies the effect shown when N, =1
and A, = 0.023. Thus, a better response could be reached with an online tuning of the weight
factor that also allows to set a limit for voltage oscillations as described in [31] in addition with
possibility of implementing variable saturation both in the generation of references and in its
respective current control thanks to the decoupling map.

Similarly, using the oscilloscope, some relevant variables of the system are recorded and
illustrated in Fig. 4.6 with a maneuver that includes three different speed operation. Thus, these
show the currents frequency change both outside the converter and internally as consequence,
the latter also having the external components in combination with the CMV frequency in the
manner mentioned above and consistent with (3.3), while the amplitude of the cluster current
at 800 rpm is significantly reduced compared to other speeds, requiring less intervention from
the proposed energy control that would be reduced to a near-zero reference if the common-mode
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FIGURE 4.6: Experiment performance during start-up maneuver with load torque. Waveforms: 4;
(Ch 1), i4 (Ch 2), v1 (Ch 3), i%, (Ch 4), i% (Ch 5), i¢, (Ch 6) . (a) standstill (b) operating at
800 rpm (~ 27 Hz), and (c) operating at 400 rpm (~ 13 Hz)

voltage were omitted. On the other side, the currents of the induction machine do not vary
significantly in amplitude after startup due to the imposed control saturation to achieve the
previously mentioned slower dynamics. However, this contributes to increase voltage oscillations
and, therefore, the circulating current reference.

Influence of the Extended Horizon in Steady-State

The influence of the prediction horizon will first be verified at a fixed operating point of 150
rpm (~ 5 Hz) with a constant load torque applied to the shaft. The operating point is chosen
to demonstrate the performance at low speeds with a load that demands more control effort.
The constraint in (3.23c) is considered as a box constraint, i.e., the upper and lower limits are
set in a fixed value of 9 A.

Fig. 4.7 summarizes the experimental results in steady-state at 150 rpm, illustrating the
trade-off between these performance indexes for several prediction horizons. Each point is
obtained by adjusting the weighting factor A, to yield the same I, when the prediction horizon
is increased from the step-one prediction case.

The first key point to highlight is the benefit of extending the prediction horizon in
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FIGURE 4.7: Experimental Result of the influence of Extended Prediction Horizon on Voltage
Oscillations and the amount of Circulating Current required at constant speed f = 5 Hz.

the performance of an M2C-based drive. This extension reduces voltage oscillations while
maintaining similar RMS values for the injected circulating current. Additionally, operating
with a specific capacitor voltage deviation, the long-horizon approach reduces the RMS value
of circulating currents, which would greatly enhance efficiency, particularly in higher-power
drives. For instance, as shown in Fig. 4.7, if a capacitor voltage deviation of 10% is tolerable
by the M2C, the RMS value of the circulating currents can be reduced by approximately 3%.

Proposed Algorithm performance

Given the proposed algorithm for solving the COCP, it is relevant to study the computational
burden involved in using an extended horizon and its potential application to more advanced
systems. Thus, Fig. 4.8 show the average iterations of the ADMM algorithm and the cost
function of the COCP. The data considers the lowest choice of A, shown in Fig. 4.5, hence
representing the situation with the highest computational requirement tested. Logically, the
extension of the horizon implies an increase in iterations at each sampling time, with a doubling
of iterations between the one-step horizon case and its counterpart with the maximum horizon
chosen. Although the number of iterations does not exceed 12 when the longest horizon is
applied, the convergence value tends toward the stopping criterion of the algorithm, which,
if exceeded due to the effect of extending the horizon or reducing the weight factor, would
result in unfeasibility in its implementation. This behavior is accentuated during the startup
dynamics, which can be more demanding if a higher torque is allowed through the imposed
current saturation, and therefore may cause the algorithm to operate improperly. In any case,
the chosen criterion should be studied in greater detail according to the optimality achieved
by the solution, with the first criterion of equation (2.13) being the appropriate indicator for
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this, added to the implementation of an efficient solver for the subproblems that allows more
iterations without exceeding the established criterion and thus, achieve an even longer horizon
to provide a more optimal solution. The cost function given by (3.20a) increases due to the
inclusion of new terms in the sum associated with the extended horizon. Also, this effect is
amplified by the higher value of )\, as the prediction horizon grows, which equally weights all
the terms. This underscores the need for tuning the weight factors to adapt not only to the
specific moment but also to the selected extended horizon.
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FIGUre 4.8: ADMM Algorithm performance during dynamic response with extended horizon
through iterations on each sample time and cost function given by (3.20a).

It is also important to analyze the computational burden of this method in comparison
to the conventional solution approach with an augmented matrix that considers all the xth
terms from (3.25) and (3.26) for an immediate solution of the vectors z,. In this regard, the
calculation of the FLOPS necessary to solve the unconstrained problem in an extended horizon
N, will be considered, and is given by:

2'(k) = —H Y(k)f(k) (4.4)
with

H(k) = B(k)"QB(k) + A,

. (4.5)
f(k) = B(k)" Q(Ec(k) — E¢.(k) + Eco(k))

Considering B, Q € R"r and Ec,Eco,Ej € R6N»*1  On the other hand, the ADMM
algorithm from (3.31) will also take the unconstrained solution in each subproblem, but the
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TABLE 4.2: ADMM Algorithm Execution time.

Horizon Max time (us)

1 4,97
3 26,08
5 83,66
6 131,20

solution will depend on the iterations N;; performed until the convergence criterion is met.
Thus, both algorithms will have the following total FLOPS:

FLOPScony = 6N,(120N7 + 30N, + 1) (4.6)
FLOPSApnmu = 2Nit (10N} + 56N + 18N, + 3) (4.7)

The algorithms depend cubically on the chosen prediction horizon, and graphically, Fig. 4.9
shows how an increase in iterations implies that the algorithm proposed in this work becomes
less efficient when IV, is low, necessitating an extended horizon to ensure that the ADMM
method outperforms the conventional one. However, considering the results of Fig. 4.8, where
on average no more than 12 iterations are required, the operation would lie between the green
and blue curves in terms of the required FLOPS, making the ADMM method more suitable
for the application and this is also reflected in its implementability. It should be noted that
the analysis is conducted solely on the solution of the QP problem, as the other control tasks
do not differ between methods.
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FiGure 4.9: Total FLOPS for both Conventional and ADMM algorithm to performance ICB
control.

Regarding execution time, Table 4.2 presents the maximum execution time during the
most critical phase of operation, which corresponds to the point where the highest number of
iterations is reached, as previously mentioned. The execution times increase cubically when
considering a similar number of iterations, as observed in this case. For the maximum horizon,
the algorithm utilizes 78% of the total computation time, thereby imposing a limit on the
implementation for a higher IV, value with an equal or lower circulating current requirement.
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The evolution and development of the grid as an increasingly complex system, where renewable
energy generation, transmission via HVDC lines, and distribution through various applications
such as EV-charger, storage systems and micro-grids are constantly demanding more quality
and robustness from the power converters that link them with the entire grid. To meet these
demands, the multilevel converter family has been introduced as a promising topology to
achieve the objectives.

The massification of conventional two-level converters must be taken into account when
discussing reliable features such as fault tolerance, scalability and harmonic suppression since
these features were not inherently present without additional extensions. In this regard, the
modular multilevel converter have an advantage by including and solving these recurring issues.
However, an inherent challenge comes with these topologies due to the large increase in both
passive and active components. As a result, the external control tasks must be carried out
considering new internal tasks coming from the internal states such as managing internal states
like energy/voltage and currents, which consequently implies a more sophisticated and complex
control.

Furthermore, the external conditions can contribute to this challenge. For the M2C topology
each capacitor voltage needs a proper and well-distributed balancing in addition to maintaining
overall balance to provide sufficient energy for operation. This one-by-one energy balance
becomes more difficult when converter output operates at low frequencies, representing a
critical point that must be studied with increasingly advanced techniques, especially in a very
common application like machine drives.

One of the aforementioned techniques is the presented and developed in this work which is
based on a model predictive control that considers two general terms, which are contrasted
by computing their squared norm error with a weight factor to emphasize one over the other.
These two terms are the cluster energy vector and the circulating currents vector. The former
denotes the balance task, while the currents act as the control effort in the optimization problem.
Although the original model used is non-linear, the optimal solution is achieved by arbitrarilly
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choosing one of the degrees of freedom, being in this work the common mode voltage which
can not be a null variable in start-up drive applications. Therefore, the circulating currents
remains as a control variable.

Then, the novelty of this control strategy lies in the algorithm used to solve the balance
optimization problem. The alternating direction method of multipliers (ADMM) was applied
whit its main feature being the decomposition of the problem into subproblems. Each sub-
problem considers the circulating currents of a single cluster as the variable to be optimized
and the global solution is achieved by iterating until it satisfies a convergence criterion. In
addition, this method was chosen to allow the incorporation of an extended horizon in a real
implementation and to assess its performance.

To validate the hypothesis, a reduced experimental setup consisting of the M2C converter
driving an induction machine was implemented, meanwhile the control algorithm was executed
on an FPGA. Given the application, both stationary and transient behaviour were tested and
assessed through an start-up and braking maneuvers considering a significant load torque.
Then, indicators such as the standard deviation of voltage oscillations and the average RMS in
circulating currents were stablished as KPIs to determine whether performance improvements
were achieved.

Each test was carried out with a baseline case where the prediction horizon was limited to
one step ahead, which was then compared with the same test but with an extended horizon.
This was accompanied by an arbitrary tuning using the weight factor that penalizes control
effort.

The steady-state results provided an initial insight into the effect of a longer horizon on
performance. A significant improvement was observed at low speeds, with both indicators
decreasing aforementioned, especially in more relaxed cases (i.e., where the circulating current
demand is lower), while still maintaining the trade-off between more efficient operation and
reduced voltage performance in terms of oscillations.

In this way, the previous results provide a basis for a comparison of the prediction horizons
during a dynamic maneuver. For each chosen horizon, a fixed tuning of the weight factor was
set to ensure a similar or lower demand for circulating currents.

The transient behaviour confirmed the proposed approach, achieving greater efficiency and
reducing voltage oscillations with the iterative proposed ADMM algorithm, which provided
optimal results with few iterations per sampling time, even with a long horizon and under
the most critical operating point (low-speed high-torque). Furthermore, the constrained
optimal control problem was solved while keeeping the constraint on currents active to prevent
overmodulation and damages. It is worth noting that the common mode voltage, as an arbitrary
signal, sometimes had an undesired impact because its implementation was not co-optimized
with the currents, leading to deviations in the capacitor voltages.

Although the current implementation achieved long prediction horizons, an evaluation of
the ADMM algorithm showed a considerable increase in execution time, consuming more than a
half of the computation time when the maximum achievable horizon was selected. Nevertheless,
the results support the algorithm over conventional method which cannot be implemented.
Moreover, the ADMM algorithm can be further improved by employing more efficient solvers
for the subproblems, allowing for an even longer prediction horizon.

Looking forward, several aspects should be considered for future work. These include the
implementation of real-time tuning of the weight factor, which would allow for the definition of
performance objectives throughout the startup process. This is particularly important given
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the impact of the weight factor as a balancing parameter between efficiency and oscillation
reduction. Additionally, the possibility of making smooth transitions between low- and high-
frequency operations—where the injection of common mode voltage can be omitted for better
use of the modulated voltage—should be explored. On the other hand, there is the treatment
of the optimization problem together with a strategy that allows for the co-optimization of
both degrees of freedom (circulating currents and common mode voltage). This would lead to
more robust control and prevent issues such as overmodulation or the arbitrary selection of
signals that, in some cases, are not suitable.
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