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Real-Time Implementation of Predictive Control
in Power Inverters Based on Nearest
Neighbor Searching

Joaquin G. Ordonez ", Pablo Montero-Robina

Abstract—Model predictive control is a powerful methodology
to control multilevel power inverters because of its ability to deal
with multiple variables and control objectives but presents some
difficulties, such as high computational burden and the fact that
the control input is held constant during each sampling period.
Multirate model predictive control was later proposed to alleviate
the latter issue but would become even more complex to compute.
This work proposes the implementation of multirate model predic-
tive control using a novel adaptation of nearest neighbor searching
to learn the control law. This effort made it possible for this control
technique to be implemented in real time by taking advantage of
hardware-accelerated parallelization. The method is tested on a
five-level diode-clamped converter operating in inverter mode. The
algorithm was implemented in a field-programmable-gate-array-
in-the-loop experiment, and results show a significant reduction in
total harmonic distortion, improving current ripples compared to
predictive control that does not use the multirate technique.

Index Terms—Hybrid systems, machine learning, modeling and
prediction, real-time and embedded systems, real-time control.

I. INTRODUCTION

HE importance of power converters has been growing in
T recent years as a result of their necessity in the transition to
renewable energy sources. In this line, multilevel converters have
been a research focus as they present lower current distortion
and, thus, are more energy efficient, at the expense of circuit
configuration complexity, drawing attention to newer control
techniques. Model predictive control (MPC) is very appealing
in the field of power electronics because it can easily deal
with multiple control objectives that are subject to multivariable
models and complex constraints [1], which is the case for these
multilevel converters.
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From the point of view of control system theory, these
power converters are switched systems: Currents and voltages
are continuous, but control inputs are discrete signals with
a finite number of possibilities. Most inverter control design
approaches are based on the consideration of control inputs as
continuous signals, followed by a discretization stage, called
modulation. Two of the main families of modulation techniques
are carrier-based pulsewidth modulation (CB-PWM) and space
vector modulation (SVM) [2]. Nevertheless, there exist other
techniques that do not consider control inputs as continuous
signals and take into account, at the outset, the discrete nature of
the control input, such as hybrid control [3] or finite-control-set
MPC (FCS-MPC) [4], [5]. Although FCS-MPC is well suited
for discrete problems, this technique has also been mixed with
continuous-time signals in an attempt to emulate modulation
techniques, as reviewed in [6]. When multilevel inverters come
into play, the methods that include a modulation stage have to
pay special attention to an additional objective—the capacitor
voltage balance. In the case of MPC-based control, this addi-
tional objective can be handled in a natural and direct way by
including it in the cost function.

Avoiding the modulation phase can simplify the control algo-
rithm, but it also brings up the main disadvantage of FCS-MPC:
The control solution is presented as an input signal to the system
that is held constant during the commutation period, usually
matching the sampling period. This is not the case for control
techniques that use a modulation stage that allows changes in
the control action at any instant during the sampling interval. In
FCS-MPC, this fact can be overcome at the cost of increasing
the commutation frequency, but there are several limitations to
doing so: 1) more commutations lead to more electrical losses
and thermal stress on the device [7], and 2) sampling and control
might not be possible to perform at such high frequencies when
they are matched to the commutation frequency, which is a
common practice to obtain a better harmonic spectrum [8].
The first issue (thermal limitation) can be avoided by using
longer control horizons and commuting fewer times but at better
moments, but, in turn, increases computational complexity [9].
The second issue is a direct computational limitation, which
motivated many efforts directed to the efficient programming of
the algorithm to reduce computational burden [10], including
those who seek to calculate the control law over long prediction
horizons [11].
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TABLE I
MAIN TYPES OF MACHINE LEARNING METHODS COMMONLY USED
IN POWER ELECTRONICS

Method Applications Memory | Calc. time | Uncert.

Neural Design, Control, .
Networks Maintenance Low Low High

Probabilistic Maintenance Low M;?;lm Low
Kernel Control, Medium Low Low
Maintenance High Medium

Qualitative comparisons in typical memory usage, calculation time, and uncertainty.

Our contribution to this line began with the application of
multirate MPC (MMPC or FCS-MMPC), first presented in [12]
as an enhanced technique over the FCS-MPC algorithm to
allow several commutations within each sampling period. It
was a solution to the second issue when the constraint was
the sampling frequency, but it increased the computation time
even further. Nevertheless, the conclusion of that research was
that FCS-MMPC can achieve great performance and solve the
thermal limitation with a proper control horizon. In this case, the
only downside would be the huge computational complexity.
This is why more research has focused on machine learning
techniques to implement the FCS-MMPC solution online [13].

There are many examples of artificial intelligence in power
electronics [14]. While most applications are used for main-
tenance and fault diagnosis, machine learning is widely used
to accelerate the computation of a control solution [15], [16].
Recent works commonly use neural networks to learn the
control law, displaying promising results while validating the
method in simulation [17], [18] or in a hardware-in-the-loop
setup [19], [20]. Table I presents a simplified classification of
machine learning works in this field. Neural networks and kernel
methods are commonly used in control applications. While neu-
ral networks are usually easier on the hardware specifications for
implementation, kernel methods generally provide better tracing
and interpretability in their solution, resulting in more robust
control. Another study [21] on the control of cascaded H-bridge
inverters found similar conclusions, where the complexity of
neural networks was not attractive when kernel methods were
simpler and yielded closer performance results to controllers
based on FCS-MPC.

In this article, the contribution is given on several fronts. Not
only is the first real-time implementation in hardware of the
FCS-MMPC solution, but it is also achieved by a new supervised
machine learning technique—an adaptation of k-nearest neigh-
bors (k-NN) optimized for power inverters that seeks the best
solution within a database in two quick steps. The new kernel
method was named 2-step nearest neighbor searching. This is
accompanied by field-programmable gate array (FPGA)-in-the-
loop experiments and results, which were achieved due to an
optimized implementation structure that uses parallel computing
to accelerate the searching algorithm.

The main disadvantage of kernel methods is the presence
of a training dataset that needs to be accessed in real time.
However, this issue is currently becoming less severe due to the
broad availability of high-speed memory in embedded control
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Fig. 1. Diagram of the three-phase, five-level DCC operating in inverter mode,

connected to a DC source.

hardware. Our chosen searching algorithm, compared with other
kernel techniques, has been proven to have very low and deter-
ministic computation time, fixed and adjustable approximation
error, reasonable memory usage that fits in commercial FPGA
platforms, and adaptability to different working conditions.

The rest of this article is organized as follows. In Section II,
a multilevel inverter is presented. In Section III a new kernel
method based on nearest neighbor searching, is used to accel-
erate the calculation of the solution of FCS-MMPC, allowing
its application at high frequencies. In Section IV, the parallel
computation scheme that allows the real-time implementation is
provided. In Section V, the method is validated in a hardware-in-
the-loop setup using an FPGA. The power inverter selected for
the control experiment is a five-level diode-clamped converter
(DCC), first detailed in Section I, along with its control strategy.
Finally, Section VI concludes this article.

II. SYSTEM, MODELING, AND CONTROL

In this section, a multilevel inverter will be presented for the
application of this article. The chosen topology is a five-level
DCC, which carries high control complexity and the presence
of nonsymmetric elements. Some guidelines for modeling will
be given, as well as an introduction to FCS-MPC, even if it is
out of the scope of this article. These will serve to introduce the
functioning and variables of the system a better explanation of
the learning method.

A. Five-Level DCC Power Inverter

The inverter considered in this article is a three-phase five-
level DCC connected to a weak grid modeled as a three-phase
inductive and resistive load, as shown in Fig. 1. The converter
is fed from a dc source that could be any element with a dc
link at the output. The central block in this figure represents the
switching circuit depicted in Fig. 2. The converter parameters
are the inductor L that is merged with the grid inductance, the
capacitance of the capacitors that are assumed to be identical
C1l =(C2= (3= (C4 = C,and the symmetric three-phase re-
sistive load R.
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Fig. 2. Three-phase, five-level DCC topology.

TABLE II
FEASIBLE COMBINATIONS FOR THE CONTROL INPUT

Py |15 [ 55 [ Sy [ S5 [[uw ] v
fos =1 0 0 0 0 22 | —ves —veg
foa =1 0 0 0 1 -1 —vCs
fps =1 0 0 1 1 0 0
fro =1 0 1 1 1 1 Vo
for = 1 1 1 1 2 vo1 + vee

The control inputs w,, are the binary position of the switch-
ing elements that determine the evolution of the variables of
the converter system, that is, the currents 4,, for each phase

p = {a,b, c}. Five switching states f,;, for j =1,...,5, are
considered for each phase as defined in Table II. Atevery instant,
for each phase, one and only one f,;, for j = 1,...,5, is equal

to 1 while the rest is equal to zero. Variables .S, correspond to
the switching devices represented in Fig. 2. The second-to-last
column shows the five possible values for the control input u,,.
In a five-level three-phase system, the control input has a total
of 52 = 125 possible combinations. The last column in Table II
is the corresponding voltage output v, measured between the
points a, b, ¢, and o3 in Fig. 2, where v to veoy are the voltages
measured at each capacitor.

By switching between levels and inducing v,,, currents 7,, can
be driven. These will affect the currents going from o4, ..., 05
to the switching block, which will charge or discharge the
capacitors C'1 to C4, modifying the voltage of the levels of
the inverter and affecting its balancing. This relation will be
explored further in the following section.

B. Modeling

It is easier to understand the inverter system as two sides, dc
and ac, that interact with each other through a box of switching
transistors. The system can be modeled in a similar way, where
the equations reflect how the variables on each side are related
to the level selected in the switching circuit.
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The dynamic equations for the ac side are

dip(t)

vp(t) = Riy(t) + L o

for each phase p = {a,b,c}, where i, are the ac-side phase
currents and v, is the output voltage given in Table II that
depends on the level of operation u,, selected for each phase.

The model described with 7,, and u,, can be translated from
continuous to discrete time integrating (1) from ¢t = kT to t =
(k 4+ 1)Ts, where T is the sampling time, as explained in [8].
This obtains a linear time-invariant (LTI) state-space model that
can be written in form

i(k +1) = Ai(k) + Bu(k)

e))

2

where i € R3 is equivalent to i, for p = {a,b,c}, and u €
{-2,-1,0, 1,2} to uy, but the subindices p are dropped from
now on for clarity when using the discrete form. Matrices
A, B € R**3 only depend on system parameters as follows:

1 00
RT,
A_(l ) 01 0 3)
L
0 0 1
2/3 -1/3 -1/3
Vi T, / / /
B = L -1/3 2/3  —1/3 “4)
-1/3 -1/3 2/3
The equations for the capacitors on the dc side are
dver . :
C o =ch—zp:fp12p (5a)
dvca . .
C—F =iae - ij(fpl + fp) iy (5b)
dvcs . .
C i :ch+;(fp4+fp5)lp (5¢)
dvcs . .
C—F =g+ Zp: Fpsip - (5d)

It is common to use the difference in voltage between capacitors
as the variable to control, as it allows the reduction of the number
of variables by 1 since veo1 + vo2 + vos + vos = Ve at all
times. Thus, vg € R"¢~1 is

Vc1 — Vo4
Vg = |Vc2 — VC3 (6)
V3 — V4

and n¢ is the number of capacitors that split V.
Differentiating (6) with respect to time and combining it with
(5), the dynamic equation of the capacitor voltage difference is

duyg Zp(_fpl - fp5) ip ‘
Cﬁ = |2 (= fp1 = fo2 = fpa — fo5) ip
Zp f pd lp
Since these equations are nonlinear due to the multiplication
of fp; and i, and, thus, u, and i, (see Table II), an exact LTI

)
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state-space equivalent cannot be obtained. Instead, the following
nonlinear model

va(k +1) = va(k) + G (u(k)) i(k) ®)

can be used, where G : R3 — R("c=1x3 i3 a function that
depends on the control inputs and returns three column vectors,
one for each phase p = {a, b, c}, where

vy 1 -1 o] i up(k) = =2
¥ =O -1 1 if w,(k)=-1

G, (u(k)) = 4 ~ 0 0 o} if uy(k) =0 (9)
¥ O -1 O} if u,(k)=1
v|-1 -1 O} if u,(k)=2

where v = T /C.

Any controller in a functioning five-level inverter has to con-
sider at least one objective for each of these systems of equations:
on the ac side, the three-phase current has to meet some quality
conditions, and on the dc side, the voltage differences between
capacitors have to be kept within a threshold [22].

C. Finite Control Set MPC

In this section, MPC will be briefly introduced along with the
finite-control-set method and the multirate variant, which will
be used as an example for the learning process later on in this
article.

Following the concepts of MPC in [23], we seek a control
action that minimizes a cost function while satisfying several
constraints. In power electronics that have a limited number of
operations to select for the control action, FCS-MPC is a suitable
technique. It eliminates the need for a complex optimization
algorithm for the minimization problem, and instead, the cost
function is checked a finite number of times, corresponding
to every possible operation level, and the control action with
the minimum cost is selected. This control process is repeated
periodically every sampling period Ts: At each sample time k,
the following holds.

1) The variables for the state of the system are measured.

2) The predicted cost function is estimated when applying

every combination of the finite set of control actions.

3) The control action that carries the minimum cost is ap-

plied.

In order to differentiate between measured and predicted
values, we will use variables ¢, u, vy for measured state of the
system, and i, i, vz for internal predicted values in the optimiza-
tion problem, which has the following mathematical expression:

N-1
j=0
+ Ao f2 (0a(j +1),va(j), u(5))
+Asfs (u(d), u(j —1),i(4)) (102)
st i(j+1) = Ai(j) + Bu(j) (10b)

a(j+ 1) = va(j) + G (a(5)) i(j)  (10c)

u(j) € {-2,-1,0,1,2}° (10d)
j=0,1,...,N—1

i(0) = i(k) (10e)

04(0) = va(k) (10f)

u(-1) =u(k—1). (102)

In this formulation, the cost function (10a) reflects the sum
of three function terms that correspond to each of the control
objectives. In the case of multilevel diode-clamped power in-
verters, these include at least the terms for current tracking
and capacitor balancing. Tracking cost, represented as fi, is a
term that penalizes the deviation between the predicted current
i € R? and the current reference i, € R3. A larger tracking error
contributes to total harmonic distortion (THD). The cost f5 has
the purpose of keeping the capacitors balanced and generally pe-
nalizes v; € R™~! deviation from 0. Furthermore, the decision
variable & € Z? can appear in the cost function as f3 to penalize
commutations, since these are directly related to electric losses
dissipated as heat. Factors A1, A2, and A3 are weights that tune the
importance of the three terms in the cost function. The solution
to the optimization problem is u(k) = @(0). The constraints are
the grid (10b) that predicts the grid currents i(), from j > 0, the
capacitor balancing equations (10c) that predict the future volt-
age balance v4(j), from j > 0, and the control input constraints
(10d). This problem receives the initial conditions i(k) € R3
and vg(k) € R? from measurements at every sampling instant,
u(k — 1) € Z3 from the previous optimization problem, and the
current reference i,. € R3. This problem is solved at a frequency
of 1/Ts.

The control horizon N indicates how many steps are planned
for the future to minimize the predicted cost. However, only
the first step is applied so that the problem is recalculated in
the next step. This is the receding-horizon strategy. In FCS-
MPC, the cost function is calculated a finite number of times,
corresponding to the possible operation levels available, which
are 125" in the case of three-phase five-level inverters. It is easy
to see that computational burden increases dramatically with V.
Considering the high sampling frequencies required to control
this type of system, the receding-horizon strategy can be just
impossible to implement without a heavy optimized method to
find the solution.

Furthermore, a quick calculation of the optimization problem
can allow higher control input frequencies, which is another
important factor in improving reference tracking and lowering
THD. In a closed loop, there are more limiting elements to the
control input frequency, such as the frequency of the measuring
stage or the switching elements. When the limiting factor is the
measuring hardware or the calculus time, a multirate strategy
can be very useful for reducing harmonic distortion.

D. Multirate MPC

Multirate MPC (MMPC) [12] is a variant of MPC that allows
a higher control input frequency while maintaining the sampling
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i 1 1 i
kT, k+a)T,  (k+20)T,  (k+1)T,
time

Fig.3. Example of standard MPC (dashed line) and multirate MPC (continu-
ous line) control action u for one phase, with N, = 3, during a sampling period
from kT to (k + 1)T%s.

frequency. This technique aims to improve the performance
of the converter when the control time of the FCS-MPC is
constrained by hardware limitations such as the sampling rate
of the acquisition system and the calculus time, but not by the
commutation frequency of the switching devices.

The main change of MMPC is on the variable u(k) € R**Ne,
which is now a matrix with 3 rows, one for each phase {a, b, ¢},
and N, columns, because, in this technique, the control action
can change N, times during the same sampling interval. Only
the first split is applied in closed-loop control with system
readings while the rest N, — 1 splits are estimated based on
the measurements performed at the beginning of the sampling
interval. For any integer N, > 1, we define o« = 1/N,, such
that the sampling interval is divided into N, subintervals with
boundaries kT, (k+ o) Ty, (k4 20) Ty, ..., (k+1)Ts. An
example of N, = 3 is illustrated in Fig. 3. The selection of
N, depends on computation time and switching frequency
restrictions.

The optimization problem for FCS-MMPC is similar to (10)
but updated to account for the subintervals. Its description is

N-No—1
min Y A (i + 1), )
j=0

+ A2 fo (Va(j + 1), va(4), u(5))
+Asfs (u(d), (s —1),i(4)) (11a)

st i(j+1)=A,i(j) + Bau(j) (11b)
va(j + 1) = va(j) + Ga (a(j)) i(j) (11c)
a(j) € {—2,-1,0,1,2}3 (11d)

j=0,1,...,N-Ny—1

i(0) = i(k) (11e)
02(0) = vg(k) (11f)
u(—=1) = uyy, . (11g)

The FCS-MMPC algorithm is solved at each sample time k7
with the information available at that instant and gives as solution
u(k) = [a@(0),a(1),a(2),...,a(N, — 1)] that must be applied

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 39, NO. 1, JANUARY 2024

attimes k Ts, (k + ) Ts, (k + 2a) T, . . ., (k + Noaw — ) T,
respectively. One small difference with respect to the previ-
ous formulation (10) is the introduction of the term u,, € R3,
which is not exactly u(k — 1) € R3*Na—only its last column
(N,), corresponding to the control action in the last subinterval.
Matrices A, B,, and function GG, depend on the system and
must be modified to account for the multirate variant, where the
only change is that where 7T appears in the definition of those
parameters, it is replaced by o 7T’.

Similarly to the receding-horizon strategy, FCS-MMPC
scales the computational burden exponentially with N, making
this technique almost impossible to implement as is. Even when
dodging measurement limitations, the biggest remaining con-
cern is the computational time of predictive control. The next
section will address this issue by proposing a machine learning
implementation of this control technique.

III. TWO-STEP NEAREST NEIGHBOR SEARCHING
METHODOLOGY

As stated earlier, the optimization problem of the FCS-MMPC
is practically not possible to compute online in real-time imple-
mentation. This is the motivation for most of the work in this
article, which pursues an explicit description of the resulting
control law based on machine learning with the objective of on-
line implementation. In other words, we seek a learned solution
that requires low computational effort while being as accurate
as possible with respect to the actual control law.

As discussed earlier in the introduction, kernel methods in
machine learning provide interpretability and adaptability to
achieve satisfactory results for power converter applications.
Previous work on these methods included linear regression and
nonparametric methods [13] that encompass Lipschitz inter-
polation, allowing for easier theoretical analysis [24], as well
as being simple enough to be run in embedded systems [25].
The technique chosen in this article, nearest neighbor searching,
carries these important properties while simplifying computa-
tional complexity by skipping the interpolation stage. This is
possible due to the discrete nature of the control law, as the
solution of the optimization problem can be stored as a single
discrete value. Additionally, by removing the interpolation work,
more circuit resources can be put into parallelizing the solution
searching.

The goal of this section is, thus, to present this adaptation of
the nearest neighbor searching methodology to control power
inverters by learning the MPC solution. The adaptation makes
it easier and faster to locate the closest neighbor by taking
advantage of the periodic nature of the output ac current to
optimize the searching algorithm. In fact, due to this charac-
teristic, the implementation proposed in this section is appli-
cable to other topologies of power inverters and other control
techniques.

First, the content of this section will focus on obtaining
a suitable database to learn the FCS-MMPC control strategy
presented in this article, including data processing methods.
Then, nearest neighbor searching will be presented along with
its 2-step adaptation for power inverters.
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A. Data Collection

There are two key aspects to consider when building a
database to learn the control of a system. The first is to select
the appropriate variables that define the state of the system and
the control solution associated with that state. The second is the
length of the database, the number of different states that will
be gathered to cover a whole range of situations that can occur
during the control of the system.

Learning the control law of FCS-MMPC starts with exam-
ining the system modeling and the optimization problem em-
ployed in Section II. The general optimization problem outputs
a solution u(k) that minimizes a predicted cost function while
receiving the initial variables i(k), vq(k), the previous solution
u(k — 1), and the reference i, (k). Thus, a database D for
learning the control is a static map y = F'(w), in whichy €
gathers u(k) has 3 x N, dimensions due to the 3 phases and
the number N, of commutations within the sampling interval.
The input w € W also depends on NV, and the space W has the
following form and dimensions in the database:

3 3 3xNq 3
—~ = —— —_——~ —N—
k1) kD) ak-LD (k1)

Z(k,ND) Ud(k,.ND) u(k — .].,ND) Z'T(k,.ND)

in which the number of columns is indicated above the brackets
and the number of rows corresponds to the number of data
samples Np.

With the appropriate variables selected, the second part is
to analyze all the different control scenarios that can occur
to register a proper range of states. The fact that the inverter
is controlled to obtain a three-phase sinusoidal current that is
a periodic signal simplifies data collection, since only a few
periods of the signal are needed in steady state. However, the
transient is more complicated because it depends on the initial
conditions.

These initial conditions may vary from experiment to exper-
iment, as the capacitors need to be charged before the inverter
starts to operate. This stage is usually not a perfect process and
does not guarantee that the capacitors are balanced by the time
the control begins. However, the differences among them are
expected to be bounded because of the switch voltage limits.
To achieve a comprehensive database for any reasonable initial
state, it is recommended to simulate every possible combination
of signs for the initial value of the voltage difference variables
(6) until steady state is reached.

In the application that is the object of the article, in which the
conventional control law cannot be implemented online, data
collection can be carried out in a simulated environment.

B. Data Processing

Although numerous simulations can be performed to collect
data in a large and rich database, the computational cost of the
search algorithm increases with the length Np of the set. In
addition, fast memory for high-frequency control is very limited
in embedded hardware. For these reasons, several common
procedures in the machine learning field will be proposed to ease

computing efforts and simplify the database. These processes are
briefly described ahead.

1) Normalization: For embedded implementations, it is rec-
ommended to subtract the mean value of each column
of the database and then scale each column so that the
maximum absolute value is 1. Although this is calculated
offline for the database, normalization has to be performed
online for every new input query, but as this step only uses
sums and multiplications, it is quick while also being very
useful for working with fixed-point number storing.

2) Basis transformation by principal component analysis
(PCA) [26]. This transformation is very useful for reduc-
ing the number of variables in a database. It analyzes the
cloud of points to find the most-fitting direction, which
becomes the principal component and the first axis of
a new basis. Then, it searches for the following most-
fitting direction, with the caveat that it has to form an
orthogonal basis. This is repeated for as many dimensions
as the original dataset has. In the end, this technique
obtains a square matrix 7p with as many dimensions
as the original database, which transforms the basis of
the dataset. In the newly transformed dataset, the vari-
ables no longer have physical meaning but are ordered
by the percentage of the total variance explained by each
principal component. These percentages can be obtained,
helping to identify which components are important, as
well as uncovering unhelpful directions that can be re-
moved from the resulting dataset, such as eliminating the
third component of the three-phase current, commonly
addressed in this field by the Clarke transformation. This
method effectively reduces the number of variables in the
dataset.

3) Filtering: The goal of this step is to reduce the number
of data points, usually by eliminating those that are not
meaningful. For our specific application, given the discrete
nature of the control action, deleting points that are very
close to each other while yielding the same control output
has proven to be useful.

4) Probability-based analysis: Finally, it is very important to
validate that the database can perform well under scenarios
that were not included in the collection or training step.
A common approach is to perform a good number of
control simulations as in the Monte Carlo method while
registering how many times each part of the database is
visited within a threshold. This can provide insight in
two ways: First, these simulations help to identify which
part of the database is used more, allowing to increase
or adjust the aggressiveness of the filtering depending on
the zone. Second, they can discover ill-conditioned zones
that can be improved by adding new points. Validation is
an iterative process that can be repeated many times until
being satisfied with a final database.

C. Nearest Neighbor Searching

Usually known as k-NN, this regression algorithm in its basic
form outputs the average of the values associated with the &
nearest points in the dataset given an input query point.
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The k database points closer to the query point can be found
by calculating the distance between two points as the norm ¢,
defined as

[[w; —qlls = (lej,i —qi|¢> (12)
i=1

where ¢ is the input query point of dimension n, w; is the jth
point in the database, and ¢ defines the type of norm. If ¢ = oo,

the infinity norm is defined as
13)

Nearest neighbor searching is k-NN when k£ = 1, where only
the closest point y, of the database is used to select the output

(14)

[|wj = qlloe = max|wj; — ¢l

yg = {y; € V1 j = argminfjw; — ql[y, w; € W}.

This choice makes the algorithm faster while also being very
effective when dealing with finite-set outputs. Notice that once
¢ has been chosen, the 1-NN estimator does not require any
additional parameter.

D. 2-Step Nearest Neighbor Searching

The main disadvantage of neighbor searching is that, in its
simplest form, the computational complexity grows linearly with
the size of the training dataset. For our application, this is likely
impossible to carry out in real time on current hardware due to
the large training set required given the complexity of the system
and the high frequency required for control. To overcome this
problem, in this article, we propose an adaptation of nearest
neighbor searching consisting of two quick focused searches
that are significantly faster than one through the whole database.
This method takes advantage of the periodic oscillatory nature
of the three-phase alternating current produced by an inverter
system to select a smaller subset of the training data to find the
nearest neighbor.

The search is conducted by the variable i, € R3. When a
three-phase system is balanced, the third phase is dependent on
the other two. The Clarke transformation is a common resort
in this field for simplifying and removing the data of the third
current, and results in two sinusoidal waves that are 90° out of
phase, which take the shape of a circumference in the trans-
formed 2-D space, which is referred to as P in the following.
PCA also achieves the same goal when applied to a dataset that
contains a balanced three-phase grid because the new basis is
orthogonal by definition, and it is the proposed method in this
work due to the multivariable characteristic of the database.

This circumference in the P plane will be exploited to separate
the search in two steps. The original database will be fragmented
and classified by the angle of its point in this plane. In this
way, the first 1-NN search will consist of finding the fragmented
sector that the solution is in, and then, the second 1-NN search
will find the exact solution. To obtain this classification space
‘P, we take the input space with the PCA transformation already
applied V := {v; e R™ | v; = Tp - w;,w; € W}, with n,, <
N4 . Then, the two main components related to %, are projected,
obtaining the new space P € R2. An example of this space is
represented in Fig. 4.
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Fig. 4. Three-phase current projection.

A direct method to classify this space is to change these two
components to a polar basis and then use the angle to divide the
space P into n, radial sectors, forming the partition P = U(P;),
with [ = 1,...,ns. Every section P; can be later represented
back into the original space V as hypersectors H; € R"~. Hy-
persectors H; are, thus, portions of space V that are smaller the
higher n is.

However, if the final purpose is the online implementation, it
is recommended not to use the angle itself as the classification
parameter, since the real-time calculus of an arctangent can be
more demanding due to the division that is required to perform.
Instead, we suggest using the two components of plane P to
perform a 1-NN search, since vector norm calculations are
simpler. Thus, for the first step of nearest neighbor searching,
what needs to be stored in memory is the coordinates o € R?
of the middle point of each sector P;. This middle point can
actually be any point on the bisecting line of P, although points
farther from the center of the circumference are recommended
to improve searching accuracy. With this, any given query point
¢ mapped in space V, with its two main components related to
i, can be used to perform 1-NN with the dataset of the middle
points o of sectors P;, whose solution can be transformed back
into a hypersector #; that contains the solution for query input
q.

Then, a second 1-NN search can be performed inside the
H; obtained in the previous step, locating the final solution—
the nearest neighbor of ¢. This is where the method vastly
reduces the computing time of the whole process because it
searches for the solution inside 7, instead of the entire database.
However, the full database must be stored in memory anyway,
just like the searching in one step. The only disadvantage of
the two-step searching is that of storing an additional dataset of
points o, but this second dataset is significantly smaller.

However, a problem arises if the query point ¢ is too close
to any of the lateral borders of the sector P;, because there is a
chance that the closest neighbor can belong to the adjoining sec-
tor, and, in this case, the inferred output could not be ideal [27].
In order to improve the accuracy of the searching method, the
data belonging to neighboring hypersectors will also be added
to the search, so a total of three hypersectors will be used in the
second 1-NN search. Thus, the dataset Dy, to be employed by
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Fig. 5. Transformations of the adapted NNS methodology with dimensions.

the algorithm is

Dy = {(yj,v5) | v; € Vi } (15)
with
I=k+1
ve= |J n (16)
I=k—-1

where, with some abuse of notation, H must be understood as
Hp,,and Hp, 1 as Hy.

A summary of the methodology is illustrated in Fig. 5. Each
new input query point g is transformed by 7'» and then projected
into space P. The first step of nearest neighbor searching will
determine which sector P; the input belongs to. With that,
hypersector ‘H; is identified and the partition D}, of the database
is obtained. The second step of nearest neighbor searching will
infer the output y; by calculating the nearest neighbor only
within V.

IV. FPGA IMPLEMENTATION OF NEAREST NEIGHBOR
SEARCHING

In addition to all previous work and simplifications to fa-
cilitate the implementation of the control algorithm, additional
procedures are required to meet the real-time control require-
ments, considering that the time interval target is usually in the
range of 10—100 us and that this type of kernel methods have to
process the training dataset at every step. This is why we have to
combine the learning algorithm with a hardware solution inside
a reconfigurable platform such as the FPGA. Similarly to what
was done in [28] for the Lipschitz interpolation algorithm, in
this work we propose the implementation of nearest neighbor
searching with a parallel architecture, designed to concurrently
process different batches of data. This accelerates the execution
of the algorithm, reaching the lower bound of the time target and
allowing real-time implementation.

FPGA platforms are electronic devices made up of config-
urable logic blocks (CLBs) that can be used to implement custom
reconfigurable combinational and sequential circuits. For our
purpose, we will distinguish three elements that will be essential
to explain the parallelization of the nearest neighbor searching
algorithm.

1) Blocks of random access memory (BRAM), where all data

will be stored for high-speed readings.

q{l o

— O

— Y O

Fig. 6. ALU for Euclidean norm, with the final square-root calculation omit-
ted. Notation g, refers to the two components of point g related to ¢,., and o are
the two coordinates of a center of a sector P;.

2) Arithmetic-logic units (ALU), which are programmed

subsystems in charge of computing the algorithm.

3) Finite-state machines (FSM), which synchronizes

BRAMs and ALUs with the clock signal.

The input to the FPGA is a point ¢ € )V that contains mea-
surements and references to the system and has to be compared
to the points included in the database, which are saved in space
V to reduce the required memory. For that, at the beginning
of the implementation, the first circuit block contains ALUs
programmed to transform any point q from space W into V. This
ALU performs only simple operations—fixed-point sums for
normalization and multiplications for each dimension of Tp €
R™» ™ Then, as explained in the previous section, the 2-step
nearest neighbor searching is two different 1-NN searches. The
1-NN method is also based on two procedures: 1) the calculation
of norms of the difference between the query point and points
of the dataset, and 2) the determination of the minimum norm
that corresponds to the nearest neighbor.

In the first step of the methodology, there will be a BRAM
containing the coordinates o of the center of sectors P;. The
norm recommended to find the closest sector is the Euclidean
distance with ¢ = 2. The circuit block for calculating this norm
is shown in Fig. 6, where its ALUs carry out two subtractions,
two multiplications, and one sum. Notice that the square root
of the Euclidean norm has been omitted—It is not needed
for 1-NN, as will be seen later. This norm is calculated in
every sampling time for as many sectors as the database has
been divided in, making this process ideal for parallelization,
since many points can be read from BRAM to then calculate
several norms in multiple ALUs at the same time. The maximum
number of data that can be processed in parallel depends on the
maximum number of ALUs programmed that can be fitted in this
implementation without violating the constraint imposed by the
number of resources available in the FPGA. It is also important
to leave resources available for the second step of the searching
methodology.

Once all the norms have been calculated, the second procedure
of 1-NN is performed in the circuit shown in Fig. 7. Here, the
closest sector center for the input ¢ is obtained. This block
combines a tree of comparators with multiplexers, in which the
objective is not the minimum value itself, but the argument of the
minimum, that is, the database address of the hypersector H;.
This is why the square root of the Euclidean norm was omitted
in Fig. 6, as it is a monotonic function that does not alter the
order relation of the results.
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Fig.7.  ALU for argument of the minimum. The operator * obtains the memory
address of a value while the operator & retrieves the value from a memory
address.

-

Fig. 8. ALU for infinity norm. Point w; is located in address j and has 7,
components, which are compared against each component of g after the PCA
transformation in n,, subtraction blocks.

="y + ‘ ‘

Similarly, in the second step of the methodology, BRAM
blocks contain the input dataset V), and several ALUs are
in charge of calculating the infinity norm, which is preferred
for multidimensional searching. Operations of subtraction and
absolute value are required for each dimension of ¢ and wj.
Then, a tree of comparators selects the maximum component,
as shown in Fig. 8. This norm is calculated in every sampling
time for as many points included in the subset V), which can
also be paralleled. The maximum number of data that can be
processed in parallel can also be tuned by selecting the size of
hypersectors H;. Dividing the database into more hypersectors
results in the hypersectors being smaller because they have fewer
points. With all infinity norms calculated, the same circuit block
shown in Fig. 7 obtains the address of the actual nearest neighbor
of query point g. With that address, the final access to memory
will retrieve the control solution y; from dataset ), which is
stored in more BRAM blocks.

The scheme of the entire circuit implemented on the FPGA
platform can be put together and summarized in the diagram in
Fig. 9, inside the FPGA box. Here, the two steps of the searching
methodology are visualized. After the input ¢ is transformed
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TABLE III
WORKFLOW SUMMARY WITH THREE TESTBENCHES

Workspace 1: Regular PC (x86 Intel processor)
Matlab: FCS-MMPC program
Simulink: Testbench 1 with nonlinear simulator

Workspace 2: Regular PC (x86 Intel processor)
Matlab: Data gathering and processing

Matlab: Learned FCS-MMPC program
Simulink: Testbench 2 with nonlinear simulator
Matlab: Analysis and validation

Workspace 3: Speedgoat (CPU+FPGA combo)
FPGA: Learned FCS-MMPC program

CPU: Final testbench with nonlinear simulator

TABLE IV
SYSTEM PARAMETERS

Variable Description Value
R Grid resistive load 30
L Filter inductance 2 mH
C DC-link capacitor 20 mF
Vie DC-link voltage 700 V
Ts Sampling period 20 ps
Nq Number of subintervals 2
A1, A2, A3 Cost function weights 100,1,2

from space W to space V in the processing block, the first
step (NNS-1) identifies the section Dy in which the nearest
neighbor of ¢ is located, and then, the second step (NNS-2)
locates the actual nearest neighbor of ¢q. As demonstrated in [28],
the parallelization of these types of algorithms implemented on
FPGA hardware is several orders of magnitude faster than the
sequential algorithm implemented in software.

V. CASE STUDY AND EXPERIMENT RESULTS

In previous sections, we presented general guidelines for
modeling and controlling power inverters based on predictive
techniques at high frequencies and reduced computational cost
using machine learning. In this section, we will briefly go
through these steps again with the specifics of our case study,
assisted with a workflow summary in Table III, and finally, the
experiment results that will help to justify the techniques and
methods used.

A. Case Study

First, in Table IV, some system and control parameters are
provided. The chosen multirate parameter N, allows the control
action v to commute at N, Ts = 100 kHz while the sampling
frequency T is kept at 50 kHz. The cost function has been
designed with the following terms:

fr=1G+1) =i (G +1)|

is the tracking cost, defined as the absolute value of the error
between the values of the next predicted current and the reference
for each phase

A7)

fs = u(j) = u(G = 1) (18)
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(Sectors) ] norm > (Indexed solution)
> e
[Xl] [Xl]
input [n,] [x2] | Nearest Neighbor Searching 2 (NNS-2)
—> —>
Data processing ————————3 > >
& & [n] Memory N cad > Infinity norm |  Arg. min.
(Data points) | ] L
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Fig. 9. Embedded implementation. Dimensions of data transfers between blocks are displayed in brackets.
penalizes jumps in the control action that can be associated with
electric losses in the switching mechanisms; and finally
MPC
f2=va(§)T (va(j + 1) — va(4)) (19) 10
which is in charge of the capacitor balancing problem. As the )
objective is to drive each component of vector vy to 0, the ’
deviation from it is penalized by the dot product of the current 2,
value and the approximate future derivative. In this way, a =
positive component in v4 encourages a decreasing evolution in ;
the same component for the next instant, and vice versa. Higher
absolute values will receive more priority. "
The first simulations of FCS-MMPC were performed in )
MATLAB-Simulink, where the control algorithm was pro-
grammed in MATLAB code, and the five-level inverter was a 127 1375 128 1285 L2t 1275 128 1285
ime (s) time (s)

nonlinear system simulated on Simulink using the Simscape
toolbox. This is the first testbench of the workflow. Several tests
were carried out under the same system parameters, conditions,
and control design previously shown, comparing FCS-MPC
and FCS-MMPC with N, = 2. Fig. 10 shows an example of
the behavior of the current of the first phase i, in a steady
state, including a zoomed view below. The multirate technique
considerably improves current ripples even with the minimum
N, resulting in areduction in THD from 5.50% to 2.85% thanks
to the multirate upgrade. More comparative information between
FCS-MPC and its multirate enhancement can be found in [29],
where simulations have been carried out for different numbers of
N, and N.Higher N, significantly improves THD performance
while NV = 3 is usually a good ceiling. Computation time in-
creases exponentially with higher numbers for both parameters.
These increments correspond to the use of traditional solvers.

10

=
< 6L
4k
2+
1.446 1.448 145 1452 1454 1.456 1.458 1.46 1.462 1.464
time (s)
Fig. 10.  Current 7, controlled by FCS-MPC, versus current ¢, controlled by

FCS-MMPC at N, = 2. Zoomed comparison in the bottom graphic.
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However, when using the learning method, the computation time
is hardly affected by the values of N, and N.

Once the first testbench is established, the second step is
preparing the learning technique prior to establishing the second
testbench. Data are collected by performing simulations in this
first testbench and following the guidelines of Section III-B. In
our case, the initial number of output columns in the database is
6, since the control action u needs 3 x 2 dimensions for the three
phases and the double frequency, and the input columns were 15,
one per variable and components. In the data processing stage in
Section III-B, after applying PCA in the input set, we obtained
the following results for the percentage of variance explained
by each principal component: [39.1 38.9 12.83.93.40.60.50.4
0.150.11 0.10 0.04 0.04 0 0]. The first two components are the
ones most related to 7,., which account for almost 80% of the
variance. This is expected because current tracking is the priority
objective of this control problem, which is also the reason why
the chosen value of the weighting factor A; is the highest. The
last two components are null and, thus, can be safely removed
from the database, but after exhaustive testing in our case study,
we had concluded that up to five more components can be
removed for a total of seven, as the first eight components cover
a combined 99.56% of data explanation. The final database that
we considered optimal has 6 fixed outputs plus 8 inputs, down
from the original 15 inputs. This also defines the dimensions
for Tp € R15*® Regarding the length of the database, after the
filtering process and exhaustive validating simulations to remove
redundant points, our application required almost 32 000 data
points to keep the learning error below 0.02%.

With the final database, a second testbench was established
in MATLAB-Simulink in which FCS-MMPC was interchanged
with the learned method. More simulations were performed to
confirm the performance of the learned method versus the raw
MPC, where THD in steady state would not increase over two
hundredths at any scenario within the ranges trained during
the data collection. However, when comparing the calculation
time of both methods, FCS-MMPC takes several seconds to
calculate the optimal solution, exponentially increasing with IV,
and N, whereas the learned method does it within a millisecond
regardless of N, and N. The second testbench was still far from
the target of microseconds, requiring an FPGA with the proposed
parallel implementation.

Before the implementation of the embedded control, we
would like to address the issue of the control computation delay.
In control theory and during simulations, it is usually assumed
that the control action is calculated and applied instantaneously,
which is a good assumption for systems with slow time constants
where the sampling time and control action can be considered
instantaneous. This is, however, not true for MPC in power
electronics in general. Whatever the state of the system is at
instant &, a suitable control action for that state is not applied
until £ Ts 4 . due to the computation time, and ¢.. is usually high
enough to introduce considerable error with a negative impact
on control performance that is difficult to address in power elec-
tronics [30]. However, in MPC schemes, this is easily alleviated:
Let us call the state of the system (k) as the combination of

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 39, NO. 1, JANUARY 2024

Control block
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controller

Fig. 11. Embedded control scheme with delay compensation.

Fig. 12.  Speedgoat real-time system. Photographs: (a) Upper view on the
inside of the system; (b) front view for the external interface; (c) Modules I0331-
X extracted from the motherboard. Components: (1) CPU under heatsink and fan,
Intel Core 17 3770K chip; (2) module 10331-6, containing 16 analog-to-digital
converters and the FPGA Xilinx Spartan 6 chip; (3) module 10331-21, as I/O
expansion for the FPGA; (4) VGA port for real-time monitoring; (5) ethernet
port for programming and data transfer.

system variables, e.g., ¢ and v in this article, at the time instant k.
Since the optimization problem cannot be solved immediately,
a control action u(k|k — 1) must be calculated beforehand with
the information available at k£ — 1, but then applied at &, lasting
from k to k + 1. During this interval, a prediction step can be
performed using the system model equation (2) to update x (k)
to xz(k + 1|k), which is the predicted state at k + 1 with the
information available at k. This new predicted state can be used
in the optimization problem of the MPC to obtain u(k + 1|k).
This is calculated in the interval from & to k + 1 and ready to be
applied at k£ + 1. For this method to work, the computing time
t. must be less than the sampling time.

Fig. 11 illustrates this control scheme with a block prior to
the MMPC optimization problem. It is important to note that
this additional prediction step does not increase computation
time when using the nearest neighbor searching methodology
to implement the control law. This is because the scheme does
not introduce any new variables or affect the size of the database
and only improves the solution of the control action by returning
u(k + 1|k) instead of u(k|k). The final inputs to the database
are still the reference 4, (k + 1|k) from an outer controller and
the system state (k).
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1.33

Fig. 13.  Grid currents tracking a reference signal of 12 A at 50 Hz.

B. FPGA-in-the-Loop Experiment Results

The following experiments were carried out on a Speedgoat
10331-06-21 real-time system shown in Fig. 12. The Speedgoat
mainly contains an FPGA located in the module I0331-6 that
is connected through PCle lines to an Intel-based CPU. It also
has a second module 10331-21 to expand the I/O capabilities
of the FPGA. The five-level inverter system was reproduced
using modeling packages from Simscape Electrical toolbox for
Simulink and computed on the CPU of the Speedgoat. The
system and control parameters are the same as in the simulation
in Section III, which can be found in Table IV. The embedded
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Fig. 14.  Harmonic spectrum of the grid current.

implementation portrayed in Fig. 9 was programmed in the
FPGA to read and control the simulator in the CPU in real time.
The delay involved in the analog-to-digital converters (ADC)
stage of this setup is also included for this hardware-in-the-loop
implementation by triggering them and waiting for the ready
signal of the measurement to arrive at the FPGA, but then
discarding the resulting value. In a full experiment with a real
inverter, ADCs will be necessary to translate the signals from
measurement sensors. These converters obviously need some
time to obtain the digital measure, and that will introduce delays
to consider in the experiment. The ADCs found in this Speedgoat
have a resolution of 16 b, and in order to be closer to the real
experiment, we also considered that the 2 least significant bits
of every measurement going through the ADC can be noisy.
For our database, the resolution of the inputs was matched
to 16 bits in fixed-point representation to match the resolution
of the ADC. For the outputs, which are the control action for
each phase, only 3 b of resolution are required as there are
only 5 levels. This results in a database with 429 kB of size,
which is 92% of the high-speed memory available in the FPGA.
With the implementation detailed in Section IV, the FPGA was
measured to take 936 clock cycles to obtain the output each
time, which is 9.36 ps. This, added to 8 £ 0.1 us of ADC delay,

results in a maximum of 16.46 us, leaving some room before the
limit of 20 ps corresponding to the sampling period for possible
delays in the signals that arrive from sensor measurements. This
result is very important since the control scheme requires the
computation time to be lower than the sampling time.
Regarding the control results of the experiment, starting from
arandom initial state, Fig. 13 depicts the grid currents achieved at
steady state with the proposed approach of MMPC learned with
the nearest neighbor searching adaptation. Harmonic spectrum
is shownin Fig. 14 with a THD value of 3.05%, just 0.21% higher
than the full-resolution simulation carried out in Section III-D.
The small increment in THD is expected due to the limited
resolution and the artificial noise introduced in the least 2 sig-
nificant bits, which is common in a real experiment. This result
matches the performance of the interpolated kernel method of
the previously cited [13] while requiring less resources and being
computationally faster due to skipping the interpolation phase.
Fig. 15 shows the control result of the capacitor balancing
variables. The experiment starts from an unknown unbalanced
state to evaluate the performance of the learned control. Steady
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Fig. 15.  Capacitor voltage differences starting from an unbalanced condition.
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Fig. 16.  Four experiments for transient analysis starting from different unbal-
anced conditions.

state is reached at around 0.4 s, about twice as long as it takes
in an ideal simulation with MMPC without the learning layer.
This result is very much expected, as the initial conditions for
this experiment were chosen to be different from those selected
to train the learning algorithm. However, it reaches the same
deviation from zero as the MMPC without the learning layer.
Consider that these deviations can be neglected compared to
capacitor voltage values. And while it is possible to tune the
optimization problem of the MPC to drive v closer to zero, this
can negatively affect the other control objectives. Nevertheless,
good performance in a steady state compared to the raw MMPC
simulation is what validates the feasibility of the proposed
learning approach.

Fig. 16 includes four more experiments starting from different
unbalanced states, where the behavior of vy is shown. Minor
differences are expected to appear in the settling time, but the
capacitor voltage balance objective has always been reached as
long as v, is within the range trained in the data-gathering phase.
Fig. 17 comes from another experiment to test robustness under
input voltage changes, which is a disturbance easy to reject for
MPC that the kernel technique has succeeded to capture. At
the moments of V. changes, the maximum recorded increment
in THD was 0.11 during the first cycle, but quickly recovered
within a tenth of a second.

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 39, NO. 1, JANUARY 2024

o
®
=]
T

0.2 0.3 0.4 0.5 0.6 0.7 0.8

190 |-

180 |-

v, (V)

039 0395 04 0405 041 0415 042 0425 043 0435
time (s)
Fig. 17.  System response to step changes in the input voltage V.

VI. CONCLUSION

We have presented a machine learning technique based on
k-NN adapted to power inverters that allows the embedded
implementation of more advanced and complex control meth-
ods. This technique is parallelizable and its computation time
is very low when implemented in dedicated hardware such as
FPGAs. Multirate FCS-MPC was showcased as the learned
control method and results are promising—nearest neighbor
searching succeeds in learning the control law with minor per-
formance drops when compared to the raw control method,
and harmonic distortion is significantly reduced compared to
other finite-control-set implementations without the multirate
approach. Experiments were conducted in an FPGA-in-the-loop
setup while proving its scalability to full experiments with an
FPGA-based real-time control system.
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