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Abstract

Finite-control-set model predictive control (FCS-MPC) gives low-distortion voltage regula-
tion for LC-filtered two-level three-phase inverters, but its computation grows exponentially
with the prediction horizon. We trained neural networks offline to imitate it. Four imitators
were formed by crossing two network types, a pattern-recognition classifier (NNPR) and
a regression network (NNRG), with data from one-step and two-step FCS-MPC teacher
controllers, giving NNPR1, NNPR2, NNRG1, and NNRG2. All were evaluated in MAT-
LAB/Simulink with linear resistive loads at sixteen training and four unseen interpolated
conditions. Mean output-voltage total harmonic distortion (THD) was 2.55% for NNPR1,
0.89% for NNPR2, 2.89% for NNRG1, and 1.36% for NNRG2, against 2.32% and 1.73% for
one-step and two-step FCS-MPC, respectively. The training horizon mattered more than
the network type, and the classifier gave lower mean THD at both horizons. NNPR2 gave
lower THD than its teacher controller at all sixteen conditions while switching 26% less
often. The advantage came mainly from the load current, which the teacher controller
estimated but the networks received as measured; given the measured value, the teacher
controller came within 0.13 percentage points of NNPR2. Network computation is horizon-
independent; MATLAB execution times are indicative only. Results are simulation-only;
hardware-in-the-loop validation with delay compensation must precede deployment.

Keywords: finite-control-set model predictive control; neural network control; two-level
voltage source inverter; LC filter; total harmonic distortion; regression; pattern recognition;
measurements

1. Introduction

Two-level three-phase voltage-source inverters (VSIs) are widely used to convert a
DC supply into a controllable AC output in applications including uninterruptible power
supplies (UPSs) [1], distributed generation [2], grid-connected photovoltaic systems [3],
and conversion systems in which a three-phase supply must be produced from a single-
phase source [4]. Among the available inverter topologies, the two-level bridge remains
the dominant choice at low voltage owing to its structural simplicity and low component
count [5], whereas multilevel topologies are generally reserved for medium- and high-
power applications in which their reduced harmonic content and lower device stress justify
the additional circuit and modulation complexity [5,6]. In these applications, a high-quality
sinusoidal output voltage with low total harmonic distortion (THD) is required, particularly
for nonlinear or unbalanced loads [1,3]. An output LC filter is commonly inserted between
the inverter bridge and the load to attenuate switching-frequency harmonics and to limit
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the rate of change of the output voltage [7], producing a low-distortion waveform at the
cost of a more demanding controller design [1,7-9].

Many linear and nonlinear control schemes have been proposed for the LC-filtered
V8], including hysteresis control, proportional-integral regulators combined with pulse-
width modulation (PWM) or space-vector modulation (SVM), deadbeat control, multi-loop
feedback control, and sliding-mode control [1,8,10]. In the majority of these schemes, nested
voltage and current loops operate together with an external modulator that generates the
switching pulses [1,10], and the choice of modulation strategy itself influences the harmonic
quality of the output, with space-vector PWM offering better DC-bus utilisation and lower
THD than sinusoidal PWM [11].

Finite-control-set model predictive control (FCS-MPC) has emerged as an attractive
alternative owing to its fast dynamic response and its capacity to incorporate system con-
straints and nonlinearities directly within the controller design [1,12,13]. At each sampling
instant, FCS-MPC uses a discrete-time model of the system to predict the output for every
admissible switching state and applies the state that minimises a cost function which pe-
nalises the predicted voltage-tracking error, thus removing the need for a modulator and
for cascaded control loops, leading to high-quality power control [1,12]. This exhaustive
evaluation imposes a substantial online computational load, and several methods have been
proposed to reduce or compensate for it, including simplified formulations that reduce the
number of candidate states evaluated per sampling period [14] and delay-compensation
schemes that account for the computation time within the prediction itself [15,16].

Extending the prediction horizon beyond a single step improves control quality.
Cortés et al. showed that increasing the horizon of an LC-filtered three-phase UPS inverter
from one step to two steps reduced the output-voltage THD under a resistive load from
2.15% to 1.56% when a different vector was evaluated in each step, at the cost of additional
computation [17]. With seven distinct candidate vectors per step, a two-step horizon re-
quires the evaluation of 7 x 7 = 49 switching sequences, and the number of sequences grows
exponentially with horizon length [17-19]. Cortés et al. also applied the same vector over
both steps, which limits the search to seven sequences; this variant gave a similar THD
of 1.54% [17]. More generally, suboptimal search strategies with bounded computational
complexity [18] and alternative optimisation algorithms for the multi-step FCS-MPC of
two-level inverters [20,21] have been investigated to contain the cost of longer horizons;
these methods reduce, but do not remove, an online optimisation burden that grows with
the horizon, and multi-step FCS-MPC therefore remains a barrier to real-time embedded
implementation [17-21].

To decouple control quality from this online cost, data-driven approaches have recently
been investigated in which an artificial neural network (ANN) is trained offline to imitate
an FCS-MPC controller and then replaces it at run time; because the execution time of the
network depends only on its size, and not on the horizon or the number of switching states
of the imitated controller, the deployment cost is independent of the complexity of the policy
being imitated [22-25]. Mohamed et al. applied this paradigm to a two-level three-phase VSI
with an output LC filter, training a feed-forward classification (pattern-recognition) network
on one-step FCS-MPC data; the network receives the xp components of the filter current,
capacitor voltage, output current, and reference voltage as eight inputs and produces a
one-hot output identifying the optimal voltage vector among the seven candidates [23]. The
reported network attained a THD comparable to or lower than that of its one-step FCS-MPC
teacher controller across several operating conditions while reducing the online computation,
and the present work builds directly on the two-level VSI MATLAB/Simulink models
introduced in that study [23]. Novak and Dragicevi¢ demonstrated a related imitation
learning scheme, validating ANN imitators of FCS-MPC on embedded hardware and noting
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that the imitator is intended to reproduce, rather than surpass, the performance of the
original controller at a comparable switching frequency [22]. Two neural network types have
been used for such imitators: a regression formulation—in which the switching decision is
produced as a continuous quantity that is subsequently quantised to an admissible state—
and a classification formulation, in which the discrete switching state is selected directly
through a softmax output [22,26,27]. Wang et al. compared both formulations as imitators
of FCS-MPC for a modular multilevel converter (MMC) and reported that the regression
network achieved better control performance than the pattern-recognition network; however,
the accuracy of the pattern-recognition network was limited by the under-representation of
certain switching classes in the MMC training data rather than by the neural network type
itself [26]. Learning can also be combined with MPC without replacing the optimiser. Cavus
et al. fed machine-learning forecasts into a chance-constrained stochastic MPC of a multi-
energy microgrid, so the optimiser kept its constraint handling while the learned component
improved its predictions [28]. The present work takes the opposite approach: the network
replaces the online optimisation and the explicit constraint handling of FCS-MPC is given
up at run time (Section 4.5).

FCS-MPC is intrinsically a discrete selection problem, which the classification formula-
tion represents without quantisation. In the two-level VSI, the eight switching combinations
reduce to seven classes—because the two zero vectors are merged—so the six active vectors
are near-uniformly represented in the training data and the severe class-imbalance limita-
tion reported for the MMC does not arise from the topology itself [23,26]; the merged null
state remains the one sparsely populated class, and its share is set by the prediction horizon
of the teacher controller rather than by the converter. Two questions therefore remain open
for the two-level VSI with an output LC filter: whether the classification or the regression
formulation is preferable for this topology and whether the established control-quality
advantage of two-step over one-step FCS-MPC [17] is transferred to a network that imitates
it. To address these questions, this paper reports a 2 x 2 ablation that crosses the net-
work formulation—classification, following Mohamed et al. [23], and regression, following
Wang et al. [26]—with the prediction horizon of the FCS-MPC controller used to generate
the training data, one step, as in [23], and two steps, as in [17]. This produces four imitation
controllers: (NNPR1) a classification network trained on one-step data, which reproduces
the configuration of Mohamed et al. [23] and serves as the baseline, although the exact same
model is not used; (NNPR2) a classification network trained on two-step data; (NNRG1) a
regression network trained on one-step data; and (NNRG2) a regression network trained
on two-step data.

The central hypothesis is that embedding a richer underlying control policy in the
training data improves the control quality of the imitator. Because two-step FCS-MPC
is a superior policy to one-step FCS-MPC in terms of THD [17], a network trained on
two-step data is expected to inherit that relative advantage, such that NNPR2 improves
upon NNPR1 and NNRG2 improves upon NNRG1. The ablation is constructed so that
each comparison isolates a single factor: comparing NNPR1 with NNRG1 and NNPR2 with
NNRG2 isolates the effect of network architecture (classification versus regression) at a
fixed teacher policy, whereas comparing NNPR1 with NNPR2 and NNRG1 with NNRG2
isolates the effect of embedded policy richness (one-step versus two-step horizon) at a fixed
architecture. The imitation of a two-step FCS-MPC policy by either network formulation
has not previously been reported for a two-level VSI with an output LC filter, the prior work
on this topology being restricted to one-step classification [23] and the regression-versus-
classification comparison having been conducted only for the MMC [26].

The four controllers are evaluated against their FCS-MPC teacher controllers across
sixteen operating conditions, defined by sweeps of load resistance, DC-link voltage, and
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Inverter model

reference voltage, and at four interpolated unseen conditions, using the following control-
quality metrics: the steady-state output-voltage THD, defined as the ratio of the root-
mean-square of the harmonic components to the root-mean-square of the fundamental; the
transient voltage-tracking error, quantified as the root-mean-square error (RMSE) between
the reference and the measured output voltage; the settling time following a step change
in the operating point; and the per-sample execution time, which characterises the online
computational cost [22,23]. Section 2 presents the system model together with the one-
and two-step FCS-MPC formulations; Section 3 describes the neural network controllers,
including data collection, preparation, architecture, training, and deployment; Section 4
reports the comparative results across the four controllers and the FCS-MPC baselines;
Section 5 discusses the mechanisms behind those results and the limitations that bound
them; and Section 6 summarises the findings and identifies future study.
The main contributions of this paper are summarised as follows:

e  Theimitation of a two-step FCS-MPC policy by a neural network is reported for the first
time for a two-level VSI with an output LC filter, in both classification and regression
form, combining the one-step classification imitator presented in [ 23] with the two-step
teacher policy presented in [17].

e A controlled 2 x 2 ablation is constructed that separates the effect of the neural network
type (classification versus regression) from that of the training-data FCS-MPC horizon
(one step versus two steps).

o  The generalisation of the trained controllers is quantified at unseen operating conditions
interpolated within the training envelope, and the per-sample execution times of the
network and FCS-MPC controllers are compared, characterising the accuracy—cost
trade-off relevant to embedded deployment [17,22].

2. System Fundamentals

This section presents the mathematical model of the power electronic circuit shown
in Figure 1. The model of the LC filter is also described. These models are used for the
FCS-MPC of the inverter.

LC Filter
g - —
iy Sq N I i Sa
e == Ve po— Ve (k + 1) | Minimisation
| e Load | Discrete- | vc(k + N) | of cost Sp
o ——r to pm—) time ) | function s
| o vy O A== . predictive b
S \f ) model
N
(a) (b)

Figure 1. (a) Topology of the three-phase inverter model with output LC filter and (b) general MPC
process.

2.1. Inverter Topology and Switching States

The DC bus is supplied by a constant voltage V.. The three-phase inverter (Figure 1)
is made of three legs, which each contain an upper and lower power switch pair [5]. Each
leg is connected to a phase of the output LC filter, which then supplies the load. In this
paper, only linear loads are used for generating training data.

The two switches situated within each leg are operated in a complementary manner,
i.e.,, when the upper switch is ON, the lower switch is OFF, and vice versa. If both switches
in a single leg are ON, a short circuit results. Hence, the switching state of the inverter can
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be represented by a binary switching signal. Let the switching state be S, where n € {a, b,
c}; therefore,

o _ [t 15 ONands, OFF
“ |0, ifS, OFFand S, ON
S = 1, if S, ON and S5 OFF
*~lo, ifS, OFF and S; ON
o _ [V ifS;ONand s, OFF
“"lo, ifS;OFFand S, ON

To reduce the three-phase system into two-dimensional representations, circuit quan-
tities are put into the «p reference frame using the Clarke transformation. Therefore, the
three binary switching states are combined into a switching vector:

S=3(S,+aS, +4a°S.) =S, +jSg (1)

WI N

27T
wherea = €7 is the complex operator which corresponds to the 120° phase difference
between the legs. Using (1), in matrix form the transformation is written as

5]=3,

Because each of the three legs accepts two states, there are 2° = 8 distinct switching

W

_1 Sa
2} 5 @)
L3

Nl&N!»—-

combinations. Using (2) for all eight switching combinations results in two redundant zero
vectors: vy, which corresponds to (0,0,0) where all the lower switches are ON, and v;, which
corresponds to (1,1,1) where all the upper switches are ON. The vectors v, and v; produce
zero voltage and are therefore combined into a single vector v,. The remaining six active
vectors are distributed symmetrically at 60° intervals in the ap reference frame (Figure 2).
The output-voltage space vectors produced by the inverter can be defined by

2
v, = §(qu + avyy + 420,y ) (3)

where v,y, vpn, and v,y are the phase voltages of the inverter with reference to N (see
Figure 1), which is the negative terminal of the DC link. The voltage vector v; in terms of
V4. and switching-state vector S can be defined by

0; = VeS (4)

Alm
v3 E 172

S(0,1,0) | S(1,1,0)

Vs S(Oal,l) S(I,0,0)

$(0,0,1) | S(1,0,1)

Vo 5(0,0,0)
vy S(LLD

Vs Ve

Figure 2. All possible switching vectors that can be applied to the two-level, three-phase inverter and
their related switching states in the ap reference frame.
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Using vectorial form, the filter current i, the output voltage v, and the output current
i, can be expressed as space vectors in the x 3 reference frame in the following way:

i = §(zfﬂ + aig, + azzfc) = i, + Jigp (5)
2 .

v, = §(vm + a0y, + 07V, ) = Vgy + Vg (6)

i, = g(hm + gy + @%oc) = log + Jlop (7)

2.2. LC Filter Dynamics

There are two equations which can be used to model the LC filter:

di
—L =0, (8)
dv. . |

CE = lf —1, (9)

where L and C are the filter inductance and filter capacitance respectively.
The state-space representation of these equations is as follows:

dx

—7 = Ax + Bv; + By, (10)
where
x= Lﬂ (11)
0o -1
A= [1 L} (12)
¢ O
_1 0
B = [ OL], B, = [_1] (13)
C

The outputs from the inverter ir and V. are measured; i, is a disturbance that can be
measured or approximately determined using an observer [1]. The value of V, is assumed
to be fixed and known in this paper. The FCS-MPC controllers in this work do not measure
i,; they estimate it from the sampled i; and v, (Section 2.4.2).

The output voltage v, can be represented as a state equation:

v, = [0 1]x (14)

Voltage vector v; is the input to the system of the inverter in Figure 1, which is the
system being represented by (14), and is part of a finite set of seven voltage vectors which
correspond to a switching state, as shown in Figure 2.

2.3. Discrete-Time Model of the LC Filter
Using (10), a discrete-time model of the output LC filter can be obtained for sampling

period T:
x(k +1) = Ayx(k) + B,o; (k) + Bgyiy (k) (15)
where
A, = et (16)
T,
B, = jo "eATBdT (17)
Ts
By, = fo eATB, dt (18)

Equation (14) is used to determine predictions of output voltage V, for the given
voltage vector v;. This discrete-time model is used as a prediction engine within FCS-MPC,
which is presented in the next section.

https://doi.org/10.3390/electronics15215147


https://doi.org/10.3390/electronics15215147

Electronics 2026, 15, 5147

7 of 37

] =

2.4. Model Predictive Control

Using (15), predictions of the output voltage are calculated until time k 4+ N, where N
is the number of prediction steps, for a given number of measurements and sequence of
voltage vectors at time k. The scheme uses a cost function that minimises the error between
the predicted voltage and the reference voltage v}. The overall scheme is shown in the lower
part of Figure 1.

The cost function J,,, where n is the number of steps of prediction, is the sum of the
squared errors between the predicted and reference-voltage vectors from time k + 1 to
k + N. Thus, the cost function for one-step FCS-MPC with one-step prediction can be
defined as follows:

Ji = (02— thalk + 1)) + (v — sk + 1))’ (19)

where v, and v}, are the reference-voltage vector’s real and imaginary parts, and b (k+1)
and o/ 5(k + 1) are the real and imaginary part of the predicted voltage vectors, which were
calculated using (14).

2.4.1. Extending the Horizon of Model Predictive Control

For two-step prediction, the cost function is

(v, — Vlu(k + 1))2 + (v;‘ﬁ — vfﬁ(k + 1))2 + (02, — vha(k + 2))2 + (v;5 — v’cgﬁ(k + 2))2 (20)

In one-step FCS-MPC, only seven voltage vectors are applied during one sampling period.
On the other hand, during two-step FCS-MPC, a voltage vector is applied during the first
sampling period and then another is applied during the second. This leads to 7> = 49
possible sequences that need to be evaluated by the cost function. This is shown in Figure 3.
To reduce the computation, Cortés et al. also applied the same voltage vector in both
sampling periods, which cuts the number of sequences from 49 to 7 [17]. We do not use
this simplification: the two-step controller in this paper evaluates all 49 sequences, which
corresponds to the different-vector case in [17] (1.56% THD under a resistive load, against
1.54% with the same vector). The full search gives the networks the unrestricted two-step
decision as their training label, at a higher online cost for the FCS-MPC baseline.

ve(k)  v(k+1) v.(k+2) v.(k) vk +1) ve(k+2)
o i o s
! ! ! ! ! |
' : | | e :
| i i : -
! ! | 1 | it |
= | i I e
! ! ! 1 |
| : | | —
i i i | a 4
1 1 [ | 1 N
1 I I | I I
' ! L ! ! L
k k+1 k+2 k k+1 k+2

() (b)

Figure 3. Output voltage prediction trajectories for different prediction horizons. (a) One-step
prediction. (b) Two-step prediction.

As previously established in [17], two-step FCS-MPC produces superior output-voltage
quality compared with one-step FCS-MPC. However, due to the number of calculations
required, the computational burden of two-step FCS-MPC is higher than one-step FCS-MPC.
To address this, two-step FCS-MPC is used to train a neural network offline; the neural
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network is trained to replicate the FCS-MPC’s input-output mapping. This results in the
high-quality performance of two-step FCS-MPC while reducing its computational burden.
The proposed neural network controllers are presented in the following section.

2.4.2. Load-Current Estimation

The predictions (15) require the load current i, (k), which acts on the LC filter as a
disturbance (Section 2.2). The FCS-MPC controllers in this work do not measure it; instead,
they estimate it at every sampling instant from the filter current and the capacitor voltage
by applying a backward difference to (9):

n(8) = iy (k= 1) = = [0.(6) = 0.(k = 1] 1)

where i, (k) is the estimated load-current space vector at sampling instant k; i (k — 1) is the
filter-current space vector measured at the previous sampling instant; v.(k) and v.(k — 1)
are the capacitor-voltage space vectors measured at the present and previous sampling
instants; C is the filter capacitance; and T is the sampling period (Table 1). The term
(T%) [v.(k) —v,(k —1)] approximates the capacitor current C% of (9) over the last sampling
period, and subtracting it from the filter current leaves the current that flows into the load.
The estimate is computed once per sampling period and is held constant over the prediction
horizon, so the same value of i, is used in both steps of a two-step prediction. Because the
voltage difference is multiplied by T£ =40 uF/30 ps ~ 1.33 A/V, every 1 V of sample-to-
sample change in v, including the switching ripple, changes the estimate by about 1.33 A,
which is comparable with the 2 A peak load current at the baseline condition of Table 1. The
estimate therefore carries part of the voltage ripple. Section 4.7 examines how this affects
the teacher controllers and the networks trained on their data.

Table 1. Baseline parameters for linear loads.

Parameter Value
Sampling time, T, 30 [ps]
Filter inductance, L 2.5 [mH]
Filter capacitance, C 40 [uF]
DC-link voltage, V4. 500 [V]
Load resistance, R 100 [QY]

3. Neural Network Controllers

The deterministic nature of FCS-MPC means that for any given number of system
measurements there will be a given output. The mapping from the measured state to the
optimal switching vector is therefore a fixed, memoryless function that a feed-forward neural
network can approximate offline and then evaluate online at a fixed cost, without solving
the optimisation at each sampling instant [22,26]. The process is shown in Figure 4. Two
neural network formulations are examined. The first, a neural network pattern-recognition
controller (NNPR), treats the selection of the switching vector as a classification problem
and is trained to reproduce the discrete decision of FCS-MPC directly. The second, a neural
network regression controller (NNRG), treats the same selection as a regression onto a
continuous output from which a discrete decision is determined. Because FCS-MPC selects
from a finite set of switching states, its decision is inherently categorical; comparing the
two formulations helps us determine whether preserving that categorical structure, rather
than regressing through a continuous output, affects control quality. Each formulation is
trained separately on data generated by one-step and by two-step FCS-MPC, yielding the
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four neural controllers evaluated in Section 4 and the 2 x 2 comparison of network type
against training horizon.

VSI
Ly i Loa
i Cr __I__Cf L i
1 > Load
; Cr i
Ufe R T oc

v v ¥
if-abC(k) | vf,abc(k) | io,abc(k) |
Sabc(k) l l

| Input Data Vector Generation |

Output Vector |

Process NN [ Neural Network |
Controller

A

1
1 *
d V¢,abe

Figure 4. Procedure for generating training data from FCS-MPC and for training and deploying the
neural network controllers.

3.1. Data Collection

The training data are generated by running the FCS-MPC controllers in MAT-
LAB/Simulink across the sixteen operating conditions listed in Table 2, in which the load
resistance R, the DC-link voltage V., and the reference-voltage amplitude v} are swept over
the ranges used throughout this work. Sweeping these conditions ensures that the dataset
spans the operating envelope over which the network is later required to act, so that the
learned mapping is exercised across the full range of states the controller will encounter
rather than at a single operating point [22]. The one-step and two-step controllers are run
separately, producing two parallel datasets that differ only in the prediction horizon of
the teacher controller that labelled them. After the cleaning described in Section 3.2, each
of the sixteen runs spans 0.5 s of simulated operation—that is, twenty-five fundamental
cycles at 50 Hz—and contributes 16,567 labelled samples once the start-up transient is
discarded. Each teacher controller therefore yielded 265,072 labelled samples, the two totals
coinciding because both controllers were run over the same sixteen operating conditions
at the same duration and sampling period; the datasets differ in the trajectories visited
and in the switching-state labels assigned, not in their size. Each sample comprises the
eight-dimensional input vector and the corresponding optimal switching-state index. All
sixteen conditions use a balanced three-phase linear resistive load; the training data contain
no nonlinear or unbalanced load.

At each sampling instant, the state of the system is recorded. The capacitor voltage v},
the filter current i, the load current i,, and the reference voltage v} are logged as complex
quantities in & coordinates, and the optimal switching-state index selected by the cost
function at that instant is logged alongside them as the target. Each complex af signal
is separated into its real and imaginary parts, giving an eight-dimensional input feature
vector [v,, Veps if, z'fﬁ, (8 v;‘ﬁ, iy, 1, /3,]; the corresponding target is the single switching-state
indexin {1, ..., 7} that FCS-MPC found to be optimal.

The load-current input i, in these data is the estimate (21) used by the teacher con-
trollers, so every sample contains it, both as an input and through its label. In closed-loop
operation (Section 4), however, the networks receive the measured load current; Section 4.7
examines the consequences.
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Table 2. A comparison of THD of output voltage between one-step FCS-MPC, two-step FCS-MPC, and
the proposed NNPR and NNRG controllers under training operating conditions. THD is computed
for phase A of the capacitor voltage v,. Fixed parameters: Ts = 30 ps, f = 50 Hz, C = 40 uF, L = 2.5 mH.
Bold results show which controller outperformed its classical counterpart.

THD [%]
Sample One- Two-
NP R [Q] Vdc[V]  wve* [V] Step Step NNPR NNPR NNRG NNRG
o. (One- (Two- (One- (Two-
FCS- FCS- Step) Step) Step) Step)
MPC MPC P P P P
Baseline operating conditions (Vdc = 500 V, vc* = 200 V)
S1 5 500 200 1.24 1.41 0.96 0.69 1.14 1.36
S2 10 500 200 1.63 1.57 1.66 0.79 1.55 1.20
S3 20 500 200 1.90 1.61 2.43 0.76 2.86 1.30
S4 30 500 200 2.32 1.69 291 0.98 2.59 1.39
S5 50 500 200 2.90 1.95 413 0.99 3.01 1.53
S6 80 500 200 227 1.90 2.65 0.90 2.62 1.29
S7 100 500 200 311 1.15 3.16 1.01 3.69 1.40
S8 200 500 200 2.26 1.98 2.64 0.97 2.90 1.22
S9 500 500 200 2.62 2.07 3.24 0.96 4.67 1.37
510 1000 500 200 3.18 1.99 2.71 0.87 3.71 1.38
Reduced DC-link and reference (Vdc =400 V, v¢* = 150 V)
S11 10 400 150 1.58 1.58 1.62 0.79 1.81 1.22
S12 50 400 150 2.23 1.72 2.25 0.92 3.76 1.25
513 100 400 150 2.73 211 2.83 1.01 3.15 1.29
Elevated DC-link and reference (Vdc = 600 V, vc¢* = 250 V)
S14 10 600 250 1.71 1.59 1.49 0.69 211 1.31
515 50 600 250 2.54 1.55 2.87 0.94 3.17 1.64
516 100 600 250 2.82 1.88 3.22 1.01 3.44 1.58

3.2. Data Preparation

Before training, the merged dataset is cleaned in three stages. Firstly, the initial one
hundred samples of every run are discarded. These samples belong to the start-up transient
state, during which the output voltage v, has not yet reached the reference voltage v} and the
switching decisions are unrepresentative of steady-state operation; retaining them would
bias the learned mapping toward a regime that does not recur once the VSI is operating
normally. Secondly, any sample whose logged index falls outside the valid range of one to
seven is removed, which guards against spurious labels introduced by logging artefacts at
the run boundaries. Thirdly, the per-class sample counts are inspected to confirm that all
seven switching states are represented. This check matters because the pattern-recognition
formulation relies on a softmax classifier, which is sensitive to class imbalance: a state that
appears rarely in the training data is learned poorly, as can be seen from the results of
Wang et al. [26]. In the modular-multilevel application of Wang et al. [26], certain insert-
number classes for the MMC were under-represented, which limited the NNPR'’s accuracy.
The two-level, three-phase inverter studied here exposes only seven switching states, all
of which are exercised across the load sweep. The six active vectors are near-uniformly
represented, each accounting for between 16.24% and 16.56% of the one-step dataset, so
the severe under-representation observed by [26] does not arise for the active vectors. The
merged null state is the exception, accounting for 1.50% of the one-step dataset. Under
the two-step teacher controller, the same six active vectors span 15.14% to 15.43% and the
null state rises to 8.12%, which confirms that the population of this class is governed by
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the prediction horizon of the teacher controller rather than by the converter topology; the
consequences are examined in Section 3.4.

The eight input features are then normalised to the range [0, 1] using a min—max
mapping. Normalisation is necessary because the raw features differ by more than an order
of magnitude in scale—the voltages are on the order of hundreds of volts, whereas the
currents are on the order of tens of amperes—so without it the larger-magnitude features
would dominate the gradient and be weighted disproportionately by the neural network.
The minimum and maximum used for the mapping are retained and applied unchanged
when the network is deployed, which guarantees that an input presented at run time is
scaled exactly as the training data were.

The same cleaned and normalised dataset is used for both the NNPR and the NNRG net-
works; only the representation of the target differs between them, as described in Section 3.3.
Holding the input data fixed in this way ensures that any difference in performance between
the two formulations is attributable to the formulation itself rather than to a difference in
the data each NN is trained on.

3.3. Network Architecture

Both controllers use a shallow feed-forward network (shown in Figure 5) with a single
hidden layer: eight inputs, fifteen neurons in the hidden layer with a hyperbolic-tangent-
sigmoid activation, and seven outputs. A single hidden layer is sufficient because such a
network is a universal approximator of the bounded input-output mapping required here,
and keeping the network shallow keeps the deployed forward pass small. The number of
hidden neurons was set using the rule of thumb adopted by Wang et al. [26], which bounds
the count between a minimum of 0.5(N;,, + N,,;) = 7.5 and a maximum of 2N;,, = 16,
where N;,, = 8 and N,,, = 7 are the input and output unit counts; fifteen neurons were
chosen, near the upper end of this range, to provide sufficient capacity to fit the mapping
while remaining within the recommended bound.

The two formulations differ only in the output layer and in the quantity each is trained
to reproduce. In the NNPR network the output layer applies a softmax function, so that
the seven outputs are constrained to lie in (0, 1) and the sum results in 1; each output is
then interpreted as the probability that its switching state is optimal, and the state with
the highest probability is applied to the inverter. The softmax function couples the seven
outputs through a competitive normalisation, which matches the structure of the FCS-MPC
decision, where exactly one switching state is selected at each instant. In the NNRG network
the output layer is linear and the targets are the one-hot encoding of the optimal index
treated as continuous values; each output is fitted independently under a squared-error
criterion, and the applied switching state is taken as the index of the largest output. Because
the underlying decision is categorical, this regression introduces a quantisation step that
the classification formulation avoids (the continuous outputs must be reduced to a discrete,
admissible index) and the independent fitting of each output does not enforce the mutual
exclusivity that the softmax imposes. Comparing the two networks therefore tests directly
whether preserving the categorical structure of the FCS-MPC decision yields better control.

Each controller is expressed as a vector-valued function of the eight-dimensional input
feature vector in «p coordinates. The pattern-recognition network (NNPR) is written as

(P(S1), ) P(S7)) = F(0ea, Veps ifas irps Ok g fons iop) (22)

where F denotes the classifier and the outputs as the probabilities that S;, wherei € {(1,...,7},
is the optimal switching state, which sum to unity; the inverter applies the state with the
highest probability. The regression network (NNRG) takes the same inputs and is written as

(ylr a4 y7) = f(vcm vcﬁr ifm ifﬁr Vlar v:ﬁf ioal ioﬁ) (23)
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where f denotes the regressor, the continuous outputs y, ..., y; are fitted to the one-hot
encoding of the optimal index under a squared-error criterion, and the applied state S;,
wherei € {1, ..., 7}, is again taken as the index of the largest output. The two networks
therefore represent the same deterministic FCS-MPC mapping [22,26] and differ only in
whether it is realised as a classification, F, or a regression, f.

Hidden Layer
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Figure 5. (a) NNRG architecture; A stands for argmax, which selects the largest output value.
(b) NNPR architecture; S stands for softmax, which outputs the highest probability of the switching
state S; with i € {1,...,7} as 1 and the remaining as 0 s, selecting only the highest probability of the
given switching state as being optimal.

3.4. Training

The two datasets of one- and two-step FCS-MPC are each partitioned into a training
set (70%), a validation set (15%), and a test set (15%) by a random permutation of the
samples under a fixed random seed. Fixing the seed makes the partition reproducible
and, because the same saved partition is loaded for both networks, guarantees that the
NNPR and NNRG controllers are trained, validated, and tested on identical samples, so the
comparison between them is controlled. The validation set is used to terminate training,
and the test set—which is not seen during training—provides an estimate of generalisation
within the training data envelope.
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Both networks are trained with the scaled conjugate-gradient algorithm. This method
is chosen because it retains the fast convergence of conjugate-gradient optimisation while
requiring neither a line search nor any user-selected learning-rate parameters, which makes
the training procedure robust and repeatable [22]. Training proceeds for up to one thousand
epochs but is stopped early if the validation error fails to improve for fifty consecutive epochs;
early stopping prevents over-fitting, since training stops once performance on the held-out
validation data ceases to improve. The NNPR network is trained under a cross-entropy
loss appropriate to its softmax classifier, whereas the NNRG network is trained under a
mean-squared-error loss appropriate to its continuous output.

Figure 6 reports the confusion matrices of the four imitation networks, arranged by
output formulation (rows) and by the prediction horizon of the FCS-MPC teacher controller
(columns). The classification networks reproduce the teacher controller’s switching decision
far more faithfully than the regression networks: the overall accuracy is 92.5% for NNPR1
and 96.8% for NNPR2, against 60.7% for NNRG1 and 74.8% for NNRG2. The two classifiers
are strongly diagonally dominant; for NNPR?2, the per-state recall of the six active vectors
lies between 97.0% and 97.7%, so almost every active-vector decision of the two-step teacher
controller is recovered exactly. The regression networks, by contrast, degrade at every
switching state, their active-vector recall falling to 58.3—64.3% for NNRG1 and 75.4-86.6%
for NNRG2, which indicates that the penalty attached to the regression formulation is not
confined to a single class but is distributed across the whole switching-state set.

The structure of the residual errors is itself informative. For the pattern-recognition
neural networks, misclassification of an active vector is confined to its two hexagonally
adjacent active vectors and to the null state (class 7), with effectively no leakage to the
non-adjacent active vectors. In NNPR2, for example, the samples whose true state is the
first active vector are assigned only to the two neighbouring active vectors and to the null
state, never to the three non-adjacent active vectors. Such confusions are benign for the
control task, because adjacent active vectors differ by the smallest step in the «p plane and
therefore impress almost the same voltage on the LC filter. The regression networks do not
preserve this locality. The reason for this could be the following: because each output is
fitted independently under a squared-error criterion and the applied state is then taken by
the argmax, the decision does not enforce the mutual exclusivity that the softmax imposes,
and thus errors spread more widely across the switching-state set, reaching non-adjacent
vectors whose associated voltage error is larger.

The merged null state—namely, class 7 (column 7 in Figure 6)—is the hardest class
for every network, and its behaviour under the classifier (panels (a) and (b) of Figure 6)
isolates the effect of the training horizon. The one-step teacher controller applies a null
vector in only 1.50% of samples, so NNPR1 encounters this class rarely and learns it poorly:
its null-state recall is only 9.2%, and the few true null-state samples are dispersed almost
uniformly across the six active outputs. The two-step teacher controller exercises the null
vector far more often, in 8.12% of samples, and the identical architecture then recovers a
null-state recall of 91.5% in NNPR2. The deficit is therefore one of representation rather
than of the classifier itself, and it is removed once the richer two-step policy populates the
class. This is the under-representation effect reported by Wang et al. [26], reproduced here
because of the prediction horizon rather than the converter topology, and it provides direct,
sample-level evidence for the hypothesis that the two-step teacher controller transfers a
measurable advantage to its imitator.
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Figure 6. Confusion matrices of the four neural controllers, evaluated on the complete dataset of each
teacher controller (265,072 samples, including the training, validation, and test samples). (a) NNPRI,
the pattern-recognition network trained on the one-step FCS-MPC teacher controller. (b) NNPR2, the
pattern-recognition network trained on the two-step teacher controller. (¢) NNRGI, the regression
network trained on the one-step teacher controller. (d) NNRG2, the regression network trained on
the two-step teacher controller.
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Because the null state is under-represented in the one-step data, overall accuracy can
hide poor performance in that class. We therefore also calculated class-balanced measures
from the confusion matrices in Figure 6. The balanced accuracy (the mean of the seven
per-class recall values) is 81.7% for NNPR1, 96.5% for NNPR2, 54.5% for NNRG1, and
71.8% for NNRG2, and the macro-averaged F1 score is 82.2%, 96.4%, 54.3%, and 71.8%,
respectively. For NNPR1, the gap between overall accuracy (92.5%) and balanced accuracy
(81.7%) comes almost entirely from the null state, whose F1 score is 16.7%; for NNPR2,
the two measures differ by only 0.3 percentage points. Training used no class weighting or
resampling, so these values reflect the class distribution produced by each teacher controller.

That the classification networks dominate the regression networks here agrees with
the simulation results of Wang et al. [26] for the modular multilevel converter, in which
the pattern-recognition controller gave a lower circulating current than the regression
controller (0.73 A against 0.81 A RMS), but not with their experiments, in which the
regression controller performed better. This discrepancy reflects the structure of their
classifier rather than an ill-posed comparison. In that work, the classifier was realised as a
bank of independent per-feature binary classifiers, in which insert-numbers that occurred
rarely were learned poorly, so the joint regressor performed better on hardware. The
classifier adopted here is instead a single seven-class softmax defined over the complete
switching-state set, whose competitive normalisation sharpens the argmax decision rather
than fragmenting it. A seven-output classifier of this kind, trained on one-hot targets, was
also used by Mohamed et al. for one-step imitation on the same inverter topology, where it
gave lower THD than its FCS-MPC teacher controller (0.72% against 1.92%) [23]. Provided
each class is adequately represented, the classification network therefore reproduced the
decisions of its teacher controller more accurately than the regression network at every
switching state in this study, and the sole case in which it did not—the under-populated
null state of NNPR1—is a property of the one-step training data that is corrected by the
two-step teacher controller.

3.5. Deployment

Once trained, each network is reduced to a fixed set of numeric parameters for de-
ployment. The input and output weight matrices, the two bias vectors, and the stored
normalisation parameters are written as numeric constants into a MATLAB Function block.
At each sampling instant the block assembles the eight-dimensional « input from the mea-
sured signals, applies the stored normalisation, performs one pass through the hidden layer
and the output layer, and selects the switching state—by the largest softmax probability for
NNPR, or the largest linear output for NNRG—which is then applied to the inverter. The
online computation is thus a single forward pass of fixed size: its cost does not depend on
the prediction horizon of the FCS-MPC controller that generated the training data, because
the benefit of the longer horizon is embedded in the network weights during training rather
than recomputed online. This fixed, horizon-independent cost is the property examined
quantitatively in the execution-time results of Section 4.

4. Simulation Results
4.1. Simulation Setup

The proposed NNRG and NNPR controllers were both trained on one- and two-step
FCS-MPC data generated in MATLAB/Simulink (2023b), applied to the inverter with
output LC filter shown in Figure 1 with balanced linear resistive loads only. Nonlinear and
unbalanced loads were used neither in training nor in the tests of Sections 4.2—4.6, only in
the robustness tests of Section 4.8. Simulations and training were conducted on an Apple
M3 MacBook with 16 GB unified memory running macOS Sequoia 15.6.1.
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One- and two-step FCS-MPC, along with both NNRG and NNPR controllers, were
used to control the inverter system in Figure 1 under the single case presented in Table 1 and
also under the training conditions. Both neural networks were benchmarked against their
classical FCS-MPC counterpart. Performance was also compared across training data type—
one-step NNRG versus one-step NNPR, and two-step NNRG versus two-step NNPR—to
evaluate classification against regression as control strategies.

4.2. Steady-State Performance

Figure 7 compares the steady-state capacitor voltage V, load current i,, and phase-A of
the filter current i for the two FCS-MPC strategies and the four neural controllers trained on
them, under the operating condition presented in Table 1. The load current is near-identical
across all six controllers, confirming that every formulation tracks the reference and delivers
a clean output to the load; the discrimination therefore lies in the voltage ripple and in the
high-frequency content of i;, against which the per-row THD is reported.

At this operating point the two-step FCS-MPC panel (1.15%) shows lower distortion
than the one-step panel (3.11%), in line with the general expectation that a longer horizon
improves switching quality; the coarser one-step switching shows as the heavier hash on i,
in (a) relative to (b). The one-step NNPR (3.16%) reproduces its teacher controller almost
exactly, in both THD and the visible ripple of (a) and (c), which is the expected outcome
of training the network to imitate that strategy. The two-step NNPR panel (1.01%) sits
slightly below its two-step teacher controller on this single run; we treat this apparent
improvement cautiously at the panel level and return to it across all sixteen conditions later
in the section. NNRG is the weaker neural controller under both teacher controllers—3.69%
against NNPR’s 3.16% on one-step data and 1.40% against 1.01% on two-step—though
on two-step data the gap is small: panels (f) and (d) are visually comparable, and the
degradation that is plain in the noisier one-step (e) waveform has largely closed.

Table 2 shows the output-voltage THD for all six controllers at each of the sixteen
operating conditions used for training, spanning load resistances from 5 (2 to 1000 (2 and
three DC-link and reference-voltage pairs. The two FCS-MPC controllers serve as baselines,
and each neural network is evaluated against the horizon of the controller whose decisions
it was trained to reproduce.

Averaged over the sixteen conditions, the NNPR controller trained on two-step data
gives the lowest mean THD at 0.89%, followed by the two-step NNRG at 1.36%, the two-step
FCS-MPC baseline at 1.73%, the one-step FCS-MPC baseline at 2.32%, the one-step NNPR at
2.55%, and the one-step NNRG at 2.89%. The ordering separates the controllers into a clear
high-quality group trained on two-step data and a lower-quality group trained on one-step
data, with the prediction horizon of the training data acting as the dominant factor.

The 2 x 2 ablation in Figure 8 makes this comparison clearer. Moving from one-step
to two-step training data lowers the mean THD from 2.55% to 0.89% for the classification
network (NNPR) and from 2.89% to 1.36% for the regression network (NNRG); averaged
across the two formulations, the richer two-step data reduces mean THD by 58%, from 2.72%
to 1.13%. The choice of NN type has a smaller but consistent secondary effect: classification
outperforms regression in both regimes, by 0.34 percentage points with one-step data
and by 0.47 percentage points with two-step data. The two effects are largely separable—
the horizon term dominates and the type term adds to it, with only a weak interaction
(the classification advantage grows by 0.13 percentage points on two-step data). On this
evidence, the best combination is the classification formulation trained on two-step data;
the margin attributable to the formulation alone is small enough, however, that it is better
read as a consistent secondary effect rather than as a decisive one.
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Figure 7. Waveform comparison of all controllers under the conditions in Table 1. Both types of neural
networks were trained on one- and two-step FCS-MPC strategies. The annotated THD values are
computed for phase A of the capacitor voltage V.. (a) One-step FCS-MPC; (b) two-step FCS-MPC;
(c) NNPR trained on one-step data; (d) NNPR trained on two-step data; (e) NNRG trained on
one-step data; (f) NNRG trained on two-step data. The four NN-based controllers are MATLAB
Function blocks based on the neural networks’ weights and biases. Phase A is blue, phase B is orange,
and phase C is yellow. Each phase is separated by 120°.
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Figure 8. Mean output-voltage THD of the four NN controllers across the sixteen operating conditions,
isolating the 2 x 2 ablation of NN controller (NNPR classification vs. NNRG regression) against
training-data FCS-MPC horizon (one-step vs. two-step). Cell annotations give mean + standard
deviation in %; lower (greener) is better.

Paired comparisons over the sixteen operating conditions of Table 2 were made with
the exact two-sided Wilcoxon signed-rank test, which does not assume normally distributed
differences. NNPR2 gave lower THD than both two-step FCS-MPC (mean paired difference
—0.84 percentage points, p < 0.001) and NNRG2 (—0.47 points, p < 0.001) at all sixteen
conditions. Moving from one-step to two-step training data reduced THD at all sixteen
conditions for NNPR (—1.66 points, p < 0.001) and at fifteen for NNRG (—1.53 points,
p < 0.001). On one-step data, the classifier’s advantage was smaller and less consistent:
NNPR1 was below NNRG1 at twelve conditions (—0.34 points, p = 0.029) and above one-
step FCS-MPC at thirteen (+0.23 points, p = 0.025). After Holm correction for the six
tests, the first four comparisons remain at p < 0.001 and the two one-step comparisons give
p = 0.0499. Because each condition is a single deterministic simulation, these tests show
that the differences are consistent across the operating range, not that they would persist
under measurement noise or on hardware.

Beyond the mean values, and setting aside for the moment that the two-step NNPR
improves on the two-step FCS-MPC teacher controller it was trained to imitate—reducing
mean THD from 1.73% to 0.89%, a result examined in Sections 4.7 and 5.2—the spread
across operating conditions is itself informative, shown as the error bars in Figure 9. The
two-step NNPR is not only the lowest controller but by far the most consistent, with a
standard deviation of 0.11% over the sixteen conditions, against 0.22% for the two-step
FCS-MPC baseline and 0.58% for the one-step FCS-MPC baseline. The FCS-MPC baselines
follow the expected physical trend, with THD rising as the load resistance increases and
the LC filter becomes less damped: the one-step baseline climbs from 1.24% at 5 (2 to 3.18%
at 1000 ) within the baseline group. The two-step NNPR remains essentially flat across
the same range, which indicates that it reproduces high-quality switching uniformly across
the load, DC-link, and reference variations covered by the sixteen conditions, rather than
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only at isolated points. This consistency should not be over-read: on its own it speaks to the
uniformity of the learned control law, not to the NNPR-versus-NNRG comparison, which
rests on the mean and spread figures reported above. A further caveat applies to all sixteen
points—they are the conditions on which the networks were trained, so the table shows
that NNPR has learned the control law well across the training envelope rather than that
it generalises beyond it; the generalisation question is taken up separately at the unseen
interpolated points in Section 4.6.

4.0 1 2.89
3.5 2.55

3.0 A1

2.5 1

2.0

1.5 1

0.89

1.0 A

0.5 1

Mean THD [%] (error bars: =1 SD over 16 conditions)

0.0 T T T
One-step Two-step NNPR NNPR NNRG NNRG
FCS-MPC FCS-MPC (one-step) (two-step) (one-step) (two-step)

Figure 9. Mean output-voltage THD for the six controllers across the sixteen operating conditions, with
error bars showing +1 standard deviation. The two-step NNPR achieves both the lowest mean (0.89%)
and the smallest spread, while controllers trained on one-step data show markedly wider variation.

4.3. Transient-State Performance

Figure 10 shows the transient response of the capacitor-voltage magnitude envelope,
[Vc|, for all six controllers following a startup from zero to the reference voltage v}. The
simulations use the baseline operating point presented in Table 1. Plotting the &3 magnitude
rather than the three individual phase voltages collapses the response onto a single envelope,
so the rise, overshoot, and settling of every controller can be read on one axis.

The settling time is the last instant at which the envelope leaves this band; a controller
whose envelope never remains inside the band does not settle within the window. Alongside
the settling time, the RMSE deviation of the envelope from the 200 V reference over the
full 0-5 ms window quantifies how closely each controller holds the reference across the
whole transient window rather than at the single settling instant. Because every controller
shares the same initial 0 to 200 V rise, these RMSE values are large and dominated by that
common ramp; they are meaningful relative to one another, not against the steady-state
tracking error reported later.

The clearest pattern is that the prediction horizon, more than the controller type,
governs transient quality. The three two-step controllers form a low-error group (RMSE
42.93-50.02 V, settling time 0.84-2.13 ms), while the three one-step controllers form a high-
error group (RMSE 60.74-65.78 V, settling time 4.26-4.86 ms). This grouping carries one
qualification: each neural controller is trained to imitate an FCS-MPC controller of a given
horizon, so it is falling into the same group as the one that the teacher controller is partly
built in, and the only fully independent horizon comparison available here is one-step
against two-step FCS-MPC. With that caveat, the separation is consistent and sizeable. The
one-step controllers all remain under-damped, plausibly because with no anticipation of the
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step belonging to time instant k + 1, each over-corrects and oscillates across the band for
the full window, and the differences between them are minor against this shared behaviour.

300 T T T T T
250
200 R e
=
=, 150 -
=4
100 -
\"' — — One-step FCS-MPC
, Two-step FCS-MPC
50 e = =— NNPR (one-step data) | _|
NNPR (two-step data)
== == NNRG (one-step data)
NNRG (two-step data)
0 1 I 1 I I 1 I 1 1
0 0.5 1 L5 2 25 3 35 4 45 5

Time [ms]

Figure 10. Transient response of the capacitor-voltage magnitude envelope [V¢| for all six controllers
during start-up from zero to the 200 V reference, under the baseline operating conditions of Table 1.
The dashed horizontal line marks the 200 V reference and the two dotted lines mark the +5% settling
band (190-210 V).

Within the two-step group, the three controllers separate by how faithfully they repro-
duce the FCS-MPC control law. Two-step FCS-MPC is the well-damped baseline, settling in
1.86 ms with an envelope RMSE of 50.02 V. NNPR, trained on the two-step data, tracks this
baseline closely (settling time 2.13 ms) and holds the reference slightly tighter across the
transient window (RMSE = 45.95 V, a modest reduction of roughly 8% on the baseline). This
is consistent with the cause identified in Section 4.7: the network receives the measured load
current, whereas its teacher controller relies on a noisy estimate of it. The margin is small
enough that little should rest on this single transient; it gains weight only in combination
with the THD and load-step results, which are explored in the next section.

NNRG, trained on the same two-step data, behaves differently. It settles fastest of
all six controllers (0.84 ms), rises to the reference without overshoot, and records the
lowest envelope RMSE (42.93 V). On a startup transient both metrics reward precisely
this behaviour—a smooth, overshoot-free rise that parks at the reference—so on these
two numbers alone NNRG appears strongest. We read this with caution, because the same
response is also what an over-damped, less aggressive controller would produce, and a
startup alone cannot distinguish the two cases. The likely mechanism is the regression
objective itself: under a mean-squared-error loss the network predicts the average optimal
action in each region of the input space, and because the two-step labels contain frequent
anticipatory low-magnitude (braking) vectors, that average is biased toward gentler actions
and the closed loop is detuned. The accompanying small steady-state offset, visible as the
envelope settling slightly above 200 V, is consistent with a regressor that minimises average
error rather than enforcing exact tracking, although a positive offset is not an inevitable
consequence of regression and may also reflect the asymmetry of the discrete action set or
the rectifying effect of working with a magnitude envelope. Nonetheless, the low settling
time and RMSE here are at least as readily explained by reduced effective control authority
as by better tracking, so the verdict on NNRG is deliberately reserved for the load-step and
THD results prior to this section.
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The one-step group confirms that this over-damping is specific to the regression-
and-two-step pairing. One-step FCS-MPC oscillates heavily and settles only at 4.26 ms
(RMSE = 62.04 V), and NNPR trained on one-step data reproduces this under-damped law
almost exactly (settling time 4.32 ms, RMSE = 65.78 V). NNRG trained on one-step data
remains equally aggressive (settling time 4.86 ms, RMSE = 60.74 V): the one-step labels
contain no anticipatory braking for the regression to over-generalise, so the averaging that
detunes the two-step network has nothing to bias, and NNRG stays under-damped. The
contrast between NNRG's response on one-step and two-step data is the clearest evidence
available here that its damped behaviour is a property of the training data rather than of the
regression network itself. However, this remains an inference from the observed pattern
instead of an actual demonstration.

Taken together, the transient results indicate that horizon length is the primary driver
of damping across the controllers tested; that NNPR closely reproduces its FCS-MPC teacher
controller under both horizons and slightly improves on the two-step teacher controller,
consistent with the load-current effect of Section 4.7; and that NNRG departs from the
teacher controller only when trained on two-step data, where it over-damps the response.
Whether this over-damping is an asset or a liability cannot be judged from a startup transient
alone and is settled by the load step response explored in the next section.

4.4. Load-Step Response

Figures 11 and 12 present the load-step response of all six controllers. Figure 11 reports
the RMS tracking error of the output voltage against its 200 V reference in a sliding 1 ms
window, and Figure 12 reports the mean deviation of the voltage magnitude from the same
reference. Each figure is split by prediction horizon so that the one-step and two-step
controllers are read on common axes. At t = 50 ms a second identical resistive load is
switched in parallel with the first, halving the load resistance from 100 ) to 50 () and
doubling the load current from 2 A to 4 A while the reference is held fixed; the operating
point is the baseline of Table 1. Because the load current is fixed by the load rather than
commanded, the disturbance is instantaneous and identical in every run, so differences in
the response are attributable to the controller. The one caveat is that the controllers enter the
step from slightly different steady states, which the offset column of Table 3 makes explicit.

(a) One-step horizon
T T LI

o

T T T T

s ! L n

1
_ o ,l,'| n Nty | — = = One-step FCS-MPC
S sl ,’-‘-Il A 1 1 R Ifl" LT ~ — =  NNPR (one-step data) ||
- Nl n, lb\»’ll l‘\ la “n i TR ~ — =  NNRG (one-step data)
£ [ L PN L L R R AL TR
S 6 et Wy e S TG et I AT L] Ryt e
o0 TN X A 'ip'\u ot ‘L'rq I e 1
E N I"I eyt 1 VI [ l;]ll ALV Ae g "
< L / powmh [N LT b [ A S .
E 4 |’/I,l\ A 'in” HRTRR '}l"l 1 q A 'u ™ ﬂ\‘,,,n TR ':|‘ "y
s TN W T '\Ml Y v 11" " \,Ql AR Sy
PR W, y Cou gt WA M v L
& - ~ Y
: | . L7
r
0 1 Il Il 1 1 Il 1
40 45 50 55 60 65 70 75 80

(b) Two-step horizon
T T T

o

T
Two-step FCS-MPC
NNPR (two-step data) | |
——— NNRG (two-step data)

o
T

RMS tracking error [V]
(=2}

Time [ms]

Figure 11. RMS tracking error of the output voltage through the load step, for the one-step (a) and
two-step (b) controllers, evaluated in a sliding 1 ms window.
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Figure 12. Mean deviation of the output-voltage magnitude from the 200 V reference through the
load step, for the one-step (a) and two-step (b) controllers.

Table 3. Load-step response metrics: voltage sag, recovery time, sustained RMS tracking error, and
steady-state offset for each controller following a 100 to 50 () load step at t = 50 ms. “Does not settle”
denotes controllers that ripple across the 5% band continuously; “within band” denotes controllers
that remain inside it throughout.

Controller Sag [V] Recovery [ms] RMSE [V] SS Offset [V]
One-step FCS-MPC 15.19 does not settle  6.16 —4.32
Two-step FCS-MPC 7.74 434 413 —2.75
NNPR (one-step) 9.70 does not settle  4.88 —3.05
NNPR (two-step) 5.78 within band 1.32 —0.19
NNRG (one-step) 13.10 does not settle 543 —2.37
NNRG (two-step) 0.03 within band 4.20 +3.76

The output voltage is barely disturbed by the load doubling. The filter capacitor holds
the bus stiff and each controller takes up the extra load current within one or two samples,
so the sag is brief and small next to the steady-state ripple: it ranges from 0.03 V to 15.19 V
across the six controllers (Table 3) and lasts well under a millisecond. The step is therefore
rejected almost entirely at the voltage level, which is the behaviour wanted from a UPS-type
inverter. What separates the controllers is not the transient but the sustained tracking error
around it, and that is what Figures 11 and 12 show.

As at start-up, the prediction horizon sets the dominant pattern. In the one-step panels
of both figures the three controllers are indistinguishable within their own ripple: sustained
errors sit between 4.88 V and 6.16 V, none re-settle cleanly inside the 5% band, and all
keep crossing it as they did in steady state, so no recovery time can be defined. Whether the
network is a classifier or a regressor makes no visible difference at one step. The two-step
controllers track far more tightly, and the two-step neural controllers in particular stay
inside the 5% band for the whole step with no recovery transient. The gap between the
one-step and two-step groups is wider than any gap within either group, and that is the
central pattern of the load-step data.

Within the two-step group the controllers separate clearly. Two-step FCS-MPC holds a
sustained error of 4.13 V. NNPR, trained on the two-step data, tracks to 1.32 V, the lowest
of any controller and roughly a third of its own teacher controller’s error, while its mean
deviation sits almost on the reference at —0.19 V (Figure 12). Read at face value, the imitator
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rejects the disturbance more accurately than the FCS-MPC controller it was trained to copy.
Section 4.7, however, shows that the two-step teacher controller is held back by its estimate
of the load current: with the measured load current, its steady-state output amplitude at
this operating point rises from 197.3 V to 199.3 V, against 199.7 V for NNPR2 and a 200 V
reference. The tighter tracking of NNPR2 is therefore consistent with the same cause as its
lower THD (the network receives the measured load current, whereas its teacher controller
relied on an estimate) rather than with a better solution of the control problem. We did not
repeat the load step with the measured load current.

NNRG, trained on the same two-step data, behaves differently. Its sag is the shallowest
of the six at 0.03 V, which on the sag column alone would rank it first for disturbance rejection.
It is not. Figure 12 shows why: NNRG sits about 3.8 V above the reference throughout, the
only one of the six with a positive offset (+3.76 V, Table 3). Because it already sits above
200 V, the downward pull of the load step moves it briefly toward the reference rather than
away from it, so almost no sag registers. The metric is rewarding a standing bias, not a fast
recovery. Once the step settles the bias remains, and on the measures that track accuracy,
NNRG is the weakest of the two-step group: a sustained RMSE of 4.20 V, level with its
teacher controller, and a +3.76 V offset worse than every other controller. Every controller
except NNRG settles slightly below the reference, by 4.32 V (one-step FCS-MPC), 2.75 V
(two-step FCS-MPC) and just 0.19 V (two-step NNPR), which is the droop expected of a
finite-horizon controller without integral action under heavier load. The sign reversal is
the discriminating fact: NNRG's error is not load droop but a fixed positive bias, largely
independent of load, which is what a regressor that minimises average error rather than
enforcing exact tracking will produce. The interpretation rests on the sign, which is robust,
not on the precise mechanism; it is the same offset seen on the start-up envelope, now
quantified and shown to persist under load.

Taken with the transient results, the load step shows that horizon length governs
disturbance rejection across the controllers tested, that the two-step NNPR reproduces
and modestly improves on its FCS-MPC teacher controller on sustained tracking, mainly
because the teacher controller relies on an estimated load current (Section 4.7), and that
the regression formulation buys its over-damped, low-sag character at the cost of a fixed
positive bias unique among the six. The bus is held stiff by all of them, so the separating
factor is accuracy, and on the two measures that reflect it—sustained RMSE and steady-state
offset—the two-step NNPR gives the lowest values of the six controllers at this operating
point, which is consistent with the load-current effect of Section 4.7 rather than evidence
of a better control law. This is read as a specific limitation of the two-step regressor rather
than a failure of the controller as a whole, and it holds at the single baseline operating point
of Table 1; behaviour away from that point is examined in Section 4.6.

4.5. Execution-Time Comparison

The execution times of the four neural controllers and the two FCS-MPC baselines were
determined by timing the function block computation; the results are reported in Table 4.

Three observations follow from the data. First, the computational cost of the neu-
ral controllers is independent of the prediction horizon: all four networks lie within the
28-31 ms range irrespective of whether they were trained on one-step or two-step data,
since the deployed architecture (8, 15, and 7 neurons in each layer) is identical in every case
and the horizon is encoded in the training data rather than in the network; thus, the richer
control policy is embedded into the networks without the added cost. FCS-MPC exhibits
the opposite behaviour, its cost doubling from 52 ms to 104 ms as the horizon is extended
from one step to two. Second, the two-step NNPR executes in 28 ms relative to the 104 ms re-
quired by the two-step FCS-MPC controller on which it was trained, corresponding to a 3.7x
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reduction in execution time (73%) while also giving lower mean THD (0.89% against 1.73%,
Table 2) and lower sustained RMSE through the load step (1.32 V against 4.13 V, Table 3).
In this simulation, therefore, the network did not trade control accuracy for speed. This
should not be read as a general accuracy advantage over FCS-MPC: Section 4.7 attributes
most of the THD difference to the load-current signal rather than to the network, and the
horizon cost is relocated to a one-time training stage rather than removed, as set out below.
Third, the classification and regression formulations are computationally indistinguishable,
with NNPR (28-31 ms) and NNRG (29-30 ms) incurring comparable near-fixed inference
times, such that the selection between them may be governed by control performance alone,
with no associated computational penalty.

Table 4. Comparison of the execution time of all six controllers. The displayed execution time is the
total time it took to execute the given MATLAB function block in SIMULINK.

Controller Execution Time [ms]
One-step NNPR 31

Two-step NNPR 28

One-step NNRG 30

Two-step NNRG 29

One-step FCS-MPC 52

Two-step FCS-MPC 104

These figures do not, however, constitute a complete account of the comparison, and
three qualifications must be attached to them. Firstly, the runtime saving is incurred once, a
priori, in training and data generation rather than at inference. Each network was trained
on data produced by executing the corresponding FCS-MPC controller across the sixteen
operating conditions, and the two-step networks inherit the cost of generating two-step MPC
labels—the same 104 ms computation time that their runtime subsequently circumvents.
The 28 ms figure thus represents the cost of deployment rather than the total cost. Secondly,
the network forgoes the explicit constraint handling that constitutes a principal motivation
for FCS-MPC: the MPC cost function evaluates each candidate switching vector against the
system constraints at every step and is guaranteed to return a feasible solution, whereas the
network reproduces only the input-to-output mapping presented during training, with no
online verification that the selected vector is non-prohibitive. Thirdly, the fixed 8, 15, and
7 neuron architecture, which is precisely the source of the network’s horizon-independent
cost, also imposes a ceiling: the horizon advantage is fixed at training time, and the network
cannot elect at runtime to extend its prediction in the manner available to FCS-MPC through
the enlargement of its search. Its behaviour beyond the training envelope consequently
rests on interpolation—evidenced here by the four unseen interpolated operating points,
which are explored in Section 4.6—rather than on online optimisation.

Finally, a qualification that concerns the environment measurement must be made clear.
The reported timings were obtained in MATLAB, whose vectorized linear algebra favors
the network’s dense matrix operations to a greater degree than the sequential, scalar cost-
function evaluation of FCS-MPC; the measured interval should therefore be interpreted as
indicative rather than as a precise performance ratio. The more robust claim is the hardware-
level one: network inference comprises a fixed sequence of multiply—accumulate operations
that maps efficiently onto embedded fixed-point and parallel architectures, whereas the FCS-
MPC search scales as 7 with the horizon and constitutes the binding real-time constraint.
On balance, the execution-time results support the central argument—that the network
based on pattern recognition secures the accuracy of two-step prediction at a lower, fixed
cost that is independent of horizon—provided the figures are interpreted as a deployment
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cost under the previously stated training and constraint assumptions. Nevertheless, one
must note that the cost of operating the networks online is still lower than the online
cost of both FCS-MPC strategies. However, ML algorithms’ cost effectiveness—and their
performance relative to FCS-MPC—cannot be proven definitively without deployment on
embedded hardware.

Because the MATLAB timings depend on the simulation environment, we also give
the online computation as an operation count, which does not. Per sample, each network
evaluates 8 x 15 4+ 15 x 7 = 225 multiply—accumulate operations, 15 hyperbolic-tangent
evaluations, and a comparison of seven outputs; the softmax need not be evaluated online
because it does not change which output is largest. Exhaustive one-step FCS-MPC evaluates
7 state predictions with (15) and 7 cost functions (19), and exhaustive two-step FCS-MPC
evaluates 7 + 49 = 56 state predictions and 49 cost functions (20). The network count is
fixed by its size, whereas the FCS-MPC count grows as 7N. The time per operation depends
on the processor and number format and will be measured in the hardware study that
follows this work (Section 6).

4.6. Generalisation to Unseen Conditions

In this section, the performance of the four neural network controllers is compared
under operating conditions that are not present in the training data to evaluate their gener-
alisation ability. The four test cases interpolate the trained grid in load resistance, DC-link
voltage and reference, while the filter parameters remain unchanged. The total harmonic
distortion obtained at each condition is reported in Table 5.

Table 5. THD comparison of neural controllers under unseen conditions. Fixed parameters: Ts = 30 ys,
f=50Hz, C=40yF, L =2.5mH.

NNPR NNRG NNPR NNRG
Test R [Q] Vi [V] v [V] (Two-Step) (Two-Step) (One-Step) (One-Step)
THD [%] THD[%] THD[%] THD [%]
Ul 40 500 200 0.97 1.33 2.15 2.57
U2 150 500 200 0.87 1.40 3.61 3.39
U3 50 550 225 0.87 1.26 1.89 3.01
U4 10 450 175 0.69 1.24 1.54 1.96

The ranking observed under the training conditions is preserved at every unseen point.
The NNPR controller trained on the two-step teacher controller achieves the lowest THD in
all four cases, ranging from 0.69% to 0.97% with a mean of 0.85%. This range lies within the
0.69-1.01% band recorded across the sixteen training conditions, so no measurable increase
in distortion is observed at the interpolated points. The two-step NNPR therefore kept its
performance at these four interior points; four points do not establish generalisation across
the whole operating envelope (Section 5.3).

Two factors distinguish the controllers, and their effects combine. The prediction
horizon of the teacher controller is the dominant factor: for both neural networks and at
every test point, the controller trained on the two-step teacher controller produces a lower
THD than its one-step counterpart. The mean THD increases from 0.85% to 2.30% for
NNPR and from 1.31% to 2.73% for NNRG when the one-step teacher controller is used.
The network type is a smaller but consistent factor: the classifier (NNPR) outperforms the
regressor (NNRG) in all four cases under the two-step teacher controller and in three of
four under the one-step teacher controller. The best controller combines both advantages,
and the worst pairs the weaker teacher controller with the regression formulation.
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This can be attributed to the fact that the two-step teacher controller selects each
switching state by accounting for the inverter dynamics over two sampling intervals, which
produces a more consistent labelling of the inputs than the one-step FCS-MPC strategy. The
network inherits this labelling implicitly through its training data. Within either teacher
controller, the classifier is the more robust of the two formulations because it learns discrete
boundaries between input regions and switching vectors, and in doing so filters the label
noise introduced by the estimated load current of the teacher controller (Section 4.7). At
an unseen interior point, interpolated within the training data, the sinusoidal trajectory
falls within regions the classifier has already partitioned, so its discrete decision transfers
without degradation. The regressor maps its inputs continuously and propagates small
input deviations into its output, which results in higher distortion. This interpretation is
consistent with the present data rather than established by it.

The condition U2 (R = 150 ) is the only exception to the general pattern and does
not contradict it. This resistance interpolates the trained points at 100 ) and 200 (), a
high-resistance, light-load regime in which the one-step controllers already performed
poorly under the training conditions. The elevated THD of the one-step controllers at U2
(3.61% and 3.39%) reflects the inherited weakness of the one-step teacher controller in this
regime rather than a failure specific to the unseen point. The two-step controllers, which
performed well across the same regime during training, remained accurate at U2 (0.87%
and 1.40%). The minor reversal of the NNPR and NNRG order at this point falls within the
already-degraded one-step band and is not interpreted further.

4.7. Switching Frequency and Agreement with the Teacher Controller

The THD comparisons above do not account for switching frequency, which can change
THD regardless of how closely a network reproduces its teacher controller [22]. We therefore
calculated the average device switching frequency of each controller from the switching
states logged at every sampling instant over the last fifteen fundamental cycles of each run:

n, + Ny, + n.

fou = g (24)

where f, is the average switching frequency of one power device; n,, n,, and n, are the
numbers of state changes of legs a, b, and ¢, that is, the numbers of sampling instants at
which S, Sy, or S. (Section 2.1) differs from its value at the preceding instant; and T, is the
length of the counting window, here 0.3 s (fifteen fundamental cycles, or 10,000 sampling
periods). Each switching cycle of a device contains one turn-on and one turn-off, so a leg
that changes state n, times in T, completes 1, /2 switching cycles and switches at n, /(2T,,).
Averaging this over the three legs gives the factor of 6 in the denominator.

We first give fsw for the switching states actually applied. Because a hardware imple-
mentation would apply whichever zero vector needs fewer transitions, we also give fsw with
each null state counted as the zero vector, (0,0,0) or (1,1,1), that needs fewer leg transitions
from the preceding state; this common rule is used for all frequency comparisons below.
Table 6 lists both quantities, with the THD of the same runs, at the baseline condition of
Table 1 and as means over the sixteen conditions of Table 2.

For this section, we repeated the runs with the same model and settings as in Table 2.
The mean THD of every controller reproduces Table 2 to within 0.1 percentage points, but
the values at individual conditions differ; at the baseline condition, the largest difference
is 0.73 points, for two-step FCS-MPC. A closed-loop FCS-MPC trajectory is sensitive to
small numerical differences, and a one-cycle THD window samples a single cycle of it, so
all comparisons in this section are made within this set of runs.
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Table 6. Average switching frequency f, and output-voltage THD of the six controllers and of two-
step FCS-MPC with the measured load current, at the baseline condition of Table 1 and as means over
the sixteen conditions of Table 2 (mean * one standard deviation for £, ). The last f, column counts
each null state as the zero vector that needs fewer transitions. THD values are from the same runs.

. <wr Mean, .

Controller fsw, Baseline fswr Mean [kHz] {Zommon Rule TOH D, Baseline THD, Mean [%]

[kHz] s [KHz] [%]
One-step
FCS-MPC 5.86 6.26 £+ 0.66 6.21 2.62 2.31
Two-step
FCS-MPC 7.80 7.89 £0.39 7.76 1.88 1.75
Two-step
FCS-MPC, 5.80 591+ 0.29 5.55 1.11 1.02
measured i
One-step NNPR  4.29 476 +0.72 4.75 2.79 2.45
Two-step NNPR  5.75 5.83 £ 0.20 5.23 0.97 0.88
One-step NNRG  5.36 5.67 £ 0.45 5.67 3.38 2.99
Two-step NNRG  7.04 7.06 £ 0.22 6.68 1.35 1.35

NNPR?2 switches less often than its teacher controller at every condition: its mean
fow 15 5.83 kHz against 7.89 kHz for two-step FCS-MPC, a ratio of 0.74 (0.68-0.80 over the
sixteen conditions), or 5.23 against 7.76 kHz under the common zero-vector rule. Each of
the other three networks also switches less often than its own teacher controller (Table 6).
The effect identified by Novak and Dragicevi¢ [22]—a higher switching frequency in the
imitator, therefore, cannot explain the lower THD of NNPR2.

To compare NNPR?2 and its teacher controller at equal switching frequency, the two-step
cost (20) is extended with a switching term:

]2,A = ]2 + Aswnsw (25)

fge = ) (ISe(k) = Sulk = DI +[S,(k +1) = S, (k)]) (26)

x€fab,c}

where [, is the two-step cost (20); ], is the cost minimised by the modified controller;
Agw = 0 is a weighting factor, in V2 per transition because J, is a sum of squared voltage
errors; and g, is the number of leg transitions that the candidate two-step sequence requires.
In (26), S, (k — 1) is the state, 0 or 1, of leg x applied in the previous sampling period, and
S, (k) and S, (k + 1) are its states in the first and second vectors of the candidate sequence.
Each absolute value equals 1 if the leg changes state and 0 if it does not, so 1, counts the
transitions over both steps and lies between 0 and 6. When a candidate vector is the null
state, it is taken as whichever of (0,0,0) and (1,1,1) needs fewer transitions. With A, =0,
(25) reduces to (20). Increasing A,,, makes sequences with fewer transitions cheaper relative
to sequences with a smaller tracking error, which lowers the switching frequency at the cost
of a larger predicted error.

At A, =0, the modified controller reproduces the two-step teacher controller exactly;
at the baseline condition, its capacitor-voltage trajectory is identical to that of the original
controller at all 16,667 samples. We ran the teacher controller at the baseline condition
with Ay, =0, 2,5, 10, 20, 40, and 80 (Figure 13). Its THD first falls from 1.88% at A,,, =0
to 1.46% at A,,, = 2, although £, falls by only 6%. THD then stays between 1.46% and
1.52% down to 4.72 kHz and rises steeply at lower frequencies. Interpolated to the 5.20 kHz
of NNPR2, the teacher controller gives 1.47%, against 0.97% for NNPR2, so matching the
switching frequency narrows the difference at this condition from 0.91 to 0.50 percentage
points but does not close it. The initial fall in THD shows that some of the switching of
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the original controller does not improve the output voltage; the cause is identified below.
Because NNPR2 already switches less often than its teacher controller, frequency matching
only requires lowering the switching frequency of the teacher controller, so the network
was not retrained at each value of A, .

3 T T T T T T
1 80: 1.83 kHz, 6.5% (off scale) NNPR2 f =5.20 kHz
Sw
25+hk 040 -
5 A, =0
§ o
.8 20 5 /
< 15+ - o—o— -
° 10 )
D 1m
o =) =0
= 1k sW 4
— @ — Two-step FCS-MPC, estimated iO (/\SW sweep)
0.5 _a— Two-step FCS-MPC, measured i_ )
*  NNPR2
0 1 1 1 1 1 1
2 3 4 5 6 7 8

Average switching frequency fSW [kHz]

Figure 13. Output-voltage THD against average switching frequency at the baseline condition of
Table 1. Two-step FCS-MPC with the estimated load current (the teacher controller of NNPR?2) is
shown for Ay, = 0-80, two-step FCS-MPC with the measured load current for A, = 0 and 1, and
NNPR?2. f,,, is counted with the common zero-vector rule. The dashed line marks f,, of NNPR2. The
point at A, = 80 (1.83 kHz, 6.51%) lies above the plotted range.

The two-step teacher controller does not measure the load current; it uses the backward-
difference estimate (21) and holds it over the horizon, so the estimate carries part of the
capacitor-voltage ripple (Section 2.4.2). The networks were trained on this estimate, both as
an input and through the labels, but in closed-loop operation they receive the measured
load current (Section 3.1). We therefore also ran the teacher controller with the measured
load current at all sixteen conditions, holding it over the horizon in the same way and with
Agw = 0 (Table 6). This removes the estimate from the comparison and changes nothing else
in the controller. With the measured load current, the mean THD of the teacher controller
falls from 1.75% to 1.02% and is lower at all sixteen conditions (exact two-sided Wilcoxon
signed-rank test, p < 0.001), and its mean f, falls from 7.89 to 591 kHz (from 7.76 to
5.55 kHz under the common rule), close to that of NNPR2. The difference in mean THD
between NNPR2 and its teacher controller falls from 0.87 to 0.13 percentage points, so
the load-current estimate accounts for 85% of it. The remaining difference is small but
consistent: NNPR2 is lower at fifteen of the sixteen conditions (p < 0.001). At the baseline
condition, interpolation between A,,, = 0 and 1 places this controller at 1.15% at 5.20 kHz,
against 0.97% for NNPR2 (Figure 13). The same estimate also accounts for part of the
tracking difference in Section 4.4: at the baseline condition, the fundamental amplitude of
v is 197.3 V for the original controller, 199.3 V with the measured load current, and 199.7 V
for NNPR2, against a 200 V reference.

Finally, to test whether NNPR2 obtains its lower THD by minimising (20) more effec-
tively, we evaluated the two-step cost (20) offline along the closed-loop trajectories, using
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the load-current estimate (21) of the teacher controller. At every sample, the evaluation
records whether NNPR2 selected the J,-optimal first vector and the excess cost of its choice:

Al = m]in]z(SNNr]') - rr}’}n]z(i,j) (27)

where i and j index the first and second vectors of a two-step sequence, each taking one of
the seven values of Figure 2; ], (i, j) is the cost (20) of the sequence (i, j) predicted from the
state measured at instant k; and sy is the first vector selected by NNPR2 at that instant.
The first term is the lowest cost still reachable once the first vector is fixed to the choice
of the network, and the second is the cost of the sequence that two-step FCS-MPC would
select, so A/, is zero when NNPR2 selects the J,-optimal first vector and positive otherwise.
We report the mean of AJ, over all samples as a percentage of the mean optimal cost.

As a check, when applied to the runs of the teacher controller itself (fifteen conditions),
the evaluation selects the same first vector as the controller at every sample. Along the
NNPR2 trajectories, it agrees with the network at 79.9% of samples on average (74.5-82.8%
over the thirteen conditions evaluated): 77.1% for active vectors and 94.8% for the null state.
Most disagreements involve an adjacent active vector or the null state. The mean excess cost
is 8.2% of the mean optimal cost (5.0-14.2%). NNPR2 therefore achieves its lower THD at a
higher value of the cost of its teacher controller, not by minimising (20) more effectively.

The lower THD of NNPR2 therefore comes mainly from the load-current signal, not
from a higher switching frequency or a better minimisation of (20). The network was
trained on labels and inputs that contain the estimate, yet in closed loop it receives the
measured load current, which the original teacher controller never used. Given the same
measured signal, the teacher controller comes within 0.13 percentage points of the network.
We have not retrained the network on the labels of this controller in this work; retraining is
planned together with the delay-compensated labels described in Section 6.

4.8. Robustness to Measurement Noise, Delay, Parameter Mismatch, and Load Type

The tests in Sections 4.2-4.6 use noise-free measurements, nominal filter parameters,
and balanced linear resistive loads. We therefore also tested the six controllers, and two-step
FCS-MPC with the measured load current of Section 4.7, without retraining at the baseline
operating point of Table 1. The parameter-mismatch test follows the practice in [28] of
evaluating learning-based predictive control against component degradation in simulation.
The test conditions are:

e  Measurement noise: zero-mean Gaussian noise is added to each phase of the measured
Ve, if, and i, before they reach the controller, with standard deviations of 0.5%, 1%, and
2% of the peak value of each signal at the baseline condition. The same noise sequence
is used for every controller.

e Computation delay: a one-sample delay separates the calculation of the switching
state from its application. No controller compensates for it, and the networks are not
retrained. Retraining on delay-compensated labels is the first step of the hardware
route outlined in Section 6.

e  Parameter mismatch: the plant inductance and capacitance are changed by —20% and
+20%, one at a time, while the FCS-MPC prediction model and the training data keep
the nominal values of Table 1.

e Nonlinear load: a three-phase diode-bridge rectifier with a DC-side capacitor of 300 uF
and a resistor of 60 (), as used in [23].

e  Unbalanced load: 100 Q) in phase a and 50 (2 in phases b and ¢, with an isolated star
point.

e  Extrapolation: V4. =650V withv *=275VatR =100, and R=2000Qat V4. = 500 V
and v.* = 200 V, both outside the trained ranges of Table 2.
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For each run, the THD of each phase voltage is computed over the last fifteen funda-
mental cycles (0.2-0.5 s), including every non-fundamental component up to the Nyquist
frequency, and the highest of the three phase values is reported. We do not use a one-cycle
window because it samples a single cycle of a trajectory that is sensitive to small numerical
differences (Section 4.7). The steady-state offset is the mean of |v.| — v.* over the same
window, as in Table 3. Each controller is compared with its own baseline run, evaluated
over the same window; these baseline runs reproduce the runs of Section 4.7 sample for
sample. Table 7 marks any controller whose steady-state offset leaves the 5% band of
Section 4.4. A network whose THD rises by more than that of its teacher controller under
a given test is treated as less robust to that condition. Because the load-current estimate
(21) differentiates the measured capacitor voltage, measurement noise and capacitance
mismatch act on the estimate of the teacher controllers as well as on their prediction model,
so two-step FCS-MPC with the measured load current serves as a second reference for the
two-step networks.

Table 7. Worst-phase output-voltage THD [%] of the seven controllers at the baseline operating
point of Table 1 under each robustness test, without retraining. THD is computed over the last fifteen
fundamental cycles, so the baseline row differs slightly from the one-cycle values of Tables 2 and 6.
MPC1 and MPC2 denote one- and two-step FCS-MPC, and MPC2c denotes two-step FCS-MPC with
the measured load current. t marks a steady-state offset outside +5% of v *.

Test MPC1 MPC2 MPC2c NNPR1 NNPR2 NNRG1 NNRG2
Baseline 2.83 1.89 1.17 2.97 0.97 3.93 1.53
Noise 0.5% 4.53 2.63 1.76 4.12 1.27 4.46 1.60
Noise 1% 753t 3.76 2.66 5.17 1.88 5.36 1.77
Noise 2% 11.57 + 6.38 4.31 793t 3.39 7.23 2.55
One-sample delay 4979 t 619t 1033 + 7479 t 50.3 + 181.4 5.61
L —20% 3.56 2.48 1.61 3.79 1.13 431 1.81
L +20% 2.31 1.58 1.02 2.29 0.87 3.17 1.34
C -20% 4.15 2.30 2.33 11.49 + 1.69 8.35 1.88
C +20% 2.27 1.74 0.80 1.70 0.71 2.31 1.34
Vg4 650V, v * 275V 291 1.91 1.14 2.85 0.91 3.89 1.55
R =2000 Q) 3.27 1.97 1.28 3.61 1.03 3.80 1.51
Unbalanced load 2.78 1.88 1.16 2.83 0.95 3.37 1.48
Nonlinear load 2.74 2.49 1.86 3.28 1.78 4.37 2.74

Measurement noise raised the THD of every controller, but at all three noise levels
every network degraded less than its own teacher controller. At 2% noise, the THD of
NNPR?2 rose by 2.42 percentage points to 3.39%, against 4.49 points (to 6.38%) for two-step
FCS-MPC and 3.14 points (to 4.31%) for two-step FCS-MPC with the measured load current.
NNRG2 changed least, rising by 1.02 points to 2.55%. The one-step controllers were the most
sensitive: at 2% noise, one-step FCS-MPC reached 11.57% and NNPR1 7.93%, with offsets
of —15.3 V and —11.0 V. Two-step FCS-MPC also left the £5% band, at —12.9 V. Because
NNPR?2 degraded less than the controller with the measured load current at every noise
level, the estimate (21) does not account for all of the smaller degradation of the networks.
These values come from a single noise sequence.

Without compensation, a one-sample delay raised the worst-phase THD of six of the
seven controllers to between 50% and 748%, reduced their average switching frequency
to 0.66-1.19 kHz, and shifted their offsets to between —40 V and +224 V. NNRG2 was
least affected, with a THD of 5.61% and an offset of —1.9 V, although its THD still rose by
4.08 points. Because the teacher controllers are affected as strongly as the networks, the
robustness criterion is not applied to this test. The result agrees with the known need to
compensate the computation delay in FCS-MPC [15] and confirms that, before hardware
testing, the labels must be regenerated with that compensation and the networks retrained
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(Section 6). In their present form, therefore, none of the controllers, including NNPR?2, is
suitable for real-time implementation without delay compensation.

A 20% reduction in the filter inductance raised the THD of every controller by
0.17-0.82 points, with the smallest rise for NNPR2, whereas a 20% increase in either the
inductance or the capacitance lowered the THD of every controller. A 20% reduction in the
capacitance was the most demanding mismatch for the one-step networks: NNPR1 rose
by 8.52 points to 11.49%, with an offset of —13.0 V, and NNRG1 by 4.41 points to 8.35%,
against 1.32 points for their teacher controller. The two-step networks rose by 0.72 points
(NNPR2) and 0.35 points (NNRG2), compared with 0.42 points for two-step FCS-MPC and
1.17 points for the same controller with the measured load current.

At V4. =650 V and v .* = 275V, the THD of every controller changed by no more
than 0.12 points, even though about 55% of the samples presented to the networks had
at least one input outside the training range because the reference amplitude exceeds the
trained maximum of 250 V. At R = 2000 (), the largest rise was 0.63 points (NNPR1), and
the two-step networks changed by less than 0.07 points. The unbalanced load did not raise
the THD of any controller. The nonlinear load, which no network saw during training,
raised the THD by up to 1.21 points (NNRG2). NNPR2 rose by 0.81 points, slightly more
than two-step FCS-MPC (0.60) and two-step FCS-MPC with the measured load current
(0.69), but its THD of 1.78% remained the lowest of the seven controllers.

Across the twelve tests, NNPR2 gave the lowest THD of the seven controllers in ten
and was second, behind NNRG2, at 1% and 2% noise. Its offset left the 5% band only
under the uncompensated delay, and its THD never rose by more than 0.30 points above
the rise in its teacher controller. The largest margins against a teacher controller were those
of the one-step networks under the 20% capacitance reduction (7.20 points for NNPR1 and
3.09 points for NNRG1). Each value comes from a single deterministic run at the baseline
operating point, so the tests show how each controller responds to each condition, not how
that response varies across the operating range or between noise sequences.

5. Discussion
5.1. Dominance of the Teacher Controller’s Prediction Horizon

The four evaluation criteria of Section 4 agree on a single ordering. The prediction
horizon of the FCS-MPC controller that generated the training labels separates the six
controllers more strongly than the choice between the classification and the regression
formulation, and it does so on every measure: mean steady-state THD falls from 2.72%
to 1.13% when averaged across the two network types, the two-step controllers settle in
0.84-2.13 ms against 4.26—4.86 ms for the one-step group, sustained tracking error through
the load step separates into a 1.32-4.20 V band and a 4.88-6.16 V band along the same
division, and the ordering is preserved without exception at the four unseen interpolated
conditions. The network formulation acts as a consistent but secondary factor, favouring the
classifier by 0.34 percentage points of mean THD on one-step data and by 0.47 percentage
points on two-step data. One qualification attaches to this reading: each neural controller
imitates an FCS-MPC controller of a given horizon, so its grouping with that teacher
controller is in part built into the experiment, and the only horizon comparison that is
fully independent of the imitation step is the one between the two FCS-MPC baselines
themselves. Subject to that qualification, the practical implication is that effort is better
spent on enriching the teacher policy than on selecting between network formulations of
comparable size.
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5.2. Why the Two-Step Classifier Gives Lower THD than Its Teacher Controller

In Table 2, the two-step NNPR gives lower THD than the two-step FCS-MPC controller
it was trained to imitate (0.89% against 1.73%), whereas the one-step NNPR sits marginally
above its own teacher controller (2.55% against 2.32%). An exact imitator could at best
equal the controller it copies, so a lower THD must come either from a difference in the
information available to the network and its teacher controller in closed loop or from a
suboptimal teacher controller. The tests of Section 4.7 identify the main cause. The two-step
teacher controller estimates the load current from a backward difference in the capacitor
voltage (21), which carries the voltage ripple into the estimate, and the networks were
trained on labels and inputs that contain this estimate; in closed-loop operation, however,
they receive the measured load current. Given the same measured signal, the mean THD
of the teacher controller falls from 1.75% to 1.02% and its mean switching frequency from
7.89 to 5.91 kHz, and the difference between NNPR2 and its teacher controller shrinks by
85%, from (.87 to 0.13 percentage points of mean THD. The one-step teacher controller uses
the same estimate but was not rerun with the measured load current, so we do not know
whether the estimate also explains why NNPR1 does not improve on its teacher controller.

The remaining difference of 0.13 percentage points is small but consistent, appearing
at fifteen of the sixteen conditions, and the present data do not identify its cause. It is
not a switching-frequency effect of the kind reported in [22]. NNPR2 switches less often
than its original teacher controller at every condition and, on average, less often than the
teacher controller with the measured load current, and at equal switching frequency at
the baseline condition it remains 0.18 percentage points below the latter (Figure 13). The
network also does not minimise the two-step cost (20) more effectively: it departs from the
J,-optimal first vector at about one sample in five, with a mean excess cost of 8.2% of the
optimal cost. Two-step FCS-MPC minimises the predicted tracking error over two sampling
periods, not the THD over a fundamental period, so a control law that sometimes departs
from the J,-optimal choice can still give lower THD; the remaining difference may reflect
the smoother decision boundaries of the classifier. The simulation environment does not by
itself favour one controller, because all controllers run in the same Simulink model with
the same solver, sampling period, and measurement path; Section 4.8 tests measurement
noise and computation delay, which may affect a learned control law differently. Mohamed
et al. also reported lower THD for an imitator than for its teacher controller in one-step
imitation on the same topology (0.72% against 1.92% for FCS-MPC) [23]. The present
results show that such comparisons should give the imitator and its teacher controller the
same measured signals in closed loop.

5.3. Limitations

Five limitations bound the claims made above. Firstly, the NN-based controllers and the
FCS-MPC baselines have been evaluated through simulation only; no hardware, hardware-
in-the-loop (HIL), or embedded implementation has been performed, and hardware or
HIL validation remains necessary to establish the practical applicability of the approach.
The reported execution times characterise a MATLAB environment whose vectorised linear
algebra favours the network’s dense matrix operations over the sequential cost-function
evaluation of FCS-MPC, and the measured ratio should be read as indicative rather than as
a hardware figure. Secondly, the comparison between NNPR2 and its teacher controller
depends on the load-current signal each receives: the networks were trained on the estimated
load current used by the teacher controllers but receive the measured load current in closed
loop, which accounts for most of the difference in THD (Section 4.7). We did not retrain the
networks on labels generated with the measured load current or rerun the one-step teacher
controller with it. Thirdly, the network reproduces only the input-to-output mapping
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presented during training and performs no online feasibility check, so the explicit constraint
handling that motivates FCS-MPC is lost at deployment. Keeping the optimiser online and
using learning only to improve its predictions, as in [ 28], retains constraint handling but also
keeps the online optimisation cost. Fourthly, no stability guarantee is offered for the learned
control law; the evidence for well-behaved closed-loop operation is empirical, drawn from
the transient and load-step responses of Sections 4.3 and 4.4 and the robustness tests of
Section 4.8, and a formal analysis of the imitator’s stability margins remains outstanding.
The results therefore do not show that the networks are more stable than FCS-MPC, only
that no instability was observed at the simulated conditions, apart from the large deviations
under an uncompensated computation delay. Fifthly, the robustness tests of Section 4.8 show
significant performance degradation under computation delay. With an uncompensated
one-sample delay between the calculation of the switching state and its application, the
worst-phase THD of six of the seven controllers, including NNPR2 (from 0.97% to 50.3%)
and both FCS-MPC teacher controllers, rose above 50%, and their steady-state offsets left
the £5% band; NNRG2 was least affected, but its THD still rose from 1.53% to 5.61%. The
FCS-MPC formulation of Section 2 does not compensate for this delay, so the training labels
assume that the selected vector acts at the instant at which the states are sampled. Because
a one-sample delay is unavoidable in a digital implementation, neither the networks nor
their teacher controllers can be implemented in real time in their present form. Appropriate
delay compensation, such as that of [15], must be included in the teacher controllers, and
the networks retrained on the resulting labels, before real-time implementation, as in the
experimentally validated imitator of [22].

It is noted that all four conditions are interpolations within the trained ranges of
resistance, DC-link voltage and reference voltage; the LC filter hardware is unchanged;
and four points are a limited sample. The results show robustness to interpolation within
the trained operating envelope. Section 4.8 extends this evidence to two extrapolated
operating points, +20% filter-parameter mismatch, measurement noise, and unbalanced
and nonlinear loads, but only at the baseline operating point, with one noise sequence,
and without hardware effects such as quantisation and dead time. Those tests also show
that an uncompensated one-sample computation delay severely degrades both the FCS-
MPC controllers and the networks. All training data, and the tests of Sections 4.2—4.6, use
balanced linear resistive loads.

6. Conclusions and Future Study

This work compared neural network imitators of FCS-MPC against the FCS-MPC
controllers they were trained to reproduce, for a two-level three-phase voltage-source
inverter with an output LC filter. Four imitators were formed by crossing two network types,
a pattern-recognition classifier (NNPR) and a regression network (NNRG), with one-step
and two-step teacher controller data, and all were evaluated through MATLAB/Simulink
simulations only, with balanced linear resistive loads across sixteen operating conditions
and at unseen interpolated points. The horizon of the training data mattered more than the
choice of network, and the classifier gave lower mean THD at both horizons, although on
one-step data its advantage was small and not consistent across conditions (NNPR1 below
NNRGT1 at twelve of the sixteen conditions). The two-step NNPR gave the lowest mean
output-voltage THD, 0.89%, below the 1.73% of the two-step FCS-MPC teacher controller
it imitates; kept a similar THD (0.69-0.97%) at four unseen conditions inside the training
envelope; and runs at the fixed cost of a single network forward pass. These comparisons
come from deterministic simulations at the tested conditions; they show how the controllers
compare in that setting, not that the networks outperform FCS-MPC in general.
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A lower THD than the teacher controller does not mean that the imitator optimises
beyond it. NNPR2 switches less often than its teacher controller and departs from the
J»>-optimal choice in about one sample in five, so its advantage comes from neither a higher
switching frequency nor a better solution to the two-step cost. It comes mainly from the
load-current signal: the teacher controller estimates the load current from a backward
difference that carries the voltage ripple, whereas the network, although trained on this
estimate, receives the measured load current in closed loop. Given the measured load
current, the teacher controller comes within 0.13 percentage points of the mean THD of the
network. Imitators and their teacher controllers should therefore be compared with the same
measured signals, and the quality of a learned controller depends on the signals its teacher
controller uses as well as on its horizon. All results were obtained through simulation only.
Hardware or hardware-in-the-loop (HIL) validation is therefore required to establish the
practical applicability of the NN-based controllers and to confirm their performance under
measurement noise, timing constraints, and parameter drift before the approach can be
recommended for deployment. The robustness tests also showed significant performance
degradation under computation delay: an uncompensated one-sample delay raised the THD
of NNPR2 from 0.97% to 50.3% and that of both FCS-MPC teacher controllers above 60%
(Section 4.8). Appropriate delay compensation must therefore be included in the teacher
controllers, and the networks retrained, before real-time implementation. No stability
guarantee is given for the learned control law: its closed-loop behaviour has been shown
empirically, in simulation and at the conditions tested, but not proven.

Four directions follow from this work. The first is hardware-in-the-loop and subsequent
embedded validation, which is required both to confirm the control-quality ranking under
measurement noise and timing constraints and to replace the indicative MATLAB execution
times with figures obtained on the target processor. The second is to retrain the networks on
labels generated with the measured load current and with the delay compensation of [15],
so that the remaining 0.13-point difference between NNPR2 and its teacher controller can
be examined. The third is the extension of the evaluation beyond interpolation to supply
and reference voltages outside the trained ranges, to nonlinear and unbalanced loads, and
to the filter parameter drift introduced by component ageing. The fourth is a stability
analysis of the learned control law, which the present empirical evidence does not supply.
The robustness tests of Section 4.8 address the third direction at one operating point in
simulation and show that the computation delay must be compensated in the training data
before hardware testing. For the first direction, we will regenerate the labels with the delay
compensation of [15] and retrain the networks. The trained network, which needs 225
multiply-accumulate operations per sample, can then be generated as C or HDL code from
its MATLAB Function block, verified in fixed point against the floating-point network, and
run on a processor or FPGA against the same Simulink plant model on a real-time HIL
simulator.
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