IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 14 March 2025, accepted 15 April 2025, date of publication 28 April 2025, date of current version 5 May 2025.

Digital Object Identifier 10.1109/ACCESS.2025.3564636

== RESEARCH ARTICLE

Deep Learning-Based Control of Active Power
Filters Using LSTM and GRU Networks for
Harmonic and Frequency Estimation

JUAN L. FLORES-GARRIDO“!, PATRICIO SALMERON"'1, JUAN A. GOMEZ-GALAN""2,
AND ALEJANDRO PEREZ-VALLES"!

! Department of Electrical and Thermal Engineering, University of Huelva, 21007 Huelva, Spain
2Department of Electronic Engineering, Computers and Automation, University of Huelva, 21007 Huelva, Spain

Corresponding author: Juan A. Gémez-Galan (jgalan @diesia.uhu.es)

ABSTRACT Deep Learning (DL) techniques provide a powerful tool enhancing the learning capabilities of
the neural networks (NN), and are increasingly applied in the field of electric power systems. In particular, the
long short-term memory (LSTM) and the gated recurrent unit (GRU) networks allow improvements on signal
processing. The relevance of suppressing electrical disturbances justifies the efforts to apply new control
algorithms to the active power filters (APF). Despite the existence of many control techniques, the NN-based
proposals generally present significant shortcomings. Therefore, in this work, a new neural controller is
presented for further improvement, using previously trained NNs, without need of adaptive algorithms. The
generation of the three-phase APF reference currents is based on LSTM and GRU networks, that extract
the full necessary information from currents and voltages, thus avoiding the need of an additional phase
synchronization control. It is a novel proposal comprising FCE (fundamental Fourier coefficients estimation)
and FE (frequency estimation) along with a simple computation process, for harmonic distortion and reactive
power compensation. It has been tested with many practical loads and conditions through simulation and
experimental platforms. Its general high performance confirms a substantial progress compared to other NN
controllers, and it could be an alternative to other techniques.

INDEX TERMS Deep learning, long short-term memory (LSTM), gate recurrent unit (GRU), harmonic

compensation, active power filter, artificial neural network, harmonic estimation, frequency estimation.

I. INTRODUCTION

In the last decade, the Deep Learning techniques, DL, have
become a reference framework for many data processing and
control systems applications. Therefore, it is mandatory to
test their potential contribution in many engineering works,
and especially in any tasks in which the classical artificial
neural networks (ANN), were proven useful. The relevance of
the electric power quality, EPQ, justifies the past and present
struggle against electrical disturbances, which has led to the
recent strong interest in DL applications for detection and
correction of the EPQ problems. It is well known that the
active power filter, APF, is a valuable device for mitigation
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of the poor quality of electrical waveforms [1], [2]. Although
numerous technological advances and novel control meth-
ods were developed long ago enhancing the APF practical
application, any innovative control strategy is still welcome.
Convolutional networks, CNN, and the new generation of
recurrent neural networks based on memory cells, such as the
long short-term memory, LSTM, and the gated recurrent unit,
GRU, provide a workbench full of improvement opportuni-
ties. Hence many DL-based control proposals are ongoing
emerging in this particular area. Furthermore, in the gen-
eral field of electric power systems, the widespread research
proposing DL contributions has even given rise to review
articles analyzing the state of the art and trends [3], [4].

The shunt APF consists of an electronic power converter
for use in three-phase systems connected in parallel with the
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load to supply compensation currents. The APF controller
involves four main control areas [2], [5]. Firstly, the gen-
eration of reference currents required by the compensation
purposes, encompassing one or more of the following goals:
harmonic distortion mitigation, load reactive power compen-
sation, and addressing the load currents imbalance. Then,
the electronic converter requires a pulse width modulation
technique (PWM) and its control system, as can be the usual
hysteresis band (HB), to find the appropriate trigger pulses
to switch the on-off states of the electronic power devices.
The switching pulses and a local current control loop ensure
the injection of currents according to the reference signals.
A third control element that may be required is the phase
synchronization technique [6], such as the usual phase-locked
loop (PLL). Finally, the dc-voltage of the APF capacitors
requires certain control techniques, such as the conventional
PI regulation.

Regarding the reference current extraction, numerous tech-
niques have been developed over the years and different
classifications can be made [5], [7]. Two of the usual and
relevant kinds of algorithms are based on the instantaneous
reactive power theory (p-q) and the synchronous reference
frame theory (SRF, d-q). The first one is considered a con-
ventional technique, easy to implement. But they present the
drawback of poor performance under conditions of source
voltage distortion or imbalance [5], [8]. The SRF-based
proposals generally combine frequency filters with a phase
synchronization control. They are often used and some of
them present good general results, as the Savitzky-Golay
filter proposed in [8]. Other similar filter-based proposals
seem to be very efficient [9], [10], [11], although some minor
drawbacks may be observed. The work in [9] lacks sufficient
validation with practical cases; the method with Kalman filter
used in [10] is robust under different conditions but may
be sensitive to the selection of weighting functions; and the
proposal in [11] using a Wiener filter requires an iterative
algorithm that is dependent on manually tuned parameters.

Another important group of control algorithms is based on
the application of neural networks. The ANNSs could provide
efficient solutions due to their low latency and high capabil-
ity for modelling complex nonlinear functions directly from
patterns. However, most of the neural methods successfully
used for the reference currents are based on adaptive tech-
niques such as the least mean square (LMS). The adaptive
ANN algorithms require rather high computation during the
control execution and usually need a careful adjustment of the
learning rate parameter. Whereas ANNs with only previous
training could provide a more direct and fast response. The
Adaline network is the main adaptive topology used in the
proposals claiming good compensation results [12], [13],
[14]. The work in [15] proposed an adaptive application of
a radial basis function (RBF) network to enhance the PQ
technique, although it was only applied to a single-phase
system. The recurrent neural networks (RNN) have also been
applied in some proposals, mostly combined with different
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adaptive algorithms [16], [17]. The method in [17] is sup-
ported by a wide variety of practical cases but is based on a
high complexity algorithm.

On the other hand, there are few works proving that ANNs
with previous training play the main role in the reference cur-
rents generation. The multilayer perceptron network (MLP)
was compared to other neural techniques in [18] conclud-
ing that it did not perform as well as the Adaline methods.
However, the more recent proposal in [19], with a previously
trained MLP, was proven efficient to extract the fundamen-
tal harmonic of currents and voltages for easily computing
the APF reference signals, although it needs the PLL
synchronization.

In recent years, the development of DL techniques has
provided a large advance in learning capabilities, providing
a breakthrough in the application of the new neural net-
works. In the field of electric power systems some of the
relevant areas of application are the following: classification
of electric disturbances [20], power load forecasting [21],
harmonic estimation [22], [23], and compensation control
methods [24], [25], [26], [27]. The proposal in [24] presents
the feasibility of CNN-LSTM architectures for harmonic
prediction to know in advance a short time interval of the
forthcoming current, which could improve the response time
of an APF. However, no results of practical application are
reported. The approach in [25] presents a LSTM-fuzzy con-
trol, tested in a single-phase active filter. The works in [26]
and [27] present three-phase controllers based on GRU and
LSTM, respectively, and seem to obtain good compensation
results by simulated practical cases. Nevertheless, both pub-
lications contain scarce information about the training and
the methods. In conclusion, there is not enough evidence of
harnessing the new learning algorithms by the APF control.

In view of the above, a further comparative analysis of the
cited neural techniques is conducted in the last section of
this paper. Although there are efficient non-neural techniques
available for the shunt APF control, generally the neural
network (NN) solutions seem to present more shortcomings.
It is apparent that further improvement could be made in these
control techniques, especially in the use of previously trained
NNs. Therefore, the aim of this work was to take advantage
of the new DL tools to propose a new neural control method.

In this paper, a different and relatively simple control
method is proposed for three-phase shunt APFs compen-
sating harmonic distortion and reactive power. Previously
trained NN extract the full necessary information from the
voltages and currents for generation of reference currents.
The load currents imbalance can be corrected, in case of
balanced supply voltages. It does not address this correc-
tion under unbalanced voltage conditions. The international
standards have been considered regarding the possible grid
frequency deviations (at least the interval 504+1% Hz), the
voltage harmonic distortion, and the recommended harmonic
reduction rates. LSTM and GRU networks implement funda-
mental harmonic coefficients estimation, FCE, and a novel
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frequency estimation function, FE. A quite straightforward
procedure allows to generate the APF reference currents.
The proposal has been widely tested with practical cases,
providing high performance. The main contributions of this
research are the following:

1) A method is presented for further progress in the appli-
cation scope of previously trained ANNs to the APF
control, with their typical low latency feature.

2) It is a novel proposal based on fundamental har-
monic coefficients estimation, FCE, and grid frequency
estimation, FE, implemented by LSTM and GRU net-
works, that avoids the need of a PLL.

3) It consists in a simple method for reference cur-
rent generation, neither depending of the conventional
transformations such as p-q or d-q, nor needing adap-
tive algorithms.

4) Fully detailed description of the training process is
given. And a wide range of practical cases were tested
to validate its general compensation qualities.

The paper has been structured as follows. Section II
addresses the fundamentals of the control method. In
Section III the LSTM and GRU networks are described.
Section IV describes the training process to obtain the suit-
able NNs. Section VI contains the simulation results of
practical cases. And Section VII comprises the experimental
results with an APF prototype and a comparative discussion.

Il. PROPOSED METHODOLOGY

A. MOTIVATION AND OBJECTIVES

Fig. 1 shows a three-phase system with a shunt APF inject-
ing compensation currents according to the reference signals
produced by, for example, a NN controller. The features of
the compensation currents, ic, depend on the kind of power
quality improvement pursued, while verifying Kirchhoff’s
currents law.

is =ip —ic (D

Although some APF controllers are limited to the harmonic
mitigation, it is more common to address, in addition, the
reactive power compensation and the imbalance correction.
As it was discussed in the previous section, there exist many
different proposals, and some publications claim the validity
of NN algorithms. However, they usually present one or
another limitation or drawback. In the final section of this
paper, where a comparative discussion is made, Table 11
collects relevant features of several notable works. There,
it becomes clearer that the developed neural methods may
still be further improved. In some cases, it is due to the
insufficient compensation issues addressed [13], [14], and
other proposals lack enough proven robustness or efficiency
under certain conditions [12], [17], [26], [27].

In this work, the compensation objectives will be miti-
gation of load current harmonics and load reactive power,
along with balancing the currents in most practical condi-
tions. An additional requirement considered, to comply with
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the standards, is ensuring the APF performance in real dis-
tributions networks, where voltage distortion and frequency
deviations can be present. A control proposal based on previ-
ously trained NN will require extensive training with variable
fundamental frequencies within an interval around the nomi-
nal 50 Hz value. At least, the range between 49.5 and 50.5 Hz
must be well addressed, according to the international stan-
dard IEC 61000-4-30 [28]. Moreover, from the requirements
in the standard EN-50160 [29], the compensation equipment
should be robust to harmonic distorted voltage and should
satisfy the recommendation of producing source currents
with total harmonic distortion (THD) below 5%.
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FIGURE 1. Three-phase system with shunt APF connected for
compensation. Proposed DL-based control.

Besides, the typical dependency of many controllers on a
phase synchronization technique such as the PLL, led us to
propose a neural method comprising this function. Thus, the
reference signals for the present APF control will be obtained
through a two-step method. In a first stage, the currents and
voltages must be acquired with a determined sampling rate,
and the proposed DL networks must be able to estimate
the features of the fundamental harmonic component of the
different waveforms. It must work efficiently with all kinds of
distorted waveforms and grid frequency deviations. The main
parameters in a sinusoidal waveform are amplitude, phase,
and frequency. An alternative way to know amplitude and
phase information is determining the rectangular components
coefficients of the sine function. Hence the first stage con-
sists in the use of trained NNs to estimate the fundamental
harmonic coefficients and the electric frequency. Regarding
frequency estimation, the work in [30] reports using a feed-
forward ANN approach to obtain the frequency by single tone
sinusoidal communication signals. That application helped us
decide to try it with harmonic distorted signals.

In a second stage, the resulting coefficients and frequency
will be combined in a determined way to allow generating
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the three-phase active currents signals. They are the desired
source currents supplying the load active power and in phase
with the fundamental harmonic of the supply voltage. For
each phase, the difference between load and active currents
gives the APF reference waveform. Fig. 1 illustrates this
2-stage separation of the method. The analytical foundations
of the applied compensation strategy will be established in
the following subsections.

B. FUNDAMENTAL RECTANGULAR COEFFICIENTS AND
ACTIVE POWER COMPUTATION

It is well known that the waveform of a distorted current can
be represented by the sum of different sinusoidal components
with frequencies that are multiples of the fundamental one.
Equation (2) shows the expression for a generic phase current
of a nonlinear load, where the subscript i = a, b, ¢ represents
the different phases, with I, ; and ¢j, ; being the rms values
and phase angles, respectively, of the different harmonics.

iL’,'(t) = \/511,,‘ cos (a)t - (pl’,')
+2 Z Ini cos (hwt —@ni) (2

VY h>2

The first term in (2) is the fundamental harmonic of the
load current, iz 1 i(¢), shown in (3). It is a sinusoidal waveform
with a certain amplitude and phase angle.

iri(t) =21 cos (0t — @13 (3

The sinusoidal waveform (3) can also be expressed through
its rectangular components (4), as the sum of two terms,

ir1,i(t) = \/511,1‘ Ccos ¢, jcoswt + \/5[1,,' sing ;sinwt
=Ajicoswt+ By isinwt )

where Ay ; and By ; are real numbers representing the fun-
damental harmonic rectangular coefficients, of any phase
current, and may easily be related to the amplitude and
phase angle. Therefore, both pairs of parameters contain the
essential information of a sinusoidal waveform at a given
frequency.

In the same way, the source voltage waveforms can be
split into the fundamental component and harmonic distor-
tion components. Moreover, if we assume a pure sinusoidal
voltage, there would be only the fundamental frequency com-
ponent given by (5).

vi(t) = Ayjcoswt + By;jsinwt (®)]

where Ay ; and By ; are the coefficients of any phase voltage
waveform, as described in (4) for the load current.

The estimation of the coefficients of voltage and current
waveforms in each phase will allow establishing reference
currents for the shunt APF. However, as the electric frequency
of the grid can suffer small deviations, it is convenient to
accurately estimate its values. The generation of the appro-
priate APF reference waveforms requires this variable to be
determined at any time.
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A first magnitude to be computed from the coefficients is
the active power. Here the supply voltage will be considered
very low distorted, and hence a sinusoidal voltage will be
assumed. From (4) and (5), the part of the instantaneous
power of each phase that can contribute to the transfer of
active power is p;(t),

pi(t) = vi(t) - ii(t)
= (Ay,cosw? + Byisinwt) - (Ajjcoswt + Bjisinwt)

(6)

with i = a, b, c. The trigonometric manipulation of (6)
allows to obtain (7),

AviB1i + BviALi .
f Sin 2(1) t

pi(t) = AviAr +
+ (BviBji — AviAp) sin® ot (7)

The active power for the phase ‘i’ is the average value of
pi(t) over a period. This is,

I AviAji + ByiBji
H:_/pmm:jiijl ®)
T /o 2

In the three-phase system, the sum of the three active
powers as in (8) gives the total active power, that will be a
function of the coefficients, as in (9)

1
P= 3 (AvuAia + BvuBia + AvbAn, + BvsBn
+AVCAIC + BVcBIc) (9)

Under the stipulated conditions (unbalanced/sinusoidal
voltage, unbalanced/non-sinusoidal current) only the funda-
mental harmonics of voltage and current will be involved in
the determination of (9).

C. COMPENSATION CURRENTS

The unit power factor (PF) objective will be achieved when
the source current is in phase with the voltage, that is, the
source supplies the so-called active current. This current is
responsible for transferring the load active power. Hence,
the phase currents of the source after compensation can be
expressed as in (10).

is,i(t) = Gv; (1) (10)
where G is the so-called equivalent conductance of the load,
defined by (11).

P P
V2 V24 VvE4v2

(11

That is, the load conductance G is the division of the active
power and the squared rms value of the three-phase voltage,
determined from the rms values of the phase voltages, V;.

This rms value of the three-phase voltage can also be writ-
ten as a function of the coefficients, since for each phase (12)

is verified.
V2V = A% + B, (12)
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And therefore,
1
vi=2 (AZVa + By, + Ay, + By, + A + Bzw) (13)

From (9) and (13) G is obtained, as in (14). The computa-
tion of (14) involves the twelve coefficients.
G AvaAla + BvaBia+AvpAn + BvpBip, + AveAre + ByeBic
- 2 2 2 2 2 2
AVa + BVa +AVb+BVb +AVC + BVc

(14)

Finally, using the desired source current waveforms deter-
mined in (10), the compensation currents produced by the
APF should be obtained as in (15),

ic,i®) =1iL,; () —Gv; (1) (15)

These compensation currents will give rise to a unity
source PF, with sinusoidal currents. The voltage v;(¢) in (15)
corresponds to (5). In practical conditions where the source
voltage could present significant distortion, v;(#) will contain
only its fundamental component, instead of exactly the real
voltage waveform, since the harmonic suppression objective
requires obtaining a sinusoidal source current.

A first overview of the control method can be summarized
as follows. The data acquisition of voltage and current signals
provides the inputs for the NNs, which take on the FCE and
FE tasks. From the coefficients, the equivalent conductance
G is computed. Using G and the frequency, the active phase
currents are generated. Then, the subtraction shown in (15)
gives the reference compensation currents. Fig. 2 and the next
subsection show further details.

D. REFERENCE CURRENTS PROCESSING

In view of the above, the resulting method consists in the
following. Equation (10) corresponds to the desired active
currents necessary as reference waveforms. If we call them
irrer_i(t), these reference currents are as follows:

iLref_i(t) = G i (1) (16)

Then, from (5) and (16) the reference signals will be com-
puted as in (17), where it appears the voltage coefficients
array,

iLreffa Ay, Bya cos (wt
itref b | =G | Avb  Bwp ( sin ((a)t))) (17
ILref ¢ Aye By

The reference compensation currents for the APF, accord-
ing to the subtraction given in (15), become:

l:Creffa l:Lfa Ava B cos (wt)
IiCref b | = | ILb | — G |Aw Bw sin (wt)
iCref ¢ iL_c Ave  Bve

(18)

where the conductance G is obtained as in (14) and involves
both voltage and current coefficients. Equation (18) repre-
sents the essential features of the proposed method. These
compensation waveforms needed for the PWM control of the
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power converter will lead to the injection of the appropriate
compensation currents into the 3-phase system. Therefore,
the proposal depends on the precise knowledge of the fun-
damental coefficients and the electric frequency. In Fig. 2,
a flowchart of the control method is depicted, also including
the earlier phase of NN training.

ic; POWER CONVERTER
Ly
4| @ HB icrefi

PWM
( REFERENCE CURRENTS N
»LSTM > i
i An, B -
» LSTM > f
» LSTM > eq.conductance| G i
G 1 o=
- > o
v LSTM Ay Br g
» L STM> i
+LSTM> :FU
f phase generation /W N E
2 15
\_ = | )
NN TRAINING STAGE
Training | || NN design LSTM
patterns and training or GRU
generation

FIGURE 2. Flowchart of the control method.

A thorough implementation of the expression in (18) will
cover the phase synchronization function, avoiding the use of
a conventional PLL. It follows a description of the process
ensuring the correct phase in the reference currents based
on the estimated frequency. It requires a computation of wt
according to the data acquisition rate and the use of the NNs
for FCE and FE. For a nominal 50 Hz frequency, the output
values of coefficients and frequency will be updated every
20 ms cycle. The A and B coefficients will contain the phase
angle information of every 20 ms window of the sampled
signals. The wt must be generated in a special way to take
advantage of the estimated f. Let call ¢* to a periodic time
function running from 0 to 0.02 seconds that can be seen as
a periodic ramp function with slope 1, or a sawtooth function
(see Fig. 3).

This time ¢* takes charge of the FCE and FE outputs rate,
with update period of 0.02 seconds. But the actual electrical f
could be different from the nominal value, f,. Therefore, the
computed phase must be:

a)t=27rft"“—i-271f0([l — 1) (19)
o f
Which can also be written, for f, = 50 Hz, as follows:
wt =2xf t* + 1007 (i — l) (20)
50 f
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These equations allow to obtain the wt phase at the actual
signal frequency using the f estimation and a constant-period
repeating time [0, 0.02], synchronous with the updates of the
acquisition and control system. The second term addresses
the adjustment necessary to correct the small phase shift
produced by the possible At time difference between the
actual period T and the constant period 0.02 s of the control
system. Fig. 3 depicts a schematic of the FE-based phase
synchronization.

detection of
first f change

function

triggering
Initialization of Repeating time a)t"‘
repeating time [0,0. 02

f
2n
lOO:'r J—-
phase adjustment

FIGURE 3. Diagram of the phase generation and synchronization.

At the start of the control system, the synchronization of the
reference generation and the control running cycle requires an
initialization of the repeating time t*, based on a detection of
the first f change coming from the NN, that triggers the time
ramp function. The product of 27 f and t* gives wr*, that needs
the addition of the second term in (20) for the small correction
when f # 50 Hz. The resulting wt provides the argument for
the cosine and sine functions.

1Il. DEEP LEARNING FRAMEWORK FOR THE PROPOSED
METHOD

Deep Learning is a set of methods based on using
multi-layered neural networks, called deep neural networks,
to simulate the complex decision-making potential of the
human brain. Deep Learning comprises many network archi-
tectures, based on the connection of multiple layers for
processing the input data. Different training algorithms are
available for the learning process, adapted to the super-
vised/unsupervised learning, and to the diverse types of
application tasks. The fundamentals of DL come from the
ANN theories and methods but involve a wide extension of
the concepts and methodologies, including numerous addi-
tional operations and algorithms.

The layers accomplish many different functions in the
network. The DL /ayer concept does not mean only a set of
artificial neurons, but instead it includes a variety of oper-
ations contributing to improve the different data-processing
steps. Among the so-called neuronal layers, it comprises the
classical ones and new processing modes that supported the
enhanced learning power of DL: the convolutional layer, and
new recurrent layer based on memory cells. The principal
recurrent type is the long short-term memory layer (LSTM).
A network based on convolutional layers is called convo-
lutional neural network, CNN. And the network based on
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LSTM layers is called LSTM network. Among the CNNs,
the most common type is the 2D-CNN, but it is also available
the 1D-CNN, more appropriate for unidimensional signal
processing. From the LSTM some important variants have
been derived, with the common feature of recurrent memory
cells. The gated recurrent unit network, GRU, is the most
known.

The NN layers may be combined giving hybrid structures,
such as CNN-LSTM, CNN-GRU or LSTM-GRU. It is usual,
depending on the learning tasks, to test different configura-
tions in the search of the best result. In this work, different
network architectures have been used. Weather using one or
another DL algorithm depended on the performance found
with it. In this sense, as it will be justified in section IV, the
CNN did not provide the expected performance. Therefore,
in the next subsections we describe the DL models found
useful in this application: LSTM and GRU networks.

A. LONG SHORT-TERM MEMORY NETWORKS

LSTM layers have some features common with the classical
recurrent networks, RNN, because they contain feedback or
recurrent connections. Instead of neurons, they are based on
more complex processing units called cells. This kind of cell
was designed in several steps along the years, trying to enable
and improve the memory capabilities for time-variant data.
Since the first version in 1997, the model was improved up
to the current efficient structures. The cell architecture is
depicted in Fig. 4. The LSTM layer contains a number of
cells, ranging from few ones up to hundreds of them.

The cell owns two internal memory states that enhance the
learning capacity by inputs presenting temporal dependency.
They are the cell state, ¢;, and the hidden state, 4;. The cell is
made up of three components or gates to regulate the memory
states through time: forget gate, input gate and output gate.

At some timestep t, the input vector x;, together with the
previous state values, h;_1 and c;—1, are computed to yield
new hidden and cell states, 4; and ¢;. The cell output into the
following network layer, y;, is the same as #;.

Yt

T
P o
Ct

output

. gate

Ct Ot
ber| [o] [o] [tanh] [0}  h
IV Tw [w Tw =

Cf b ]

Xt | © concatenate O elementwise operation

FIGURE 4. LSTM cell, showing its architecture and operation details.

Next follows firstly the mathematical operation descrip-
tion, and then a brief interpretation. The recurrent input
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h;—1 and the data input vector x;, after a concatenation,
become the input vector of the 4 fully connected elements that
work as typical artificial neurons. The weighted sum of the
input elements, plus a typical bias value, gives the argument
for the activation functions, sigmoid or tangent hyperbolic.
As shown in (21) and in Fig. 4, four new magnitudes are
obtained: the forget, the input, the ““‘candidate”, and the out-
put. It is interesting to remark that the computations in (21)
are just the operations of 4 neurons.

fr=0 Wy [h—1, %]+ b1)
ir =0 Wy [h—1,x]+ b2)
¢ = tanh (W3 - [y 1, X1 + b3)
or =0 (Wa - [hi—1, X ] + ba)

21

Then the addition of two products yields the new cell
state ¢;, as shown in (22). The update of the hidden state
consists in the product of o; and tanh(c;), as shown in (23).
In these two equations, the addition and the product are
usually assumed as ‘“‘elementwise” operations to provide
general and precise definitions of the cell computation. Thus,
the cell mechanism rules are well-defined to embrace more
complex cell configurations. However, by the cell description
made here, that covers the commonly used LSTM networks,
no special definitions must be considered for the addition and
the product.

Cyt Zﬁ X Cr—1 + it X et (22)
ht = 0¢ X tanh (Ct) (23)

Finally, the new A, value in (23) is used as cell output and as
recurrent input for the next time step. The weights in vectors
W; and the biases b; make up the set of adjustable parameters
of the LSTM layer in the network training process.

A brief interpretation follows about the role of the three
gates. Altogether the gates enable the cell to retain the impor-
tant information from the past and discard the irrelevant one.
The forget gate, with values between O and 1, determines
which information to discard from the previous cell state.
The tanh computation that gives the candidate &, with values
between —1 and 1, is a regulation of the influence magnitude
of previous hidden state and current input to the cell state. The
input gate i;, with values between 0 and 1, controls the access
of candidate values ¢ to the cell state. The output gate, with
values between 0 and 1, controls the portion of the cell state
allowed to be transferred to the cell output, 4; or y,;. This
value will be returned to the cell as input for the next time
step.

At each time step, a new input x, from a data sequence is
used, both cell and hidden states are updated, and a new out-
put y; is obtained. This whole mechanism provides the LSTM
cells with relatively long-time memory, which is called long
short-term memory.

The training of LSTM networks consists in adjusting the
weight matrix W and bias vector b of every cell, using a
set of patterns, by means of a backpropagation algorithm.
As an example of an LSTM network, Table 1 shows the layers
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and details of one of the networks employed in this work.
It comprises an 80-cell layer and a 2-neuron fully connected
layer. As every cell involve 4 neurons, it is easy to understand
the number of weights shown in the table.

TABLE 1. Parameters of an 80-cell LSTM network used in this work.

Layers Inputs  Outputs N. of weights and biases

Sequence input 1 1 -

LSTM 80 cells 1 80 input weights 4x80
recurrent weights 4x80x80
biases 4x80

Fully connected 80 2 input weights 80x2
biases 2

Regression output 2 2 -

One remarkable detail observed in Table 1 is the number
of recurrent weights appearing in this case, designed with
MATLAB, that are 4 x 80x80, which means that all hidden
states of the 80 cells are used recurrently as input for every
cell present in the layer.

B. GATED RECURRENT UNIT NETWORKS

The GRU network is similar to the LSTM, but it is based
on a different cell mechanism. It was introduced in 2014 by
K. H. Cho et al. [31]. The cell has two gates, which enables
it to input and forget certain features. But it has neither an
output gate nor a cell state, resulting in fewer parameters and
variables. However, the GRU network has exhibited high per-
formance in many applications, even higher than the LSTM
in some cases. Therefore, when working with NNs based
on memory cells it is convenient to test both LSTM and
GRU, because any of them could achieve better performance,
depending on the task.

Fig. 5 shows the GRU cell architecture, illustrating the
operation with 2 gates, 3 neurons, and only one hidden state.
At some timestep ¢, the cell computes the input vector x; and
the previous hidden state /,_;, producing the new hidden
state value h;. The cell output into the next layer in the
network, y;, is the same as 4.

Yt
- g j"----..
Ca ') )
hy
hey l 5 update
reset gate
i gate

It Zt flt

| o | | tanh |

W; K

|

Xt | © concatenate O elementwise operation

FIGURE 5. GRU cell, showing its architecture and operation details.
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The recurrent input 4, and the data input vector x;, after
a concatenation, become the input vector of two neurons
with log-sigmoid activation function. This yields the reset and
update variables, r; and z;, according to (24).

[r, = o (Wi - [h—1. %]+ b1) o4
=0 Wo-[h—1,x]+b2)

Another concatenated vector is made up, where A, _1 is first
multiplied by the reset r, as shown in Fig. 5. This vector is the
input of the third neuron, with fanh function, whose output is
the candidate value ﬁt, as shown in (25),

hy = tanh (W3 - [ry X hy—1, x] + b3) (25)

Finally, the new current hidden state /4, is obtained by addi-
tion of two terms, that represent two different contributions
of the update z; to the hidden state. It is shown in (26). Fig. 5
points out the additions and products that can be assumed ele-
mentwise operations, for better definition of the general rules
in (25) and (26), in case of more complex cell configurations.

hy=0—z) xXh_1+2z x ilt (26)

The reset gate r; has values between O and 1, and it is
multiplied with A;_1. Hence this gate controls the portion of
information in h;_; that can be forgotten, and the portion
that passes through for computation of the candidate value.
The update gate z; also has values between O and 1. Its
role is to regulate the access of the candidate to the hidden
state, deciding the proportions of the old hidden state and the
current candidate to be added, generating the new #,. This
value will be returned to the cell as input for the next time
step.

At each time step, a new input x; from a data sequence
is used, and a new output y; is obtained. This mechanism
provides the GRU cells with the same memory features as the
LSTM. The training consists in adjusting the weight matrix
W and the bias vector b of every cell. The GRU network
requires a slightly lower computation amount than the LSTM.

IV. TRAINING THE NN FOR FCE AND FE

As stablished in Section II, the compensation reference
currents can be obtained by determining the fundamental
harmonic coefficients, A; and B; from the generally distorted
current and voltage, as well as the actual grid frequency. The
reference generation requires the precise estimation of coeffi-
cients and electric frequency at any time to avoid malfunction.

Different DL architectures including CNN, LSTM, GRU
and biLSTM have been widely tested, both for FCE and FE
tasks. However, the main models used in this research have
been LSTM and GRU networks.

The software tool employed has been the MATLAB com-
puting environment, including Simulink, the Deep Learning
Toolbox and the Deep Network Designer App. The network
design and the training work can be made through the graph-
ical interface of the Deep Network Designer, or by means
of code editing in MATLAB programming language. Both
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ways allow to develop the entire work process, comprising the
combination of layers, the adjustment of hyperparameters,
the selection of the previously prepared patterns database, and
the configuration of the training algorithms.

A. TRAINING THE NN FOR FCE

With the aim of training NNs for FCE from distorted
waveforms, a first decision to make was the convenient sig-
nal sampling rate. Many tests were carried out, checking
the learning performance, with CNN and LSTM networks,
using 64 points per cycle (20 ms period), 128, 256, and
512. The authors’ previous experience with ANNs, along
with the results obtained in the tests, led to the conclusion
that 128 samples/cycle was sufficient in this application.
Thus, as a compromise between extraction of enough signal
information and moderated computation burden, a value of
128 samples per waveform cycle was chosen. Considering
a nominal frequency of 50 Hz and period of 20 ms, the
sampling rate was 6.4 kHz (k-samples/second).

1) GENERATION OF THE LEARNING PATTERNS

A big set of harmonically distorted waveforms is required as
learning patterns. The selection of suitable magnitudes of the
different harmonics is based on a thorough analysis of current
harmonic spectrums by practical nonlinear loads along the
trial-and-error. The set of learning patterns have included
all possible phases between 0 and 360 degrees, by using
both negative and positive A and B coefficients, according
to (4). It is usual to apply neural techniques with normalized
input signals, aiming to handle numbers not much beyond
the [—1,1] interval, which may provide higher performance.
Table 2 shows the parameter combinations for the generated
pattern set. The odd order harmonics have been combined up
to the 35" order, establishing decreasing value intervals for
the different harmonics.

TABLE 2. Parameters in the set of learning patterns.

. Trainin N. of Freq. N. of
Cocfficients intewaé steps (Hf) patterns
Ay, By [-1.5,1.5] 21 49.5 40000
A, B; [-0.6, 0.6] 5 49.6 40000
As, Bs, A, By [-0.4,0.4] 5
Ay, By, A11, Bii [-0.2,0.2] 3
Ass, Bss [-0.01, 0.01] 3 50.5 40000

As shown in Table 2, the patterns were prepared using
different values of fundamental frequency between 49.5 and
50.5 Hz, distributed in steps of 0.1 Hz. That is, 11 differ-
ent values. For every frequency an amount of 40 thousand
waveforms, 20 ms long, were generated. The harmonic com-
bination in each pattern was generated randomly, by means of
the uniformly distributed discrete random function, unidrnd
in MATLAB. For example, the first coefficient, A1, takes
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values according to (27).
Ay = (unidrnd (21,1,1) — 11)*0.15 27

Thus, a total of 440 thousand waveforms formed the learn-
ing base. The patterns, including the input waveforms and
the [A;, Bj] target vectors, were structured as an array-
datastore for use as training database. Besides, a validation
arraydatastore was generated with different patterns to use
during the learning process. That format enhances the training
computation by reading the patterns in every iteration at a
suitable pace, corresponding to the minibatch size, which is
a training parameter usually fixed as 100 or 128.

2) DNN CONFIGURATION AND TRAINING PROCESS

The first challenge in DL application is the NN architecture
selection. Taking as a starting point the technical literature
reviewed, followed by a trial-and-error analysis, it was pro-
gressively decided which models to discard and which NN to
further apply. Proposals based on CNNs, as in [22] and [23],
led us to begin with convolutional networks, although some
authors [21], [25], suggest better using approaches based on
the LSTM for this kind of time varying signals.

A CNN architecture composed of two convolutional
blocks, each one containing 3 layers (1DConv, tanh, max-
pooling), and a final fully-connected layer, was widely tested.
Nevertheless, we were not able to obtain good results with
this NN type. Also, combinations CNN+LSTM were tested,
but the best performance in our trials was found using simple
LSTM or GRU networks. Once proven that LSTM could be
correctly trained, we continued using memory cell models.

The biLSTM layer, a variant of the LSTM, was also tested.
After a thorough comparison of both types, in general, the
LSTM yielded better performance.

Among the multiple structures based on the LSTM layer,
the simplest one was proven the best for the FCE task. A four-
layer model as in the example of Table 1 was the choice.
Taken apart the input and output layers, that do not involve
neural processing units, the model simply consists of two
main layers: A LSTM layer, and a 2-neuron fully-connected
layer.

The NNs must be trained, and next applied for prediction,
with inputs consisting in 1 x 128 vectors, giving a new output
at the end of each cycle of 128 samples. These vectors can
feed the NN in two ways: using an input layer of size 1 with
a sequential input of the vector or using an input layer of
size 128 with a simultaneous input of the full vector. Whether
using one or another mode, it is not relevant for the proposed
application to the electric waveforms in this approach, as the
generation of the reference signals for the APF is based on
detection of the fundamental harmonic component after every
cycle. The use of the NN in both the simulation system and
the experimental setup is done through a buffer retaining
the cycle samples. Therefore, both input methods have been
considered by the training, with the aim of selecting the best
result.
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The backpropagation training algorithm computes an error
function as accuracy goal whose value must be minimized.
Typically, this function is the mean squared error MSE of the
outputs compared to the targets, although in the regression
tasks in MATLAB the performance progress is displayed in
terms of the Loss function and the RMSE, with the Loss being
one half of the MSE. The RMSE is shown in (28). After
computation of the error, the backwards part of the iteration
adjusts the weights and biases of the network layers. Each
iteration is applied with de number of patterns determined in
the batch size parameter, adjusted usually at a value of 100.

RMSE =

1 m
—> lyi—tl? (28)
n i=1

In (28), m is the number of training patterns defined in
the batch size, and y;, ¢, are the output and target vectors
corresponding to the pattern i. The difference y;-f; is the
error vector, and lly;-#;1l expresses the error vector length in
the output space. The error function is applied to both the
training patterns and the validation set throughout the training
iterations. The performance index, in terms of Loss or RMSE
applied to the validation set, is the main reference to evaluate
the training results.

Regarding the hardware employed, it was a usual personal
computer Intel@ Core-i7, 16 GB DDR4 of RAM memory,
without GPU. The trainings were executed in the CPU, and
the training times were relatively short, around some min-
utes, always less than an hour. Longer training times did
not produce better results. Table 3 summarizes the differ-
ent parameter configurations of the LSTM and the training
algorithm. The left part shows the main training features with
clear influence in the results, and the best adjustment giving
the lowest validation RMSE. The right part shows different
numbers of cells in the LSTM layer, and the final RMSE in
every case.

TABLE 3. Details of the LSTM hyperparameters and training options
optimization process.

Parameters Test set Best LSTM RMSE
cells

algorithm sgdm, adam, rmsprop  sgdm 40 0.0075

learn. rate DF~ 0.001 - 0.5 0.01 60 0.0063

batch size 50, 80, 100, 128,200 100 80 0.0056

epochs 5,8, 10,20 8-10 100 0.0058

From the results shown in the right part of Table 3, the
final trained network was taken with 80 cells. Some other
hyper-parameters, not present in the table, were not relevant,
such as, for example, the weights-initializer type (zeros or
random). Regarding the sequential or non-sequential mode
for the input vectors, the details shown in Table 3 belong to the
non-sequential case, with input layer size of 128. In the case
of sequential input, it also worked, but with less accuracy.
In that case, the adam algorithm was found to be the best,

VOLUME 13, 2025



J. L. Flores-Garrido et al.: Deep Learning-Based Control of APF Using LSTM and GRU Networks

IEEE Access

and the other parameters were similar, except for a worse final
error around RMSE = 0.02.

The performance of the trained networks from the different
runs was further evaluated in a specific test consisting in a
short statistical proof. It was used for better comparison and
testing DNNSs, before selection for application in the APF
control. The statistical proof consisted in the generation of a
new set of synthetically distorted waveforms, different from
the patterns in the training and validation datasets, and the
computation of some statistical measures of the errors made
by the NN predictions:

- Mean error

- Mean absolute error

- RMSE

- Absolute error percentile 95

- Absolute error percentile 99

- Absolute error maximum

The most representative measure is the mean absolute
error, MAE, (29),

N
1
MAE = ﬁ;|&,~—a,~| (29)

where a; is the actual value, d; is the network prediction, and
N is the number of waveforms, chosen as 10 thousand. The a;
variable states for coefficients A or B;. Their absolute values
range from O to 1.5.

Once the best 80-cell LSTM was chosen, the training
process was repeated with GRU networks. Again, a simple
structure containing one GRU layer was the best choice, and
a cell number around 80 yielded the best results. Table 4
presents the statistical error measures comparison. From the
MAE = 0.0029 for LSTM, and MAE = 0.0081 for GRU,
it may be inferred that the best option is the first one. The
different results in Table 4 illustrate a better error distribution
in the LSTM predictions.

TABLE 4. Error analysis with 10k waveforms for best FCE by LSTM and
GRU.

Error LSTM 80 cells Error GRU 80 cells
Error measure A, B, A B,

mean error —0.00004  0.00006  0.00015 —0.00019
MAE 0.0029 0.0027 0.0081 0.0079
RMSE 0.0040 0.0038 0.0101 0.0096
abs. percentile-95 0.0080 0.0073 0.0196 0.0168
abs. percentile-99 0.0137 0.0133 0.0308 0.0289
abs. maximum 0.0226 0.0229 0.0373 0.0351

B. TRAINING THE NN FOR FREQUENCY ESTIMATION

Regarding the FE task, the description in the previous
subsection allows to simplify this one. It should be noted
that for the FE function the NN will have as input the volt-
age waveform, less distorted than the currents. Therefore,
the training patterns did not need to include high levels of
harmonic distortion. However, the objective requires a higher
resolution in the different frequency values present in the
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patterns. The work in [30] described the feasibility of using a
feedforward network for FE in sinusoidal signals under noise
conditions. The disturbance by electrical signals is not the
noise but the harmonic distortion.

The measurement or estimation of the frequency usually
requires more than one cycle. Thus, some tests were carried
out to select the convenient number of cycles for the learning
data. As a compromise between performance and the lowest
possible vector size, patterns with a length of 4 cycles were
selected. Shorter time intervals produced a slightly lower
accuracy, whereas longer times did not increase it. Therefore,
the data contain 512 samples per pattern, corresponding to
80 ms time. The frequency sweep is 49.5-50.5 Hz. The set
of training patterns has been generated using 101 frequency
values distributed in the interval in steps of 0.01 Hz. For every
frequency, 2000 waveforms were generated. The values of
the coefficients A; and By were selected exactly as in the
previous section, but the harmonic distortion incorporated
was much lower, comprising harmonic orders 3, 5 and 7,
with coefficients A; and B; from the interval [—0.2,0.2]. The
training arraydatastore had 202 thousand patterns. The targets
were chosen as the (f-49.5) value. In this way the output range
for the NN was [0,1], which is usually better for the neural
network learning.

LSTM and GRU networks were trained. The required train-
ing and network parameters were similar to the ones used by
the FCE task, except for an optimum number of 30 cells, and
30-40 training epochs. The input layer has a size of 512, and
the fully-connected layer only one element.

The final validation RMSE in the best training with LSTM
was 0.035 (Loss = 0.0006). The GRU network obtained
RMSE = 0.032 (Loss = 0.0005). Although it does not seem
to be a significant difference between both models, in the
multiple training runs, the GRU network always obtained a
lower error. After the trainings, a statistical proof has been
applied as a generalization and performance test with 10k
waveforms. Table 5 presents the comparative results models
in terms of error analysis.

TABLE 5. Error analysis with 10k waveforms for best FE by LSTM and GRU.

Error measure Freq. error Freq. error
LSTM 30 cells  GRU 30 cells
mean error —0.0009 0.0003
MAE 0.0177 0.0122
RMSE 0.0393 0.0199
abs. percentile-98 0.0544 0.0306

From the error analysis in table 5, it is clear that the GRU
network outperforms the LSTM. The most significant index
is the MAE, whose value for the GRU is approximately
0.01 Hz. The absolute error percentile-98 of 0.03 Hz shows
that, in general, higher FE errors are not expected. Moreover,
the mean error is practically zero, and the application of the
network to the APF control will give updates every 20-ms.
Therefore, the effects of the small errors in the generated
waveforms during those short time intervals should not be
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noticeable. This will be better evaluated in the following
sections with simulation and experimental results.

V. RESULTS OF PRACTICAL CASES BY SIMULATION

A 3-phase system with shunt APF has been implemented in
the Simulink environment for a thorough evaluation of the
control method. Fig. 7 shows a diagram of the compensated
power system, which will be described below.

A. SIMULATION PROCESS DESCRIPTION

The THD of the currents and the supply PF are the first factors
of merit to be considered for performance evaluation of a
compensation control. The definition of the THD index is

given in (30),
[> 1}
i>1

1

THD = - 100% (30)
where I; is the rms value of each current harmonic, and I;
corresponds to the fundamental one. The definition of the PF
is provided in (31),

P

PF =
3Vel,

(3D

where P is the active power, and V,, I, represent the effective
values of the three-phase voltages and currents according to
IEEE Std 1459, [32]. Apart from those two indices, other
relevant parameters to evaluate the compensation results are
the active and reactive powers, and the rms value of the line
currents, comparing them before/after compensation.

Power supply ic

IGBTs trigger
_signals

APF

< PWM HB

FIGURE 6. Three-phase power system with neutral wire compensated
with an APF by hysteresis band PWM control (PWM HB).

On the basis of the shunt APF simplified schematic in
Fig. 6, the Simulink model was implemented as shown in
Fig. 7, with parameters in Table 6. The reference currents
controller is divided into two parts. The first subsystem con-
tains the LSTM and GRU networks for FCE and FE. The
second one contains the computing operations generating the
active currents from the estimated coefficients and frequency,
according to the proposed method, illustrated in Fig. 2. The
active currents correspond to the expression in (17). The
subtraction in (18) between load and active currents is carried
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out inside the APF subsystem of Fig. 7 to obtain the compen-
sation reference currents.

The use of the NNs with currents and voltages of practical
three-phase circuits requires the application of a scale factor
to adapt their values. The NN input signals should not much
exceed the amplitudes managed in the training phase. For
the voltage, it is easy to fix a suitable scaling factor, but
the current magnitude highly depends on the load features.
A solution may be adjusting an appropriate factor for the
maximum expected currents.

Nevertheless, this is no critical issue, because of the wide
tolerance observed by the LSTM, regarding the input signal
amplitude. It has shown a good generalization capability in
the different tests.

TABLE 6. System parameters for simulation.

Parameter Value
Supply voltage, nominal frequency 400V, 50 Hz
Passive filter L=12mH
Capacitors C=22mF
Vpce ref. (Vper, Vez) 400 V, -400 V
Sampling frequency 6.4 kHz

Thyristors-RL loads case 1
(firing angle, R, L)
Thyristors-RL loads case 2

Loadl: 72°, 40 Q, 30 mH
Load2: 117°,28 Q, 16 mH
Loadl: 72°,40 Q, 35 mH
Load2: 153°,6 Q, 5 mH
Loadl: 95°, 22 Q, 24 mH
Load2: 153°, 24 Q, 3 mH

Thyristors-RL loads case 3

Inside the first control subsystem the 6 sampled waveforms
of voltages and load currents are used for the FCE by means
of the LSTM network. The figure shows detail of the ‘LSTM
A B predict’ Simulink block containing the LSTM operation.
Every 20 ms the LSTM updates the 12 coefficients A; and
B;. The FE is carried out by the GRU network applied to one
phase voltage. The detail in the bottom-right of Fig. 7 shows
the ‘GRU freq predict’ block containing the GRU operation.
Its output consists in the estimation of the (f—49.5) value,
as explained in Section IV, because of the training method
followed to achieve higher accuracy. Therefore, in Fig. 7 a
constant 49.5 value is added to the GRU output to obtain the
frequency. The GRU input is a 4-cycle signal interval taken as
a running window, providing input updates every 20 ms. The
phase wt for the sine and cosine functions in (18) is computed
from the frequency as described in (20) and in Fig. 3.

Table 6 contains the relevant system parameters.
A 3-phase voltage source supplies the load currents at vari-
able frequency. The passive filter in the converter output
branch has a series inductance of 12 mH (in Fig. 7 it is located
inside the “APF”’ subsystem). The hysteresis band control for
the converter PWM has a switching threshold of +0.03. And
the sampling rate for voltages and currents is set to 6.4 kHz.
There are two parallel three-phase loads. In particular, two
three-phase thyristor-regulators with different firing angles
and RL parameters in each branch have been used. This load
array enables a wide variety of different load currents.
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FIGURE 7. MATLAB-Simulink model used for tests with practical cases. It shows the results after simulation of Case 1a (see Table 7). Bottom left,
detail of the FCE-LSTM predict block. Bottom right, detail of the FE-GRU predict block.

Three cases have been selected for presentation of results,
according to the parameters included in Table 6 as case 1,
case 2 and case 3. The load parameters were selected aim-
ing to obtain clearly different current waveforms, with high
distortion levels and low PF values.

Furthermore, the condition of power supply frequency
variation has been considered, by selecting two different fre-
quency values for each case, all of them deviated from 50 Hz
to test unfavourable conditions. Hence a total of six case
studies are simulated, with the frequency values of Table 7.

B. COMPENSATION RESULTS

The compensation results are presented by means of 3 load
configurations, with 2 different frequencies each. Table 7
contains the 6 practical cases of the study, beginning with
Case la at 49.5 Hz, and ending with Case 3b at 50.5 Hz.

TABLE 7. Compensation results of the 6 practical cases. The frequency
estimation (FE) is also included.

Case Source GRU Load Source Load Source
f(Hz) FE(Hz) THD(%) THD(%) PF PF

Case la 49.5 49.51 41.1 2.6 0.68 >0.99
Case 1b 50.1 50.12 413 2.7 0.67 >0.99
Case 2a 49.7 49.71 48.9 3.6 057 >0.99
Case 2b 50.3 50.30 46.7 3.8 058 >0.99
Case 3a 49.9 49.90 51.2 4.2 053 >0.99
Case 3b 50.5 50.49 51.6 4.0 052  >0.99
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Table 7 shows the source frequency of the 6 practical cases
along with the results. Firstly, the FE obtained by the GRU
network is included. The following columns illustrate the
compensation results, in terms of current THD reduction and
PF correction. Fig. 8 shows the load currents of three cases:
Case la, Case 2a, and Case 3b.

Load currents (A)

=]

49.5 Hz
41,1%
-10 | PF 0.68
738A |
0.04 0.05 0.06 0.07 0.08 0.09 0.1

Load currents (A)

014971z
48.9%
-10 |PF 0.57
6.64 A

0.04 0.05 0.06 0.07 0.08 0.09 0.1
Load currents (A)
0F

635 A L L L L L
0.04 0.03 0.06 0.09 0.1

0.07 0.08
Time (s)
FIGURE 8. Load currents of three simulations: Case 1a, Case 2a and

Case 3b. The graphs include the values of source frequency, current THD,
PF and rms current, as well as ph. 1 scaled voltage waveform.

75339



IEEE Access

J. L. Flores-Garrido et al.: Deep Learning-Based Control of APF Using LSTM and GRU Networks

Analyzing the FE results in Table 7, the estimations yield
values very close to the actual frequencies, with errors of the
order of 0.01 Hz. This is consistent with the generalization
test described in Section IV and Table 5. Regarding the distor-
tion mitigation, the load THD ranges from 41% to 52%, and
after compensation, their values drop to 2.6% - 4.2%, clearly
under 5%. Finally, the last columns in the table show the PF
correction, where the source PF was clearly over 0.99 in all
cases.

Fig. 9 presents the resulting source and compensation cur-
rents after the APF connection in the Case 1a. The waveforms
of source currents become sinusoidal, with THD = 2.6%.
The reactive power compensation may be verified from the
voltage and source current waveforms in the graph. The PF
is almost unity, and the current drops from 7.38 A (Fig. 8) to
5.06 A (Fig. 9).

Source currents (A) FE=49.51Hz

AVAVAN

| THD = 2.6%, PF > 0.99. [=5.06 A
0.12 0.14 0.16 0.18 0.2

- Compensation current (A)

0.12 0.14 0.16 0.18 0.2
Time (s)

FIGURE 9. Results in Case 1a, f = 49.5 Hz. Source and compensation
currents. Connection of the APF in t = 0.14 s. The ph.1 voltage waveform
(scaled) is included for reference.

Fig. 10 contains the graphical results of the Case 3b, visu-
alizing phase-1 current and voltage waveforms. The voltage
is divided by a factor of 40. The source current shape clearly
shows the distortion and reactive power compensations, caus-
ing the rms current decrease from 6.35 A to 3.39 A. In the
bottom graph, it has been highlighted the zero-crossing of
voltage and source current near 0.2 s, where the time instant is
exactly 0.198 s, which is the corresponding instant time after
10 cycles for a 50.5 Hz frequency. It illustrates the correct
function of the FE.

It must be remarked that the precise FCE and FE estima-
tions carried out by the NNs are responsible for the good
compensation results.

The dynamical behavior under load changes has been also
evaluated. An example of load change and its effects on the
compensation is presented, using the Case 2a. The connection
at t = 0.135 s of an additional 3-phase RL load to the first
set of thyristors has been implemented. Fig. 11 illustrates the
results, including the load, source and compensation currents.
A fast transient response is observed, taking between 1 and
2 cycles time, without specially altered current waveform
during that time interval. The FCE and FE functions seem to
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FIGURE 10. Results in Case 3b, with f = 50.5 Hz. Top: phase-1 load
current and scaled volt: Bottom: ph 1 source current and scaled
voltage, with a zoom-in view of the zero-crossing near 0.2 s, that
highlights the cross at t = 0.198 s according to the 50.5 Hz frequency.

work robustly during the cycles following the change, as no
visible deviation of the period length can be appreciated, and
a stable waveform can be observed after t = 0.16 s.
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FIGURE 11. Load change in Case 2a, f = 49.7 Hz, at time t = 0.135 s. Load,
source and compensation currents (ph. 1 scaled voltage for reference).

Finally, it follows a brief study of the NN generalization
capabilities with frequencies beyond the training limits. The
purpose is to reveal the behavior of both NNs when high grid
frequency deviations occur. The training of both networks
was made with frequencies within 49.5-50.5 Hz. A test with
values outside that interval has been carried out, using the
simulation model with load case 1. The results are presented
in Table 8.

The results in Table 8 show that, despite the high frequency
deviations, the control approach provides satisfactory com-
pensation indices, and no malfunction is observed. It can be
affirmed that both LSTM and GRU networks present a good
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TABLE 8. Generalization test with high frequency deviations.

Source freq FE (Hz) Source THD Source PF
49 Hz 48.95 2.6 % >0.99
51 Hz 51.04 2.8% >0.99
48 Hz 47.42 3.1% >0.98
52 Hz 52.26 3.0% >0.99

generalization capability in these circumstances, allowing a
robust function of the control.

VI. EXPERIMENTAL RESULTS AND DISCUSSION

The proposed method has been validated with a laboratory
prototype of the shunt APF. The APF has been implemented
based on a current-controlled voltage source inverter, CC-
VSI. For use in three-phase four-wire systems, a three-leg
inverter topology with a ‘split capacitor’ on the dc side was
provided. In this way, the midpoint of the dc capacitors pro-
vides a fourth conductor in the VSI for return currents through
the neutral conductor (zero sequence currents). On the other
hand, a PWM (pulse width modulation) control by hysteresis
band, HB, for switching the converter IGBTs was imple-

mented, Fig. 6.
Vs 1

Vie,y o——>
Vm O—

_

Ve o

FIGURE 12. Block diagram for capacitor voltage control on the dc side of
the APF inverter.

A voltage regulator for the purpose of maintaining the
levels of the capacitor voltages on the dc side of the VSI
has been developed, Fig. 12. In fact, the losses due to the
converter tend to discharge capacitors C; and C, on the dc
side. On the other hand, its operation in unbalance situations
produces the circulation of zero sequence currents through
the neutral wire. The last one, supposes the appearance of
an unbalance in the values of the voltages of each capacitor.
Voltage variations on the dc side, whether due to one cause or
the other, can be corrected with proper power balancing from
the supply source. Fig. 12 shows the schematic of the voltage
regulator for the capacitors located on the dc side of the
VSI. Both the sum of the voltages of the two capacitors and
their difference are subtracted from a determined reference
voltage. The resulting signals that collect the variations of the
voltages over time at each capacitor are passed through two
low-pass filters, LP. The LP filters select the dc components
of the capacitor voltage variations and from these, together
with the reference phase voltages of the mains voltages, form
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active current components that help to restore the power
balance in the APF. This additional active current component
is added to the active component corresponding to the load
current; both constitute the active current supplied by the ac
source.

Fig. 13 shows the experimental setup. A modular system
has been used, containing dSPACE acquisition and control
cards. It includes a DS1005 PPC control card with a Pow-
erPC 750GX processor that executes the control program
in real time. This card manages the inputs and outputs sig-
nals in the connections with the power system by means
of two additional cards: a DS2004 card with 16 inputs,
and a DS5101DWO card with 16 TTL type outputs. The
input signals come from Hall effect LEM sensors for volt-
ages (LV-25-P) and currents (LA35-NP). The three-phase
power converter has a three-leg inverter with two capaci-
tors on the DC side. The inverter is made up of Semikron
SKM50GB123D modules, consisting each of two IGBTs.
The MATLAB/Simulink model is executed, and a real-time
interface tool enables the interaction and control. Regarding
the interface branches between APF and network, and type of
modulation control, the same values have been implemented
as those used in the simulation model. More details on the
experimental setup can be found in [2].

_ Different three-phase loads |

Expansion box with dSpace
boards

FIGURE 13. Experimental setup of the NN-based APF.

Several individual 3-phase loads connected in parallel in
a Point of Common Coupling (PCC) have been chosen to
test the shunt APF control in practical experiments. The
connection is done through switches that allow to combine
the individual loads to arrange different total load settings.
Besides, some of the elements (R, L, C) in the individual
loads can be changed. In the forthcoming descriptions the
total settings will be called ‘Loads’.

Variable configurations with the available individual loads
provide different total loads in the system allowing an in depth
testing of the proposal. The supply was the 400 V, 50 Hz
distribution network, and the line connecting the PCC with
the grid may include an optional series inductance.
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The experimental practical cases have been named
‘Load 1’ to ‘Load 8’. The load settings and parameters are
described in Table 9 and Table 10. In the two following
subsections, the results are presented, split into balanced and
unbalanced experiments. In a last subsection, a comparative
discussion is carried out.

A. BALANCED SYSTEM EXPERIMENTS

Here, six very different loads (Load 1 to Load 6) have been
considered. Table 9 presents their parameters. The voltage in
these tests is balanced and almost sinusoidal.

TABLE 9. Features of the balanced practical cases.

Total load Features of parallel loads combinations
case (grid supply 400 V, 50 Hz)

Load 1 3-ph. 6-pulse rectifier Rpc = 242 Q

Load 2 3-ph. resistance, R =120 Q

3-ph. rectifier Rpc =242 Q

3-ph.RL,R=40Q,L=0.3H

3-ph. capacitors, C = 10 pF

3-ph. rectifier Rpc =242 Q

3-ph. resist. R = 120 Q; 3-ph. capacitors C=10 pF

3-ph. RL,R=80Q,L=02H,

3-ph. rectifier Rpc =242 Q

Additional line series inductor lowering the PF

3-ph. RL,R=80Q,L=02H,

3-ph. capacitors, C = 10 uF

3-ph. rectifier Rpc =242 Q

3-ph. RL,R =40 Q, L=0.35H,

3-ph. rectifier Rpc = 130 Q

Load 3

Load 4

Load 5

Load 6

A first step to present the results is summarized and
self-contained in Fig. 14. The first four loads (Load 1 to
Load 4) have been tested, inserting in the figure the load
currents waveforms along with the THD and PF values
before/after compensation (load/source). The graphs include
a scaled voltage waveform of one of the phases for better
comprehension of the load features. Each case also presents
the frequency value resulting from the FE obtained by
the GRU network. Afterwards, in the following figures the
detailed results of Load 5 and Load 6 will be presented.

These first results in Fig. 14 show the operation of the
control with 4 loads, obtaining low source distortion and PF
practically one. The frequency estimations included in the
graphs show values very close to 50 Hz.

Fig. 15 shows detailed results of the Load 5 case. Here, the
3-phase voltages are presented along with the load and source
currents. The load currents graph includes the THD, PF and
rms current before compensation. The source currents graph
includes the results after compensation, where the distortion
mitigation and the PF correction can be clearly observed.
Note that the source current shapes are sinusoidal, in spite of
the slight distortion observed in the voltages. As it was jus-
tified in Section II, the method uses the fundamental voltage
components to generate the APF reference signals. Hence, the
control always tends to produce sinusoidal waveforms.

Detailed results of the Load 6 are presented in Fig. 16, con-
taining the load, compensation and source current waveforms
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FIGURE 14. Load currents of Load 1, Load 2, Load 3 and Load 4, including
a view of one scaled voltage. At the right of each graph: The FE and
compensation results.
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FIGURE 15. Load 5 results. Source voltage, load currents, source currents
(with one scaled voltage) and compensation results.

along with the performance indices and harmonic spectrum
before/after compensation. The source current graph includes
the scaled phase voltage waveform to highlight the reactive
power compensation. The current THD drops from 20% to
a very low 2.3% value, and the spectrum graphs verify this
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harmonic mitigation showing the very low harmonic content
after compensation.
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FIGURE 16. Load 6 results. Load, injected and source currents, including
the THD, PF and FE values. Bottom: Harmonic spectrums before/after
compensation.

B. UNBALANCED CONDITIONS

The present control approach tackles the problem of unbal-
anced load currents. Under balanced voltage supply condi-
tions, the active current waveforms provided by the control
system should be balanced, according to (10). Hence the
source currents after compensation should become also bal-
anced. However, in case of unbalanced voltage supply it
should achieve only harmonic removal and power factor cor-
rection.

Two different unbalanced conditions have been tested.
Table 10 shows the main features of the experimental arrange-
ments, where Load 7 is an unbalanced load setup connected
directly to the grid, whereas Load 8 corresponds to a system
supplied by a programmable source presenting unbalanced
voltage and considerable harmonic distortion.

The Load 7 results in Fig. 16 prove another outstanding
compensation characteristic of the proposal. It yields PF cor-
rection along with balanced and sinusoidal currents, whose
low 1,7% THD value can be verified in the scarce harmonic
contents of the provided spectrum.

On the other hand, the last experimental test reveals the
behavior under severe unfavorable conditions. The distorted
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TABLE 10. Features of the unbalanced practical cases.

Setup name Features of parallel loads combinations
Load 7 Balanced grid voltage supply.
3-ph. unbalanced load: R; =90 Q, R, = 138 Q
and single-phase rectifier in phase 3.
3-ph. 6-pulse rectifier Rpc =242 Q
Load 8 Unbalanced voltage programmable source

3-ph. balanced RL, R=80Q,L=0.2 H,
3-ph. balanced capacitors, C =20 pF
3-ph. 6-pulse rectifier Rpc =242 Q

oad currents (A
5 =

5E

F 0.98,1=355,34,58 A

ource currents (A) Y

0 =
5 FE 49.99 Hz,
1.7%, PF > 0.99, 1= 4.65 A \
0 0.02 Time () 0.04 0.06

= Fundamental (50Hz) = 6.575, THD=1.65%
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FIGURE 17. Load 7 case. Balanced voltage unbalanced load. Load and
source currents, including compensation indices and the source current
spectrum.

and unbalanced voltage supply of the arrangement called
Load 8 is shown in Fig. 18. The control enables the har-
monic and PF correction, although the source currents present
imbalance, which is a drawback of the method.

Finally, it must be highlighted that the FE values obtained
in the 8 experimental loads presented in this section were
between 49.99 and 50.02 Hz. The frequency was not mea-
sured by means of a precision instrument for comparison,
but these estimations so close to 50 Hz, combined with the
general high performance in terms of compensation, confirms
the correct operation.

C. COMPARATIVE DISCUSSION
A comparative analysis and discussion has been carried out.
The aim of this work is not to prove a general highest per-
formance compared to other techniques. Some APF control
publications demonstrate very efficient behavior and com-
plete description and testing, as the SGF proposal in [8],
although generally some drawbacks may be found in most
papers.

In the case of the NN control methods, that are promising
since long ago, some shortcomings may be observed in all
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TABLE 11. Comparison of some important features among different APF NN-control publications.

Relevant feature [12] [13] [14] [17] [19] [26] [27] FCE-FE
NN type Adaline Adaline Adaline RNN MLP GRU LSTM LSTM GRU
Adaptive algorithm adaptive adaptive adaptive adaptive prev-train prev-train prev-train prev-train
Training description - - - - fully no no fully
PLL required no no PLL no PLL not clear not clear no
Compensation yes only only yes yes yes yes yes
harm. + PF THD > 5% harmonic harmonic
Balanced source yes no somewhat  with with not clear yes with
currents balanced V balanced V balanced V
Sim./experim. cases  both, scarce both both both both only sim. only sim. both
Test different loads scarce scarce acceptable acceptable yes acceptable acceptable yes
Robust frequency not clear yes, tested yes not clear yes, tested not clear not clear yes, tested
deviations
300 abalanced voltages (VI 7\ T ] conditions, despite the known constraints on the journal arti-
X ) / N [ / cles number of pages, it is convenient to test more than one
0 7"/ \ / \ / \ i practical load or different conditions. Some papers present
‘ \ \ \ \ \ very scarce practical testing.
300L \_/ \_/ N/ The contents of Table 11 reveal interesting outcomes. None
4 [Load currents (A A N of the publications comply satisfactorily with the analyzed
| i 'i I’ ) feature requirements. The work in [12] addressed the har-
o/ ‘M‘ . “a\ - N i monic and PF compensation, but it does not show sufficient
d ( 1 harmonic correction, presenting THD not below 5%, and it
W | | . . . . .
4D 21’19\16%?1,1: 0965 RN A includes scarce practical case testing. The Adaline publi-
4 ource currents (A)_~_ 7, N cations in [13] and [14] address only harmonic mitigation,
NN N YN among other weaknesses. In [17], a RNN high complexity
0 7/ / / - iterative algorithm is applied, the balanced currents depend
) ) ‘ on the voltage conditions, and the behavior under frequency
fe 50.01 Hz/ )/ "\ _// N\~ N7 AN AN AN deviation i tcl
-4 [THD 3.1, 2.9, 2.5%, PF 0.9996| N ] cviation 18 not clear. ) o
0 002 Time( 004 0.06 The MLP proposal in [19] needs the additional PLL con-

FIGURE 18. Unbalanced and distorted supply voltage in Load 8 case. The
control achieves harmonic and PF correction.

publications. This paper aims to provide a complete descrip-
tion and a thoroughly tested method, based on previous
trained NN, that neither requires the permanent computation
of an adaptive algorithm nor an additional PLL control.

We have reviewed many NN control publications and
selected several notable works that provide more or less
complete 3-phase compensation characteristics. In Table 11
a comparison is shown, in terms of different relevant features
regarding the method or the publication itself:

- Adaptive algorithm or previous training.

- Training description, in case of previous trained NN.

- PLL required: the need of additional PLL control.

- Compensation of both harmonics and PF.

- Balanced source currents achieved or not.

- Simulation and experimental practical cases.

- Testing different loads or different conditions.

- Robust to frequency deviations, not always secured.

Regarding balanced currents, it can be ‘generally accom-
plished” or ‘only under balanced voltage conditions’.
As regards the testing with different practical loads and
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trol, and the imbalance correction depends on the voltage.
The works based on GRU [26] and LSTM [27] do not include
any description of the NN training process, and are limited to
simulated cases. Moreover, the need of PLL and the behavior
under frequency deviations are not clear.

In conclusion, it is apparent that further improvement is
possible and convenient. The present proposal satisfies those
requirements, except for the disadvantage of balanced cur-
rents dependent on the balanced voltage. Therefore, this paper
should mean a step forward in the field of neural controllers.

On the other hand, as compared with any other techniques
in the literature, this proposal provides good general results
in terms of most relevant indices and features, like very
low THD (below 2-3%), unity PF, robustness under unfa-
vorable voltage waveform conditions, or dynamical behavior.
In terms of general performance, it provides many of the
efficient features of the approaches in [8], [10], and [11], and
it could be an alternative method. Although further thorough
comparison should be made in future work.

VIl. CONCLUSION

In this research work, a new control strategy has been pro-
posed and tested for three-phase active power filters (APF),
based on the potential provided by Deep Learning (DL) tech-
niques. The relevance of suppressing electrical disturbances
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justifies the efforts to develop new efficient control algo-
rithms for the APF control. Despite the existence of many
control techniques, the NN-based proposals generally present
significant shortcomings. Therefore, in this work, a new neu-
ral controller is presented for further improvement. It consists
in the use of two trained DL networks obtaining the full nec-
essary information from voltages and currents to generate the
APF reference waveforms. One of them undertakes the fun-
damental Fourier coefficients estimation (FCE), and the other
produces a frequency estimation (FE). A simple computation
process, without need of the conventional p-q or d-q transfor-
mations, achieves the reference currents, for compensation of
harmonics and reactive power. The previously trained NN,
due to its typical low latency feature and that it does not
need an adaptive algorithm, requires less computation burden
than the usual adaptive NN solutions. The novel FE function
involved allows to fulfil the control without need of additional
phase-locked loop (PLL) technique.

The long short-term memory (LSTM) and the gated recur-
rent unit (GRU) networks have been used for FCE and FE.
Detailed description of the training method is reported. The
LSTM accurately extracts the fundamental coefficients of
voltage and current waveforms. The GRU estimates the grid
frequency providing high accuracy of £0.01 Hz in the rec-
ommended interval 50+1% Hz (IEC 61000-4-30 standard).
The proposal has been thoroughly tested by many practical
nonlinear loads and conditions both in simulation and with an
experimental APF prototype. It provided high compensation
performance, with generally low source current THD below
3% and unity power factor, with a robust behaviour under
different conditions. The currents imbalanced is corrected,
but only under balanced voltage. Comparing the FCE-FE
proposal to other NN-controllers a considerable progress
is observed, and it could be an alternative to other good
techniques.
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