This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2021.3100857, IEEE Access

IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Date of publication xxxx 00, 0000, date of current version xxxx 00, 0000.

Digital Object Identifier 10.1109/ACCESS.2017.Doi Number

Deep Learning-Aided Sensorless Control

Approach for PV Converters in DC Nanogrids

Alper Nabi Akpolat?, Graduate Student Member, IEEE, Erkan Dursun?, Member, IEEE and
Ahmet Emin Kuzucuoglu', Member, IEEE
1Department of Electrical-Electronics Engineering, Marmara University, Istanbul, 34722, Turkey

Corresponding author: Alper Nabi Akpolat (e-mail: alper.nabi@marmara.edu.tr).

ABSTRACT In a microgrid, photovoltaic (PV) systems are broadly preferred with energy storage systems
(ESSs) that form small-sized direct current (DC) microgrids. They are also termed local grids i.e., DC
nanogrids, which feed the local consumers to some extent in the next decades. Therefore, ESSs enable the
DC nanogrids more flexible and stable by preserving the intermittent nature of renewables. Yet still,
feeding local consumers smoothly with PV-battery-based systems is exceedingly a considerable theme. In
this context, proper control of power electronics converters as the main carrier of the system is essential.
Besides, the rise of PV applications challenges possible issues upon integrating the conventional grid.
Emerging possible issues and the ways of dealing with them have been developing day by day. Thus, it is
inevitable that innovative methods will be put into practice. To achieve this goal, the deep learning aided-
sensorless control approach is adopted. To validate the proposed control method, the training phase is
presented elaborately with the help of the experimental setup of a DC nanogrid. From the obtained results,
it is concluded that the deep learning-based approach reaches very small error values, captures the system

dynamics with a high accuracy rate successfully, and allows the possibility to apply practically.

INDEX TERMS Deep neural network (DNN), sensorless control, deep supervised learning, photovoltaics,

power electronic converters, DC microgrid, DC nanogrid.

I. INTRODUCTION

The development of renewable-based distributed generation
(DG) systems such as solar, wind, and biomass, etc., has
become more prevalent year by year. Especially, DG is a
crucial enabler where the consumer points are far away
from the central power plants. Thus, DG-based power
systems are broadly preferred in direct current (DC) or
alternative current (AC) microgrid applications. A
microgrid is a small-scale power grid that supplies energy
to the local consumers and improves flexibility [1].
Compared to DC microgrids, AC microgrids have some
disadvantages such as lower efficiency, higher
implementation cost, more complicated control, skin effect
issue, frequency synchronization, and lower reliability [2],
[3], thus DC microgrids are implemented commonly due to
having intermittent DC output of DGs [4]- [6]. Microgrids
can be either connected to the main grid or operate
autonomously according to voltage type in the point of
common coupling (PCC) [7], [8].

With regards to the two main resources such as wind and
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solar energy for high penetration of renewable energy-
based DG units, the wind character can show nonsteady-
state condition and be limited; however, the harvesting of
solar energy has easily accessible and widely available
energy resource compared to the wind energy. Thus, solar
energy is a suitable technology for both small DG
structured power applications [9]. As an effective way to
the DG, photovoltaic (PV) systems have been attracting
considerable interest due to easy attainability and high
efficiency in DC microgrids as well. As a result of the rapid
development of commercially mature PV systems,
widespread applications of small-sized PV grids has been
emerging as nanogrid-term which is categorized from 1.5
KW up to 5.0 kW [10]. These small-sized grids allow for
the incorporation of developmental activities such as night
lighting, irrigation, residential appliances, remote areas,
electric vehicles, military, etc. [11].

In other words, a DC nanogrid is designed to be a reliable
deliverer that can dispatch power from DGs to the local
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loads. Apart from being smaller size than microgrids,
nanogrids are localized i.e., more customer-centric, more
viable, and easier to establish. They also can form the
microgrid structure by interconnecting each other [12]. As
DC nanogrids can be affected adversely by the unbalanced
nature of renewables, they are operated with energy storage
systems (ESSs) to mitigate the generated power and ensure
uninterruptible to the critical loads [3], [13]. Power
electronic converters with optimal design and proper
control are deployed as a backbone of DC microgrids and
also nanogrids as well, as they are known to be the most
vulnerable parts in terms of reliability in these systems.
[14]-[16]. Thereby, the optimal selection and proper control
of power electronic converters have a crucial duty in
dispatching smooth power to the loads for sustainability.
Due to the rapid advancement of control theory, many
advanced control and optimization algorithms have been
carried out [7]. Traditional control approaches depending
on the detailed parameters of the system model can expose
various challenges under harsh disturbances. To this end,
non-model based approaches such as model predictive
controller (MPC) [17], artificial neural networks (ANNS)
[18], and fuzzy logic [19], a neural network supported MPC
design [20] methodologies are presented for the robust
system operations, which do not need any system model but
also have been observed to outperform with satisfying
results. In this context, a great number of Al-based smarter
aspects with artificial and deep neural networks are utilized
for better performance such as control of DC-DC converter
using ANNs [21] for providing stable output voltage.
Similarly, [5] introduces ANN-based method to reduce the
number of implemented sensors and control power
converters with lower attenuation at DC bus. Furthermore,
ANNSs are broadly adopted in fault diagnosis [22], failure
and lifetime prediction of power devices [14], long-term
performance analysis for power electronic converters [23],
detecting and mitigation of cyber-attacks for DC microgrids
[24], optimal energy scheduling for microgrids [25] and
maximum power point tracking (MPPT) techniques for PV
systems [26].

One such control system currently popular in this field of
research is the artificial intelligence (Al)-based deep neural
network (DNN) structure which is an improved extension
of ANNs. Due to these advantages, in [27], a deep
convolutional neural network (CNN) structure is presented
for PV power forecasting and a non-intrusive load
monitoring is proposed via deep learning for residential
microgrids [28]. For instance, [29] achieves voltage
stabilization of the DC-DC converters with low ripples via
the deep reinforcement learning technique. Additionally,
short-term load forecasting for sustainable management
[30] and intelligent load forecasting for energy companies
[31] are presented via DNNs. With the aim of being
inspired by the human brain structure, it overcomes optimal
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FIGURE 1. Overview of proposed PV-Battery based DC nanogrid.

power allocation issues for islanded microgrids, which is
developed through DNNSs [32].

As seen in the state of the art, a promising solution to
relieve the drawbacks is to use a deep learning-aided
system. To provide a more reliable structure by reducing a
sensor in the control layer and tackle the regression
problem successfully, stages in the training and analysis
process of accurate estimation, the proposed control
approach is dealt with DNN which is a sub-set of Al
technique, is an ideal technique. As mentioned before, the
sensorless control approaches are such applications that
reduce the use of sensors in the control layer of power
electronic converters, which greatly enhances reliability. In
this context, the proposed sensorless control approach is
applied to PV-Battery-based DC nanogrid structure by
forecasting sensor data through a deep learning method in
the control layer. In other words, this paper proves how
DNNs can help to solve regression estimation problems and
reduce the number of sensors in the control layer of the
power converters.

Briefly, the main contributions of the study can be
summarized as the proposal of the following points:

e Proper estimation of sensor data utilized in the control

layer does not only solve the regression problem but
also enhances the reliability of the general system as a
consequence of removing the sensor without being
needed it. Thereby, the communication delay of the
removed sensor is ignored, which makes the system
faster.

e Since the current sensors are more vulnerable than
voltage sensors in case of any sensor failure in DC
system measurements, it is crucial to pay attention to
imitate such a necessary output as current sensor data
that has a dynamic nonlinear relationship with inputs
(solar irradiance, temperature, and voltage).

o Unlike less-developed structures such ANNSs, as a big
dataset is not required for the training process, a
supervised learning-based DNN structure can enable
the exploitation of short-term forecasting hourly,
daily, or weekly with few data, very small error rates,
and non-delay when compared to the state of the art.

e Whilst training process, a great deal of training is
executed and their results are obtained to distinguish
the effect of the hyper-parameters of the DNNS.
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To cover the discussed themes, the rest of this paper is
organized as follows. Section Il elucidates the general
system description such as a physical structure of PV-
Battery-based topology and the control structure of PV
conversion system in the DC nanogrid structure. Section I11
describes the deep learning design and deployment of the
DNN-based sensorless control approach is explained step
by step. In Section IV, obtained numerical results and
discussion are presented. Finally, the conclusion and future
work remarks are clarified in Section V.

II. GENERAL SYSTEM DESCRIPTION

A. PHYSICAL STRUCTURE OF PV-BATTERY-BASED
DC NANOGRID

The PV-Battery-based DC Nanogrid comprises of a PV
array as DG and battery bank as energy storage system
(ESS), power electronics, filters, AC load, and grid side,
which is shown in Fig. 1. Whereas the PV array is the main
source, the ESS is considered as an auxiliary source. The
power scale of the discussed system meets the conventional
DC nanogrid structure.

As depicted, the PV array is connected to a DC bus with
the help of a unidirectional DC-DC converter and
maximum power point tracking (MPPT) controller. Also,
the ESS is linked to the same DC-bus through a
bidirectional DC-DC buck-boost converter. This topology
i.e., DC nanogrid assure supplying the AC loads
continuously with the proper operation of a DC-AC
interlinking inverter. Since the PV array is considered as
the main power source, proper operation of this conversion
system is crucial for smooth power flow once any demand
occurs.

The nanogrid structure in Fig. 1 represents an installed
real-experimental setup system. In this nanogrid structure,
the rated power of the PV array is 1 kW. As mentioned, a
Perturb and Observe (P&O)-based MPPT algorithm is
implemented for the proper operation of the PV conversion
system in addition to the PV converter’s controller. A
roof-mounted PV array is preferred to utilize
meteorological variables efficiently without any shading.
Furthermore, a weather station is established to obtain the
weather variables near the PV array on the rooftop of the
faculty building. Regarding the energy storage system, six
pieces of Lead-Acid battery are placed to act as a
complementary power source, enhance the stability, and
also alleviate the intermittent nature of physical conditions
of renewables. When the PV array supplies the AC loads as
a primary power source, the ESS stores unused power
generated from the PV array too. The bidirectional DC-AC
converter is an essential interlinking inverter that
participates in system operation and feeds the loads as well.
To provide smooth power to the load side and reduce the
high-frequency current harmonics, an LCL filter is attached
on the load side of the system towards the grid side.
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TABLE |
SYSTEM PARAMETERS (SEE FIG. 1)
VARIABLE DESCRIPTION VALUE
PV ARRAY PARAMETERS
Pey PV Array Rated Power 1kw
Voc Open Circuit Voltage 36.3V
Isc Short Circuit Current 3483 A
Ns, Np Nb of Series and Parallel Panels 2,2
n Module Efficiency 15.40 %
ENERGY STORAGE SYSTEM PARAMETERS
ESS Battery Type Lead-Acid
Vrom Nominal Voltage 24V
Q Nominal Capacity 600 Ah
Rin Internal Resistance 3.4 mQ
Veut-off Cut-off Voltage 18V
Ven Fully Charged Voltage 278V
POWER CONVERTERS AND GRID PARAMETERS
fs Switching Frequency 10 kHz
L Boost Converter Inductor 1.5mH
Crv PV-Side Capacitor 1000 pF
Coc DC-Bus Capacitor 1800 pF
L, Le, Cr LCL Filter 1'20382';69&4 wH,
Voc DC-Bus Voltage 370V
Ve Grid voltage (RMS) 220V
[0) Grid nominal frequency 2750 rad/s (50 Hz)
Ipv/Ppy 0 Proop
; 2
Ipn P N
Vmp Voo PV

[b]
FIGURE 2. [a] Conventional equivalent circuit of PV panel (single diode
model) and [b] characteristic curves.

The main parameters of the PV array and also other parts
of the system regarding ESS, power converters, and grid are
listed in Table I. As can be seen from Table I, the switching
frequency (fs) is attained as 10 kHz for power electronic
converters. The operation of the system with these features
in Table | is deployed and performed to procure the training
data for the DNN structure to be designed.

B. CONTROL STRUCTURE OF PV ENERGY
CONVERSION SYSTEM

Small-scale PV systems are broadly preferred with two-
stage single-phase configuration till 30 kW rated power
values [33]. Routine operation of power converters does not
only utilize traditional multiple feedback loops with the
help of proportional-integral-differential (PID) controllers
but also pulse width modulation (PWM) is indispensable
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[34]. As a result of the PWM signal PV converter is
triggered through the duty cycle (d). A proper controller is a
key element in accomplishing a well-operated system [35].
As seen in Fig. 2, to extract much more power as possible
and track maximum power point (MPP), a cascaded-PI
reference voltage current control cascade control
mechanism is activated by the P&O-based MPPT
algorithm. Since obtaining the MPP from the PV array is
purposed, the MPPT part requires measured voltage (Vev)
and current (lpy) data and then adjusts the reference PV
voltage (Vevrer) to harvest available power close to the MPP
at any condition. The target of the MPPT controller is to
send a PWM signal sensing the difference between Vpy and
Ipv. To this end, obtained maximum power from the PV
array to the DC bus is ensured conveniently. The
relationship between input and output voltage as follows:

VDC _VPV
) .

Upon designing the boost converter structure, the
components’ values should be selected properly. The boost
converter inductor (L) is a function of Vpy, d, fs, and lastly
inductor ripple current Al as follows [36]:
M, )
Al f,

Keeping a high value of I. may cause electromagnetic
interference sensitivity, otherwise taking a low value may
result in unstable operation as well [37]. Thus, Al_ is
supposed to be as 30% of I, i.e., between 20% and 40%.
Similarly, the boost converter DC-bus capacitor (Cpc) is
stated as:

L>

(P IV )d

> , 3
o 2 AV, ®)

where, Ppy is PV power at DC-bus, AVpc is ripple voltage
can be considered from 1% to 5% of the nominal value of
Voc [38].

One of the most widespread MPPT algorithms, i.e., the
used P&O technique examines the change in power at the
voltage-power characteristic curve of the PV panel as seen
in Fig. 2 (b). If the change of power APpvres Versus the
change of voltage AVeyret i.e., the slope of the curve
(dPpvrei/dVpvier) is higher than zero, tracking on the left side
of the MPP can be deduced from that the actual power
value, otherwise, dPpvret/dVpevrer is lower than zero, actual
power value wanders on the right side of the MPP, and
Pwmep reaches at the MPP [3].

on the left side, if APy /APsy >0

Py ={onthe MPP i, Py, if 0Py, /0P,y =0, (4)
on the right side, if dPy, . /APy <0
or
dr,
dVPVref — O. (5)
puref Povret =Puep
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FIGURE 3. Traditional control strategy with cascaded-PI control for PV
side.

Before proceeding, it is helpful to mention acquiring the
necessary transfer function between transfer Vpy and d,
which is constructed through the small-signal model as:

_VDC
Veu () _ LCpy (6)

d(s) g, S 1

RF’V(:PV N I-(:PV

where, Rpy is the resistance of the PV array corresponds to
Vev/lpy, Which is the output resistance of the PV array.
Regarding the implemented control strategy with cascaded-
PI control, Fig. 3 depicts the configured controller scheme
for a two-stage single-phase PV system. The reference
current is expressed as

k.
IP\/ref = (kpl + ?Ilj (VPV _VPVref ) (7)

Furthermore, it is again worth mentioning that the ESS
acts an important role in enhancing the system’s stability,
as it reduces the negative effects of the unstable nature of
renewables [3]. Besides, the aim of the ESS bidirectional
DC-DC buck-boost converter is to provide the stored power
to the load side permanently in case of no generation from
the PV side in boost mode and charge the batteries once the
demand requires less than the generation in buck mode. In
other words, whereas the buck mode of the converter leads
to charging, the boost mode of the converter corresponds to
discharging of the batteries.

Additionally, the bidirectional DC-AC inverter supplies
generated power to the load side adjusting the DC bus
voltage and providing the grid synchronization through the
phase-locked loop (PLL) in addition, controlling the grid
current as well. As accepted, the PLL block provides a
nonlinear feedback control system that synchronizes its
output in frequency and phase [3]. With regards to the
control of other converters such as ESS converter and
interlinking inverter is out of the detailed scope of the
paper, it can be asserted that the cascaded-Pl reference
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voltage-current controller structure has been preferred to
achieve good performance, and also obtained sensor data
for the next step with deep learning application.

Ill. DEEP NEURAL NETWORK-BASED SENSORLESS
CONTROL APPROACH

A. DEEP NEURAL NETWORKS

Al seeks to resemble the mindset in a biological brain. The
brains comprise many neurons, and these neurons are
connected with biological neural networks that facilitate the
behavior process. It is utilized to train and test for the static
or dynamic nonlinear relationships in any engineering
problem that should be solved. Al is a large cluster that
involves machine learning and deep learning subsequently,
which is implemented in a variety of industry fields such as
energy, automotive, textile, telecommunication, finance,
nutrition, software, and agriculture, etc [35]. For deep
learning structure, it can be asserted that it is formed by
ANNSs with many hidden layers roughly. In other words, the
ANN structure has been improved to adjust wider and
deeper an ANN structure easily in order to deal with the
engineering problems such as regression, estimation,
classification, and recognition [5].

Deep learning is an extension of neural networks,
namely, it is a type of machine learning that employs
multiple layers that corresponds to a DNN. It is formed by a
neural network that contains two or more neural networks.
The training data train the DNN using learning rules. When
the network is trained, input data is provided and the
network produces the output. Apart from the known
ANN models, the back-propagation algorithm was invented
in 1985 [39], and then the problem of training multiple
layer neural networks was solved to a certain extent;
however, its performance could not meet expectations on
practical problems. The back-propagation is a technique to
train the weights in hidden layers to obtain the optimum
output [35]. Since a neural network has a quite simple
architecture, it could not be improved due to its limited
scope for a long time.

It is worth mentioning that we have trained the network
using the back-propagation method and utilized the
supervised learning-based DNN structure. For a better
explanation, it can be claimed that supervised learning is
like finding the correct solution that means the correct
answer is already known. Additionally, the output we have
got is subtracted from the correct output, so the difference
between output (yi) and correct output (d;) is an error (e;) of
i"™ neuron as specified by (8). A DNN stores info about the
current weights, namely, to train a network with new info,
we have to modify the weights. In other words, the errors
are passed back to the hidden layers to adjust the weights of
the nodes, thereby the correct outputs are predefined. This
systematic way of modifying the weights is called
“Learning Rule.”
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FIGURE 4. Schematic of [a] feedforward deep neural network and [b]
node structure.

& =d, -y, (8)

Among the rules, the generalized delta rule is broadly

preferred. Based on the errors, the weights should be
adjusted using this rule as

Wy <— W +Avvij, (9)
AW; = adX;, (10)
then,
3 =g/ (Ve (11)
W < W, +ag'(v)ex;, (12)

where, a is learning rate should be between zero and one (0
< a < 1), ¢ is derivative of the activation function, v;
represents a weighted sum of output node-i (i.e. i neuron).
To sum up the back-propagation algorithm, the complete
process flow can be elucidated as follows:

i. Initialize the weights with proper values,

ii. Calculate ejand d;,

iii. Propagate the output node &' in the I layer,

backward and forward nodes,

iv. Repeat step iii till it converges the hidden layer,

v. Modify the weights on the basis of the learning rule,

vi. Recur steps ii-v for all training points,

vii. Recur steps ii-vi till the network is trained

accordingly.

By the way, the flow from step ii (including) to step vii
(excluding) is called an epoch. To this end, three different
technics exist such as stochastic gradient descent, batch,
and mini-batch methods for the supervised learning of the
neural network. In the stochastic gradient descent technic,
the error is calculated for each training data and the weights
are updated rapidly. In the batch technic, the error is
calculated for every training data, then each weight update
is calculated; however, the average value of the weight
updates is used to adjust the weights in (13). Lastly, the
mini-batch method involves both features from previous
methods, which is like a combination of them. This method
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has a speed of stochastic gradient descent and stability of
the batch method. The weight updates of the selected data
are calculated and trained the network with the help of
average weight updates [40].

Aw; =%ZN:AW” (), (13)

where, Aw;j(r) is the weight update for rt" training data, N
denotes the total number of the training data.

As mentioned accordingly, deep learning has overcome
multiple key developments, and the improvement of these
technologies eventually formed into the current deep
learning. The first impediment was training multiple layers,
which was solved by a back-propagation algorithm. The
second problem with deep learning was an existing poor
performance. The reason for poor performance is improper
training and also the reason for improper training are
vanishing gradient, overfitting, and computational burden.
The gradient is similar to the “Delta Learning Rule” of the
back-propagation algorithm. Once the output errors do not
achieve to reach the further nodes, it can be counted as a
vanishing gradient [40].

In the back-propagation algorithm, the errors are passed
to hidden layers to train the network. If the errors do not
reach the hidden layer, the weights cannot be adjusted. That
means the hidden layers cannot be trained. Thereby, there is
no point in training hidden layers if they cannot be trained.
This problem can be solved using the Rectified Linear Unit
(ReLU) function as an activation function. This function
provides us the maximum value between zero and given
input. We will need the derivative of the ReLU function to
handle this issue.

X, x>0
_ " - 14
w(X)—{O’ 2o = max(0.%), (14)
with
1, x>0
) =J" 15
¢(X)—{O, (<0 (15)

To calculate the output of a certain neuron in any layer |
(1 < I < K) of DNN structure with ReLU activation
function, the output of any hidden layer are specified with
ayj (1 <j < Ni1), all they are then multiplied with weights
whj from the j* neuron in the (I-1)™ layer to the i neuron in
the 1™ layer and bias terms b'; (for the bias of the i™" neuron
in the I layer) are accumulated. With these notations, a'; of
the i neuron in the 1™ layer is associated with the
activations in the (I-1)" layer as

i ijj

Ny
al = fray (ZW',a'.’leri']; i=1..,N, (16)
i=0

then the output for the last layer-K,
y, =waf, (17)

and also, (16) can be expressed in the vectorized form as
follows:

a'=f_ (W' at+p' ) (18)
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FIGURE 5. Structure of the designed DNN. Weights and bias terms are
not shown in the figure to get simplicity. Inputs and outputs are
highlighted with different colors, whereas the hidden layer with grey.
Adjustment of getting wider structure occurs with adding more hidden
layer, while deeper structure requires adding more neuron in the hidden
layers.

Besides, DNNs are vulnerable to overfitting, as the
model becomes more complicated and it involves more
hidden layers. As known, the complicated models are more
vulnerable to overfitting as opposed to being well-trained
network like a contradiction. The most classical solution to
this problem is the Dropout issue. Dropout is training some
of the randomly chosen nodes rather than the whole
network. For example, the first selected ones will be trained
and the rest of the nodes will be set to zero for deactivating
in the next training phase. Normally, half of the nodes are
dropped out for hidden layers and a quarter of the nodes are
dropped out for the output layer to produce acceptable
results. Another effective method of preventing overfitting
is regularization. It simplifies the architecture of the
network as much as possible.

The last challenge of DNNs is the time required to
complete the training not to cause a massive computational
burden. The number of weights increases geometrically
with numbers of hidden layers and more layers require
more training data. A large number of training data raises
the training time. Although training time is not a big deal, it
is a critical issue from a practical development perspective.
To finalize the training process faster, it is better to prefer
higher performance hardware such as a graphical
processing unit (GPU) instead of a central processing unit
(CPU), the training algorithm also plays a key role such as
using batch normalization algorithm for enhancing the
performance. Upon challenging the difficulties, the weight
matrices are defined for each hidden layer. The description
of the proposed DNN structure is seen in Fig. 4.

B. DEPLOYMENT OF DEEP NEURAL NETWORK

Generally, it is quite meaningful to be focused on such
variables that have a dynamic nonlinear relationship for
estimation and regression problems [41]. This kind of
relationship enables us to utilize any value that needs to be
forecasted with high accuracy values. A DNN aims to
mimic a sub-simulation of the biological network using

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2021.3100857, IEEE Access

IEEE Acces

Multidisciplinary : Rapid Review : Open Access Journal

electronic circuits. or more time series are utilized to
estimate future values. According to the conventional
equivalent circuit of PV panel, Ipy is stated as (20)

oy +1p+1g, +1,, =0, (129)
with

loy =Ty = 1o = lsu> (20)

kT,
v, = —, (21)

q

Veew +10 R
CELL oS V I R
|W—|M|D{e vt _1JM, (22)
RSH

where, Ip diode saturation current, Rs and Rsy series, and
shunt resistances, respectively, and n is diode ideality
factor. meteorological inputs result in a thermal cell voltage
called V.. While q identifies the electron charge, k is the
Boltzmann constant. Also, the generated photocurrent-lpy
depends on solar irradiance (G) and temperature (T),

oy =ISC+ki(T_Tstc)£7 (23)
GSIC

where, Isc is short circuit current, k; is short circuit current
temperature coefficient, Tsrc and Gsrec  respectively
reference temperature and solar irradiance at standard test
conditions (STC). Consequently, estimating future values
of the current data-lpy facilitates to be a remedy in the
control layer, since sensible input-output relationship exists
between G, T, Vpy and lpy. Thereby, we have implemented
a multi-layer feedforward DNN architecture in this study,
which is a more complex structure than an ANN structure.
Each of the hidden layers operates the information flow
from the input to the output layer. Referring to the inputs of
the designed DNN whilst obtaining input-memory order of
past values up to delay (d) pieces of x(t) is specified as a
matrice of state variables:

x() =[x (t-1), .., x (t-d),
X, (t=1), .., x, (t—d), (24)
X (t=1), oy X (E=d)] s
namely,
x(t) =[G(t-1), ..., G(t—d),
T(-1), .., T(t—d), (25)
Ve (t=1), ..., Vpy (t—d)]

nxr?

thereby, the output of the model can be expressed as in (26)
using with n inputs and hidden layers,

y® =[yt-1, .., yt-d)], - (26)

The proposed sensorless control scheme with DNNs can
be mainly examined under six stages including proper input
selection, defining the paradigms, estimation, and
implementation. After completing these all stages as
follows, we are ready to implement the well-trained DNN
into the system as the last stage.

Stage |: After acquiring the proper data from
measurements through the sensor data of the conventional
cascaded-Pl controlled system operation, the DNNSs
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datasets are ready to be processed during the first stage
accordingly. It is important to emphasize that we consider
the total number of datasets that have equal elements.

Stage Il: With the completion of the first step, the
acquired data to be used for training are preset and
subjected to Z-Score Normalization or Standardscaler that
is a method of normalizing data to prevent outlier problems.
In other words, the reason why we do apply is that; we need
to compare attributes with very large values and attributes
with small value equally. The basis z-score formula is
expressed as

;- (X=4) ’ (27)
(e
where, X is a test score, u is the mean value, and lastly o is
the standard deviation of the feature. Any value is evaluated
according to being equal, lower, or higher than the mean
values of the feature [42].

Stage IlI: Input and output parameters are divided as
target timestamps. Roughly, there is a query to answer such
as “how many datasets will be used for the training part and
test part? In order to analyze the trained network
elaborately, we have divided target time steps as one-day
data from three days’ data and utilized two days’ data for
training. Then, the rest of the data i.e., the third-day data
used for the testing part. In other words, the test dataset is
different from the training data to provide a reliable trained
DNN. If we have taken all three days’ data for training, the
output would encounter an overfitting problem.

Stage 1V: After making a decision about the training and
test datasets, DNN is trained and optimized with the aim of
getting a high performance. As the latest trend optimizer,
“Adam” optimizer has been preferred. This optimizer
belongs to an adaptive learning rate optimization algorithm
and computes on the gradient handled on the mini-batch
method [43], [44].

Stage V: After the number of layers was determined,
fine-tuning is performed by changing the hyper-parameters
such as epoch size, learning rate, batch size, which can be
adjusted for the network [32]. For network performance,
the wider structure means increasing the hidden layers,
while the number of neurons in the hidden layers can be
increased for the deeper structure. The structure of the
designed DNN is depicted in Fig. 5. To evaluate the
performance criteria for the trained network, (28) expresses
mean squared error (MSE) which is used as a loss function:

S S

Hyper-parameters such as epoch size, learning rate, batch
size, and neuron architecture can be adjusted according to
the accuracy [45]. If the poor performance still exists, it is
notable to focus on the number, type, and suitability of the
used datasets.

Stage VI: By reducing the amount of MSE value, a well-
trained network including current data can then be ready for
the exploitation phase in the control layer instead of the old
used one. The measured current data from the former
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FIGURE 6. Application stages of operation of PV-Battery-based DC nanogrid with deep supervised learning.
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FIGURE 7. Overview of last application stage: operation of PV-Battery-based DC nanogrid with a trained DNN.

controller is ignored and the output of the trained network
is embedded into the control layer. All of these stages can
be summarized in Fig. 6 and also the overview of the final
application stage is shown in Fig. 7.

IV. NUMERICAL RESULTS AND DISCUSSION

In this section, the proposed deep learning-aided sensorless
control approach for PV Converters in DC nanogrids is
implemented by considering different complications. These
results validate that the proposed method represents a
viable alternative to the sensorless control approach. To
realize the proposed strategy's validation and efficacy,
hyper-parameters of the training part were modified and
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tested. Also, the average value of five testing results was
carried out and compared with each other.

To get high performance in a short time, the complier
computer should have good features. Thus, the study results
were obtained using Python-3.6 with Keras 2.3.1
TensorFlow 2.4.0 (developed by Google®) i.e., Keras-
Backend TensorFlow open-source library that is capable of
parallel processing on compute unified device architecture
(CUDA) graphics cards. All of the processes were operated
in PyCharm software as a compiler with the help of
Numpy, Pandas, and SciKit-Learn libraries. The server
computer has some specifications such as a 7" generation
Intel i7-7700 K processor, Nvidia GTX GeForce 1080 TI
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FIGURE 8. Used datasets for three days’ data. The datasets are
highlighted with fawn, red, aqua, and dark blue colors. Antecedent two
days’ data are used for training and the rest of data i.e., third day’s data
used for testing phase.

11 gigabyte (GB) GPU, 512 GB (solid-state drive) SSD,
and 1 terabyte (TB) hard disk drive (HDD).

The datasets have been measured and obtained for three
days. Assuming that the weather station generates measured
data per five minutes, on the grounds of a day contain
twenty-four hours, we can collect the number of samples
(NoS) per day as (24 hours*60 mins)/(5 mins) is equal to
288 samples. Each day comprises 288 data points, so we
have performed to utilize three days’ data that corresponds
to 864 samples. As mentioned in the previous Section-Stage
I11, three days’ data have been reserved for the training as
two days’ data and the testing phase as one day’s data. It is
considerable to distinguish the training and testing dataset
from all datasets not to meet any potential performance
challenges of the DNNs. Since we have distinguished the
datasets, the DNNs are never tested through the training
data. Accordingly, it performs on a reliable operation under
different conditions like distinct input datasets. While Fig. 8
shows the whole datasets allocation for three days, the used
datasets to train the DNN are seen in Fig. 9 obviously. It is
important to mention that the datasets were acquired in
June. As judged in Fig. 9, except for the temperature data
the other sensors’ data could not generate any value due to
being night times. When the sunshine rises up, it is obvious
that the quantitive values of the temperature, voltage, and
current datasets increase as well.

As seen in Fig. 10, the estimated-/pv and actual measured-
Ipv values of PV current are shown separately. The key
point is here that the estimated one is expected to converge
the measured one as much as possible. Similarly, the same
mentioned currents can be expressed in Fig. 11 with their
zoomed points. This estimated result has been expressed by
the most intimate one (i.e., with the best MSE) between all
results.

Furthermore, estimating current data enables power
estimation as well in PV systems. . For power estimation,
estimated and measured powers can be shown in Fig. 12.
As mentioned before, the input datasets are generated with
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FIGURE 9. Measured data for training phase of DNNs for three days with
864 samples: [a] solar irradiance, [b] ambient temperature, [c] PV
voltage-Vey, and [d] PV current-Ipy.

the help of the real-time operation of a real experimental
setup of a DC nanogrid, which is visualized in Fig. 13. Fig.
13 (a) and (b) illustrate the weather station and PV array on
the rooftop of the faculty building, while Fig. 13 (c) shows
the PV converter in the laboratory.

For a better illustration of the implemented method,
arbitrary results with different MSEs (including the best one
in Fig. 11) are proved to be distinct characters in Fig. 14.
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Figs. 10 (a) and 11). It is remarkable that some of the 16r 1
results converge properly when the current is high as 14t .
opposed to performing well when the current is low. 1l |
Broadly, it is obvious that the more accuracy is achieved, ol |
the more convergence is captured and also the fewer MSE
values are reached. 8 1

As stated previously, while designing the networks, the MO A e
architecture can be modified having made deeper and wider FIGURE 11. Estimated-fv and measured- lpy current values.

structures. After assuring the final network structure,

modifications of the significant hyper-parameters aid to 1000 - - Estimated
improve the network mission such as giving more accurate Zgg: Measured [}
output, reducing low computational burden with a fast — 700/ |
training process. To this end, two different configurations 3 600 | |
were proved as follows: g 500 - |
i) The first configuration has been prompted with a fixed S a0l i
epoch size equal to 1000, a learning rate equal to 0.0001, 300 ,
and variable batch size, as can be seen in Table II. 200 ¢ ,
On account of obtaining the best average MSE value with 100 - 1
a batch size equal to 32 in this configuration, the batch size 0 ‘ ‘ ‘ ‘ .
of the second configuration has been fixed as the same 0 50 100 Sg%ople 200 250 300
value as 32. FIGURE 12. Estimated-Ppy and measured-Ppv powers regarding

ii) The second configuration has proceeded with the same generated power in PV array.
epoch size as 1000, the same batch size as 32, and variable
learning rate, as can be seen in Table I11.
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FIGURE 13. Studied experimental setup of DC nanogrid, [a] weather
station, [b] PV array, [c] PV converter.

As observed from Table Il and Il (and also in Fig. 16)
respectively, higher batch size accomplishes slower
convergence, whereas lower batch size shows non-
convergence behavior with less accuracy i.e., higher error
rate (see the error of the first line with a low batch size
being higher than the others in Table II). Despite being
higher batch size takes less training time than being the
lower batch size in the training phase.

Besides, it is extracted from Table Il that the effect of
learning rate modifications has not been generalized in
parallel to the effect of batch size modifications, because
the average error values show uneven characteristics
according to the variable learning rate. As known, MSE
values should be received attention to be variable due to the
incalculable computational effort of DNN structure for each
training.

As can be seen in the Tables, the best convergence rate
was obtained epoch size equal to 1000, batch size equal to
32, and learning rate equal to 0.001 with the lowest MSE
value as 0.072490. Additionally, Fig. 16 depicts the
performance criteria-MSEs in  terms of different
configurations with the order of change of the hyper-
parameters (from small to high values) as obtained in
Tables Il and I11.

V. CONCLUSION AND FUTURE WORK

To sum up our work, it can be asserted that we have
highlighted a supervised deep-learning aided control
application for PV-Battery-based DC nanogrids. The
findings of this paper indicate that this deep learning-based
approach can tackle the system dynamics and track the PV
current sensor data for the control layer properly. This
paper essentially shows how the deployment of the DNN
structure can support solving regression estimation
problems to provide more reliable systems by eliminating
the sensor data. We have also validated the effectiveness of
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FIGURE 14. Comparison of estimated currents with the measured one.
The green line expresses the measured one, while the others are all
estimated ones.

the proposed approach once the system was trained by
splitting up the training and test datasets. The strong point
of our study lies in reaching high accuracy, utilizing real
datasets without generating artificial data, and complying
with the real application data. The proposed controller for
handling regression issues with high accuracy (with an
average MSE equal to 0.113457) and a fast response
(average 29.23 secs training time) assures the usefulness of
this approach. It is worth mentioning that this approach has
features to be adjusted for different datasets. This study has
gone some way towards enhancing our understanding of
supervised deep learning for PV-Battery-based nanogrids.
In our view, these results constitute a valuable initial step
towards the real-time application. Since the performance of
the proposed controller has been encouraging, one
promising application of our technique would be a design
of a controller board that is embedded deep learning
algorithm for the experimental implementation of this
approach.
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