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Abstract: This article presents the analysis of the influence of household appliances on the quality
of the energy consumed by the end-user. The results of the research, then, concern the final
consumer (the lowest level of the power grid). The research was conducted on 120 combinations of
electrical appliances connected into a grid. Each combination consisted of three devices working
simultaneously in a micro-grid. The obtained and statistically analyzed data proved that there are
several types of appliances that have a great influence on the power quality (PQ) parameters changes.
The results of the conducted experiments indicate the devices which influenced significantly the total
harmonic distortion of voltage (THDV), the voltage frequency (FREQ) and the voltage fluctuation (V).
Specific features of particular devices were examined in terms of their significance for the power quality
deviation. This showed the most important features which should be considered while working
out the prediction model. The future of smart grids resides in data analysis, predictive models and
real-time optimization. One of the key characteristics is the reducing energy consumption generated
by renewable energy sources. This phenomenon, namely looking for problems connected with
sustainable power quality and their appropriate solution, is described in this article. We performed
an extended analysis of the smart home appliances influence of individual quantities on a real model.
Furthermore, we explored devices with a high impact on chosen power quality indicators. In the end,
we discuss their specific behavior and relevance to the above-described phenomenon to improve the
predictive model utility.
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1. Introduction

The Off-Grid systems used nowadays are often referred to as Smart Grids, as they are based on
intelligent data analysis, predictive models and optimizations in real time. They are yet another step in
the development of a sustainable supply of electrical energy used for both industrial and household
purposes. It is planned that in the future Smart Grids will integrate the activities of all participants of
the energy market and will cover many processes: producing, transmitting, distributing, selling and
managing energy by the end-users [1]. It will surely be a complex energy solution which will enable
effective steering of all elements of the power grid. Moreover, Smart Grid will also be an intelligent
measurement system which will provide detailed information about all power grids in real time.
The collected data will be sent to the control nodes administrating, managing and taking decisions,
and everything will be supervised by intelligent information and predictive and decisive algorithms.

Currently used autonomous energy systems (Off-Grid systems) are already supplied by renewable
sources (RES) and supported by energy storage. In such cases, various circumstances should be
taken into consideration in comparison to standard systems of energy distribution and transmission.
The stochastic and unstable character of the renewable energy sources results in low short-circuit power,
which decreases the stability of parameters of the power quality (PQ) in the Off-Grid system [2,3].
The frequency (FREQ), voltage disturbance, total harmonic distortion of voltage (THDV) and current
(THDC) and flicker severity are the most important power quality parameters [4]).

It is then necessary to keep these parameters within required boundaries in order to provide reliable
and safe performance of household appliances. These various circumstances have led many researchers
to work on optimization tools that can detect and backwardly optimize the power quality parameters in
order to fulfill the required limits in accordance with international standards. Relevant standards and
methods of data analysis are presented in [5,6]. Algorithms based on machine learning [7], known as
Support Vector Machines (SVM) [8,9], Artificial Neural Networks (ANN) [10,11], Genetic Algorithms
(GA) [12] and their combinations, are the main approaches to this issue. On the other hand, there are
scientific works in which methods, such as Wavelet Transformations (WT) [13] or Fuzzy based
detection [14], are used for detecting the decrease of the power quality on the basis of learned patterns.
Most research, as it results from [5,6], focuses on on-line executing and softening the effects of the
power quality aggravation, but does not concentrate on predicting or avoiding such phenomena where
they occur. While most available works consider predicting the total amount of energy production or
consumption [15], this paper focuses on the analysis of the influence of switching on devices in order
to examine their influence on the power quality in a microgrid.

The ability to avoid a power quality disturbance was conceptually proposed and generally
designed in an earlier study [16], and this concept was entitled as Active Demand Side Management
(ADSM). The following study proposed by Vantuch et al. headed towards the design and verification
of the power quality forecasting module of the ADSM concept [17]. The approximation of the power
quality parameters future value is vital for the proper and timely reactions of ADSM, which brings
the ability to avoid the predicted power quality disturbance by modifying the energy consumption
(shifting load). According to our previous studies [17,18], power quality prediction represents a
complex issue dependent on many variables. The stochastic natures of RES accompanied by randomly
perturbed electric load patterns were successfully examined as the input variables for the power quality
predictions. The question now arises—would it be valuable to use the decomposition on load patterns
in order to use only its relevant parts? Or is the contribution of all appliances equal in the task of the
power quality prediction?

Our goal is to find out which appliances have a negative impact on the power quality in the
Off-Grid system. To test this, each time we combined three different appliances to create a total of
120 combinations. They were switched on and off in a defined interval. The response of the system,
in the view of the power quality parameters, was measured and stored for statistical evaluations.
They revealed the fact that the appliances were responsible for irregular power quality behavior,
and which one of their features was the most relevant for this prediction. This study may be used to
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design deeper feature engineering procedures in the tasks of power quality parameters forecasting to
increase their accuracy.

2. Methods

There are two fundamental international standards defining the power quality as a term. The first
one is the European standard EN 50160, that is the main technical norm for the voltage quality in
Europe. The second one is the series of technical norms and reports on electromagnetic compatibility
EN 61000, which is very comprehensive and contains references concerning the limits, equipment
and measurements for the voltage quality. Many parameters of the power quality are defined in
EN 50160 and EN 61000. Although these standards complement each other, they also differ. One of
the differences is that EN 50160 sets the limits for a higher number of harmonics; on the other hand,
while not having any limits for as many harmonics as EN 50160, EN 61000 sets a limit for THDV [19].
Voltage Variation (V), Frequency of the supply voltage (FREQ) and Harmonic voltage (THDV) are the
power quality parameters necessary for the purpose of our study. Their defined limiting values are
pointed out with regard to the standards mentioned in Table 1.

Table 1. Values of International Standards for power quality (PQ) [20,21].

Parameter EN 50160 EN 61000

Mean value measured over 10 s
+1% (49.5 Hz + 50.5 Hz) for 99.5%
of week
—6%/+4% (47 + 52 Hz) for 100% of week

Mean 10 min RMS values

Voltage frequency +2%

Voltage magnitude variations +10% applied for 15 min

+10% for 95% of week
Harmonic Voltage 5% 3rd, 6% 5th, 5% 7th, 1.5% 9th, 3.5 % 11th 3% 6% 5th, 5% 7th, 3.5% 11th,
(% of fundamental supply voltage) 13th, 0.5% 15th 2% 17th, 1.5% 19th 23rd and 25th 3% 13th, THD < 8%

To interpret the table, a short definition of voltage parameters used in the table follows.
Firstly, Voltage Frequency is the fundamental frequency of the supply voltage. The harmonic
voltage is a sinusoidal voltage with a frequency equal to an integer multiple of the fundamental
frequency. Harmonic voltage is evaluated individually by its relative amplitude U}, related to the
fundamental Voltage U, where / is the order of the harmonic. In general, the total harmonic distortion
factor, (THDV), is calculated using the following equation:

40 2

THDy =  Z M
The third parameter, the voltage magnitude variation, is defined as an increase or decrease of
voltage caused by a variation of the total load of the distribution system. This requires defining two
other terms. One of them is the supply voltage which is the RMS value at a given moment at a point of
a common coupling measured over a given time interval. The second term, the nominal voltage of the
system, is the voltage which designates the system and to which certain parameters are calculated,

in our case voltage variations [20,21].

2.1. General Description of the Research Procedure

In order to carry out the research on the impact of household appliances on the quality of energy
consumed by the end user, a series of laboratory tests and appropriate numerical calculations were
previously performed. Preliminary studies using statistical methods have shown that there are several
types of devices that have a large impact on changes in the power quality parameters. Therefore,
it was decided to carry out a holistic analysis of the impact of home appliances on the power quality
according to the procedure presented in Figure 1.
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Figure 1. Diagram showing the scope of research presented in this article.

The first stage of the presented procedure is laboratory measurement of individual appliances
and their combinations (Figure 1). Basic appliances that can be commonly used in a household were
selected for the measurement, but the portfolio is further expanded and in case of finding interesting
results, these will be published in a separate article. The main emphasis is on the division of devices
due to the uninterrupted flow of electricity—some devices can be disconnected for the time needed
for power supply, while some absolutely cannot be disconnected e.g., water heating, as it is always
necessary to supply electricity for its proper functioning. For the resulting statistical evaluation,
the voltage, current, phase and frequency on the AC (Alternating Current) side of the hybrid converter
were measured, and the real and apparent power were determined from these values.

For repeatability of the measurements, the photovoltaic cells and other temporary energy sources
were completely disconnected, and the source of energy was only a NiCd batteries bank. For the purpose
of the experiment, batteries with a relatively large capacity (375 Ah) were used; however, for further
experiments, the capacity will be reduced so that it better reflects the possibilities of purchasing energy
storage for household needs. This type of battery was chosen mainly for its high resistance to discharge
and longer life even during longer storage.

An interesting aspect was the measurement with fully charged batteries and at half the available
energy (experimentally determined). The aim was to find out what effect the state of charge has
on the operation of electrical appliances or on the failure-free operation of the DC/AC converter.
The individual batteries were, therefore, separately charged to a maximum level of 1.35 V and
experimental measurements were performed with SoC 100%. Furthermore, the batteries were
discharged to about 1.2 V and test measurements were performed again at SoC 50%.

The measurements of electrical quantities in the system were provided by two National Instruments
multifunction DAQ devices (Figure 2). Such NI-USB 6216 [22] were additionally equipped with the
Elcom SCM-101 and Elcom SCM-111 devices that act as signal converters of electric voltage and AC
current signals (Table 2).



Energies 2020, 13, 4323 50f 19

<PV string 1) (PV string 2> @attery bank) @olar Collectoa <Appliances> (Weather station>
\
NI USB 6216 KMB SMC 144

|

(

|

< LabVIEW Hybrid System Control ) [
A :
:

|

|

|

|

|

L2 | =5

v v A / L
Eothe ADSM M

Figure 2. The Off-Grid measurement and the control system data flow.

— PQ data (THDV, THDI, PST, PLT, etc.)
— Electric quantities (current, Voltage, power, etc.)
—— Weather (temperature, humiddity, irradiance, etc.)

Table 2. Elcom SCM-101 and SCM-111 products parameters.

Typical  Limiting

Device Device Input Transfer Input Error Overload
Name Range Value Constant Resistance  Value Capacity £ <1s
SCM-101 600V +600V 100 V/1V 90 kQ) 0.25% 1000 V AC
) 300V 300V 50V/1V 45 kO 0.25% 500V AC
SCM-111 25A +25 A 4A11V <3mQO 0.25% 36 A
) 12A +12 A 2A/1V <6 mQ) 0.25% 18 A

Then, the measurement devices sent the data via USB interface to the local computer on which
the Off-Grid system application was running. The measurement of the energy quality in the Off-Grid
system was provided by a KMB SMC 144 analyzer [23]. The visualization of the control and the
measurement data flow is shown in Figure 2.

The next stage contains the data analysis, which is the basis of the study results. Such an analysis
was performed in four steps which reflect the methods used in this application area. The first step
is the Pearson and Kendall correlation analysis which is widely used to measure the degree of the
relationship between linearly related variables. Further processing, conducted with the use of a method
called t-distributed Stochastic Neighbor Settlement (t-SNE), allows the transformation of the resulting
data into a space with a smaller number of dimensions, which is more suitable for implementing
it in the control algorithms. The K-means algorithm is often used to determine a non-hierarchical
cluster analysis.

It assumes that the clustered objects can be understood as points in some Euclidean space and that
the number of clusters k is predetermined. Clusters are then defined by their centroids, which are points
in the same space as the clustered objects. Objects are included in the cluster whose centroid is closest to
them. The algorithm proceeds iteratively by starting from some (usually randomly selected) centroids,
assigning points to them, recalculating the centroids so that it is the center of gravity of the cluster of
points, then again assigning points to the newly determined centroids and so on, until the position
of the centroid becomes stable. In this way, information about the main groups of appliances can
be obtained, while the original correlation is specified using the Kraskov estimator, which estimates
mutual information about a small data set with a nonlinear dependence structure.

The final objective is to achieve data that will lead to the implementation of a predictor that can
be used in real household management in order to minimize a negative impact on the power quality.
The obtained information has to be applied into the control algorithm of the system working under
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the Active Demand Side Management (ADSM) algorithm, which is based on the Demand Response
(DR) principle.

The current development version of the Off-Grid system has fixed sockets assigned to the
appliances. The consumption control system evaluates the appliance connection based on the socket
ID and the pre-prepared measured waveforms of the appliances. Based on the evaluation of the
ADSM algorithm, the control system starts the appliance or delays its start. During the evaluation,
ADSM works with the prediction of electricity consumption and production. Based on this, the system
predicts necessary energy resources for a given day.

2.2. Experiment Description

As mentioned above, ten selected appliances were combined into triplets resulting in 120
combinations. There are three connected appliances at once because single running appliances in a
household are rather uncommon. In order to conduct measurements of the changes of the power
quality parameters on a testing Off-Grid platform, the devices were always switched on for an identical
period of time of 12 min. To avoid the stochastic and unstable character of a renewable power source
and to keep short circuit power of the same value at all times, the system was supplied by charged
batteries. Each combination of switched-on appliances was measured at two different States of Charge
(SoC). A hybrid inverter was used to recharge the batteries after executing each experiment in order to
achieve the same, defined, SoC. It should be mentioned that recharging the batteries of the testing
system between experiments lasted 18 min. So, one cycle consisting of the load and recharge periods
was 30 min long. Therefore, the measurement takes 60 h at one SoC. As we examined two SoCs,
it is 120 h in total. The appliances were selected to represent all kinds of most common appliances in a
household configuration (see Table 3) and two battery levels were applied equally for all measurements
(fully and half charged). These appliances were physically present during the tests, so nothing had
to be substituted. The experiment did not use simulated appliances but real appliances, commonly
available in the household goods stores.

Table 3. The properties of the appliances for their relevancy estimation.

- 1
Appliance Load (W) Power Factor (-) Power Supply
Avg Min Max Value Type Type
Mower 537.6 532.1 549.27 0.52 Inductive Continuous
Drill 157.1 149.5 167 0.49 Inductive Continuous
Kettle 919.1 917 928.3 1 Resistive Continuous
Fridge 207.6 195.5 219.5 0.72 Inductive Continuous
Switched power 410 409.7 420.2 0.78  Capacitive ~ Switched
supply
Air conditioner . .
(AC) heating 880 852.5 910 0.91 Inductive Continuous
Microwave oven 203 76.8 1348.3 0.84 Inductive Switched
Boiler 307 305.8 346.5 0.99 Resistive Continuous
TV set 44 42.8 50.5 0.6 Capacitive Switched
Lights (CFL, LED) 156 152.5 165.1 0.84 Capacitive Switched

1 Switch power supply-appliance has either the switched mode power supply or during operation switches multiple
times per minute.

The PQ parameter values were measured by a KMB SMC 144 device with an adjusted one-minute
time scale. For each minute, the minimum, maximum and average values were stored and formed into
a vector for further analysis. The frequency (FREQ), total harmonic distortion on voltage (THDV) and
voltage (V) were the power quality parameters examined for the purpose of this paper.
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2.3. Platform Description

Figure 3 shows the Off-Grid system where two photovoltaic panels produce 2 kWp per each
under normal conditions. However, for the reasons mentioned before, all the energy consumed by
appliances was supplied from the batteries. A solar panel was not part of the experiment, nor the
electricity grid, due to the same conditions for all tests (solar radiation intensity changes during the
day). The Off-Grid system in this experiment was also equipped with a hybrid inverter, a battery bank,
and a PQ measuring device. Conext XW + 8548 with the rated output power of 6.8 kW was used as the
hybrid inverter. It also controlled the charging of the battery bank comprising of 40 Ferak 375 KPL
batteries, where each NiCd battery had 375 Ah capacity and 1.2 V nominal voltage. Table 4 gives a
detailed information about the batteries.

AC230V

MPPT1

! AR
| ——,

i b
_4/_ Mower LOAD
o Drill ;
|
‘
i

Hybrid inverter — Kettle
="~ Fridge
AC230 V \ -
» 7 “ Switched power supply
"»— Air conditioner heating
I
— = Microwave oven
‘ PQ k= |+ Boiler

measurement fe

|
o TV set
|

L7+ Lights

Figure 3. Scheme of the tested platform.

Table 4. Features of the Ferak KPL 375 NiCd batteries [24].

Parameters Value
Nominal Voltage (V) 1.2
Rated capacity (Ah) 375.0

Nominal C-rate (-) 0.1
Max C-rate (-) 2.0

The battery changes the voltage value during the discharge [25]. When it is fully charged, each cell
in the series produces approximately 1.5 V. At a 50% SoC, the cell voltage should be about 1.2 V and
at the discharged state the voltage is close to 1 V. These values are applicable when the value of the
discharge current is 0.1 C (nominal C-rate). Based on this, we performed an experiment at full and half
SoC because the output on the alternating current side of the hybrid inverter could be affected by these
parameters [26]. The purpose was to eliminate the effect of the influence of the battery SoC on the
power quality in a local Off-Grid system.

The appliances and the alternating current distribution grid were connected to the hybrid inverter
via a switchboard controlled by control system software. This software controlled whether the
defined appliance triplets were turned on in the defined schedule following the re-charging battery
phase automatically. The measured data were also automatically stored in the system database for
further analysis.
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3. Testing and Analysis

The obtained measurements represented time series of continuous data where the switch-on
phases were followed by the charging phases as it was set in our lab environment. The response of
the power quality parameters to switching between those two phases is clearly visible in Figure 4.
One may assume a strong correlation between a higher load and a higher volatility of the PQ
parameters, but this visible response of the power quality parameters is driven only by the changes
between charging and discharging phases.

1.0
0.8 ;

% 06 s

G

>

0 30 60 20 120
Time (min)

——THDV (-) Frequency () ——V () ——S()

Figure 4. Sample of PQ parameters time plot shows the load and charging phase.

To prove this fact, we filtered the measured observations to examine only those where the load (S)
was higher than 500 W. The estimation of correlation among load and power quality parameters on
this filtered data will answer whether the volatility of the load parameter can reflect all power quality
disturbances. Pearson [27] and Kendall [28] correlations were applied as correlation measures.

Figures 5 and 6 depict the pairwise relations between the power quality parameters responses
to the varying load showing minimum or no correlation. This examination was performed on both
scenarios having fully charged and half charged batteries.

. 230
7 é ‘\ ) ¢
o 29 .z:‘ [ <
° R
28 °
S 5 L) ® °
< —~227 < Co° 5
B¢ - e et
26
E 3 . oo e ¢.§$.
o o9 @ g0
? 24 .'-u 1]
° o o©
1 23
0 22
025 05 075 1 125 15 175 2 025 05 075 1 125 15 175 2 025 05 075 1 125 15 175 2
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Figure 5. Pairwise relations among PQ parameters and the related load on a 100% SoC battery for:
(a) voltage total harmonic distortion, (b) frequency, (c) voltage.
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Figure 6. Pairwise relations among PQ parameters and the related load on a 50% SoC battery setup for:
(a) voltage total harmonic distortion, (b) frequency, (c) voltage.

Table 5 underlines these observations by computed correlations measures stating minimal or no
progress similarity among the parameters. These results only reflect the true nature and difficulty
of the problem, which is that the power quality response depends significantly not only on the
current total load but on its varying character brought by one or several specific characters of an
appliance. The following experiment is, therefore, designed to explore the dependencies between
different combinations of appliances.

Table 5. Correlations coefficients between PQ parameters and load parameter.

Correlation SoC (%) THDV FREQ A%
. 100 ~0.396 0.001 —0.154
earson 50 —0.563 0.043 —0.354
100 ~0.285 -0.116 —0.154
Kendall 50 ~0.388 ~0.131 ~0.173

3.1. t-SNE Dimensionality Reduction

The proper normalization and dimensionality reduction were considered as necessary issues
in order to set the common scale and omit redundancies and uncertainties in the obtained data.
The t—SNE [29] is a dimensionality reduction technique applied to process or visualize high-dimensional
data. It converts similarities between data points x; and x; of a high dimensional space into a conditional

—lbx;—x 12
xp( '26%, ) ) o

Il =2
ol I
Zk#:z P( 252

1

probability p;; making use of

pji =

where o; is the variance of the Gaussian centered on x;. A perfect transformation will result into
conditional probabilities q;; equal to p;; where y; is a low-dimensional representation of x; and their
conditional probabilities are given by
~lyi=y;I?
exp 2(712

~lly;—yil? |
exp| TWViz¥iI
Yk P( 20’2

pjii = ®)

The specific locations of the mapping points y; should minimize the Kullback-Leibler
divergence [30,31] of the distribution Q from the distribution P

Pijj
KL(PIQ) = gjr’ﬂj# @)
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which is performed making use of the gradient descent algorithm [32] with respect to y;.

It is highly recommended to use another dimensionality reduction method (e.g., principal
component analysis [33]) to reduce the number of dimensions to a lower level if the number of features
is very high. This will suppress some noise [34] and speed up the computation of the pairwise distances
between samples. This approach has been successfully applied in many studies dealing with data
mining or knowledge discovery tasks [35,36].

3.2. Gap Statistic Driven K-Means Clustering

The cluster analysis is a mechanism that labels the given samples according to their similarity
or distance, which results in a clustering solution [37]. Such process was found helpful in various
applications [38,39], and, in our case, this process aims at extracting the groups of similar system
responses to the power quality parameters. The clarity of a clustering solution with a minimum overlap
can imply lower noisiness and uncertainty in data, while the inseparable highly overlapped clusters
imply the presence of irrelevant data representation.

K-means clustering is an unsupervised machine learning approach that distinguishes the given
samples x1, ... x, into an adjusted set of categories (clusters) in an iterative way. During each iteration,
the observations are labelled (C(i)) according to their closest centroid uj,... u, (see Equation (5)).
The centroids are further updated by averaging the positions of all members of their cluster (see Equation
(6)). The first set of centroids are adjusted randomly and their number reflects the desired number
of clusters. This converging process may be stopped after a fixed number of iterations or, simply,
when the position alternation of a centroid is no longer required.

(c(i))arg min|lx(®) — yjllz, (5)
o
KA ©

The number of clusters was determined by the gap statistic [40]. It compares the total intra-cluster
variation for different values of k with their expected values under the data null reference distribution.
The estimate of the optimal clusters will be a value that maximizes the gap statistic (i.e., one that yields
the largest gap statistic). This means that the clustering structure is far from the random uniform
distribution of points.

K-means fits into our work-flow due to its simplicity and interpretability. The motivation was not
to produce state of the art relevancy estimation procedure, but rather to reveal that any work-flow
built-up on reasonable, well described and widely applied algorithms could prove our findings.
K-means is a typical representative of such building blocks.

3.3. Relevancy Estimation

The Kraskov algorithm is one of many approaches to estimate mutual information among two
random variables. The Kraskov algorithm is widely used as it is considered as one of the most effective
and accurate. It is able to evaluate the dependency among two multivariate variables in the same way
as in the case of univariate variables. The Kraskov estimation is based on the Kozachenko-Leonenko
entropy estimation [41]:

A

A0 = ~0(K) + Y(N) +oglea) + § & Tog(ex(N. ), ”

where N means the number of samples in X, d is the dimensionality of samples x, ¢y means the volume
of a d-dimensional unitary ball and ¢x(N, K) is twice the distance (usually chosen as the Euclidean
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distance) from x; to its k-th neighbor. The most known derivate of the mutual information estimation
has the following form (Equation (6)) [41]:

106Y) = 900 + () ~ & - £ (#(es) - 9(c) ®

where 7, is the number of points whose distance from x; is not greater
than 0.5¢x (i) = 0.5max(ex (i), ey(i)). As we can see, the Kraskov’s mutual information does not require
the computation of underlying probability distributions of the given variables, but it simply estimates
the dependency by its neighbor-based clustering, which simplifies the entire approach.

4. Numerical Research Results

The examination procedure of power quality parameters was aligned as follows. The minimum,
maximum and average values within a minute were measured for a 12-minute period, where the first
and last minutes were skipped as transition events. The rest of the values were kept in a vector form.
For each appliance configuration, we captured complete progress vectors. The values of the power
quality parameter, in order to be clustered correctly, were normalized into a scale from 0 to 1. The t-SNE
later performed the dimensionality reduction forming two-dimensional representations of the power
quality data. They were clustered making use of a K-means clustering algorithm with an adjustable
number of clusters decided by the applied gap statistic.

Within the separated groups, so called clusters, the average minimum, maximum, mean and
standard deviations were computed to describe the nature of the power quality parameter progress
defining a particular cluster. The probability of an appliance being a part of a configuration in a given
cluster was computed to obtain additional information about which appliance may have the highest
probability to perform a given progress of a power quality parameter.

To complete the appliance analysis on a deeper level, the appliance attributes were defined
and their relevancy according to the given cluster was computed. This relevancy was estimated by
mutual information estimation making use of the Kraskov algorithm. At this scale, the result will
define which appliance attribute class possesses the highest nonlinear relation with the power quality
parameter disturbance.

Each of the techniques mentioned above only pre-process the observed data or produce some
partial results. The aim was to group the appliances behavior and on top of that identify which
parameters are the most relevant for the found groups-as well as how significantly groups differ in the
view of the power quality. This was demonstrated via the applied multi-step statistical analysis.

4.1. Fully Charged Battery

The first testing scenario was performed on the fully charged batteries. In total, 120 appliance
combinations were separately switched on for 12-minute intervals and after each interval, the battery
charging period followed. The batteries were charged to the full capacity in order to keep equal testing
conditions for all examined appliance combinations.

The clustered behavior of appliance combinations with calculated probabilities of them being
part of a given cluster is depicted in Figure 7. As we can see, the visually clear separability was not
obtained by all power quality parameters, the clusters are rather spread across the search space not
forming separable entities. This may be caused by a varying impact of the appliances on the network
or the network adjustment; therefore, the power quality responses are not significant enough.
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Figure 7. Clustering solutions of PQ parameters progresses at SoC 100% with the calculated probabilities
of appliances being part of the particular cluster: (a,d)—voltage frequency (FREQ) with appliance

probabilities, (b,e)—total harmonic distortion of voltage (THDV) with appliance probabilities and
(c,f)—V with appliance probabilities.

However, some appliances, especially the microwave, the drill, the mower and the air conditioning
heating, are able to be separated with a high accuracy, which means that their presence drives the system
towards the specific behavior on a given power quality parameter. This behavior is defined by ranges
of the power quality parameter values per cluster, which can be seen in Table 6. A high probability of
appliance being part of such a cluster may imply the causality that this specific appliance is a driver
of a cluster specific power quality response. On the other hand, appliances with rather equal cluster
membership probabilities may cause a minimal impact on the power quality behavior.

Table 6. Statistical description of the PQ parameters of the obtained clusters at SoC 100%.

PQ Parameter Cluster AvgMin  Avg Max Avg std Avg Mean

1st 50.00 50.06 0.01 50.01
FREQ (Hz) 2nd 49.97 50.07 0.03 50.01
3rd 49.99 50.02 0.01 50.01
1st 1.20 6.91 0.76 3.66
. 2nd 1.15 7.44 1.49 4.35
THDV (%) 3rd 1.27 7.26 0.85 5.04
4th 1.19 7.74 1.24 3.30
1st 203.83 241.56 4.99 224.63
V (V) 2nd 208.28 24227 5.24 22553
3rd 216.95 240.79 3.39 227.85

Specifically, FREQ values in the red cluster performed the highest standard deviation (as well as
the highest min-max range), which is caused by the microwave due to its 100% probability of being
in this cluster. This appliance possesses the highest load range, which may cause this power quality
disturbance on a frequency parameter.

In the case of THDYV, three appliances seem to possess a significant impact on the different behavior
of this parameter. They are the drill, the microwave and the air conditioning heating having high
probabilities forming the 2nd, the 3rd and the 4th cluster, respectively. The progress of the voltage
parameter performed the visual separability of the lowest quality, but still, two appliances appeared
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to be significant for their kind of impact on this power quality parameter. The high probability of
being part of the first cluster was gained by the mower, while the air conditioning heating obtained a
comparable probability of being part of the second cluster.

Looking at the specific differences among the clusters, we can see the previously mentioned higher
frequency standard deviation in the case of its second cluster, higher mean values of THDV in the
cases of its second and third clusters and significant drops of power in the case of the first and second
clusters of the V parameter.

Having the knowledge which appliance causes a specific behavior on the power quality parameter
defined by a particular cluster, one may pose a question which parameter of the appliance may have the
highest relevancy for this impact. The mutual information among the appliance features (see Table 6)
was estimated (see Table 7). The electric load defining values possessed the highest relevancy towards
the power quality parameter cluster labels followed by the switch type of the appliances. The resolution
into inductive, capacitive or resistive characteristics for the appliance did not seem as relevant for the
power quality disturbance.

Table 7. Mutual information estimated among the appliance features and cluster labels derived from
the PQ parameters measured at SoC 100%.

Loads Power Factor Switch Type
FREQ 0.46 0.06 0.42
THDV 0.35 0.09 0.25
\% 0.33 0.1 0.03

4.2. Half Charged Battery

The second scenario performed similar metering steps, but the batteries were only half-charged
for each appliance combination testing.

The appliance combinations clustered by their power quality parameters progress with estimated
probabilities of their presence in the cluster are depicted in Figure 8. The clearest separability was,
as previously, achieved by the most sensitive parameter, the frequency. Similarly, the appliances with
higher impact were the microwave, the air conditioning heating and the mower.
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Figure 8. Clustering solutions of PQ parameters progress on SoC 50% with the calculated probabilities of

appliances being part of the particular cluster: (a,d)—FREQ with appliance probabilities, (b,e)—THDV
with appliance probabilities and (c,f)— voltage (V) with appliance probabilities.
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The statistical description of the modelled clusters performs differently, compared to the previous
phase (see Tables 8 and 9). In most cases, the ranges of minimum and maximum values were increased,
with an increase of the standard deviation, which is caused by the lower short-circuit power of the
system powered only by half-charged batteries.

Table 8. Statistical description of the PQ parameters of the obtained clusters for system 50% SoC.

PQ Parameter Cluster AvgMin  Avg Max Avg std Avg Mean

1st 49.99 50.09 0.02 50.01
FREQ (Hz) 2nd 49.97 50.07 0.03 50.01
3rd 49.98 50.03 0.01 50.01
1st 1.24 7.88 0.95 5.40
. 2nd 1.24 7.88 127 3.24
THDV (%) 3rd 1.14 7.96 1.52 430
4th 117 6.74 0.72 3.70
1st 198.51 24153 5.67 224.80
V (V) 2nd 218.29 240.34 3.34 227.65
3rd 209.66 241.86 498 225.56

Table 9. Mutual information estimated among the appliance features and cluster labels derived from
PQ parameters measured at SoC 50%.

Loads Power Factor Switch Type
FREQ 0.38 0.02 0.32
THDV 0.31 0.06 0.28
\% 0.34 0.01 0.04

The estimation of the relevancy among the appliance parameters and the cluster labels of power
quality parameters revealed results comparable to the previous scenario, where the most relevant
power factor of the appliance was its load and the switch type.

4.3. Example of Using the Achieved Research Results in a Real Off-Grid System

The managing of appliances in the Off-Grid system is provided by a control system built on the
QUIDO input and output relay module [42] with an Active Demand Side Management (ADSM) control
algorithm based on the Demand Response (DR) principle. The Off-Grid system contains a number
of common household appliances necessary for the simulation of a normal household. Appliances
that are not physically connected in the system can be simulated by a controlled electronic load.
The electronic load can be adjusted to a power of up to 4 kW with a step of 100 W and a power factor
cos @ = 0.5,0.95, 1. It is worth mentioning that the electronic load control program is a part of the
developed LabVIEW application for controlling the hybrid Off-Grid system, which runs locally on a
local computer placed directly in the Off-Grid system. The current state of application of the Off-Grid
system is in the intermediate step before a complete migration from a local system control based on a
PC to a cloud system.

To demonstrate the current version of the ADSM, the day when battery power is low in the
morning has been chosen. Table 10 shows the optimization of the operation of appliances carried
out by the ADSM, so as not to discharge the batteries completely and thus shut down the Off-Grid
system. This table is a demonstration and was made on the basis of the operation of a family home for a
family of four. A change in the behavior of the control system for some items, where energy prediction
would lead to the discharge of batteries, and are, therefore, decommissioned by the Off-Grid system or
connected to the standard electrical network, can be read in the table. The laptop and microwave have
a delayed supplying start while other appliances remain unchanged.
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Table 10. The example appliance plan after the Active Demand Side Management (ADSM) optimization
achieved in the experiment.

Appliance Start Stop Start Stop System Schedule Change
Fridge 00:00  00:00 - - Unchanged
Air conditioning 00:00  00:00 - - Unchanged
. . . . Excluded from the plan,
Washing machine 07:00  09:00 ) ) the appliance will be powered from the grid
Kettle 08:00 08:05 - - Unchanged
TV set 09:00 11:00 - - Unchanged
. ) ) Excluded from the plan,
Boiler 00:00 08:00 the appliance will be powered from the grid
. ) Excluded from the plan,
Personal computer 0500 10:00 ) ) the appliance will be powered from the grid
Notebook 05:00 10:00 10:15 17:30 Start delayed
Microwave oven 06:00  06:05 11:25 11:30 Start delayed
. . . Excluded from the plan,
Boiler 20:00 21:00 the appliance will be powered from the grid
TV set 07:00 09:00 - - Unchanged
Lights 07:00  09:00 - - Unchanged
Kettle 17:00 17:05 - - Unchanged
Lights 17:.00  23:00 - - Unchanged
Kettle 09:00  09:05 - - Unchanged

Figure 9 shows an example daily waveform of the total power consumption of appliances that
would be powered by the batteries of the Off-Grid system before and after the ADSM intervention.
The graph compares the operation of the Off-Grid system without optimization and with the ADSM
optimization, where it can be seen that without its intervention there would be a complete discharge
around 2 a.m. in the morning.

Power consumption (kWh)

04:00

08:00 12:00 16:00

Time (minutes)

Power consumption before optimization process
Power consumption after optimization process

Auvailable energy in a battery bank before optimization process
Available energy in a battery bank after optimization process

Energy generation by the Off-Grid system

20:00

00:00

Figure 9. The comparison of non-optimized and optimized energy components in an Off-Grid system.

Figure 10 shows web-based user interfaces based on the QUIDO control system adapted for
experimental measurement and visualization. The overview of all power sources and appliances is

visualized in real-time in the system shown in Figure 11. There are fundamental physical values such
as electrical voltage, current, power etc. Moreover, state of devices and the energy flow direction in the
Oft-Grid system are presented.
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Figure 11. Smart Grid Laboratory (SGL) on-line visualization of the used appliances and the
power sources.

Findings obtained by our study may significantly influence the future experiments related to
the power quality predictive modeling. The quality of such models is heavily dependent on a set
of relevant features, so called predictors, as it was identified in many studies presented in similar
fields [43,44]. Those predictors are selected from the given dataset or aggregated making use of
time shifts or statistical operations (floating mean, standard deviation, etc.). As our study revealed,
the power quality is related to the kind of appliance that is executed at a given time. More specifically,
based on the given appliance attributes, we may produce a categorical feature reflecting the current
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type of appliances operating in a system. Such feature will contribute to clarify whether a given load is
likely to cause the power quality disturbance or not.

5. Conclusions

The research results presented in this article clearly show the negative influence of some devices
on the microgrid power quality. For the purpose of the investigations, the most common household
appliances were selected. Before the experiment, a market study of what appliances people normally
have at home was conducted. It was proved that the influence of appliances on the power quality in
the Off-Grid solar systems can be divided into clusters. Each cluster has a different level of influence
on the parameters of the power quality in the Off-Grid system. Due to the conducted experiments,
it is possible to focus on appliances having the greatest impact on the microgrid and to predict more
precisely the disturbances of the power quality in this grid. It was also stated that each household
appliance may be qualified to one of the determined clusters. Because each cluster has a specific
influence on the power quality parameters in an Off-Grid, the control system can then optimize the
schedule of switching on the appliances in order to avoid serious disturbances of the power quality.

The results of the experiments, presented in this paper, indicate that it was the microwave oven
that affected the frequency parameter the most. As a result, a separate cluster, approved and visualized
by a K-means algorithm and based on the Gap statistic, was created. Nevertheless, the frequency itself
was stable and the standard deviation was not higher than 0.03.

The situation was similar for the THDV parameter, where the microwave oven, the air conditioning
heating system and the drill were appliances that affected the system. The voltage was the last tested
parameter. The experiments showed that its values were mainly affected by the lawn mower,
the microwave oven and the air conditioning heating. In both cases, similar behaviors of the system
were observed when the batteries were fully charged and half-charged of their nominal value.
In the second mentioned case, the disturbances of the power quality were more significant, but their
character and the source were of the same type.

The load value was determined as the most relevant feature of a device for the response to the
power quality parameter. It was estimated with the use of Kraskov mutual information estimation,
and then proved with probabilities of the most significant appliances generating the greatest loads and
of the biggest standard deviations.

Summarizing the results of the research, it can be stated that the worked-out analysis may be
applied to widen the functionality of the existing control systems in Off-Grids where the technology of
the demand response is used. In such systems, control algorithms could also take into account the
values of the power quality parameters before allowing particular appliances to start their function.
Using such a functionality would significantly improve the power quality, especially in Off-Grid
systems with high disturbances.

The subject of the present work seems interesting in terms of keeping satisfactory parameters of
the power quality. In further work, it is planned to conduct other experiments, for example testing the
connection and disconnection of the inverter to the electricity network and its effect on the operation of
appliances and the quality of electricity, and data will be recorded in shorter time intervals in order to
obtain more precise measurement values. Moreover, the enhancement of the number of appliances and
combinations of their connections, as well as conducting a bigger number of experiments for various
SoCs of batteries, will be the next element of our research. This will enable us to obtain additional data
sets which will also contain the power quality disturbances of significantly greater values.
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