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Abstract. Load profiles of residential consumers are very diverse. This paper proposes the usage of a continuous wavelet transform and wavelet 
coherence to perform analysis of residential power consumer load profiles. The importance of load profiles in power engineering and common 
shapes of profiles along with the factors that cause them are described. The continuous wavelet transform and wavelet coherence has been 
presented. In contrast with other studies, this research has been conducted using detailed (not averaged) load profiles. Presented load profiles 
were measured separately on working day and weekend during winter in two urban households. Results of applying the continuous wavelet 
transform for load profiles analysis are presented as coloured scalograms. Moreover, the wavelet coherence was used to detect potential rela-
tionships between two consumers in power usage patterns. Results of coherence analysis are also presented in a colourful plots. The conducted 
studies show that the Morlet wavelet is slightly better suitable for load profiles analysis than the Meyer’s wavelet. Research of this type may be 
valuable for a power system operator and companies selling electricity in order to match their offer to customers better or for people managing 
electricity consumption in buildings.
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consumer has their own load profile which is closely associated 
with his all activities.

Most of the load profiles shapes are the results of the activ-
ities of the end users. Some residential power consumers focus 
on more conscious electricity usage, while the others are con-
cerned only about satisfying needs. Thus, the final load profile 
of a selected household is a combination of several patterns. 
Moreover, different socio-economic factors will contribute to 
varied energy demand [3].

Despite these differences, all residential load profiles show 
three basic trends: morning and evening peaks with a little base 
demand during the rest of the time. In each not averaged res-
idential load profile there are four basic types of shapes [4]. 
The first one is base load, which is caused mainly by small 
appliances in stand-by mode. The second type are regular oscil-
lations, made mainly by fridges. The third type is temporary 
shape inducted by household appliances like a vacuum cleaner. 
The last type are ragged peaks made by ovens or electric kettles. 
Residential consumers may have a small influence on the first 
two types of shapes. However, they can strongly affect the 
temporary shapes and ragged peaks. It is worth highlighting 
the fact that usage of appliances making ragged peaks causes 
transient components of load profiles waveforms.

The shapes of active power waveform in load profile can 
be detailed or averaged. The consequence of averaging is the 
smoother waveform and less volatile load profile. Load pro-
files very often are presented as averaged or highly generalized 
[5‒7]. This makes them more difficult for analysis.

The knowledge of detailed load profiles can be very useful 
for precise demand forecasting or grid development planning. 
Most electricity selling companies use the standard residential 
load profiles. Therefore, they can see only rough reflection 

1. Introduction

The intense interest in Smart Grids has led to increasing research 
of load profiles studies. In this new kind of a power network 
many objects are monitored and evaluated using measured time 
series. Nowadays designing new methods to analyse these data 
is a big challenge. With the widespread accessibility of the load 
profiles collection, it is very important to understand the neces-
sity of further data analysis such as pattern recognition. This 
kind of knowledge can help discover hidden relationships and 
patterns concerning end users [1].

The growing potential of wavelet transform usage creates 
new opportunities for analysis of many data which may be 
extracted from measurements in distribution power networks. 
Residential consumer load profile can be an example of the 
data which, after applying a wavelet transform, will show its 
imperceptible properties. Such knowledge can be valuable in 
the future due to the widespread implementation of demand 
response programs or electric vehicles [2].

Load profiles play a significant role in understanding user’s 
electric power consumption. They are usually presented as 
a variation of an active power in a function of 24-hour period. 
The final load profile is the result of the aggregation of individ-
ual load profiles of all appliances operating in a selected area. 
The demand for active power depends on a number of factors 
such as consumer attitude, type of appliances along with their 
working mode and time of using electricity. Therefore, each 
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of individual patterns in electricity consumption. Understand-
ing detailed load profiles analysis can lead to submitting new 
business strategies by clustering processed data into targeted 
groups. Detection of historical patterns can certainly play an 
important role in predicting future trends in electricity usage. 
This issue may become significant also when more renewable 
energy sources will be operating in the distribution grid. The 
lack of detailed load profiles analysis means that there is little 
awareness on how residential consumers use their appliances. 
Unfortunately, typical high resolution load profiles are nonsta-
tionary time series. The consequences of this may be difficulties 
in applying proper analysis tools. Thus, the obtained results may 
not be reliable for further studies and it will be hard to make 
the right decisions based on them.

In power engineering, wavelets are used for transient analy-
sis [8], energy quality [9], fault detection [10], load forecasting 
[11] or appliances identification [12]. Wavelets are well-suited 
to analyse data with sharp discontinuities [13], for example 
caused by most household appliances.

The main advantage of applying wavelet transform is the 
ability to expose such signal properties as discontinuities or 
trends. As a result, the initial signal is decomposed into wave-
lets that are slim over high frequency and extensive over low 
frequency components [14]. This kind of signal processing is 
better than Fourier transform, which requires only stationary 
time series [15] and cannot provide good localization in both 
time and frequency.

Research on load profiles has been conducted for many 
years and still is a current issue. Related studies have also been 
conducted by [16], but they concerned the entire power sys-
tem, not an individual residential consumer. Other papers like 
[1, 2, 5‒7, 17] deal with averaged (not detailed) load profiles. 
Cruickshank et al., in their work [18] proposed wavelet analysis 
to capture and simulate time-frequency domain behaviour and 
presents load profiles with 15 minutes interval. In contrast to 
the above-mentioned papers, this paper shows detailed residen-
tial load profiles, all measured with 1 minute interval. Thanks 
to this approach, significant profile shapes can be shown and 
analysed with wavelets.

In this paper the application of continuous wavelet trans-
form and wavelet coherence for residential consumer load pro-
f ile analysis has been investigated. The proposed approach 
identifies the patterns of electricity usage and shows a potential 
coherence between two different users resulting from their 
load prof iles. This paper is organized as follows: Section 2 
describes residential load profiles and wavelets. Also detailed 
load profiles are shown. Section 3 presents the results of anal-
ysis. In Section 4 discussion and conclusions are presented 
respectively.

2. Residential load profiles and wavelets

2.1. Residential load profiles. Residential users in many coun-
tries account for about 20‒30% of total electricity consumption. 
For example, in Poland it was about 23% in 2015 [19], while in 
Turkey it was about 26% in 2017 [20]. Average household share 

for European Union was around 30% [19]. Most published load 
profiles of residential consumers are with large time resolution, 
for example one hour. The final shape of each load profiles 
mostly depends on the interaction between patterns of electric-
ity usage and time of occupancy. Residential load profiles are 
related to many factors such as personal status (age, number of 
occupants in the household, active working or retired person 
[17] and available appliances).

Active power demand was measured by an energy logger 
device running with each individual appliance. Recorded sig-
nals were stored into memory card and imported to a computer 
for further analysis. The dataset consists of load profiles from 
two different households obtained during winter and summer. 
The process of collecting each appliance data separately has 
allowed to save unique shapes of power demand. Theses shapes 
depend mostly on the selected operation mode and type of the 
appliance. It is worth mentioning that appliances which cause 
ragged peaks are used by the majority of users randomly.

In the following paper, load profiles were measured in 
two selected households located in a big city in Poland. Both 
households were located in the urban area, hence they do not 
require as much energy as these from rural areas. The first 
household was occupied by three persons, while the second only 
by two. Household 1 was unoccupied from 8 am to 4 pm during 
working days (from Monday to Friday). All inhabitants have 
full-time jobs. Their annual electricity consumption was around 
2000 kWh. Household 1 was equipped with such receivers like: 
router, fridge, TV, PC computer, washing machine and hoover. 
Household 2 was unoccupied from 7 am to 6 pm during work-
ing days. All inhabitants have full-time jobs and other duties. 
Due to frequent stay away from home, their annual electricity 
consumption was below 500 kWh. Household 2 was equipped 
with such receivers like: fridge, electric kettle, laptop, washing 
machine and hoover. In both households domestic hot water 
was delivered from the public network thus, there was no need 
to use an electric boiler.

The manufactures, models and using manners of all appli-
ances were different in both cases. In consequence, each load 
profile reflects the unique shapes caused by every household 
resident during everyday electricity utilization.

Figure 1 presents load profile form household 1 on a typi-
cal working day, while Fig. 2 on weekend (Saturday). Figure 3 
presents load profile of household 2 on a typical working day, 
while Fig. 4 presents weekend (Saturday also).

The typical days have been selected for presentation because 
they were closest to the usual daily consumption patterns. All 
measured load profiles are typical for residential households in 
an urban area and reflect employment activities during working 
days and increased activity in appliances usage at the weekends. 
It is worth pointing out that there is an annual, seasonal or 
even daily variability of profiles. The base load form is almost 
constant. Then load increases during morning hours, decreases 
during evenings. The peak load appears in the late evening hours 
between 4‒8 pm (household 1) and 6‒9 pm (household 2). Load 
profiles were not much affected by the temperature. Only the 
profile of the refrigerator changed slightly depending on the 
year season. For example, during summer, power demand was 
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Fig. 2. Household 1 load profile, weekend, winter. Based on [21]

Fig. 3. Household 2 load profile, working day, winter. Based on [21] Fig. 4. Household 2 load profile, weekend, winter. Based on [21].

Fig. 1. Household 1 load profile, working day, winter. Based on [21]

marginally higher than in the rest of the year. In each of the 
households, the usage of all receivers was almost independent 
of the outside temperature.

2.2. Wavelet analysis and continuous wavelet transform. 
Load profiles provide the information about power consump-
tion over the time domain. Additional information about the 
properties of electricity usage can be obtained by representing 
the load profile using selected transformation, such as wavelet 
transform.

Wavelet analysis can be a relevant addition for power engi-
neers who want to expand their knowledge about signal process-
ing. The purpose of applying wavelet transform is changing the 
initial time series into scaled and shifted versions of a mother 
wavelet function [22]. The wavelet transform has the ability to 
identify scale or frequency components with their time location 
simultaneously. Time-frequency analysis can detect frequency 
components at certain time. The advantage of applying a wave-
let transform is the possibility to analyse nonstationary signals.

Wavelets are relatively new as a signal processing technique. 
The wavelet transform can be seen as a microscope which can 
focus on analysed signal. Wavelets are finite functions which 
are similar to waves in nature [16]. Every wavelet is located 
in time and frequency simultaneously. The admissibility con-

dition implies that wavelet has zero mean. In contrast to the 
sine waves, wavelets are irregular, asymmetric and decay to 
zero at both ends.

The most important aspect of using wavelet transform is 
to choose a mother wavelet. The mother wavelet function is 
a prototype for all further wavelets. There are several types of 
mother wavelets, where the most popular are: Haar, Morlet, 
Meyer and Mexican Hat. Meyer wavelet is orthogonal type 
while Morlet is nonorthogonal. Performing continuous wave-
let transform (CWT) both types can be used, which is a big 
advantage when many load profiles have different shapes. In 
order to get a better performance, the chosen wavelet should 
have a similar shape to ragged peaks in measured load profile. 
The mother wavelet is dilated or contracted by changes of scale 
parameter s. The translation parameter l describes the position 
of the wavelet in time. By changing of l wavelet can be moved 
over the signal. Every wavelet coefficient is related to both 
scale and a point in time.

Many mother wavelets can be used in the continuous wave-
let transform. For this kind of research Morlet and Meyer wave-
lets were chosen because their shapes are similar to the load 
profiles form. Although this is the continuous wavelet trans-
form, it is determined on discrete data which is convenient 
in computer calculations. Features distinguishing a continuous 
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wavelet transform from discrete transform are the possibilities 
of calculation for each scale value and continuity in a relation 
to the displacement.

The continuous wavelet transform of a time series is defined 
as the convolution of each value of the signal with scaled and 
translated mother wavelet and it is described by Eq. (1) [16]:

 Wm(s) = 
σt

s n = 0

N ¡ 1

∑ xnϕ*
(n ¡ m)σt

s
 (1)

where: σt – the same interval between samples, s – scale factor, 
N – number of time series samples, xn – n-th element of the time 
series (where n = 1, 2, 3 …, N), ϕ – wavelet function, m – shift 
coefficient, * – conjugation of a complex number.

Hence, CWT compares the time series to shifted (delayed 
or hastened) and scaled (stretched or compressed) version of 
a mother wavelet function. The final transform coefficients 
depend on the choice of a mother wavelet and scales. It is 
worth emphasizing that a scale factor is inversely related to 
the frequency.

The continuous wavelet transform is a time-scale represen-
tation of the initial signal. It is able to find position and dura-
tion of an event such as the growth of demanded power. This 
transform can be described by the following 6 steps. Step 1 
– place a wavelet at the beginning of the analysing signal. 
Step 2 – compare wavelet with the signal. Step 3 – calculate 
transform coefficients for a given part of signal. Step 4 – shift 
the wavelet through the whole signal (repeat previous steps, 
until the end of the signal). Step 5 – scale the wavelet (repeat 
previous steps – 1, 2, 3 and 4). Step 6 – repeat all previous steps 
for all scales. The result of applying CWT is a two-dimensional 
representation of the signal. The change in the coefficients over 
scales provides information for pattern matching. Wavelet coef-
ficients are stored in 2D matrix.

2.3. Wavelet coherence. To study the interaction between two 
time series, wavelet coherence was adopted [22]. This kind of 
transformation can detect regions in the time-frequency space 
where both analysed time series show co-movement. Wavelet  
coherence is described by Eq. (2) [22]:

 Rn
2(s) =  

jS(s–1Wn
XY(s))j2

S(s–1jWn
X(s)2j) ¢ S(s–1jWn

Y(s)j2)
 (2)

where: Rn
2(s) – coherence coefficient, S – smooth operator, s 

– scale factor, Wn
X, Wn

Y – continuous wavelet transforms of X, Y 
signals expressed as a convolution of the n-th signal sample xn 
with a scaled and normalized wavelet, Wn

XY = Wn
XWn

Y * – cross 
wavelet transform of xn and yn samples.

The correlation between a wavelet and a part of the mea-
sured signal is represented by the wavelet coefficients. A large 
value of scales corresponds to a low frequency while small val-
ues of scales correspond to high frequency. Overall information 
about signal is given by large scales. Detailed information is 

given by small scales. The graphic representation of wavelet 
coefficients is called a scalogram. The scalogram is a graphical 
representation of the absolute values of the CWT coefficients. 
Scalogram vertical axis describes periods, while the horizontal 
axis describes the time. The more intensive phenomena, the 
more intensive colour on a scalogram. When wavelet coher-
ence is close to zero both time series have a weak correlation. 
Strong correlation between time series exists when coherence 
is close to one.

Wavelet coherence analysis can also show phase differences 
which correspond to delays in the oscillations between both 
time series. Phase difference is described by Eq. (3) [23]:

	 φ x, y = tan–1

µ
Im(Wn

XY)

Re(Wn
XY)

¶
 (3)

where: φx, y – coherence phase included in the range [–π, π], Re, 
Im – the real part and the imaginary part of Wn

XY respectively.
Wavelet coherence can detect transient relationship between 

considered time series. Differences are usually pointed as 
arrows on the final coherence plot. When arrows are directed 
to the right – both time series are in phase. The direction to the 
left means that time series are in anti-phase. Arrows directed up 
mean that first signal leads the second one by 90°, while arrows 
directed down mean opposite situation. In many measured sig-
nals arrows have intermediate positions.

3. Results of analysis

In order to obtain the presented below scalograms, Matlab and 
Wavelet Toolbox were used. The upper parts of Figs. 5‒8 show 
the load profile of the measured household, while the lower 
part contains the values of wavelet coefficients in the form of 
a coloured scalogram. Colours illustrate abrupt changes in the 
load demand. The horizontal axis shows minutes, while the 
vertical axes show active power demand and wavelet scales 
respectively. Scales values constitute the degree of wavelet 
dilatation or compression. It can be seen that with low values 
of scales the wavelet is compressed (thin stripes at the bottom 
part of each scalogram), while with high values of scales the 
wavelet is stretched (wider stripes at the upper part of each 
scalogram).

By applying continuous wavelet transform it was possible 
to convert measured load profiles from the time domain to 
the time-scale domain. To analyse load profile of household 1 
during weekend, Meyer (Fig. 5) and Morlet wavelets (Fig. 6) 
were used. Power consumption by a fridge was visible in the 
form of slightly brightened blue stripes.

The moments of increased power consumption are clearly 
marked by red colour. It was the effect of using a washing 
machine and a vacuum cleaner. The use of these appliances in 
a short time significantly increases the consumption of active 
power in relation to the power of other appliances such as 
devices on a stand-by mode. Figures 5 and 6 show that the 
maximum value of power demand occurs about scales from 21 
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to 61 during the morning peak, while during afternoon peak for 
scales from 13 to 37. This relationship appears independently 
from the selected mother wavelet function.

The second case concerns a selected load profile of house-
hold 2 in winter during a working day. Both Morlet and Meyer 
wavelets show that there was a regular, oscillating power con-
sumption – the effect of using a refrigerator. It was a com-
pletely different manufacturer and a model than in the house-
hold 1. Compared to household 1, these oscillations were more 
frequent, as shown in Figs. 7 and 8. In contrast to household 1, 

for household 2 in the afternoon peak, when the demand for 
power increased, the scale factors values were higher and 
ranged from 13 to 61.

It is worth paying attention to very small values of coef-
ficients between 400 and 900 minutes in the long-term in the 
household 2 load profile (Figs. 7 and 8). Analysing this profile, 
one can guess that at this time the flat is probably empty. Wave-
let analysis clearly marks this fact through smaller values of 
coefficients, and it can be observed regardless of the choice of 
the mother wavelet. During the absence of residents the scale 

Fig. 5. Wavelet transform of household 1 load profile during weekend, winter. Mother wavelet: Meyer. Based on [21]

Fig. 6. Wavelet transform of household 1 load profile, weekend, winter. Mother wavelet: Morlet. Based on [21]

Fig. 7. Wavelet transform of household 2 load profile, working day, winter. Mother wavelet: Meyer. Based on [21]
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factors are almost constant. Such information may infringe the 
privacy of residents.

Short-term large active power consumption is marked as 
scale factors with small values (Figs. 7 and 8, scale values from 
5 to 29). Long-term larger active power consumption is marked 
as scale factors medium and high values (Figs. 7 and 8, scale 
values from 29 to 53).

Dark blue colour represents small active power demand, 
while orange and red colours represent medium and large 
demand. Different appliances make different shapes in wavelets 
scalograms. Shapes depend on chosen mother wavelet, type of 
appliances and their usage mode. The more demand for energy, 
the larger and wider stripes.

Regardless of used appliances, both mother wavelets can 
present accurate load profiles in a colourful way. In comparison 
to Meyer’s wavelet, Morlet wavelet is slightly more sensitive to 
the abrupt demand changes (for example around 1150th minute, 
Fig. 8) which is visible through a yellow and green blue stripe 
for scales from 53 to 61.

Figure 9 shows the wavelet coherence of the household 1 
and household 2 load profiles during a working day, while 
Fig. 10 shows wavelet coherence during a weekend. The hori-
zontal axis shows the hours of the day, while the vertical axis 
shows the periods of time in hours.

The white outline illustrates the cone of the influence. Apart 
from the results of this area, both households power demands 
were strongly coherent during a working day from 0 am to 

10 am and around 9 pm. Figure 9 shows that the coherence in 
the morning lasts for about 4 hours. Also, during evening peak 
hours, the coherence is high for only about half an hour (yellow 
stripe on Fig. 9 around 9 pm). This may be due to the use of 
appliances with a short operating time mode.

Figure 10 shows that during the weekend, coherence occurs 
randomly through a whole day. The strongest coherence can 
be observed after 8 pm, while the duration is approximately 
one hour.

The analysis of Figs. 9 and 10 shows that residents of both 
households use electricity in a coherent way for longer periods 
on evening during the weekend than in the working day.

In other time intervals, the coherence was low and was pre-
sented by dark blue colour. This can be the result of a strong 
differentiation of load profiles of a particular household appli-
ances. It is worth noting that in the vicinity of yellow stripe the 
arrows are present.

4. Discussion and conclusions

In the author’s opinion, the usage of Morlet wavelet is slightly 
more suitable than Meyer’s wavelet for this kind of research. 
This is due to the fact, that the shape of the Morlet mother 
wavelet can better match the shape of a household profile. In 
case of both household load profile scalograms, it can be seen 
that with the increase of scale, scale coefficients were wider. 

Fig. 8. Wavelet transform of household 2 load profile, working day, winter. Mother wavelet: Morlet. Based on [21]

Fig. 9. Wavelet coherence of household 1 and household 2 load pro-
files during working day, winter

Fig. 10. Wavelet coherence of household 1 and household 2 load 
profiles during weekend, winter
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Though, they were still near the point in time at which they 
occurred. Sudden changes in active power demand were asso-
ciated with many scale parameters.

However, one need to be careful in interpreting the results of 
wavelet coherence due to the presence of the cone of influence. 
Edge effects may be present at the beginning and the end of 
measured time series (it can be seen in Figs. 9 and 10). Fortu-
nately, around the midnight there is a small activity in electricity 
usage in a majority of households. For this reason, the edge 
effects need to be taken into consideration while studying the 
wavelet coherence results.

The aim of this paper was to demonstrate the usage of con-
tinuous wavelet transform and wavelet coherence for residential 
consumer load profile analysis. The results obtained for each 
household were presented and discussed.

Wavelet coherence studies have a chance to provide the 
power system operator wider additional information about res-
idential consumers, for example, whether one of the analysed 
values is in any way convergent with the other ones. Similar 
studies can be applied to find a potential relationship between 
load profiles and energy prices or temperature. The correlation 
between two different load profiles depends on many factors. 
One of them may be the kind of appliances and their usage pat-
terns (time of use and operation mode). The choice of a mother 
wavelet also affects the interpretation of the results. It is very 
important to choose a proper mother wavelet for further anal-
ysis. Morlet or Meyer seem to be the best.

The related studies [16] and [18] highlighted the fact that 
wavelets are a promising tool for time series analysis in power 
engineering. Research of this type may be valuable for a power 
system operator. Wavelet analysis, similar to one presented in 
this paper, can be applied with some extensions for high accu-
racy load forecasting, analysis of fluctuations in generation and 
load (power balance studies), network planning, arranging load 
shedding scheme in obedience to the peak and valley time in 
load profiles. Companies selling electricity can use wavelets to 
exploit electricity consumption patterns, tariff design or cus-
tomer clustering.
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part of Author’s Ph. D. dissertation [21].

References
 [1] M. Bicego, A. Farinelli, E. Grosso, D. Paolini, and S.D. Ram-

churn, “On the distinctiveness of the electricity load profile”, 
Pattern Recognit. 74, 317‒325 (2018), doi: 10.1016/j.pat-
cog.2017.09.039

 [2] P. Piotrowski, D. Baczyński, S. Robak, M. Kopyt, M. Piekarz, 
and M. Polewaczyk, “Comprehensive forecast of electromobil-
ity mid-term development in Poland and its impacts on power 
system demand”, Bull. Pol. Ac.: Tech, 68(4), 697‒709 (2020), 
doi: 10.24425/bpasts.2020.134180

 [3] M. Sepehr, R. Eghtedaei, A. Toolabimoghadam, Y. Noorollahi, 
and M. Mohammadi, “Modeling the electrical energy consump-
tion profile for residential buildings in Iran”, Sustain. Cities Soc. 
41, 481‒489 (2018), doi: 10.1016/j.scs.2018.05.041

 [4] Z. Ning and D. Kirschen, “Preliminary Analisys of High Reso-
lution Domestic Load Data, Part of Supergen Flexnet Project”, 
The University of Manchester, 2010. [Online]. https://labs.ece.
uw.edu/real/Library/Reports/Preliminary_Analysis_of_High_
Resolution_Domestic_Load_Data_Compact.pdf

 [5] J.L. Ramirez-Mendiola, Ph. Grunewald, and N. Eyre, “Linking 
intra-day variations in residential electricity demand loads to 
consumer’s activities: What’s missing ?”, Energy Build. 161, 
63‒71 (2018), doi: 10.1016/j.enbuild.2017.12.012

 [6] J.L. Ramirez-Mendiola, Ph. Grunewald, and N. Eyre, “The diver-
sity of residential electricity demand – A comparative analysis 
of metered and simulated data”, Energy Build. 151, 121‒131 
(2017), doi: 10.1016/j.enbuild.2017.06.006

 [7] M. Bartecka, P. Terlikowski, M. Kłos, and Ł. Michalski, „Siz-
ing of prosumer hybrid renewable energy systems in Polnad”, 
Bull. Pol. Ac.: Tech, 68(4), 721‒731 (2020), doi: 10.24425/
bpasts.2020.133125

 [8] D.S. Osipov, A.G. Lyutarevich, R.A. Gapirov, V.N. Gorunkov, 
and A.A. Bubenchikov, “Applications of Wavelet Transform 
for Analysis of Electrical Transients in Power Systems: The 
Review”, Prz. Elektrotechniczny (Electrical Review), 92(4), 
162‒165 (2016), doi: 10.15199/48.2016.04.35

 [9] R. Kumar and H.O. Bansal, “Hardware in the loop implemen-
tation of wavelet based strategy in shunt active power filter to 
mitigate power quality issues”, Electr. Power Syst. Res. 169, 
92‒104 (2019), doi: 10.1016/j.epsr.2019.01.001

 [10] R. Escudero, J. Noel, J. Elizondo, and J. Kirtley, “Microgrid 
fault detection based on wavelet transformation and Park’s vec-
tor approach”, Electr. Power Syst. Res. 152, 401‒410 (2017), 
doi: 10.1016/j.epsr.2017.07.028

 [11] M. El-Hendawi and Z. Wang, “An ensemble method of full 
wavelet packet transform and neural network for short term elec-
trical load forecasting”, Electr. Power Syst. Res. 182 (2020), doi: 
10.1016/j.epsr.2020.106265

 [12] K. Dowalla, W. Winiecki, R. Łukaszewski, and R. Kowalik, 
„Electrical appliances identyfication based on wavelet transform 
of power supply voltage signal”, Prz. Elektrotechniczny (Electri-
cal Review), 94 (11), 43‒46 (2018), doi: 10.15199/48.2018.11.10 
[in Polish].

 [13] A. Graps, “An introduction to wavelets”, IEEE Comput. Sci. 
Eng. 2, 50‒61 (1995), doi: 10.1109/99.388960

 [14] Ch. Chiann and P. A. Morettin, “A wavelet analysis for time 
series”, J. Nonparametr. Statist. 10(1), 1‒46, (1999), doi: 
10.1080/10485259808832752

 [15] P. Sleziak, K. Hlavcova, and J. Szolgay, “Advanatges of a time 
series analysis using wavelet transform as compared with Fourier 
analysis”, Slov. J. Civ. Eng. 23(2), 30‒36, (2015), doi: 10.1515/
sjce-2015-0010

 [16] S. Avdakovic, A. Nuhanovic, M. Kusljugic, E. Becirovic and 
E. Turkovic, “Wavelet multiscale analysis of a power system 
load variance”, Turk. J. Electr. Eng. Comp. Sci. 1035‒1043, 
(2013), doi: 10.3906/elk-1109-47

 [17] M. Hayn, V. Bertsch, and W. Fichtner, “Electricity load profiles 
in Europe: The importance of household segmentation”, Energy 
Res. Soc. Sci. 3, 30–45, (2014), doi: 10.1016/j.erss.2014.07.002

 [18] R. Cruickshank, G. Henze, R. Balaji, H. Br-Mathias, and A. Flor-
ita, “Quantifying the Opporturnity Limits of Automatic Residen-
tial Electric Load Shaping”, Energies 12, (2019), doi: 10.3390/
en12173204

 [19] M. Kott, “The electricity Consumption in Polish Households”, 
Modern Electr. Power Syst. 2015 – MEPS’15, Wrocław, Poland, 
July 6‒9, 2015, doi: 10.1109/MEPS.2015.7477166

https://doi.org/10.1016/j.patcog.2017.09.039
https://doi.org/10.1016/j.patcog.2017.09.039
https://doi.org/10.24425/bpasts.2020.134180
https://doi.org/10.1016/j.scs.2018.05.041
https://labs.ece.uw.edu/real/Library/Reports/Preliminary_Analysis_of_High_Resolution_Domestic_Load_Data_Compact.pdf
https://labs.ece.uw.edu/real/Library/Reports/Preliminary_Analysis_of_High_Resolution_Domestic_Load_Data_Compact.pdf
https://labs.ece.uw.edu/real/Library/Reports/Preliminary_Analysis_of_High_Resolution_Domestic_Load_Data_Compact.pdf
https://doi.org/10.1016/j.enbuild.2017.12.012
https://doi.org/10.1016/j.enbuild.2017.06.006
https://doi.org/10.24425/bpasts.2020.133125
https://doi.org/10.24425/bpasts.2020.133125
https://doi.org/10.15199/48.2016.04.35
https://doi.org/10.1016/j.epsr.2019.01.001
https://doi.org/10.1016/j.epsr.2017.07.028
https://doi.org/10.1016/j.epsr.2020.106265
https://doi.org/10.15199/48.2018.11.10
https://doi.org/10.1109/99.388960
https://doi.org/10.1080/10485259808832752
https://doi.org/10.1515/sjce-2015-0010
https://doi.org/10.1515/sjce-2015-0010
https://doi.org/10.3906/elk-1109-47
https://doi.org/10.1016/j.erss.2014.07.002
https://doi.org/10.3390/en12173204
https://doi.org/10.3390/en12173204
https://doi.org/10.1109/MEPS.2015.7477166


8

P. Kapler

Bull. Pol. Ac.: Tech. 69(1) 2021, e136216

 [20] O. Elma and U.S. Selamogullar, “A Survey of a Residential Load 
Profile for Demand Side Managemenet Systems”, The 5th IEEE 
Internationl Conference on Smart Energy Grid Enegineering, 
2017, doi: 10.1109/SEGE.2017.8052781

 [21] P. Kapler, “Utilization of the adaptive potential of individual 
power consumers in interaction with power system”, Ph.D. 
Thesis, Warsaw University of Technology, Faculty of Electrical 
Engineering, (2018), [in Polish].

 [22] A. Grinsted, J.C. Moore, and S. Jevrejeva, “Application of the 
cross wavelet transform and wavelet coherence to geophysical time 
series”, Nonlinear Process Geophys. European Geosciences Union 
(EGU), 11(5/6), 561‒566, (2004), doi: 10.5194/npg-11-561-2004

 [23] B. Cazelles, M. Chavez, D. Berteaux, F. Menard, J.O. Vik, 
S. Jenouvrier, and N. C. Stenseth, “Wavelet analysis of ecologi-
cal time series”, Oecologia 156, 287‒304 (2008), doi: 10.1007/
s00442-008-0993-2

https://doi.org/10.1109/SEGE.2017.8052781
https://doi.org/10.5194/npg-11-561-2004
https://doi.org/10.1007/s00442-008-0993-2
https://doi.org/10.1007/s00442-008-0993-2

