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Abstract: The smart metered electricity consumption data and high dimensional questionnaires
provide useful information for designing the tariffs aimed at reducing electricity consumption and
peak. The volume of data generated by smart meters for a sample of around four thousand residential
consumers requires Not only Structured Query Language (NoSQL) solutions, data management
and artificial neural network clustering algorithms, such as Self-Organizing Maps. In this paper,
we propose a novel methodology that handles a large volume of data and extracts information from
electricity consumption measured at 30 min and from complex questionnaires. Five three-level
Time-of-Use tariffs are altered and investigated to minimize the consumers’ payment. Then, input
data analysis revealed that the peak consumption is influenced by a segment of consumers that can
be targeted to flatten the peak. Based on simulations, more than 23% of the peak consumption can be
reduced by shifting it from peak to off-peak hours.

Keywords: NoSQL; self-organizing maps; smart meters; electricity consumption; questionnaire

1. Introduction

From vertically integrated utility companies to the distributed energy sources, this industry has
transformed tremendously, facing new challenges that come along with the Information Communication
Technology (ICT) progress. Gradually, the energy generated in remote large power plants has been
replaced by new distributed generation sources located close to residential areas, which modified the
unidirectional flows direction. Now, the electricity flows in both directions, from and to the grid, and it
is frequently measured by Smart Meters (SM) that generate a large volume of data. Also, the consumers
own more and more modern devices with IoT connectivity [1] that can be remotely controlled to meet
certain objective functions. During trial periods, the electricity consumers are subject to complex
questionnaires (pre- and post-trial) that can be deployed by regulators, grid operators or suppliers,
to better understand and predict consumers behavior and trends. Their answers are useful in designing
the demand response strategies, including advanced Time-of-Use (ToU) tariffs [2], implemented thanks
to communications progress and SM that can incentive consumers to energize their appliances at lower
tariffs. However, the implementation of SM is expensive and require trials aiming to identify the
opportunity to install SM at large scale [3]. Hence, the consumption, appliances data and consumer
answers (opinions) are significant data sources, pouring from high-dimensional surveys and SM, which
will be analyzed in this paper.
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In this paper, we propose a methodology of analyzing large volumes of data aiming to identify
electricity consumers’ behavior and their potential to reschedule the appliances.

The paper is structured in seven sections. The first one, Introduction, is a short description of
data sources and the context of our research, dealing with large volume, electricity consumption
and high-dimensional questionnaire data. The second section, Literature review, presents several
scientific researches that treat similar topics. The third section, Input Data, deals with the source,
structure, formats and specificity of the data. It includes metering and questionnaire data processing,
indicating the various tools and techniques we used to prepare and analyze the data. The fourth section,
Methodology, describes the scientific methodology for analyzing the questionnaire data. The fifth
section, Results, includes the findings, grouped by the origin of data we draw conclusions on. The sixth
section, Discussion, includes a comparative table that analyses several research papers and the current
study from the results point of view. Finally, the last section comprises the conclusion for the entire
paper, as per usual.

2. Literature Review

2.1. Self-Organizing Maps

Artificial Neural Networks were introduced in 1943 by Warren McCulloch and Walter Pitts.
A very simple model of the biological neuron was proposed in [4]: it has one or more binary inputs
and only one binary output. The activation function describes the rules used for determining the
output. The input layer corresponds to the data received from the interaction with the external world,
the hidden layer contains the executed computation based on the provided functions, and the output
layer corresponds to the information received. Inside the network, all the information is propagated
from one layer to another, until the output is obtained. Knowledge is represented in synaptic weights
between the neurons [5].

Artificial intelligence techniques, along with statistical methodologies and data visualization
methods, represent one main groups of classification techniques used for data mining. In terms
of supervised learning, training data consists of specific input-output mapping examples that the
neural network must approximate, while, in unsupervised learning, the neural network must discover
significant patterns on the features of data through unlabeled training samples. The unsupervised
learning approach may be implemented from two perspectives: self-organized learning (following
neurobiological structures) or statistical learning theory (traditionally used in machine learning).

The self-organized learning algorithm requires a competitive learning rule based on which the
neurons in the competitive layer compete for the opportunity to interact with data features. The neuron
with the highest total turns on by adopting the winner-takes-it-all strategy. The algorithm contains
a set of rules that define the local behavior for a specific neuron—the sum of adjustments that are
made to the synaptic weights are contained in the local neighborhood of the neuron. D. Hebb was the
first one to propose the following rule as the basis of associative learning, widely known as Hebbian
learning: when an axon of cell A is near enough to excite a cell B and repeatedly or persistently takes
part in firing it, some growth process or metabolic changes take place in one or both cells, such that A’s
efficiency as one of the cells firing B is increased [6].

The most common unsupervised learning tasks include clustering, dimensionality reduction,
anomaly detection or density estimation. Clustering is one of the unsupervised learning techniques
used for structure discovery in data, and the k-means algorithm is undoubtedly one of the most popular
clustering algorithms, but it also has limitations: firstly, knowing the number of clusters might be a
problem, and the algorithm does not behave very well for clusters that have various sizes, different
densities or non-spherical forms.

Kohonen demonstrated for the first time that Self Organizing Maps (SOM) algorithm can be
implemented for any data set for which a degree of dissimilarity or similarity of data is known [7].
K-means clustering is similar to the Kohonen algorithm for neighborhoods with the size equal to one,
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and for larger neighborhoods it is a generalization of k-means, in which each weight adapts toward
the center of its cluster of patterns and its neighbors’ clusters, resulting in an ordered mapping that
tends to preserve the topological structure of the input distribution [8,9].

Competitive learning is a particular class of unsupervised learning algorithms, in which the
neurons compete to be activated, with the result that only one will be activated at a time. To achieve
this, a feature map or a representation of the training data is needed.

2.2. Large Volume of Data and Electricity Consumers’ Behavior

A comparison between big data frameworks and mining algorithms for the MapReduce (MR)
solution is extensively performed in [10]. The authors treat the noise, outliers, incomplete and
inconsistent data, bottlenecks on data mining algorithms, security and privacy issues that come with
big data.

He Y. et al. [11] identifies the challenges in clustering a large size of data sets, and they design a
parallel density-based algorithm for clustering developed with a four-stage MR method, adopting a
quick partitioning of large scale non-indexed data sets. A DBSCAN clustering algorithm using the
complex big data processing solution Spark is proposed in [12], efficiently evaluating the scalability of
the algorithm with a various number of processing cores.

Numerous studies that assessed the effects of installing real-time display of electricity consumption
have been developed. It has been determined that this single action can generate a small reduction in
the consumption level, around 3-5%, together with a reduction of the consumption peak, but it did not
lead to lower carbon or greenhouse gas emissions [13]. Additionally, Alahmad M.A. et al. studies the
result of installing different types of devices to monitor real-time energy consumption in residential
houses, where around 41% of actual energy consumption is wasted. The aggregated data after 30 days
showed an insignificant drop in energy consumption [14].

The main subject in [15] is the consumer’s extremely complex behavior, as one’s actions and options
would be often unpredictable. It was proven that consumers are tempted to do social comparisons,
respect social constrains and norms, follow the behavioral patterns of others and reluctantly change
old electrical appliances with high energy consumption. Still, the financial incentives for modernizing
appliances, as well as social influence, can motivate consumers. Another study [16] seeks to analyze by
what degree the consumers can be activated to change their behavior. Therefore, the service designers
have to interact with the consumers and foresee the implications, from both a technical, as well as
a financial point of view. Additionally, smart grid solutions are investigated in [17] to find a better
technique to balance and maintain equilibrium between generation and consumption, and thus achieve
maximal efficiency. The effects on consumption for the people that use more performant feedback
technologies, providing real-time information that is accessible through mobile devices, are revealed
in [18]. It was found that a 5.7% average reduction in consumption is obtained, especially at peak
hours, but for a short timeframe (only 8 weeks).

Kendel A. et al. studies business models for SM in France and, connected to them, possible
incentive systems, smart tariffs and other instruments aimed at changing household consumers’
behavior, integrating SM with solutions capable of exploiting renewable energy sources and energy
stocks [19]. As new IT&C technologies keep developing, we can already talk about smart homes
integrating smart appliances and meters, home gateways, communication systems, sensors, controllers,
energy management systems, dynamic tariff systems and artificial intelligence predictions [20].

The residential consumers’ behavior is also studied in [21], identifying the common consumption
practices and uncovering the ways to influence the financial and non-financial factors [22]. To generate
actions that would reduce consumption, the Japanese study shows that households responded well to
financial incentives and less to the non-financial ones. Another study from Austria on 1500 households
analyzes the effects of real-time feedback provided by the consumers, together with a set of information
regarding energy saving measures that lead to an average of approx. 4.5% economy in electricity
consumption [23].
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Additionally, in [24], the authors studied the effects of smart display for households and show that,
even if households received educational materials, legislative framework information regarding these
issues and their short-term consumption dropped by 9%, which was not enough for long-term. Hence,
the effect of introducing ToU tariffs for residential consumers was investigated for a northern Italian
county [25], demonstrating that even if the consumption peak in the morning was diminished and the
bills were reduced by 2.21%, the average electricity consumption increased by 13.69%. Under these
circumstances, other researchers studied the consumption behavior in 2000 households in Sweden for
4 years, to identify measures and causes that can influence the reduction of residential consumption [26].
They observe that those consumers that had a web available consumption display achieved energy
savings around 15%, as the information led to action.

Usually, complex surveys offer extensive knowledge about their respondents, while simultaneously
presenting a challenge due to their high dimensionality and due to the occurrence of variables of
different types. According to [27], a data set is considered high-dimensional if it exceeds 16 variables.
Therefore, with more than 140 questions in the pre-trial questionnaire, and over 190 questions in the
post-trial questionnaire that we analyze, both easily fall into this category.

3. Input Data

3.1. Advanced Electricity Tariffs

The Commission for Energy Regulation from Ireland administrated a project to identify
the electricity consumers behavior regarding peak and overall electricity usage considering the
implementation of SM technology, ToU tariffs and other stimuli [3].

Three types of consumers—small and medium enterprises (SMEs), residential consumers and
others were involved in a trial period in 2010. It was preceded by a pre-trial that consists in
designing ToU tariffs and demand side management (DSM) incentives, such as: recruitment and
grouping the consumers, consumption monitoring and reduction incentive, recruitment, tariff allocation
matrix and pre-questionnaire, and was followed by an account reconciliation and post-questionnaire.
The consumers’ bills from the test groups were regulated by applying the flat tariff instead of the trial
ToU tariffs. In this paper, we concentrated our analyses on residential consumers, because different
DSM strategies were envisioned for SMEs and others.

The test groups that each corresponds to a ToU tariff were set to DSM, while the control group
was billed as before with the flat tariff (tariff E equals 14.1c/kWh). Four three-level ToU tariffs and one
tariff for weekend (W), as in Figure 1, were created and applied for residential consumers.
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Figure 1. Time-of-Use (ToU) tariffs.
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C and D are remarkable by higher peak rates and lower off-peak rates, also W tariff has a higher
peak rate from Monday to Friday, but constant low rate during weekend days. Such tariffs reward
consumers that shift their consumption from peak to off-peak intervals. On the other hand, A and B
are less rewarding, but their peak rates are also less penalizing.

3.2. Brief on Pre- and Post-Trial Questionnaires

The pre-trial questionnaire consists in 143 questions, and provides data about respondents from
different points of view, such as: sex, age, employment status, education, income, Internet access,
broadband, usage, size and structure of the family, positive or negative attitude to reduce or shift the
electricity usage, household description (surface, no of bedrooms, construction year), actual heating
system, appliances, measures to reduce the electricity usage and expectations from the trial period.

Figures 2-8 provide insights regarding the consumers attitude before trial. Figure 2 synthesizes
the data gathered through the pre-trial questionnaire regarding sex and age categories that benefit or
not from the Internet access.

Refused !
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o 56-65 F
© 46_55 F
- 18-25 |
§ Refused [I® H Yes
g 65+ e
Q 56-65 (I —— = No
26-35 [T
18-25 F
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Number of respondents with or without Internet access
Figure 2. Pre-trial respondents’ profiles from the Internet access point of view.
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Figure 3. Pre-trial respondents’ positive attitude to reduction of electricity usage.
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Figure 4. Pre-trial respondents’ negative attitude to reduction of electricity usage.
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Figure 5. Pre-trial respondents’ negative attitude to the electricity usage recommendation.
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Figure 6. Pre-trial respondents’ electricity usage motivation regarding bill reduction.
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Figure 7. Pre-trial respondents’ electricity usage motivation regarding environment care.
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Figure 8. Pre-trial respondents’ expectation regarding electricity bill.

Figure 3 shows the attitude of the respondents on education levels that reacted to the statement
“Ifwe would like to do more to reduce electricity usage”. Most of them strongly agreed or agreed. Similar
results are obtained when the respondents were grouped on employment status or age.

Figure 4 shows the attitude of the respondents on education levels that reacted to the statement
“It is too inconvenient to reduce our usage of electricity”.

Figure 5 shows the attitude of the respondents on education levels that reacted to the statement
“I do not want to be told how much electricity I can use”. The answers were less polarized, whereas the
proportions of the respondents that strongly disagreed or strongly agreed are not very different.

Figure 6 shows the attitude of the respondents on education levels that reacted to the statement
“Ifwe amjare interested in changing the way Ifwe use electricity if it reduces the bill”. In this case, the answers
were well polarized around “strongly agree” and “agree”.

Figure 7 shows the attitude of the respondents on education levels that reacted to the statement
“lfwe amfare interested in changing the way lfwe use electricity if it helps the environment”. In this case,
the answers were also well polarized around “strongly agree” and “agree”. Only the neutral answers
are more often than in the previous figure.

Figure 8 shows the expectation of the respondents on education levels that reacted to the question
“How do you think that your electricity bills will change as part of the trial?”. Most of the respondents (81%)
expected to decrease the electricity bill, while 18% answered with “No change”.

The post-trial questionnaire consists of 234 questions answered by the consumers who finalized
the trial period. They measure the attitude adjustments in terms of electricity usage to the pre-trial
findings. The majority of questions referred to the consumers’ opinions regarding the perceived
electricity usage and the impact the ToU tariffs and other DSM stimuli.
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Figures 9-16 provide insights regarding consumers attitude after trial. Figure 9 shows the attitude
of the respondents on age categories that reacted post-trail to the statement “I/we would like to do more to

reduce electricity usage”

300
]
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Figure 9. Post-trial respondents’ positive attitude to reduction of electricity usage.
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Figure 10. Post-trial respondents’ electricity usage motivation regarding bill reduction.
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Figure 12. Post-trial respondents’ negative attitude to the electricity usage recommendation.
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Figure 13. Post-trial respondents’ time spent to understand the tariffs.
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Figure 14. Post-trial respondents’ answer regarding electricity bill change.
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Figure 15. Post-trail tariff perception regarding behavioral changes.
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Figure 16. Impact of the ToU tariffs as perceived by post-trial respondents.

Figure 10 shows the attitude of the respondents on age categories that reacted post-trail to the
statement “I am interested in changing the way I use electricity if it reduces the electricity bill”. Most of them
strongly agreed or agreed.

The attitude of the respondents on age categories that reacted to the statement “I am interested in
changing the way I use electricity if it helps the environment” is also similar.

Figure 11 shows the attitude of the respondents on education levels that reacted to the statement
“It is too inconvenient to reduce our usage of electricity”.
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Figure 12 shows the attitude of the respondents on education levels that reacted to the statement
“I do not want to be told how much electricity I can use”.

Figure 13 shows the time the respondents spent to study and understand the tariff structure.
A total of 43% of the respondents spent less than 15 min, while 25% of the respondents spent between
15 and 30 min. Similar proportions were recorded in case of the time spent by the respondents to
understand the overall load reduction, electricity monitor and electricity usage statement as part of
DSM measures.

Figure 14 shows the answer of the respondents to the question “By what amount do you think that
your electricity bills changed as a result of the trial?” A sum of 66% of the respondents considered that
their electricity bills decreased somewhat or a lot, while 29% of the respondents considered that their
electricity bills had not changed. Similar results were obtained when the respondents evaluated the
change of the electricity usage or electricity usage at peak hours.

A total of 82% of the respondents strongly agreed or agreed that the tariff helped them change
consumption behavior, as shown in Figure 15.

The encouragement perceived by respondents to reduce the electricity usage offered by tariff
structure is given in Figure 16.

Similar results were obtained in case of the encouragement perceived by the respondents to reduce
the electricity usage by electricity monitor and additional information from the invoice.

3.3. Consumption Data Processing

The available consumption data consisted of text data files, with three fields being the customer
identifier, a compound field containing date and time information and consumption data corresponding
to 30-minute samples.

The data files contained 157,992,996 records regarding 12 months of metering for 6435 customers
(4225 residential customers, 485 small and medium enterprises and 1725 of another type).

MongoDB was chosen to be used as a data storage solution. Combinations of various languages,
techniques and software applications were used, in order to maximize data analysis capabilities (the
C#, R, and Python languages, SQL queries and MongoDB aggregations, .csv files, .xIs spreadsheets,
SPSS statistical analysis).

The main data processing flow diagram is given in Figure 17.

Data decoding & cleaning
using C#, followed by
writing in database and
text files

Original encoded data

files Data stored in MongoDEB

Multiple data processing
and aggregation
operations using Excel.
Data access obtained
with Mongo Bl connector.

Multiple data processing
and aggregation
operations using R. Data
access obtained with
mongolite.

Text files with decoded,
clean data (backup)

Aggregated data export
to monthly csv files.

Multiple data processing
and aggregation
operations using Python.

Various results
(diagrams, tables, eic)

Figure 17. Data processing flow.
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4. Methodology for Analyzing the Questionnaire’s Data

Every data mining process requires the sequential completion of the following essential steps:
problem statement, data collection, survey and preprocessing, data modeling and knowledge
deployment. The survey is a commonly used method for gaining insights into data so the appropriate
modeling tools can be used. Multiple strategies might be applied in order to preprocess the data,
and sometimes different data sets are needed, therefore visualizations and meaningful summaries
are required.

SOM are models used to lower the dimensional space in which data is represented, especially when
the number of clusters is unknown. The SOM approach reorganizes data into a lower- dimensional
space, by transferring similar data into corresponding areas. Usually, neurons are placed at the nodes
of a two-dimension lattice and the locations of the nodes (coordinates) are indicators of the statistical
characteristics contained in the input vector of that specific neuron. The purpose of the SOM is to
convert the incoming signal pattern of random dimension into a one-or-two-dimensional discrete map
and to adapt this transformation to a topologic order as in Figure 18.

1 or 2-dimen-
SOM sional discrete
map

n-dimensional
signal pattern

Figure 18. Transforming incoming signal with Self Organizing Maps (SOM).

Each neuron will be connected to the nodes from the input vector. The dimension of the input
space is denoted by 1, therefore a randomly selected vector from the input space will look as follows:

x =[xy, 20, %0)" 1)

The weight space of each neuron in the network will have the same dimension as the input vector.

w; = [wi1/wi2...zwin]T (2)

wherei € {1,2,....,p}, and p is the number of neurons from the network.

To obtain the best pair of the input vector with the weight vector w;, the products w;’ x x will
be calculated and the largest one will be selected, a method which is equivalent to minimizing the
Euclidean distance between x and w;. The result will identify the topologic region (neighborhood)
where the excited neurons are centered. Identifying the index of the neuron that best matches the input
space means the fulfillment of the following condition:

i(x) = argmin||x — wjll 3)

The neuron identified is called the winning neuron or the winner-takes-it-all neuron for the input
vector x. Provided the need of the application, the network will return either the index of the winning
neuron or the weight vector that is closest in Euclidian terms to the input space. The topological
neighborhood for neuron i (the winning neuron is center of the topological area as in Figure 19), and
the excited neuron (we consider a specific one j), denoted ;, is a function of the distance between the
excited neuron and the winning neuron, denoted k; ;, defined by two requirements: /; ; is symmetrical

]
with the point k;; = 0; and the amplitude of the function decreases while the distance increases.
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Figure 19. Neighbor selection of the winning neuron [28].

Multiple measurements methods for distance calculation might be used such as: Manhattan
distance, vector product, Mahalanobis or Chebyshev distance.

One common use for the topological neighborhood function that satisfies these two requirements
is the Gaussian function, where o parameter defines the extent to which neurons participate in the
learning process or the neighborhood radius at iteration i.

L2
i ) )

hiiy = eXP(—T‘Z

The last step in the process of SOM algorithm definition is the synaptic adaptive process, therefore
the vector w; of the neuron j must change in relation to the input x. The equation for updating the
weight vectors is as follows:

wi(t+1) = wi(t) + p(B)hij ()] x) - wi(t)] 5)

where i is the index of Best Matching Unit (BMU), t is the learning step and ¢ is the learning
rate parameter.

The learning rate parameter decreases gradually as time increases. The neighborhood size
decreases also as the iteration number increases.

The methodology for implementing the unsupervised SOM algorithm is presented in Figure 20.
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Figure 20. Methodology of unsupervised SOM algorithm on questionnaire data.

5. Results

5.1. Electricity Consumption Data

The consumption data summing up more than five hundred million rows were handled in
MongoDB and analyzed with Python. In the following paragraphs, we depict the consumption data.
In this sense, the total hourly consumption, for all types of consumers for each weekday, is shown in
Figure 21. It is obvious that weekend profiles are slightly different than the rest of the weekdays.
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Figure 21. Total consumption (kWh) per category of customers, weekday and hour.

The total hourly consumption decomposition for residential groups and for each weekday is
presented in Figure 22. In this case, load profile of groups A and C are similar. Also, B and D groups’
load profiles are similar, while E is in between the two groups.

160,000
140,000
120,000
100,000
80,000
60,000
40,000

0 51015201 61116212 7 1217223 81318234 914190 51015201 6 111621

ELECTRICITY CONSUMPTION (KWH)

1.Monday @ 2.Tuesday 3.Wednesday 4.Thursday = 5.Friday @ 6.Saturday @ 7.Sunday
DAY OF THE WEEK

Figure 22. Total hourly consumption (kWh) of residential consumers, per tariff, for each weekday.

The proportion and the total consumption of consumers’ categories is given in Figure 23.
The majority (66%) consists in residential consumers. Almost half of the total consumption belongs to
residential consumers.

7%

H residential ®WSME ®other M residential ®WSME m other

Figure 23. The percentage and total consumption (kWh) per category of customers.
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The average consumption for each group of residential consumers is described in Figure 24.
Except for D and E groups, the averages are similar. While, at first glance, the figure may seem to
indicate significant variations between D and E categories and the rest, the difference is small enough
to ignore / attribute to statistical variations (3.76% between D and W, and 4.69% between E and W).

0.5150
0.5100

0.5050 £
0.5000 A, 0.5085 B, 0.507¢ C, 0.5063

0.4950

0.4900
0.4850 D, 0.4916

0.4800 E, 0.4868
0.4750
0.4700

W, 0.5108

Electricity consumption (kWh)

A B C D E w
Group

Figure 24. The average hourly consumption (kWh) of a residential customer per tariff.

The daily load profile as total consumption for the three categories is given in Figure 25.
The differences are evident, and they are dependent on the activities of each consumers.

4,000,000
3,500,000
3,000,000
2,500,000
2,000,000
1,500,000
1,000,000
500,000

0

Electricity consumption (kWh)

123 456 7 8 910111213141516 17 18 19 20 21 22 23 24
Time (hour)

e residential SME other

Figure 25. The daily load profile (kWh) of residential, small and medium enterprises (SMEs) and
other consumers.

The daily load profile as total consumption for the six residential groups is given in Figure 26.
The shapes are similar especially for A and C or B and D groups, while E profile is in between of the
two groups and W profile is almost flat.

1,200,000
1,000,000
800,000
600,000
400,000
200,000

0

Electricity consumption (kWh)

123456 7 8 9101112131415161718192021222324 e\
Time (hour)

Figure 26. The average hourly consumption (kWh) of a residential customer per tariff.
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The heatmap in Figure 27 shows the average hourly consumption level for each test group that
has allocated a certain tariff. It reveals several aspects:

- Actual peak, off-peak and mid-peak hours do not identically correspond with ToU rates.
For instance, the peak hours stretch from 17 to 21;

- D and W groups have the lowest average hourly consumption probably as a consequence of high
peak rate;

- A and B groups have the highest peak consumption due to the less punitive peak rates.

.»cm

- 060

- 045

. =

5 2 4 3 6 1

]
3
5
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—
~

|
2315 14 11 10

tarrif

Figure 27. Heatmap test groups vs. hourly consumption.

5.2. Tol Tariffs

The ToU tariff are multiplied by the hourly consumption of each consumer (identified by a meter
ID) for entire period from December 2009 to November 2010. The data set is processed in a dataframe
(df) format in Python Pandas library.

31 23

Y Y Y CixTouxy = pX ©)

meterID 1 h=0

Five ToU tariffs X = {A, B,C, D, W} with different rates are characterized by three levels y =
{peak, of f — peak, mid — peak}.

Intervals associated to the rates are described as follows: peak hours: 18, 19 — 2 hours; off-peak:
0-8, 20-23 — 13 hours; mid-peak: 9-17 — 9 hours.
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Several what-if scenarios are carried out simulating that a test group of consumers X pays other
tariffs — monthly_pX € {pA, pB, pC, pD,pW} The payment for a test group is calculated considering
the five ToU tariff rates.

The optimal payment is the minim value of the payments with different ToU tariffs at the monthly
level. The comparisons are monthly performed as the measures regarding house energy efficiency are
gradually implemented during the trial period.

Optpayment = mln(monthly_pX) (7)

The difference between the payment with the initial tariff E and ToU tariffs are evaluated calculating

a monthly coefficient cy,.

— PX 100% — 100 8
Cm = PE o ( )

The reduction coefficient to improve the ToU tariffs are calculated as average of the cy.
¢y = average(cy) )

The residential consumers were initially allocated the ToU tariffs forming six groups that
corresponds to each tariff as in Figure 28. The purpose of applying various ToU tariffs was to
test if, and in what measure, the consumers can be persuaded, via tariff, to change their consumption
behavior. In addition, the electricity bill amount was observed as the payment is a significant incentive.

W Tariff A ETariff B Tariff C WM Tariff D W Tariff E ®Tariff W

2%

28%

Figure 28. Initial allocation of ToU tariffs.

However, the recommended tariffs that would minimize the electricity payment considerably
differ. For this analysis, we performed monthly what-if scenarios that lead to the conclusion that in
most of the cases tariff A and W are recommended, since they minimize the consumers’ payment,
as shown in Figure 29.

Considering the frequency of recommended ToU tariffs, we conclude that only for group W,
the allocated tariff minimized the payment in 50% of the time (for 6 months), while for group A,
the tariff minimized the payment for 7 from the 12 months. For groups C and D, the more convenient
option is tariff A or W, mainly because W has higher peak rate similar with their allocated tariffs.
The advantage of tariff W is the flat lower tariff rate applied on weekend days. Thus, it advantages the
consumers groups with the high consumption on the weekend. Also, A is an efficient tariff for all test
groups (especially A and B), as it has the lowest peak rate.
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Figure 29. Frequency of recommended ToU tariffs.

Thus, we simulate that each group of consumers would pay each of the proposed tariffs, and
identified the tariffs that minimize the payment, as in Figure 30.

1830000
1630000
1430000
o
£ 1230000 mpA
£ 1030000
c HpB
g 830000
> 630000 pC
(-9
430000 mpD
230000 = pw
30000 EETEE
A B D E w

Tariff Group

Figure 30. Payment with each ToU tariffs at test groups level.

We also simulated the payment with each of the ToU tariffs for all consumers, regardless of
the test group at the monthly level. Figure 31 shows higher payment during winter months that is
influenced by a higher consumption for heating. However, the lowest payment is obtained with tariff
A (seven times) and W (five times).

600000

500000

400000 mpA
H pB

pC

100000 W pD
mpW

Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov

Payment (Euro)
N w
o o
o o
o o
o o
o o

Time (month)

Figure 31. Payment with each ToU tariffs at monthly level.
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In other words, tariffs B, C and D, with higher peak rates, could not be recommended as higher
payments result with these tariffs. Still, most of the consumers are better-off with tariff A that has the
lowest peak rate. Although tariff W has the highest peak rate during the working days, on weekend
days the rate is flat and lower, corroborated with a high consumption, as in Figure 32.

5000000 4

4000000 4

3000000 1

2000000 4

Total consumption [kWh]

1000000

Friday ~ Monday Saturday Sunday Thursday Tuesday Wednesday
weekday

Figure 32. Electricity consumption for each weekday:.

Figure 33 shows the differences between payment with tariff E and payment with the allocated
ToU tariffs for each month.

12

=
o

0o

mA

(o)}

mB

4 C
IO o o 0 LR -
1 2 3 4 5|6 7 8 9 10 11 12

Time (month)

N

Payment increase/decrease
compared with tariff E (%)

Figure 33. Monthly difference between payment with tariff E and payment with ToU tariffs.

On average, the consumers’ payment was with around 19.39% higher than with tariff E. In only
three months—June, August and September—tariff W proved more efficient than tariff E.

Additionally, Figure 34 shows the variation of ToU tariffs along a year, reveling that concentric
circles for A-D tariffs, while W, with the butterfly shape is different crossing the A and B circles for
certain months (December and March), mainly due to the weekend low rate.

Calculating the mean of these differences of payment between tariff E and ToU tariffs, we identified
the reduction that will improve the ToU tariffs as in Table 1.



Sustainability 2020, 12, 3442 20 of 30

11

10 \ " 4

7

Figure 34. Monthly radar difference between payment with tariff E and payment with allocated
ToU tariffs.

Table 1. Tariff reduction.

Tariff %Reduction
A 1.80
B 3.57
C 5.17
D 6.94
W 191

While Figure 26 seems to suggest that there are differences in the consumption profiles of the
various customers categories, per ToU tariff, this is only due to the variated size of the categories,
and not to their consumption patterns. Figure 35, which shows the average consumption for each
customers category, per tariff, indicates only slight variations between the categories.

0.9000
= 0.8000
= 0.7000
'c 0.6000
2 0.5000 B
0.4000 c
0.3000
0.2000
0.1000 R
0.0000

Electricity consumptio
o

1234567 8 9101112131415161718192021222324

Time (hour)

Figure 35. The average hourly consumption (kWh) of residential customers per tariff.

Regarding the data the Figure 35 is based on, the conclusion of our analysis is that the proposed
method for changing the customers’ consumption behaviors via differential tariffs could not provide
clear evidence. The consumers followed their inherent consumption patterns without any regard
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for the penalties imposed, in various degrees, by most of the ToU tariffs, on the consumption at
peak hours. This gives a large variation in the total electricity to be produced by generators and
transported/distributed by the grid operators, per hour, with a minimum in consumption, at 4’o clock
(in the night), of 890,219 kWh and a maximum, at 18 (in the evening), of 3,691,177 kWh. The mitigation
of this large variation was exactly the reason the ToU tariffs were proposed in the first place.

Following this conclusion, we attempted to identify if the bulk of the peak hour consumption can
be attributed to any particular group, not regarding the ToU tariffs, as it was obvious that there are no
real differences caused by the tariffs. We found that the same consumers, which are ranked highest by
the total consumption are also ranking highest by the consumption at peak hours (17-22).

First, we ordered the consumers descending, by their total consumptions, obtaining the results as
in Table 2.

Table 2. Segments of consumers with high share in the total consumption.

% of Total Consumption Segment of Consumers on the % of Total Residential
¢ P Ordered Table Customers (4225)

10% of total consumption first 187 consumers 4.43%

25% of total consumption first 558 consumers 13.21%

50% of total consumption first 1336 consumers 31.62%

Next, on the same table, without any reordering, we attempted to identify the customers which
are contributing more to the consumption at peak hours and found that they are almost the same, as
given by Table 3.

Table 3. Segments of consumers with high share in the peak consumption.

% of 17-22 Consumption Segment of Consumers on the % of Total Residential
’ P Same Ordered Table Customers (4225)

10% of 17-22 consumption first 196 consumers 4.64%

25% of 17-22 consumption first 567 consumers 13.42%

50% of 17-22 consumption first 1340 consumers 31.72%

Our conclusion was that it would be possible to notably alter the total consumption hourly pattern,
by changing the consumption behavior of a reduced set of customers (less than one third of them, for a
radical change).

We further analyzed several what-if scenarios, based on the idea of changing the consumption
behavior of various sized selected subsets. The proposed change was to move about 50% of the
consumption of the selected consumers from the peak hours (17-22) to the off-peak interval (1-6,
during the night). While direct modification of consumption behaviors may not be possible, for a small
enough number of customers technical approaches may be found (e.g., small electricity accumulators).

The results of the what-if scenarios can be seen in Figure 36.

The consequences of attaining the proposed scenarios are given in Table 4:

Table 4. Results of the proposed altered pattern for the higher-ranking consumers.

Actual Total Results of the Proposed Altered Pattern for the
Indicator Consumption Higher-ranking Consumers
(cWh) 196 (4.64%) 567 (13.42%) 1340 (31.72%)
Minimal consumption per hour 890,219 1,067,640 1,333,912 1,652,316

Maximal consumption per hour 3,691,178 3,509,498 3,233,016 2,836,683
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Figure 36. The results of the proposed what-if scenarios.

As per the values given in Table 4, if such results are achievable, the best-case consequence would
be a 23.15% reduction on the maximal consumption could be sustained.
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5.3. Questionnaire Insights

Clusters are one of the most efficient ways to represent features of data, and the SOM algorithm
is especially relevant for analyzing survey data, because of its visualization properties. When data
is unlabeled, the algorithm is efficient by indicating the number of classes, but if data is labeled,
the algorithm may be used for dimensionality reduction.

The algorithm creates one or more prototype-vectors that are relevant for the input data set,
and it preserves the topology of the data by projecting the set of the prototype vectors from the
dimensional space onto a low-dimensional grid. Pre- and post-data surveys contain opened and
closed questions related to consumer profile, consumption trends, but especially related to the attitude
towards consumption and the considerations related to reducing electricity consumption.

The questionnaire responses were loaded into pandas’ Data Frames objects (questions were
represented as columns and each respondent id defined the index for each row) and various functions
were applied in order to determine the data types, the number of missing responses or statistical
insights. Data preprocessing implied replacing inaccurate data with significant values, in accordance
with the question type, as described in the data processing steps in Figure 37. Also, some redundant
questions were removed.

problem structure for . collected gaining insights
data collection into data (e.g.
statement future data data
survey)
create . -
lone or more . o visualizations
visualizations and .
data sets . and summaries
summaries

select appropriate
modelling tools

data

preprocessing via

one or more
strategies

data models
(knowledge)

knowledge
deployment

data modelling

Figure 37. Steps for data processing.

For the vast majority of the questions, scaling was not necessary because of the question
type—binary or categorical—and also because of the meaningful codification of answers where this
was relevant. For some questions, the standard scaler was used, and for a few features with large
magnitudes, a min-max scaler was applied.

The network was trained for 10,000 epochs with a learning rate of 0.01 and with a sigma of 1. One
feature is selected (question: “I [we] can reduce my [our] electricity bill by changing the way the people I live
with and I [we] use electricity)”, and the distribution of nodes is presented in Figure 38.

The map in Figure 38 reflects the network nodes for a subset of the post-questionnaire set that
includes answers related to the attitude in relation to the reduction of energy consumption. Answers
related to the personal assessment of the knowledge of reducing consumption were considered in the
input data. The SOM visualization helps to identify the classes of consumers, using as input space the
attitude type questions towards a certain situation, such as: the society/individual must or should
reduce the consumption of electricity, or the motivation behind consumption reduction: environmental
problems or personal financial reasons.
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Figure 38. Map of nodes colored in accordance with the fifth feature on a 30x30 map.

A Unified-Index Matrix represents a special graph type that reflects the distance between the
nodes in the grid. A large distance is represented by a dark area, while the lighter colored areas mean a
smaller distance between nodes-edges between similar data groups. For an input space of dimension
11, the features were the answers to questions about the household income and the answers to the
question “Ifwe have made changes to the way lfwe live in order to reduce the amount of electricity l/we use”.
After generating a 30 x 30 SOM, in which each vector represents one or more items, the U-Matrix was
constructed as in Figure 39 by computing the sum of the Euclidian distances for each neighboring cell
and calculating the average. If the result is small, then the items more likely belong to the same class.
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Figure 39. U-Matrix.

By looking at the U-matrix, the lines suggest that there are four areas of similar consumers.
Dimensionality reduction is graphed in Figure 40.

We can deduct that items from the blue area are very different than the items in brown area and
green-blue and brown-yellow areas are somewhat similar. Also, we can observe one SOM limitation,
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namely that categorical answers are not handled well, because the algorithm assumes that the variables
are continuous. In the same time, inconsistent solutions were identified while running the analysis
multiple times, because initial positions of neurons differ. The cluster number can only be determined
after the algorithm consistency was established.

Figure 40. Dimensionality Reduction.

Another limitation is that the number of iterations is difficult to be determined, but according
to [28] the map will converge, after an adequate number of iterations. We also set up a group of
questions, named set of questions 1, related to the same topic: “perception of the usefulness of the
instruments received at the beginning of the trial (monitors, stickers, magnets, etc.)”.

For all these questions the answers are on a scale from 1 to 6, where, to questions such as:
“how useful were the stickers or magnets”, 1 as answer means totally useless, and 6 means very useful.
The missing answers were filled with 0, and also scaling was applied to improve accuracy, because
some questions only had the scale of the answers from 1 to 5.

This set of questions also contains questions linked to the electricity monitor, from the evaluation
of the time of understanding of the device’s operating mode (1:very easy, and 6:very difficult) to the bill
evaluation in terms of electricity consumption. It can easily be observed that questions with a similar
response (black squares as in Figure 41) have been arranged by the neural network very close to each
other. Black squares represent the answer to the question codified by 5—which means strongly agreed
or very satisfied with the outcomes. The default color for missing values (zeros) was red colored,
but it was removed for a better and more understandable representation. Incidentally, other answers
are represented close to each other (1-green, 2-cyan, 4-white,3-blue, 6-yellow). The white ones are
in immediate closure to the black squares, which means the network identified correctly groups of
respondents that agree or are satisfied with the electricity monitor and may consider that over the trial
the amount of electricity was reduced. Other markers—blue, green and cyan are also close to each
other, but more scattered over the map, which means that some of the respondents have strong beliefs
in report to some situations or questions, but they disagree on other statements.

For another set of questions with a topic related to the person’s own measures taken to reduce
consumption, the magnitude of these measures, the degree of modification of the consumption mode
(day/night or hourly intervals), the grouping of answers is represented in Figure 42.

We can see that the respondents who are represented by the yellow marker (6: strongly agree)
are very well delimited by those who gave answers from 1 to 4. It can be deduced that those who
have adopted their own measures (minor or major measures) have also observed a decrease in energy
consumption and reported a general change in consumption mode.
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Figure 41. Winner nodes representation for set of questions 1.
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Figure 42. Winner nodes representation for set of questions 2.

6. Discussion

In this section, we analyzed a couple of references and the current study (as in Table 5) from
different point of view, comparing the sample size in terms of number of households and the main
findings of the researches considering their target that was briefly described in Section 2.2.

Compared to the above mentioned research papers, the current study analyzes complex and
high-dimensional datasets, such as: a large electricity consumption dataset in correlation with ToU
tariffs implemented during the trial period after the installation of SM, pre- and post-trial voluminous
questionnaires that revel the consumers’ pattern and the behavioral trend.
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Table 5. Comparison among several references and the current study.

27 of 30

Sample Size

No. Reference Summary Country (Households) Main Findings
Variability of sample size A small reduction in the consumption level,
Energy consumption feedback - installing real-time . . is analysed: larger sample around 3-5%, together with a reduction of
1 [13] display of electricity consumption Australia and other countries sizes are correlated with the consumption peak, but it did not lead to
lower conservation effects  lower carbon or greenhouse gas emissions
5 [14] Instal.hng different types of.de\{lces tp mo.mtor United States 151 A reductlgn of 12% in mean electricity
real-time energy consumption in residential houses consumption
Use more performant feedback technologies, o Lo .
.1 . . . . . . 5.7% average reduction in consumption,
3 [18] providing real-time information that is accessible Switzerland N.A. .
. . especially at peak hours
through mobile devices
Effects of real-time feedback provided by the An average of approx. 4.5% economy in
4 [23] consumers, together with a set of information Austria 1500 erag pprox. .57 y
. . electricity consumption
regarding energy saving measures
5 [24] Effects of smart display for households United States 432 lS)lylogrot—term electricity consumption dropped
o
. . . . . Peak in the morning was diminished and the
6 [25] Effect of introducing ToU tariffs for residential Ttaly 1446 bills were reduced by 2.21%, the average
consumers .. Lo
electricity consumption increased by 13.69%
Identify measures and causes that can influence the Consumer.s tha.t had web 'avallable
7 [26] : . . . Sweden 2000 consumption display achieved energy
reduction of residential consumption . o
savings around 15%
8 Current study Analyse complex datasets: electricity consumption, Ireland 4924 23% of the peak consumption can be reduced

tariffs and questionnaires

by shifting it from peak to off-peak hours
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7. Conclusions

In this paper, input data analysis on several data sets starting with consumption data, tariffs and
surveys were performed.

On one hand, the consumption data recorded by more than 4000 SM indicate the load profile
of the residential consumers for weekdays and weekend days. The most recommended ToU tariffs
proved to be tariff A, with the mildest peak rate, and tariff W that has a very convenient rate during
the weekend.

On the other hand, the effects of the proposed tariffs in correlation with the consumption data
were investigated, leading to the improvement of the ToU tariffs so as to minimize the electricity
expenses. Also, the consumption at peak was investigated, revealing that segments of consumers
majorly influence the peak consumption. For instance, we discovered that 50% of the peak consumption
belong to about 1300 consumers, which is less than one third of the total consumers. Hence, DSM
should be directed to these segments that have the highest impact of the load curve.

We clustered the consumers with SOM based on the answered from the pre- and post- trial
surveys. A major advantage of the SOM algorithm is that it is an intuitive method of segmenting
the profiles of the questionnaire respondents. A disadvantage for the study of the questionnaires
with SOM is the coding of the open questions, because the training stage implies the existence of
numerical data. Standardization is not always necessary, but it improves the numerical accuracy of
codified responses. Kohonen'’s algorithm is simple, yet powerful in processing and analyzing survey
data, as it by provides important data information by placing significant attributes in an input data
set in a small grid. The algorithm is trained in a unsupervised manner on a large set of input data,
and if these contain groups, the data vectors matched by these groups are mapped by SOM, so that
the distribution of the vectors is an approximation of the distribution of the original data set. Map
visualization significantly improves data understanding.
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List of variables

Dataframe objects containing set of questions with answers, columns are the questions and

data respondents’ ids are the indexes of the rows. Questions sets might be identified by
applying topic modelling technique.

ng Number of features

Myow Number of rows on map

Meolumn Number of columns on map

t Iteration index

tmax Number of epochs

X(p) Random selected input

i(x) Index of the BMU
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P(0) Starting learning rate

b Neighborhood function that determines the distance between excited neuron j and winning
Filx) neuron i

P Learning rate at step ¢. Learning rate decrease as iteration increases.

w;(t) Weight of node i at step ¢

Cy, Hourly consumption

X Tariff type

y Tariff level

pX Payment with a ToU tariff (A, B, C, D or W)

monthly_pX  Monthly payment with a ToU tariff

OPtpayment Optimal payment

Cm Monthly coefficient

Ccy Reduction coefficient

Txy A certain tariff type level

List of acronyms

BMU Best Matching Unit

DSM Demand Side Management

ICT Information Communication Technology
MR MapReduce

NoSQL Not only Structured Query Language
SM Smart Meters

SME Small and Medium Enterprises

SOM Self-Organizing Maps

ToU Time-of-Use
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