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Norte, as well as simulated curves obtained frorsiraulation software previously

developed called GenMix.

The validation of the previously developed softwg@enMix) is done comparing the real

and simulated data by means of the visualizatioh to

The pattern extraction technique is validated usisgalization techniques, considering

that the parameters for generating the simulatéal at@ known.
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5.Introduction

5.1. Introduction

Electricity is a unique form of energy such that supply and use need to occur at the
same time. As a result, a large amount of resdzasibeen focused on characterizing and
forecasting electrical demand at a system demarel, Ian order to balance supply and
demand [2]. Various mathematical techniques haes hused to do this, each with their
own strengths and weaknesses [3] [4]. Recently,atalability of detailed electricity
consumption for the domestic sector also meansithatnow possible to apply these

techniques to characterise individual dwelling &leity demand [1].

5.2. Objectives

The main goals of this thesis are:

* To use complex visualization techniques to repreaealyse and cluster hourly
load curves obtained from residential customersigenl by the company Electra
Norte, as well as simulated curves obtained frasimaulation software previously
developed called GenMix.

» Validation of the previously developed software 1(Gkx), which is done
comparing the real and simulated data.

» Validation the pattern extraction technique by nseahvisualization techniques,

considering that the parameters for generatingithelated data are known.



6. State of art

6.1. Domestic load demand curve

Load curve data refers to the electric energy cmpsion recorded by meters at certain
time intervals at delivery points or end user pmitoad curve data is the “heartbeat” of

electricity systems and is one of several most i@ data sets collected and retained in

utilities. However, patterns of electricity use atsystem demand level and at an

individual dwelling level are very different.
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Figure 1. Daily load data curve of a client.
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Figure 2. Daily load data curve of a client.

Figures 1 and 2 show the daily load profile of tdiferent dwellings. The profile of
figure 1 shows a very low consumption at night, #meh a peak in the morning around
9am which lasts approximately 1 hour. Later, ther@nother two peaks from 1 p.m. to 3
p.m. Finally, there is another peak around 9 pmd. @another small peak around 11 p.m.
However, the profile of figure 2 shows a very loansumption at night and three peaks
from 12 to 7 p.m. At 11 a.m. there is another $imadk.

As figures 1 and 2 show domestic load profilesiangart, based on three events. First, a
very small amount of energy is consumed over thghtniduring this period the
consumption is almost zero. Second, when the holgeitcupants wake up there is a
peak of consumption in the morning. Finally, asgdea@ome from work, there is another
increase of energy consumption until the go to &égain and the consumption drops to

nearly zero.



However, in practice electricity is consumed farrengtochastically across a 24 hour
period as was shown in figures 1 and 2. There @ndas characteristic deterministic
patterns to that of the standard load profile, these often change on a daily basis and
between households. In this manner, a domestatrigiey demand load profile can be

thought of as a combination of both deterministid atochastic processes. [17]

Hence, it is known that the standard load profised by electricity suppliers only
represent an average use pattern for all the cestrout not a detailed representation of

each individual household consumption.

The methodology used to characterize the profédebased on a regression on various

parameters across a representative sample of doroestomers [5].

Demand not only varies from each household, but adsies from each day or the week
and each month for the same househahdterms of the magnitude of electricity
consumption and the time at which it is used. Elgty demand also depends on the
season, as the temperature and the number of daghgnges for each season. Figure 3,
shows how different is the consumption betweernfférgint households in one month and
also how it differs for the same household ineat#ht days of the month, in terms of

magnitude and profile.

Figure 3 shows the monthly load curve of six déferdwellings. It can be noticed that
the consumption is different between each dwelliipe maximum energy consumed by
each client varies from 1.5kWh to 3.5kWh. It can d@preciated that there are non
occupied dwellings, such as dwelling ZIV000347026&h8 ZIVV00034702617, where the
consumption is nearly 0 kWh most of the time. Thefife also differs for the same

dwelling in different days of the month. It is nefpetitive for all the days of the month.
The maximums and minimums are not produced at dngestime and do not have the

same magnitude.
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Figure 3. Monthly load data curve of different clients.

6.2. Importance of the characterization of domestic electricity
demand

The analysis of load curve data would greatly inpralay-to-day operations, system
analysis, system visualization, system reliabilgpgrformance, energy saving, and
accuracy in system planning [6]. Two key featureshie global vision of smart grid [7]
are self-healing from power disturbance events andbling active participation by
consumers in demand response. In deregulatedieigctnarkets information is a crucial
factor for the success of all involved players.ded, the knowledge about consumption
patterns is particularly important for the accorsipinent of agreements in the price of the
electricity, as well as the definition of marketipglicies and innovative contracts and

services [9].



Load profiles provide information concerning elet consumers’ consumption
behavior, useful for both consumers and suppl@esisumers can participate in the retail
market and manage their actual power consumptlowialg some change of their habits,
by, for instance, the establishment of electricrgnanterruption contracts. Suppliers
could use such information for load managementci§paew electricity tariffs and
identify load diagrams’ peaks [10, 11]. In fact,derstanding the demand behavior is

vital for decision in power system operation arahping.

The collection of valid load curve data is criti¢ar supporting decision making in a
smart grid system. For example, smart meters anmportant initiative in smart grid and

the quality of data is essential for the successwadrt meters.

Another field in which load data curve is importastthe field of effectively power

management based on Smart Grid, that is recentiyrarging issue in the electric power
industry. Especially, due to the increased recagmitof environment change from

increasing levels of carbon dioxide and the lackossil fuel, energy management based
on Smart grids becomes interesting. Power utiliiess trying to implement the Smart
Grid System for effective energy management, andotoesearch on renewable energy
such as solar photovoltaic power generation, windigy generation and waterpower

generation [13, 14].

To operate effectively, it is important that dabeat national or regional based real- time
power usage is accessible and applicable. Curmmeipgrid has facilities for monitoring
power usage on power grid, transmission lines amdesparts of distribution lines.
However, periodic acquisition of power usage ofteoer as well as distribution lines is

necessitated in order to operate power efficiefil§]

Collecting all load data accurately in fine gramiijais a challenging and costly task.
There is often missing and corrupted data in tleegss of information collection and
transfer. This is caused by various reasons inggudneter problems, communication

failures, equipment outages, lost data, and otofs. [8]



In order to characterize the electrical consumehsstering methods should be used
expecting that in the near future all, or almodt af the consumers have installed
automatic meter reading (AMR) which typically opesaat quarter-hountervals. This

results in a colossal amount of load data to haadtéto be analyzed. Therefore, since
thousands of customers may come to be analyzed &omd of automatic data analysis

method, as well as clustering analysis, shoulddaelU[12]

Load profile, every 15 minutes based power usageuirently collected by installation
of an electric meter to customers, but it is $tdld to obtain load profile from all users
because of non- AMR customers. Therefore, researclereating virtual load profile

(VLP) of non-AMR users is performed in order to garte the power usage of all the

customers. [10]

The accuracy of the VLP is affected by the accuraicthe typical load profile (TLP)
which is affected by the clustering method. Sopiider to obtain the load profile of all
the customers it is important to choose the corlrstering method to classify the AMR
customers, as this classification is used to critet®/LP of non-AMR users. [16]

6.3. Clustering methods

Clustering can be defined as the process of pariitg a large database into groups (or
clusters) based on a concept of similarity or proki among data. There is a wide
variety of clustering algorithms, although theren@ssingle algorithm that can, by itself,
discover all sorts of cluster shapes and structe®d clusters present high similarity
within a certain group and low or a very differesitilarity among objects of others

classes [18].

There are several clustering techniques that carsee to classify electricity consumers.
All of them start by deriving a matrix of featureotors for each load profile data set,

followed by the procedures as described below:



6.3.1. Hierarchical Clustering

Hierarchical clustering groups data, simultaneowosigr a variety of scales, by creating a
cluster tree. The tree is a multilevel hierarchyeve clusters at one level are joined to

clusters at the next level.

To perform hierarchical clustering, it is necesstryind the similarity or dissimilarity

between every pair of load profiles in the data #reh group them into binary clusters
based on the previously computed similarity matfike process is iteratively repeated
by merging the clusters of each level into biggeesat the upper level until all samples

are grouped into expected clusters.

The advantage of this method is that the origighds kept unchanged in the root of the
cluster tree [19].

The hierarchical clustering algorithm can be désatiin the three following steps [19,
20]:

1. Determine the similarity between every pairazd profile data sets.

2. Group into a pair and create a hierarchicaltelutree based on the determined

similarity criterion.
3. Determine the cutting position of the hierarahiuster tree.

Figure 4 illustrates the hierarchical cluster trebere the horizontal axis represents the
load profile data sets and the vertical axis regmeshe distance between clusters. A
possible cutting position is indicated by a dadiesl
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Figure 4. Hierarchical tree [24]

Determining the similarity or the distance betwéead profiles can be done in various
ways such as Euclidean distance, Mahalanobis distaity Block metric, Minkowski

metric and Hamming distance.

Grouping can be processed by linking pairs of Ipeafiles that are in close proximity
using linkage criterion such as shortest distaAgerage distance, Centroid distance and
Ward distance, which use the previously calculatistance. As objects are paired into
binary clusters, the newly formed clusters are peolinto larger clusters until a

hierarchical tree is formed.

The number of groups is determined by the cuttiagitmn in the binary tree which is
chosen either by the maximum distance admissibleyaselecting directly the distance

corresponding to the desired number of clusters.

The hierarchical clustering method is suitablehié tspecific number of groups is not

predetermined. In fact, the cutting position witermine the number of clusters.



6.3.2. Fuzzy K-means Clustering

This method is similar to standard K-means desdrédeove, the difference is that each
data set has a degree of membership to each iciitister [19], i.e. each data set belongs
to all clusters to some degree. The degrees of raeship for each data set to all clusters

should sum to one.

The procedure starts with determining the numbecla$ters and guessing the cluster
centre point (most likely incorrect), which is inteed to mark the mean location of each

cluster, then assigning every data set a membegsadge for each cluster.

The next step is updating each cluster centre pmidtmembership grade iteratively until
the position of the centre point is stable. In thiep the cluster centre point moves

iteratively to the correct position within the datts.

The Fuzzy K-means clustering technique does netefdgoundaries between data sets for
the first iteration, because the clustering prodeselves all data. The boundaries will

automatically evolve when the clustering procesoispleted.

Compared with the K-means method, the Fuzzy Km@aosess is longer, because the
iteration process is not only updating the centimtpbut also the degree of membership

of each data set.

The flowchart for this procedure is shown in Figbre

10
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Figure 5. Fuzzy K-Means Clustering [24]

6.3.3. K-means Clustering

The K-means clustering method groups load profieady determining a certain number
of clusters and a centre point for each clusteterAdetermining the centre point of each
cluster, each data set should be assigned to Hresteentre point then a recalculation of
the new centre point will be done iteratively utitié position of the centre point is stable
[19].

11



Assigning data to a centre point which is evaluateidg Euclidean, City Block, Cosine,
Correlation, or Hamming distance, automaticallyates boundaries between each data
set. Each particular data set will become a merobée nearest cluster after the first
iteration. The next iteration only has the functadrupdating the centre point position.

The K-means clustering sequence is described bjaehart in Figure 6.

Determined the numbers
of expected clusters

.

Initialise cluster centre points

!

Assign data to the closest centre point

h 4
Calculate a new cluster centre point

Stable
condition?

Clustering is completed

Figure 6. K-Means Clustering [24]
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This method does not create a tree structure toridesthe groupings of data, but rather

creates a single level of clusters.

K-means clustering uses the actual observation®bpécts or individual data and

therefore is more suitable for clustering large ants of data.

6.3.4. Follow the leader Clustering

The Follow the Leader clustering method has beecrdeed in [21, 22]. This technique
uses an iterative process to compute the clusteterse and it is not necessary to
predetermine the number of clusters. The numbetlusdters is automatically derived
from the determination of the distance thresholde Pprocess stops when the cluster

centre point is stable.

The function of the first iteration of the algomthis to determine the number of clusters
and their load profile membership. It means thatfiist iteration also creates boundaries

between load profile data sets.

The subsequent iterations adjust the load profiieepn to the nearest cluster and then

update the cluster centre point.

The selection of the distance threshold value ghbel done by trial and error until the

expected number of clusters is produced.

Figure 7 shows the flowchart for the above proessdescribed in [21].

13
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6.3.5. Fuzzy Relation Clustering

Another technique to classify electricity load dewmhaprofiles uses Fuzzy Relation

clustering as describe in [23].

Actually, this is a complex iterative process tah be simplified into the following

steps:
1. Determine the similarity of load profile datdssasing Cosine Amplitude Method.
2. Group the load profile data sets by using Max-Komposition Method.

3. Determine the number of clusters data by udimegliambda-Cuts for fuzzy relation
Method.

4. Obtain number of cluster.

Within the above process, there is an assignmetiteotiegree of membership for each
data set and an adjustment to the cluster censiéigroafter determining the value of the

threshold in the Lambda- Cuts process.

The number of clusters is dependent on the detatiom of the threshold value in the
Lambda-Cuts process. This value can be determigetlidd and error to produce the

required number of clusters.

This technique uses fuzzy relation to evaluatesthelarities and to group the data sets.
Therefore, the boundaries between data sets aatedrén the final iteration after the

threshold value is determined.

This technique is suitable for handling large sétkizzy data with complex interactions.

The numbers of customer classes being decidedeblyaimbda-Cuts.

15



/. Load demand curves

Two types of electric consumption data are goinpgcanalysed, as the amount of real
clients is very small, 300 clients are going tosbaulated using Gen Mix software and

they are going to be compared with the real clients

7.1. Real data

The real data is provided by the company ElectraeNd'he data includes the energy
consumption of 46 domestic customers in the monthFebruary. The energy

consumption is measured hourly. Figure 8 showsxample of one of these clients.
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Figure 8. Hourly energy consumption of one domestic client in the month of February.
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7.2. Simulated data: GenMix software

The simulated data is obtained from the GenMixveafé. The main objective of this
software tool is to successfully assess profesEpmaomoters or companies in the
selection of the best renewable-distributed gererahix suitable to be installed in
residential buildings considering technical, ecormoamd reliability aspects.

To fulfill the mentioned goal, the following actiigs will be developed:

1. Discussion and implementation of renewable/ithisted power generation models.

2. Discussion and implementation of a power dermmaadel for residential buildings.

3. Discussion and implementation of an energy gmraodel for distributed generation.

4. Analyze the grid energy exchange for renewalsteilduted generation systems in

residential buildings.

5. Evaluate and validate the developed computérntdoassess the power generation-mix
in residential buildings performing power reliabyiliand economic analyses for study

cases. [25]

For this thesis, among all the applications of tkisftware, the discussion and
implementation of a power demand model for residebuildings is going to be used to
simulate the demand of different kinds of dwellirdgpending it periods of occupancy

and the number of occupants.

7.2.1. Power demand modeling

The daily load profile shape will vary from day ttay and apartment to apartment

depending in the following factors:
1. Daily energy consumption.
2. Period of the house unoccupied during the day.

3. Individual consumption profile for every applcan [25]
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7.2.2. Daily energy consumption.

The daily energy consumption per dwelling primardgpends in the number of
occupants. For every country, there are represeatatatistical studies that detail the
yearly average energy consumption per home foerdifft number of occupants. For the
Spanish case, the main organizations providing ikéyrmation regarding the energy
consumption levels and patterns for end-users &ee IDAE (Instituto para la
Diversificacion y Ahorro de la Energia) [26] and RERed Eléctrica de Espafia) [27].

Table 1. Typical energy consumption for a single dwelling in Spain. [25, 48]

Typical yearly energy consumption Typical seasonal energy
Number of in asingle dwellingin kWh consumption in air
occupants excluding space heating and hot conditioning for asingle
water services dwelling in kWh
1 1200 300
2 2400 450
3 3250 550
4 3850 600
5 4500 650

Table 1 shows the typical yearly energy consumpgxeiuding space heating, hot water
services and air conditioning) for Spanish dweBin&imilarly, it also details the air

conditioning energy employed on summer.

Once this yearly energy consumption Eyear is sete(from the corresponding column
in Table 1 and depending in the number of occupams can split this energy into the
different days of the year. However, as [29] dstdhe energy consumption significantly
varies between the different days throughout thekweeing Saturday the one with the
biggest consumption, followed by Sunday (0.98 tin&esturday) and the different
weekdays (0.96 times Saturday). Bearing this indmnithe amount of daily energy

consumption for any of the 365 days of the yearlwarfiound by using equations (1) to

(3):
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Eyear = 261 * Eweekday + 52 % ESaturday + ESunday (1)

ESunday = 0.96 * ESaturday (2)
Eweekday = 0.96 * ESaturday (3
Where:

Eyear = Energy consumed in a year.
Eweekday = Energy consumed in a week day from Myptal&riday.
Esaturday = Energy consumed in Saturday.

Esunday = Energy consumed in Sunday. [25]

On the other hand, the amount of seasonal air tongig energy used is only split
throughout summer days (from the June 1st untilAbhgust 31st). This means that the
daily energy use for air conditioning (Edaily_as) abtained by equally dividing this
seasonal consumption by 91 which is the numberuainser days. This is shown in
equation (4).

_ Eseasonal ac 4
Edaily_ac Y ( )
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7.2.3. Unoccupied period

The usage pattern is related to the number of @suspand the occupied period. For
example, when people are not at home, most apelandl not be used. For the daily
appliance electricity profile, at night while theaupants sleep, very little power is used
(stand by and fridge-freezer), then may wake up laaek breakfast, leave the house
during the morning and then return around mid-daydnch. In the evening, the meal is

cooked, television is watched, washer machinedayets are used, etc.

The four most common scenarios of household ocaypaattern in Spain have been

considered:

» Scenario 1: Unoccupied period is from 09:00 to @4The occupants in this type
of household may have a part-time job in the masi@ssion.

» Scenario 2: Unoccupied period is from 14:00 to @9The occupants in this type
of household may have a part-time job in the afiemsession.

» Scenario 3: Unoccupied period is from 09.00 to @8The occupants in the house
have full-time job.

* Scenario 4: The house is occupied all the time. Tdmaily of this type of

household may have minor children to take care oétred members.

For weekend days, all dwellings will be considetece under Scenario 4, this is not

having an unoccupied period as it happens in masiels worldwide. [25]

7.2.4. Usage hours for the different loads

Depending on the number of occupants and the oocypaattern, the number of usage
hours for every appliance has to be selected ase Talshows for one occupant for
example. The daily usage hours for minor loads ppliances (video games consoles,
radios, watches, chargers, etc.) named as "Otlergie Table, are randomly selected
between 3, 4 or 5 hours. Additionally, the air atinding load only takes place during
summer days. Note that there are similar tablek different usage hours for 2 up to 5
occupants per dwelling. The numerical values iseh&bles for the different number of

occupants have been conjectured from [26].
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Table 2. Usage hours for every load for one occupant

Unoccupied period
L oad 9:00t014:00 14:00t019:00 9:00t018:00  No
Cooker 3 3 3 3
Fridge 12 12 12 12
TV
Washer 1 1 1
Stand-by 24 24 24 24
Oven 1 1 1 1
PC 4 4 3 6
Dish Washer 1 1 1 1
Dryer 1 1 1 1
Others 3,4, 5* 3,4,5* 2,3, 4 4,5, 6*
Air conditioning 3** 3** 3** 5**

*Are randomly selected for every day
*Only during summer days

A special consideration has been placed to getuingber of usage hours for the lighting
system as the natural sunlight hours D (known asleiagth) significantly varies for
different latitudes. Figure 9 exposes the numberadfiral light hours and the selection of
artificial light hours during a year for northeratitude equal to 40.40 (Madrid/Spain
Latitude). [25]
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Figure 9. Artificial and Natural Light Hours throughout the year for L=43.53°. [1]
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7.2.5. Consumption profile for the different loads

Now that the usage number of hours for every lcagllfeen acquired, the specific hours
of the day where those loads are being used havieetsettled. This is done by
performing a weighted random selection between2théours of the day, where every
hour presents a specific heaviness. Every applimack presents its own hourly
weighting percentages according to its patternseffor the different unoccupied periods.

The only exceptions to this rule are the Freezdrtha Stand-by loads.

Later, the daily individual energy usage for th&edent loads, Edaily loadX, can be
attained as a percentage of the daily energy copsom Edaily, as it is shown in

equation (5)

Eqaity 10aax = Edaity * Yr0adx (5)

7.2.6. Simulated load demand curves

600 clients are going to be simulated using thad. tdlaving each 30 of them the same
customer profile, their profile depends on the nambf occupants (from 1 to 5) and
unoccupied period (from 9:00 to 14:00, from 14:60.9:00, from 14:00 to 19:00 or non
unoccupied period). Hence, there are 20 groupsliehts with the same simulated

profile.

The data which is going to be input of the viswuatian tool is simulated during winter
months. As the real data that is used in this shissirom the month of February, we use
simulated data of consumption in winter months lideo to compare then the real and

simulated data.

Table 3 shows the 20 different kinds of clients eteping on the number of occupants

and the unoccupied period.
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Table 3. Simulated clients type depending on the number of occupants and the unoccupied

period.

Client type Number of occupants Unoccupied period
1 1 9:00 to 14:00
2 1 14:00 to 19:00
3 1 9:00 to 18:00
4 1 No
5 2 9:00 to 14:00
6 2 14:00 to 19:00
7 2 9:00 to 18:00
8 2 No
9 3 9:00 to 14:00
10 3 14:00 to 19:00
11 3 9:00 to 18:00
12 3 No
13 4 9:00 to 14:00
14 4 14:00 to 19:00
15 4 9:00 to 18:00
16 4 No
17 5 9:00 to 14:00
18 5 14:00 to 19:00
19 5 9:00 to 18:00
20 5 No

Following, different types of clients, with diffare unoccupied period and different
number of occupants are going to be simulated V@#nMix in order to see the

differences between their demand.
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Figure 10. GenMix simulated demand for client type 1 during one day.

Figure 10 shows the demand in one day for cliepéty. This client has one occupant
and an unoccupied period from 9:00 to 14 :00. iit ba seen that the consumption from
00:00 to 7:00 is very low . Then, there is a peathe morning when the occupant gets
up which decreases at 9:00 hours. From 9:00 t@@4he demand ins nearly 0 kWh.
Then, the energy demand increases again duringuieing, having two peaks around
15:00 and 23:00.
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Figure 11. GenMix simulated demand for client type 6 during one day.

Figure 11 shows the demand in one day for cliepé #§. This client has two occupants
and an unoccupied period from 14:00 to 19 :00ait be seen that the consumption from
00:00 to 7:00 is very low . Then, there is a pgathe morning when the occupants get
up, and another peak around 13:00. From 15:00 #@02the demand ins nearly 0 kwh.

Then, the energy demand increases again, havingeatearound 22:00.
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Figure 12. GenMix simulated demand for client type 11 during one day.

Figure 12 shows the demand in one day for cligoe ti/1. This client has three occupants
and an unoccupied period from 9:00 to 18 :00. iit ba seen that the consumption from
00:00 to 7:00 is very low . Then, there is a pgathe morning when the occupants get
up, until 10:00 when the consumption decreasesetly zero until 19:00. Then, the
energy demand increases, having its highest peakdr22:00.
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Figure 13. GenMix simulated demand for client type 16 during one day.

Figure 13 shows the demand in one day for cligm 46. This client has four occupants
and non unoccupied period. It can be seen thatdhsumption from 00:00 to 7:00 is

very low . Then, there is a peak in the morning nvhige occupants get up. Then, the
energy demand increases, being more or less conbtarnwith small peaks, during the

morning and evening, and having its higher pealrat®2:00.
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8. Visualization tool

8.1. Introduction

Many problems today involve the analysis of largéadets, which also contain a very
large number of variables from which the user sthdod¢ able to find meaningful
relationships to acquire knowledge. The mere factbeying laws, rules or restrictions
arising from the problem domain, leads to depenésnthat make the intrinsic
dimensionality of the data to be much smaller. Disienality reduction (DR)
algorithms are able to find low dimensional latstntictures hidden in high dimensional
data and produce a mapping on a low dimensionaesfiat preserves the underlying
structure of data. They are extremely useful taolghe field of visual analytics, since
they provide an advanced way for spatializatiordata, which allow creating visual
representations where spatial proximity betweenitemms yi and yj in the visualization
represents similarity between xi and xj in a highehsional space.

Another key ingredient in visual analytics is iretion. Interaction techniques {zoom,
pan, brushing, etc. {allow the user to reconfigtine visualization to focus on the
interesting aspects of data or to discard inforomathat is irrelevant to the available
knowledge of the user. In this paper we preseriveelrapproach for data visualization
that suggests a low level integration of user axtgon into the DR computation and
visualization process, by means of the so-calledractive dimensionality reduction
(iDR). [30]

8.2. The interactive Dimensionality Reduction approach

In the typical procedure to use DR algorithms faual analytics, interaction is often
done after DR computation on the input dataset.ul®e sets up an initial configuration
for the DR algorithm, runs it until convergence aafier N iterations, the output results
are used to produce visualization. The user magr lase interaction techniques to
reconfigure this visualization or even decide tm the DR algorithm again using
another parameterization, starting the cycle agéms approach can be thought of as a

batch mode interaction scheme for DR visual anzgyti
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Figure 14. Batch mode interaction scheme (left) vs. the iDR approach (right) [30]

However, interaction can go far beyond this appnpadlowing the user to take full
control of the DR behaviour by means of iteratieeanfiguration of computational
algorithms. The right picture in Figure 14, shows main idea of this approach for DR
analysis, where the intermediate results are usepgrdaduce a visualization at each
iteration. The result is a dynamically changinguaiszation that allows the user to track
changes in the resulting projection under changeke problem formulation, such as,
for instance, user-driven changes of the metribhéinput space (e.g. by modifying the
weights of the input variables), or under time-vagyinput data (e.g. in dynamic

processes where the elements of the input dathaege with time).

To allow interaction, we shall consider iterativégamithms, such as Stochastic
Neighbour Embedding (SNE)

A web based visual interface including an interacteesion of the SNE algorithm was
implemented in JavaScript. Once the applicatiolausiched on a browser, it loads the
dataset from a JSON file that includes a data marmalized to a [_1,+1] range, the
attribute labels, the item labels, the color mapduas scale for attribute representation
and the min and max values of all attributes faadenormalization. Along the whole

session, the SNE algorithm

aC(t) 6
Yt + 1) = 30 — 1) ©
Vi
is continuously evolving to minimize the cost funat
Dij
C =Zi2jpijlogq_i; (7)

where pij and qij describe the weighted probaktitiof i and j being neighbors,
respectively in the input data space and the lonedsional visualization space [30]
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This is the code used to convert an excel inteeadB0ON file that includes a data matrix

normalized to a [_1,+1] range:

from pylab import *

from pandas import *
options.display.width = 1000
options.display.max_columns = 1000

import locale

# Input of the excel

df = read_excel(REAL_DATA. xlIsx’)

# normalize to a [-1,+1] range
dfn = (df - df.min())/(df.max() - df.min())*2 - 1
fmin = df.min().tolist()

fmax = df.max().tolist()

J =dict()

J['data’] = [dfn.values.tolist(), (dfn.values*0.9list(), (dfn.values*0.2).tolist()]
J['varnames'] = map(str,dfn.columns.tolist())

J[flimits’] = [fmin, fmax]

J['cmap’] = (cm.RdYIGn(linspace(1,0,200))*255).&1()

J['labels’] = df.index.tolist()
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f = open(‘data.json’,'w")
json.dump(J,f)

f.close()
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9.Load demand profile
clustering

In the web based visual interface the weightshefdttributes can be changed “on the
fly” by the user by moving sliders in the interfacéhe application works in “free-
running mode”, executing one step of the DR algarmiat every frame using the current
context (the input data, the weights for eachlaite and the value) and renders the
projection, achieving rates close to 20 framesgseond. The system also allows the
user to modify an inertia factdr, which controls the smoothness of the animated

transitions.

Using a, in a matter of one or two seconds the caerquickly sweep all the attributes
encoded by the point size and a color scale. Ttiereint images are displayed as the

user moves the slider.

Each point of the screen represents one client)aser are the clients as similar they
are. One of the attributes will be selected to eepnt the size and the colour of the

client.

9.1. Define the best input attributes

The input attributes have to be selected carefatipsidering that the clustering of the
clients depends on them. For the real data, thetsmeters collect a huge amount of
data; the demand is measured for each client &tle@ar. As this amount of data cannot
be entered into the visualization tool, some reléy@arameters have to be found to

represent each client.

First, not only for the real data, but also for siulated data, a "day type" is computed
calculating the average energy consumption at Baah of the day during one month.

Reducing so the consumption of one month to one waich represents the average
day of each client.
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To define the best input attributes the simulatathds going to be visualised. As table
3 shows, 600 clients are simulated using GenMixwsok. Among those clients there
are groups of 30 clients that have the same nuoti®mpants and the same unoccupied
period, so their load demand profile is very similelaving 20 groups of different

clients.

Two different kind of input parameters are goingoe used, to find the best attributes
for the visualization software. First, the inputrgaeters will be the average
consumption at each hour of the day and the tataswmption in one average day for
each client. Second, the average consumption fdr kaur will be added into periods;
the histogram and the total consumption in oneageeday for each client will be also

entered into the visualization tool.

As the group of each simulated client (from typéoltype 20 shown in table 3) is
known beforehand, the best input attributes wilthe ones with which the clients with
the same profile are closer in the space.

9.1.1. Average consumption at each hour of the day.

First, the attributes used for each client are:

* The average consumption of each client at each ¢fcthe day.

* The total consumption in kWh (labelled as "TOTAL").

* The type of client depending on the type of profi@t was used for the
simulation, types from 1 to 20 shown in table Bbélled as "TYPE"). This last

attribute is only used for validation purposes.

Table 4 shows the mentioned input attributes thauksited clients. As the clients are
simulated in 20 groups of 30 clients with similaofile, only 20 of the 600 simulated
clients, one of each group, are shown in the talleorder to see the approximate

magnitude of the input parameters for each kindieht.
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Table 4. Input attributes (average consumption at each hour of the day) for the simulated

clients.

Attributes | Client 0001 Client 0031 Client 0061 Client 0091 Client 0121
hour 01 | 0,07184987 0,08672036 0,10647397 0,09084924 0,2581
hour 02 | 0,06843927 0,07605491 0,05069458 0,0608951 0,1E7630
hour 03 | 0,03990599 0,05363503 0,06610314 0,03769712 O,Td464
hour 04 | 0,06348807 0,067338 0,04187601 0,05863275 0,0987615
hour 05 | 0,03643666 0,03821491 0,0658242 0,04319804 0,12%687
hour 06 | 0,06794708 0,07169646 0,08205784 0,06463576 0,41862
hour 07 | 0,17295799 0,14351536 0,22478143 0,10502215 0,3%436
hour 08 | 0,27557336 0,33897771 0,22823919 0,0967971 0,465023
hour 09 | 0,27785915 0,1927049 0,32142273 0,24742844 0,588387
hour 10 | 0,04232929 0,17843725 0,03141572 0,14018099 0,08B1
hour 11 | 0,03141572 0,13372888 0,04232929 0,13252907 0,@4357
hour 12 | 0,04232929 0,16253384 0,03141572 0,12665598 0,081
hour 13 | 0,03141572 0,35748798 0,04232929 0,1411805 0,093572
hour 14 | 0,04232929 0,14147702 0,03141572 0,17102522 0,081
hour 15 | 0,18258829 0,02595894 0,04232929 0,22970163 O0,4686
hour 16 | 0,21975216 0,04778607 0,03141572 0,28932423 0,488829
hour 17 | 0,08830684 0,02595894 0,04232929 0,25264679 0,40462
hour 18 | 0,16110218 0,04778607 0,03141572 0,08129092 0,87564
hour 19 | 0,18949598 0,02595894 0,30139438 0,15211497 O0,88577
hour 20 | 0,22085826 0,18654311 0,15747161 0,19000032 0,38392
hour 21 | 0,33250769 0,25982673 0,3549556 0,19269688 0,48®485
hour 22 | 0,22030625 0,27318565 0,40161727 0,12685639 0,836370
hour 23 | 0,13785649 0,19380841 0,33247413 0,12037309 0,42379
hour 24 0,243697  0,1314124 0,19896603 0,10901519 0,36435061
TOTAL | 3,26074786 3,26074786 3,26074786 3,26074786 6,527PA9

TYPE 1 2 3 4 5
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Attributes

Client 0151 Client 0181 Client 0211 Client 0241 Client 0271

hour 01
hour 02
hour 03
hour 04
hour 05
hour 06
hour 07
hour 08
hour 09
hour 10
hour 11
hour 12
hour 13
hour 14
hour 15
hour 16
hour 17
hour 18
hour 19
hour 20
hour 21
hour 22
hour 23
hour 24
TOTAL
TYPE

0,19059193
0,10281763
0,1016391

0,06283145
0,08465857
0,06283145
0,56522819
0,35776704
0,26439163

0,267877
0,28676269
0,44162172
0,66407262
0,28919113
0,08465857
0,06283145
0,08465857
0,06283145
0,08465857
0,42853657
0,73290795
0,49334767
0,39921601
0,34556676
6,52149572
6

0,19000505
0,10613703
0,10487593
0,10815348
0,12195519
0,21999707
0,45479299
0,70937678
0,62167527
0,08465857
0,06283145
0,08465857
0,06283145
0,08465857
0,06283145
0,08465857
0,06283145
0,08465857
0,34062143
0,63477572
0,56892807
0,72980725
0,64258411
0,29319169
6,52149572
7

0,16473079
0,08955161
0,12616261
0,09505483
0,10210982
0,10362529
0,17089079
0,23755485
0,53114969
0,15712378
0,49507965
0,33184119
0,24489337
0,29779452
0,40963865
0,33486311
0,29695504
0,16666007
0,29036562
0,41850909
0,60836796
0,4502358
0,2310558
0,16728182
6,52149572
8

0,18770923
0,24369864
0,07605
0,18197264
0,05255204
0,23662409
0,30883649
0,60355637
0,56243737
0,15897817
0,0407479
0,15897817
0,0407479
0,15897817
0,61124235
0,84864565
0,48548646
0,43276091
0,42188539
0,62202088
0,68570808
0,76605196
0,38204917
0,5634741
8,83119212

9

0,55372
0, PEB68
0,1248406
0, 33888
0, 2644
0,2357
0, 60566
0,581
0,251 1
0,5052247
0,3B0531
0, BB334
0,7BB123
0,BY915
0,164
0,508
0,164
0,508
0,11B264
0, BOZ04
0, 556519
0,49P188
0,6 2072
0,3@7467
8,83P19
10
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Attributes

Client 0301 Client 0331 Client 0361 Client 0391 Client 0421

hour 01
hour 02
hour 03
hour 04
hour 05
hour 06
hour 07
hour 08
hour 09
hour 10
hour 11
hour 12
hour 13
hour 14
hour 15
hour 16
hour 17
hour 18
hour 19
hour 20
hour 21
hour 22
hour 23
hour 24
TOTAL
TYPE

0,2107037
0,16377838
0,16472271

0,0986354
0,18512026

0,1686889
0,56739381
0,80182508
0,57599517
0,07030547

0,1294206
0,07030547

0,1294206
0,07030547

0,1294206
0,07030547

0,1294206
0,07030547
0,88148252
1,02415539
1,03466953
1,03758078
0,70926297
0,33796779
8,83119212

11

0,15526201
0,19515378
0,09088394
0,18970027
0,08613718
0,19172908
0,35603871
0,41171988
0,55217059
0,59783214
0,26924452
0,51754275
0,34055962
0,47610761
0,45634951
0,64217705
0,20759345
0,35135412
0,34128821
0,49382093
0,59732622
0,55822737
0,44922921
0,30374394
8,83119212
12

0,33758441
0,17560286
0,19853559
0,11404834
0,19160925
0,198545
0,55678423
1,01544443
0,73096712
0,10079211
0,13580646
0,10079211
0,13580646
0,10079211
0,63170737
0,91875428
0,66247005
0,48348838
0,42128859
0,72652453
0,96264271
0,53036063
0,6934091
0,33780993
10,4615661
13

0,37592832
0,14966855
0,19171934
0,18310736
0,17271137
0,23195202
0,71352026
0,76922122
0,72502092
0,28256648
0,52637796
0,56373963
0,89706422
0,53790517
0,13580646
0,10079211
0,13580646
0,10079211
0,13580646
0,85953171
1,0713687
0,55472096
0,61624684
0,43019142
10,4615661
14

0,268897
0, PFRA7
0, 594657
0,181671
0, BBEE6
0,29417241
0, 5805
1,18825
0, F9FGS
0, B3E80
0,1001792
0, B3EB0
0,1001792
0, 53EB0
0,1001792
0, 53EB0
0,1001792
0, 53EB0
0,BB347
1,48602
1,303507
1,B6796
0,703693
0,3m244
1066315
15
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Attributes

Client 0451 Client 0481 Client 0511 Client 0541 Client 0571

hour 01
hour 02
hour 03
hour 04
hour 05
hour 06
hour 07
hour 08
hour 09
hour 10
hour 11
hour 12
hour 13
hour 14
hour 15
hour 16
hour 17
hour 18
hour 19
hour 20
hour 21
hour 22
hour 23
hour 24
TOTAL
TYPE

0,32952236
0,19010464
0,17532346
0,12975624
0,15269837
0,13219875
0,3331766
0,40082008
0,90707997
0,34195057
0,47649022
0,33963717
0,73067496
0,42359571
0,51587188
0,68419215
0,56072576
0,46312055
0,56438627
0,60643099
0,65507789
0,64351263
0,29928091
0,40593794
10,4615661
16

0,3178366
0,22162397
0,14224888
0,19866904
0,13181827
0,15873483
0,63226823
0,93952242

0,8995568
0,15873483
0,11780896
0,15873483
0,11780896
0,15873483
0,81392961
0,91385522
0,67576048
0,43743341
0,69038241
1,32020676
1,05321188
0,70613185
0,76263327
0,50015813
12,2278045

17

0,34410168
0,24566561
0,12684964
0,19320707
0,16381388
0,31898537
0,8365683

0,81237724
0,54293183
0,49233331
0,65293817
0,54083235
0,85278061
1,03092466
0,09734603
0,17919776
0,09734603
0,17919776
0,09734603
0,95998939
1,04397806
1,03335657
0,75410791
0,63162923
12,2278045

18

0,38442587
0,19971507
0,13827189
0,18154033
0,13827189
0,3012556

0,7633888

1,16286782
1,07117536
0,13827189
0,13827189
0,13827189
0,13827189
0,13827189
0,13827189
0,13827189
0,13827189
0,13827189
0,80694807
1,44021935
1,62375336
1,14570122
0,96707597
0,65874684
12,2278045

19

0,263146
0,16®56
0, 7852
0,13E01
0, 43806
0,2B%766
0,4574066
0,5B226
0,95R287
083624
0,53656
0,683117
0,53427
0,B8386
0301201
0, TBB46
0,39852
0, 3B456
0, 565%18
0, 7B645
0,B0BL7
0,89985
0,89464
0,534654
1202578
20
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In the visualization software each point represents client; the colour and the size of
each point represent one attribute that can betselérom all the attributes that are an
input of the software. In this case, the attribUl&PE" is selected, which identifies

each kind of client with one colour and one sizeisTattribute is selected to check the
validity of the clustering, if the input parameten® valid, the points that are close in

the visualization must have the same colour aral siz

Feature weights

hour 01
hour 02
hour 03
hour 04
hour 05
hour 06
hour 07
hour 08
hour 09
hour 10
hour 11
hour 12
hour 13
hour 14
hour 15
hour 16
hour 17
hour 18
hour 19
hour 20
hour 21
hour 22
hour 23
hour 24
TOTAL: 1
E TYPE: 0

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Figure 15. Simulated clients visualization depending on their average consumption at each hour
of the week.

As figure 15 shows, the points with the same cobmd size, and so the points with the
same simulated profile, are gathered in one cludiferencing clearly each type of the
simulated clients defined in table 3. Twenty clustare clearly defined, one for each
type of simulated client.

From this visualization it is known that this inpparameters can define the energy
demand of one client and also that the visualipatam! is able to identify similarities

between clients.
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9.1.2. Average consumption at periods of the day and histogram

Second, the attributes that are input of the visaabn tool are:

» The average consumption of each client at peribtiseoday.

* The histogram of each client. The Histogram blooknputes the frequency
distribution of the elements in the input, in tbése the frequency for a specific
consumption. The histogram value for a given bpresents the frequency of
occurrence of the input values bracketed by thatfive bins are used.

* The total consumption in kWh (labelled as "TOTAL")

* The type of client depending on the type of profiat was used for the
simulation, types from 1 to 20 shown in table Bbélled as "TYPE"). This last
attribute is only used for validation purposes.

Following the histogram of one of the clients i®wh in figure 16, in order to explain

what it represents and the values that are inptiteo¥isualization tool:

10

Number of hours

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35
kWh

Figure 16. Histogram of one client

The number of bars selected is 5, the first bamsé¢laat the client is consuming from 0
to 0.07 kWh during 10 hours, the second bar m#aaisthe client is consuming from
0.07 to 0.14 kWh during 3 hours, the third one nsedhat he is demanding from 0.14
to 0.21 kWh during 4 hours, the fourth one meas te is consuming from 0.21 to
0.28 kWh during 6 hours, and the last one mearthhes consuming from 0.28 to 0.35
kWh during 6 hours. Hence, the numbers that areggtm be input of the visualization
tool are the hours that the client is demandinghftess to more energy, in this case the
numbers would be: 10, 3, 4, 6 and 1.
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Table 6 shows the mentioned input attributes ofdieait of each one of the 20 types of

the 600 simulated clients.

Table 5.Input attributes (average consumption at periods of hours of the day and histogram) for
the simulated clients.

Attributes | Client 0001 Client 0031 Client 0061 Client 0091 Client 0121
E 01 06 | 0,34806693 0,39365967 0,41302974 0,35590802 0,BH676
E 07 09 | 0,7263905 0,67519797 0,77444334 0,44924768 1,39B/75
E 10 14 | 0,18981931 0,97366497 0,17890574 0,71157176 0,349@39
E 15 19 | 0,84124544 0,17344896 0,4488844 1,00507853 2,0@%/97
E 20 24 | 1,15522569 1,0447763 1,44548464 0,73894186 1,99®259
Histo 01 12 11 14 6 10
Histo_02 1 4 2 8 1

Histo 03 4 5 3 4 6
Histo_04 4 2 2 3 3

Histo 05 3 2 3 3 4
TYPE 1 2 3 4 5
TOTAL | 3,26074786 3,26074786 3,26074786 3,26074786 6,57P49
Attributes | Client 0151 Client 0181 Client 0211 Client 0241 Client 0271
E 01 06 | 0,60537013 0,85112375 0,68123493 0,97860664 1,BBAL5
E 07 09 | 1,18738685 1,78584505 0,93959532 1,47483023 1,338
E 10 14 | 1,94952516 0,37963862 1,52673251 0,55843031 2,58438
E_15 19 | 0,37963862 0,63560147 1,49848249 2,80002075 0,3D&09
E 20 24 | 2,39957496 2,86928684 1,87545047 3,01930419 2,83306
Histo 01 11 14 10 9 9
Histo 02 4 2 5 3 2

Histo 03 5 2 3 4 3
Histo_04 2 1 4 6 3

Histo 05 2 5 2 2 7
TYPE 6 7 8 9 10
TOTAL | 6,52149572 6,52149572 6,52149572 8,83119212 8,23d719

40



Attributes

Client 0301 Client 0331 Client 0361 Client 0391 Client 0421

E 0L 06 | 0,99164936 0,90886627 1,21592545 1,30508696 1,735
E_07 09 | 1,94521406 1,31992919 2,30319577 2,2077624 2 694895
E 10 14 | 0,4697576 2,20128665 0,57398926 2,80765346 0,6B4003
E_15 19 | 1,28093466 1,99876236 3,11770867 0,60900361 1,57567
E 20 24 | 4,14363644 2,40234766 3,2507469 3,53205963 4,7@3636
Histo_01 15 6 10 11 15
Histo_02 1 3 3 2 1
Histo_03 2 5 4 5 4
Histo_04 2 5 4 4 1
Histo_05 4 5 3 2 3
TYPE 11 12 13 14 15
TOTAL |8,83119212 8,83119212 10,4615661 10,4615661 1066415
Attributes | Client 0451 Client 0481 Client 0511 Client 0541 Client 0571
E 01 06 | 1,10060382 1,1709316 1,39262324 1,34348065 1,176079
E 07 09 | 1,64107664 2,47134745 2,19187737 2,99743198 1,38806
E_10 14 | 2,31234863 0,7118224 3,56980911 0,69135947 3,0BAL37
E_15 19 | 2,78829661 3,53136113 0,6504336 1,36003564 2,88E950
E 20 24 | 2,61024036 4,34234189 4,42306116 5,83549674 3,2%167
Histo_01 5 11 9 15 6
Histo_02 8 2 2 1 3
Histo 03 5 6 5 3 6
Histo 04 5 4 4 3 7
Histo_05 1 1 4 2 2
TYPE 16 17 18 19 20
TOTAL |10,4615661 12,2278045 12,2278045 12,2278045 1202578
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In this case, the colour attribute "TYPE" is alsdested to check the validity of the
clustering, if the input parameters are valid, pboents that are close in the visualization

must have the same colour and size.

Feature weights

Histo_05
TYPE. 0
TOTAL: 1

] | [ Do e i i L e

1.000

Figure 17. Simulated clients visualization depending on their average consumption at periods of
the day and histogram.

As can be seen in figure 17, the clusters are siotal defined for this input attributes
as for the input attributes of the average consiomgor each hour. The clients with the
same simulated profile are more dispersed, an@®@hgroups of simulated clients are
close together. Only 2 clusters can be definedeaus of the 20 clusters that were

defined in the previous visualization.

Figure 18 shows the same visualisation than theiqare one, but selecting the weight
of the histograms as 0. It is appreciated thatdhsters are better defined, and the
clients with the same simulation profile are closethe space. Hence, the histogram is
not as good input attribute as the average eneemadd at each hour.
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‘ Feature weights
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Histo_01
Histo_02
Histo 03: 0
Histo_04: 0
Histo 05:0
TYPE: 0

TOTAL 1

]

1.000

Figure 18. Simulated clients visualization depending on their average consumption at periods of
the day.

It is known from both visualizations that he begtut parameters for the visualization

tool are:
* The average consumption of each client at each ¢fcthe day.

* The total consumption in kWh (labelled as "TOTAL").

9.2. Simulated data load demand profile clustering

The simulated data is entered into the visualipatbml as shown in table 4.
The input parameters for the visualization tool are

* The average consumption of each client at each ¢fcthe day.
* The total consumption in kWh (labelled as "TOTAL").

Figure 19 shows the first visualization, in whidietcolour attribute "TOTAL" is
selected, which represent the total demand of ebeht in one average day. It shows

different clusters of clients, from less (greenjrtore total energy consumption (red).
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Feature weights

hour 01
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hour 03:
hour 04:
hour 05
hour 06:
hour 07
hour 08
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hour 12
hour 13:
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hour 15:
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hour 17
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hour 19
hour 20:
hour 21
hour 22
hour 23
hour 24:
TOTAL 1
|:—I TYPEZD

-y
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Figure 19. Simulated data visualization identifying the total average daily consumption by
colours and sizes from more (red) to less (green) consumption.

Figure 20 shows the clusters of clients. It cars&en that there are 4 different rows of
clients identified by lines of different coloursaéh row represent one unoccupied
period:

e From 9:00 to 14:00: Represented by the black lincludes clients type 1, 5,
9, 13 and 17.

e From 14:00 to 19:00: Represented by the yellow. linencludes clients type 2.
6, 10, 14 and 18.

e From 9:00 to 18:00: Represented by the brown liniacludes clients type 3, 7,
11, 15 and 19.

* Non unoccupied period Represented by the blue lirnacludes clients type 4,
8, 12, 16 and 20.
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Figure 20. Clustering of the simulated clients depending on their unoccupied period.

Figure 21 shows the number of each type of cliestdbed in table 3 for each cluster.

By

Figure 21. Clustering of the simulated clients depending on their unoccupied period and number
of clients.

9.3. Real data load demand profile clustering.

The input parameters for the visualization tootl are

* The average consumption of each client at each dfcthie day.
* The total consumption in kWh (labelled as "TOTAL").
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The parameters of the real clients entered teigwalization tool are shown in table 6.

Table 6. Input attributes for the real clients.

Attribute hour 01 hour 02 hour 03 hour 04 hour 05 hour 06 hour 07 hour 08
Client 01 0,27755 0,1116 0,06735 0,06255 0,0596 0,06105 a®»57 0,0633
Client 02 0,30435 0,4384 0,45055 0,49715 0,1414 0,11505 6,1160,12375
Client 03 0,037 0,0392 0,0346 0,04015 0,0365 0,0395 0,03455 ,039a
Client 04 0,1855 0,1151 0,04865 0,04665 0,04685 0,0454 0,04410,0428
Client 05 0 0,00005 0,0001 0,00015 0,0002 0,00025 0,0003 08®0
Client 06 0,0936 0,04325 0,03735 0,03255 0,02885 0,02925 76®m2 0,0276
Client 07 0,47995 0,41055 0,3262 0,26835 0,2318 0,18015 8,124 0,0762
Client 08 0,22485 0,0852 0,06735 0,06385 0,0615 0,06095 0H66 0,1129
Client 09 0,11155 0,0841 0,04175 0,04115 0,0259 0,0339 0,028%,04245
Client 10 0,1085 0,1248 0,0548 0,0497 0,05045 0,0498 0,0836,06895
Client 11 0,1529 0,0999 0,046 0,03645 0,03165 0,0391 0,03759,1392
Client 12 0,1624 0,0619 0,05045 0,0488 0,04715 0,04325 0®441 0,1791
Client 13 0,15575 0,09225 0,06675 0,06465 0,06765 0,06625 90a8,0 0,0691
Client 14 1,051 0,4862 0,1349 0,07425 0,0721 0,05705 0,05149,0535
Client 15 0,3203 0,1953 0,0954 0,04205 0,0474 0,0427 0,0461,04285
Client 16 0,2412 0,1596 0,17655 0,07995 0,0488 0,04615 0,0367,0425
Client 17 0,1418 0,0515 0,03655 0,0376 0,0479 0,042 0,0415 0558,
Client 18 0,4296 0,36745 0,2505 0,20525 0,1507 0,1289 0,101,09405
Client 19 0,18345 0,13755 0,10565 0,078 0,07485 0,0645 0,0659,06195
Client 20 0,46285 0,2755 0,16245 0,15495 0,15265 0,15995 70,15 0,21635
Client 21 0,1101 0,0594 0,04705 0,0401 0,0411 0,0377 0,03946,04895
Client 22 0,0223 0,02235 0,022 0,02135 0,0218 0,02365 0,02170,0222
Client 23 0,075 0,0642 0,0621 0,0685 0,0755 0,0687 0,0713 746,0
Client 24 0,26755 0,19985 0,1347 0,1012 0,0888 0,08915 08779 0,1003
Client 25 0,261 0,17685 0,1379 0,10255 0,0815 0,0777 0,0918 ,1489
Client 26 0,73525 0,2699 0,20445 0,15435 0,1278 0,1204 083.2860,16885
Client 27 0,10605 0,07265 0,07 0,0737 0,0735 0,07615 0,07046,27225
Client 28 0,0216 0,0251 0,0226 0,0192 0,02335 0,0281 0,0274 ,0270
Client 29 0,0076 0,00795 0,00805 0,00815 0,00795 0,00805 8,00 0,00825
Client 30 0,21105 0,20005 0,18185 0,18735 0,1478 0,0888 a®»50 0,0444
Client 31 0,1632 0,07485 0,05325 0,0468 0,04535 0,1125 0,0529,13805
Client 32 0,33065 0,2026 0,1909 0,1721 0,1549 0,14165 0,15129,1624
Client 33 0,2937 0,11895 0,07025 0,0639 0,07375 0,071 0,0843,12185
Client 34 0,0004 0,0005 0,0005 0,0006 0,0006 0,00065 0,0008,000@5
Client 35 0,2229 0,13155 0,09185 0,07885 0,09065 0,0873 0,0850,08555
Client 36 0,40825 0,30745 0,2792 0,2059 0,14455 0,13825 0,116 0,0939
Client 37 0,0021 0,0023 0,0024 0,00235 0,00245 0,0024 0,0024%,0027
Client 38 0,1807 0,1637 0,0859 0,06785 0,05885 0,05775 0,0529,0612
Client 39 0,0301 0,02855 0,0284 0,02885 0,0276 0,0284 0,0303,02865
Client 40 0,021 0,0245 0,0234 0,02015 0,0226 0,02395 0,02246,02095
Client 41 0,40385 0,27775 0,2765 0,17355 0,08435 0,0755 6®72 0,0686
Client 42 0,04935 0,036 0,0432 0,0378 0,04125 0,04065 0,03559,0324
Client 43 0,446 0,3199 0,17865 0,1367 0,14105 0,1348 0,1225 ,102@
Client 44 0,0262 0,02705 0,02725 0,0297 0,02745 0,02655 0®30 0,0315
Client 45 0,0561 0,0478 0,0386 0,03165 0,03085 0,0346 0,0315%,03425
Client 46 0,2909 0,30675 0,31645 0,3391 0,3042 0,301 0,3326,35905
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Attribute hour 09 hour 10 hour 11 hour 12 hour 13 hour 14 hour 15 hour 16
Client 01 0,05395 0,29135 0,15625 0,1004 0,1361 0,10455 8®52 0,16755
Client 02 0,1179 0,3496 0,40545 0,4533 0,48835 0,35795 082610,3727
Client 03 0,0305 0,04245 0,03985 0,0332 0,04295 0,0322 0,045,03905
Client 04 0,0436 0,088 0,1454 0,1324 0,0699 0,07565 0,0724 06285
Client 05 0,0004 0,00045 0,0005 0,00055 0,0006 0,00065 0,0001,00075
Client 06 0,03785 0,0409 0,02885 0,03055 0,03985 0,03755 76®8 0,0857
Client 07 0,0736 0,11105 0,11165 0,1112 0,1143 0,10905 0,1100,17785
Client 08 0,16995 0,1701 0,1763 0,20245 0,28825 0,2789 0,2293,1826
Client 09 0,04025 0,14775 0,1324 0,1113 0,0483 0,16455 034800,0789
Client 10 0,0577 0,0536 0,06185 0,14 0,34045 0,4272 0,335 128,3
Client 11 0,20095 0,09285 0,02895 0,0249 0,04345 0,0456 629 0,03545
Client 12 0,0893 0,0515 0,16315 0,14585 0,0686 0,1323 0,08649,1807
Client 13 0,08445 0,1252 0,1426 0,1106 0,0832 0,09395 0,1599,1245
Client 14 0,1928 1,4079 0,51315 0,3122 0,16965 0,2467 0,387D,40805
Client 15 0,05045 0,08505 0,1191 0,2056 0,3615 0,22365 0,1808,14515
Client 16 0,03855 0,5882 0,4341 0,47075 0,2235 0,2355 0,28309,2501
Client 17 0,06885 0,0532 0,07075 0,0419 0,0467 0,03735 0M4350,04245
Client 18 0,09005 0,0935 0,1137 0,08405 0,0967 0,17145 0%25920,64025
Client 19 0,0733 0,09665 0,1197 0,12945 0,2888 0,27855 0,2389,48915
Client 20 0,29175 0,15005 0,197 0,3469 0,2663 0,21845 0,2399,2411
Client 21 0,063 0,07375 0,12725 0,12365 0,0562 0,09685 0,0948,0576
Client 22 0,02345 0,0239 0,02195 0,02125 0,0225 0,03005 2,0270,02515
Client 23 0,19815 0,08255 0,1053 0,12255 0,11225 0,0659 0,065 0,0604
Client 24 0,0929 0,09165 0,09565 0,15805 0,3003 0,37365 6275 0,6805
Client 25 0,36115 0,1731 0,15645 0,19755 0,17625 0,28295 06,74 0,2219
Client 26 0,8355 0,37685 0,2238 0,2027 0,1958 0,2185 0,2227 ,4516
Client 27 0,3765 0,6884 0,23925 0,0754 0,06955 0,0719 0,07038,0707
Client 28 0,02515 0,0323 0,0375 0,03035 0,027 0,0247 0,0317,02765
Client 29 0,00825 0,00825 0,0084 0,00855 0,00895 0,0091 8®»08 0,009
Client 30 0,04555 0,05695 0,06855 0,0981 0,10975 0,0902 6963 0,15215
Client 31 0,2117 0,18965 0,081 0,0671 0,1011 0,08135 0,08639,0887
Client 32 0,2107 0,3087 0,3598 0,63155 0,55075 0,49425 0,4138,40375
Client 33 0,42885 0,0846 0,0623 0,0839 0,07555 0,07105 0,09240,0758
Client 34 0,00085 0,00085 0,00095 0,0009 0,0011 0,0011 0®0100,00125
Client 35 0,11565 0,1431 0,17065 0,25815 0,48105 0,45055 58,37 0,2596
Client 36 0,1014 0,10475 0,1624 0,1412 0,14495 0,2011 0,4829%,92265
Client 37 0,0025 0,00265 0,00265 0,00265 0,00275 0,0029 8,002 0,0031
Client 38 0,05555 0,1279 0,07115 0,09045 0,1144 0,13935 ©0,1450,16195
Client 39 0,03195 0,033 0,0347 0,0355 0,0344 0,03695 0,037198,0311
Client 40 0,02705 0,02195 0,0279 0,01565 0,02285 0,0199 8,024 0,0226
Client 41 0,1023 0,10295 0,0798 0,0903 0,07375 0,0694 0,08649,0997
Client 42 0,12795 0,1878 0,16315 0,2268 0,1856 0,21885 0%22510,1787
Client 43 0,1161 0,33085 0,3296 0,29835 0,33445 0,2129 0%26910,4468
Client 44 0,0291 0,0284 0,0286 0,03 0,0283 0,02805 0,0287 289®
Client 45 0,0314 0,02945 0,04455 0,0367 0,0291 0,0331 0,0299,0316
Client 46 0,31665 0,29635 0,2465 0,2385 1,1406 0,3567 0,39789,4118
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Attribute hour 17 hour 18 hour 19 hour 20 hour 21 hour 22 hour 23 hour 24
Client 01 0,2779* 0,1214! 0,2009! 0,275¢ 0,337¢ 0,318 0,487: 0,44¢
Client 02 0,2917 0,2212 0,23625 0,2732 0,29935 0,5317 0,44820,339
Client 03 0,03185 0,0422 0,0385 0,03385 0,0453 0,0368 0,04369,0404
Client 04 0,06085 0,06835 0,0675 0,0815 0,0991 0,17805 0,184%,1813
Client 05 0,0008 0,00085 0,0009 0,00095 0,001 0,00105 0,0010,00115
Client 06 0,04595 0,04595 0,04845 0,05225 0,04705 0,05895 479,1 0,18455
Client 07 0,1437 0,15455 0,1382 0,17805 0,23865 0,2568 03932 0,529
Client 08 0,20785 0,13585 0,16185 0,19575 0,25545 0,1914 2039 0,29135
Client 09 0,1775 0,18225 0,08835 0,09605 0,1505 0,20515 0,17 0,1528
Client 10 0,30165 0,261 0,21655 0,24635 0,20165 0,24935 6351 0,31175
Client 11 0,0544 0,0643 0,0665 0,0663 0,07375 0,0667 0,1288 ,1816
Client 12 0,11135 0,0974 0,13925 0,1271 0,18705 0,1572 0,2263,3987
Client 13 0,198 0,14745 0,21925 0,2714 0,2878 0,34455 0,2330,20555
Client 14 0,2408 0,292 0,24155 0,168 0,2416 0,3722 0,5622 030,9
Client 15 0,11715 0,1997 0,1456 0,1371 0,2447 0,3037 0,7892 ,576Q
Client 16 0,3211 0,34395 0,1697 0,11975 0,1074 0,4108 0,40969,3034
Client 17 0,0387 0,0714 0,0614 0,1586 0,1607 0,1985 0,30485,224a@5
Client 18 0,59155 0,43685 0,42095 0,42915 0,42415 0,45425 988,5 0,4804
Client 19 0,32725 0,17095 0,08875 0,08105 0,0995 0,21155 98,40 0,30645
Client 20 0,3115 0,26835 0,2543 0,275 0,41605 0,64545 0,7120,56295
Client 21 0,0491 0,06145 0,0858 0,06085 0,1106 0,1928 0,24259,1248
Client 22 0,03795 0,0229 0,0247 0,02805 0,05765 0,02295 0®H24 0,0269
Client 23 0,15745 0,10995 0,09375 0,21175 0,1731 0,1453 0,1820,20675
Client 24 0,4547 0,336 0,19435 0,2381 0,253 0,2212 0,3113 568,2
Client 25 0,2074 0,42235 0,31415 0,42055 0,42015 0,4143 @371 0,28155
Client 26 0,73245 0,60505 0,42875 0,42875 0,42755 0,4753 0@,65 0,785
Client 27 0,10785 0,1163 0,20425 0,46045 0,574 0,77845 0,8918,26845
Client 28 0,0276 0,02805 0,0275 0,02585 0,02095 0,02305 6926 0,02465
Client 29 0,0089 0,0091 0,009 0,02225 0,02305 0,01465 0,01339,0136
Client 30 0,08905 0,057 0,04875 0,13175 0,10475 0,1199 03.2800,2002
Client 31 0,08885 0,14485 0,19245 0,29565 0,3887 0,37535 50,32 0,26595
Client 32 0,4455 0,6244 0,3573 0,2352 0,2996 0,4024 0,50655,4356
Client 33 0,07605 0,11825 0,1946 0,28435 0,42435 0,48845 36,56 0,56615
Client 34 0,00115 0,0035 0,0149 0,00465 0,0015 0,00135 0®0150,00165
Client 35 0,17315 0,2003 0,2145 0,23925 0,35295 0,3498 039380,28825
Client 36 0,68195 0,52505 0,565 0,45575 0,2468 0,3117 0,8195%,71185
Client 37 0,0029 0,00295 0,0031 0,0031 0,00325 0,0033 0,00320,0033
Client 38 0,17355 0,13525 0,113 0,13945 0,14785 0,1406 03.4300,1252
Client 39 0,02985 0,03195 0,02985 0,0332 0,03005 0,032 0295 0,026
Client 40 0,0814 0,1283 0,12285 0,0671 0,0235 0,0299 0,0567 ,0310
Client 41 0,0986 0,10845 0,10175 0,0848 0,09445 0,1946 084390,48815
Client 42 0,1456 0,11465 0,0926 0,1429 0,17015 0,16645 08.6570,08475
Client 43 0,64175 0,55765 0,6629 0,41095 0,38755 0,6434 6836 0,59265
Client 44 0,0318 0,0301 0,0316 0,0295 0,02865 0,0291 0,0282,02705
Client 45 0,0516 0,0451 0,0383 0,0485 0,05165 0,064 0,0514 03945
Client 46 0,4046 0,46155 0,4186 0,3394 0,4053 0,4993 0,3463,32785

48



As the real data is made up only of 46 clients itlifficult to make clusters with this
small amount of data. Figure 22 shows 5 clustersliehts depending on the total
consumption: red, orange, yellow, light green aark@reen.

Comparing this data with the simulated data we dassify each real client inside of
one of the 20 groups of the simulated client. Knmayvhence, the number of occupants
and the unoccupied period of each real client.

Feature weights

hora U1 1
hora 02 1
hora 03 1

pla g BT |

homa 211

Figure 22. Real data visualization identifying the total average daily consumption by colours and
sizes from more (red) to less (green) consumption

Following, the real clients are going to be visealwith the simulated ones in order to
compare them an extract more information aboutréa¢ data, such as the period of
occupancy and the number of occupants.

49



9.4. Simulated and real data load demand profile clustering.

The real and simulated data are visualize togetherder to classify the real data
depending on the number of occupants and the upaztperiod.

The data that is entered into the visualization td@hown in tables 4 (simulated data)

and 6 (real data).
The input parameters for the visualization tool are

* The average consumption of each client at each ¢fcthe day.

* The total consumption in kWh (labelled as "TOTAL").

* The type of client depending on the type of profi@t was used for the
simulation, types from 1 to 21 shown in table Bbélled as "TYPE"). This last
attribute is only used for validation purposes.

* The type of client, differencing real and simulatiénts.

Figure 23 shows the real and simulated clientgesgmting the colour and size of each

point the total consumption in one day.

Feature weights

hour 01: 1
hour 02: 1
hour 03: 1
hour 04: 1
hour 05: 1
hour 06: 1
hour 07: 1
hour 08: 1
hour 09: 1
hour 10: 1
hour 11: 1
hour 12: 1
hour 13: 1
1
i
1
1
1
1
1
1
1
i
1

hour 14:
hour 15:
hour 16
hour 17
hour 18:
hour 19
hour 20:
hour 21
hour 22
hour 23:
hour 24:
TOTAL 1
|_ = TYPEQ
H Real 1 Noreal 2. 0

Figure 23. Real and simulated data visualization identifying the total average daily consumption
by colours and sizes from more (red) to less (green) consumption

Figure 24 shows that the real clients (green) dedsimulated clients (red) have similar

profiles, both data are mixed together in the Vigaton.
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Feature weights
E hour 01: 1
hour 02: 1
hour 03: 1
hour 04: 1
hour 05; 1
hour 06: 1
hour 07: 1
hour 08: 1
hour 09: 1
hour 10- 1
hour 11: 1
hour 12: 1
hour 13; 1
hour 14:1
hour 15: 1
hour 16: 1
hour 17: 1
hour 18- 1
hour 19 1
hour 20- 1
hour 21: 1
hour 22: 1
hour 23: 1
hour 24: 1
TOTAL 1

TYPE: 0

Real 1 Noreal 2: 0

Figure 24. Real (green) and simulated (red) data visualization.

Figure 25 shows the two zooms that are made inr aodsee which real client belongs

to which simulated type of client, described inl¢aB.

Figure 25. Real and simulated data zooms.
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Figure 26 shows that the four simulated clustemshich the number of occupants is 1.
A group of real clients belong to the cluster eéists type 4, another group to the type 2
and another client type 1. There is also a groupliehts which do not belong to any

cluster. This cluster represents the dwellings #matunoccupied, which is know from

their load data curves, where the consumptionasiyeero most of the time.

Figure 26. Real (green) and simulated (red) data visualization Zoom 1.

Figure 27 shows that there is a group of real tdighat there are between clusters
number 1, 2, 4 (1 occupant) and 8 (2 occupantsichElient can be included into the
nearest cluster.
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@

Figure 27. Real (green) and simulated (red) data visualization Zoom 2.

Figure 28 shows the four simulated clusters in Wwhite number of occupants is 2,
clusters number 5, 6,7 and 8, and two simulatedtets in which the number of
occupants is 3, clusters number 9 and 12.

The visualization shows a group of real clientohglto cluster type 8. Another group
of clients belongs to cluster type 12. There istla@ogroup of clients between clusters

types 9 and 12.



Figure 28. Real (green) and simulated (red) data visualization Zoom 3.

All the real clients are inside the region of tlhmwdated clients, which means that the
behaviour of the real clients is similar to the siated ones. Although some real clients
are not inside one simulated cluster, each cliantbe classified into the nearest type.

It is known from the visualization that the reakaks behave as dwellings with 1, 2 or 3
occupants and there are also unoccupied dwelliMgst of the real clients belong to

the clusters type 4, 8 and 12, which are the sitedl&@lients with non unoccupied

period. Hence, the majority of the real clientsénawn unoccupied period.

As the visualization tool does not make clusterth\he clients, the clustering can be
done manually. Using the visualization tool to itigneach real client with one type of
the simulated profile.
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Table 7 shows the real clients identified as egphk bf the 20 simulated profiles.

Table 7. Profile of the real clients

Number of clients

Profile
Identified astype

Unoccupied period Number of occupants

9 Unoccupied Unoccupied dwelling 0
7 2 14:00 to 19:00 1
3 1 9:00 to 14:00 1
9 4 No 1
13 8 No 2
5 12 No 3
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10. Conclusions

« Complex visualization techniques can be used toesgmt analyse and cluster
hourly load curves obtained from residential custsmprovided by the
company Electra Norte, as well as simulated cuol#ained from a simulation
software previously developed called GenMix.

e The previously developed software (GenMix) is valetl comparing the real
and simulated data. The real data appears amongitidated data in the
visualization tool. Hence, both data have similafite. The simulated load data
curves are comparable to the real load data cyonmsded by Electra Norte.

 The pattern extraction technique by means of vizatbn techniques is
validated using the known simulated data. The tWdiemho have the same
simulation profile appear together in one clustéence, this tool is useful to

identify similar clients and group them into cluste
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