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Abstract. Energy is crucial for any activity of a country. Therefore,
electrical organizations need to analyze the data generated in the form
of data streams by network equipment’s for decisions making. These
data are voluminous and velocious, which make impossible to process or
store them with conventional methods. Hence the need to have a tool
that allows to exploit these electrical data from the user’s consumption
and the network. In this paper, we propose a tool that summaries data
streams by using data cubes structures and gives the ability to face the
need to make the best decisions required by the customer as well as the
supplier. This tool is composed by a data stream summary model and
two algorithms used to create, load, and update the data cubes. This
proposal was performed with Big Data tools that give to this summary
the capacity to scale up. To demonstrate the effectiveness of the proposi-
tion, a detailed experimental evaluation over a real electrical data stream
is presented.
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1 Introduction

The need to manage power energy in developing country constitute a real chal-
lenge. Indeed, all other sectors like health, education, telecommunications, and
so on, crucially depend on electricity. Therefore, with the advent of smart meters,
electricity consumption can be measured remotely from consumers by electricity
suppliers such as EDF for France, ENEL for Italy or SENELEC for Senegal with
a certain periodicity between measured (seconds, minutes, hours,...). This has
the effect of generating a continuous stream of electrical data, in a fast and volu-
metric way. Thus, sensors can be connected to the supplier’s information system
(IS) to allow billing, control, aggregation of load curves, for one thing. The anal-
ysis made on the consumption readings of the meters of the customers can prove
to be of great use both for the supplier and for the customer. Indeed, the cus-
tomer could use this analysis, for example, to detect the reasons of high-power
consumption (a damaged freezer, a high number of household appliances,...). The
supplier, could use these data, for example, to know the profile of the consump-
tion to propose adapted prices to each customer, to anticipate electrical needs, to
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react to demand in the advent of a critical situation, or to supervise its network,
to process the overall efficiency of the network or to issue some alerts, among
other things. In addition, the recorded measures allow to analyze the load curves
corresponding to the evolution of power consumption at a time interval ranging
from one second to many days for a well-defined period. Thus, a communicating
meter can, during its operation, transmit a records (tuple) according to a cus-
tomizable time interval. This tuple can contain the meter number, the reading
time, the date, voltages, intensities, active power, and other energy attributes.
Therefore, a stream of consumption data is composed by events coming from
several equipments. Data streams are often described by multiple qualitative
and quantitative attributes from different objects. These data can be stored in
data structures called cubes [1] where the qualitative objects can be viewed are
dimensions and the quantitative objects are measures. They are also unloaded
from the system if it does not exist a retention mechanism that can be used to
query them in the future. In this sense, this paper aims to present a summary
technic that allows to analyze electrical data streams with Online Analytical pro-
cessing (OLAP) [2] technics by using NoSQL [3] tools that give the possibility to
deal with data streams constraints like storage and processing and to scale up.
In the remainder of this article, the Sect. 2 presents a study of some propositions
for the processing of electrical data streams. Then, in Sect. 3, the proposed sum-
mary and the architecture are described. The data stream used and its modeling
as well as some use cases are presented in Sect. 4. The results obtained are given
in Sect. 5. Finally, in Sect. 6, an assessment and future directions are discussed.

2 State of the Art

Many relevant works on the processing of electrical data streams have been car-
ried out [4]-[10]. The authors of [4] presented an experiment performed with two
public Data Stream Management Systems (DSMS), STREAM and Telegraph [6]
based on queries with the aim of proposing a new distributed data stream man-
agement system. This work allows to discover the usage of these frameworks but
do not propose a summary. In [7], authors proposed an approach for real-time
analysis of the energy consumption of manufacturing equipment based only on
electrical energy data streams. This approach followed the paradigm of event-
driven systems and used complex event processing methods, however, it did not
retain data. In [8], event stream processing techniques are applied to automate
the monitoring and analysis of energy consumption in manufacturing systems.
Methods to reduce the use according to the specific patterns discerned are dis-
cussed. However, in these works, the processing is performed only on the fly. So,
there is no mechanism that retains a certain part of the observed data stream,
that’s why they are unloaded after analysis. Another proposal for the processing
of electrical data streams is PQStream [9]. It is a data stream processing system
which determines the quality of electrical energy. This system has been designed
for the processing and management of electrical data streams from the Turkish
electricity transmission system. However, the output is stored in a relational
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database that does not allow multidimensional analysis and scaling. In [10], the
authors presented an approach related to Big Data and the Internet of Things
that involved models that learn gradually. They used a strategy that consists
of storing the first events of the stream to apply a set of learning techniques on
them that make the streaming algorithms ready to be able to handle incoming
events. In contrast, this proposition doesn’t allow to query the unloaded data
because of a lack of data storage structure. These works constitute real advances
in the processing of electrical data streams. Nevertheless, they do not address
the multidimensional aspect of them. Also they do not propose summary tech-
niques that enable to preserve and exploit certain relevant data from these data
streams in the future. Indeed, with data streams, the data are unloaded from the
system after each expiration of time windows. However, the end user may want
to query the past data to be able to make decisions. Therefore, with these sys-
tems, it will not be possible to give results for this kind of queries. In addition,
to satisfy the storage and processing constraints related to data streams, the
system must evolve, which is not the case with these proposals. Thus, this paper
gives a summary of multidimensional data stream performed on electrical data
with Big data tools to deal with scalability and cope with storage and processing
limits for future analysis.

3 Summary Model and Architecture

This section describes the proposition that consists of a multi-level cascading
cubes with two algorithms to create, load and update these cubes. A cube is
a data structure that involves axes of analysis like equipment, time, geograpic
area known as dimension to analyse insights called measures as power, voltage,
intensity, gathered into a fact table [1]. A cube can be modelized in a star schema
(where dimensions dont have links) or in a snowflakes schema (where dimensions
may be linked) [1]. For the implementation of this model, a complete architecture
based on Big data approach will be proposed.

3.1 A Cascading Cube Model

The data streams are often characterized by several dimensions and facts. Thus,
it becomes necessary to model them in a multidimensional way for OLAP appli-
cations. In this sense, a multidimensional data streams summary technic is pro-
posed. These summaries consist of cascading data cubes with algorithms to cre-
ate and update the different cubes.

The Summary Definition. The proposed summary is composed by different
sub summaries corresponding each to a cube. Thus, let S be the summaries
set presented by Fig. 1, Tw a tilted-time window [11] (where the most recent
data are registered at the finest granularity and the more distant data are reg-
istered at a coarser granularity). We also define the set of cubes C representing
the differents cubes arranged in a manner to form a cascade. In other words,
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the summary is composed by cubes having different levels of data aggregation
following the time granularity. Therefore, we have :

— T = {Tw1, Tw2,-.-, Town} where each T,,; in this time dimension corresponds
to a time window and T < Tiyit1-

- C={C1, C2,..., Cn} where each Ci (1 < i < n) corresponds to a summary
(cube of the cascade) computed after the time window T,; (1 <4 < n).In the
set of cubes C, Ci and Ci+1 are disjoint. In addition, each Ci+1 is the result
of the update function (presented in the following section) applied on Ch.

— Thus, the definition of the global summary is gived by the union of cubes
or summaries (% calculated during the time window 7T,,;. Thus, S =
U{(C’La Twi)}'

The expiration of a window initiates the call of the aggregation and propa-
gation algorithm of the model. Thus, the different sizes of these time windows
constitute indicators used as timers to aggregate and propagate data from one
cube level to another. The cubes of this model differ in the duration of conserva-
tion of their data before aggregation and propagation thereof to the cube having
the highest temporal value as well as the level of aggregation of the data of each
of these cubes. In this sense, the temporal granularity is not the same at all levels
of the cascade and it is possible to customize it with minimum (¢g7'Min minimal
time window parameter) and maximum (g7Maz maximal time window parame-
ter) limits presented in Fig. 1. The number of cubes in the cascade is defined by
the ¢gTMax parameter. For example, when gTMin = minute and ¢TMaz = day
then we have time levels minute, hour, day so the cascade will contain 3 cubes.

| gTMin |
i ' gTMax |

cube C1 cube Ci cube Cn

Fig. 1. Multi-level cascade of cubes.

The Algorithms of the Model. The initialization and the updating of the
different cubes of the cascade are performed by two algorithms. The first algo-
rithm, presented by the Fig.2, creates and loads the data cubes. The second
is the update algorithm described by Fig.3 and used to propagate the aggre-
gated data between two successive cubes of the cascade. These two algorithms
are customizable in the aim to be able to consider the user’s preferences and are
presented as follows.
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Initialization Algorithm. This algorithm is responsible for the creation of each
data cube of the model. It is presented by the Fig.2. For the first level of the
cascade, the function verifies if the table corresponding to the data cube already
exists; if it is not the case, it creates the cube’s table where column families
correspond to each dimension and to the fact(s) [1] defined from the received
data structure before loading data. After creating this data cube, this function
will then inject data in the corresponding table.

o Mie ) [— l
»— - <> >
= 4
Bl L
Events Event Hub Stream ingestion data stream Cube creation

and loading NoSQL Database
for storing the
produced summary

translation to XML

Fig. 2. Initialization of summaries.

The Update Algorithm. The data cube update task is made by this function
also known here as fupdate and presented by the Fig.3. It is executed after
time windows expiration to update the differents cubes. This function works in
different steps. In the first time, it discards data contained in the cube Ci+1.
In the second step, it generates a new data stream with data contained in the
cube (. In the next step, it calls over this new data stream a continuous query
to aggregate these data according to the new time window granularity. After-
wards, in the fourth step, it injects the results in the cube Ci+1 table. The
update function is run to these different processes between all the cubes of the
cascade in a descending way. If we assume to have three cubes Ci, Ci+1 and
Ci+2, the process can be defined like following: discard data from Ci+2, Ci+2
= fupdate(Ci+1), discard data from Ci+1, Ci+1 = fupdate(Ci), discard data
from (%, load new data in Ci. Discarding the data of the last cube allows one to
maintain a bounded size for the system.

>

—
\/é |;|_|
Stream retrieving New generated data stream

NoSQL Database

for storing the < /> < {,}

produced summary o3
Cube creation data stream Complex Event
and loading translation to XML Processing (CEP)

Fig. 3. Summaries (cubes) updating process.
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3.2 Architecture

The architecture presented by the Fig.4, consists of different layers or phases
ranging from the ingestion of data streams to the visualization of these data
streams through the processing of data and their storage. These different phases
define a multilayer architecture whose levels are interdependent. At each level
of this architecture, there are different tools to manipulate data streams for
well-defined processing.

m St[t))?:;e

ization and update Multidimensional data stream
engine functions summary

Web Dashboards
Applications E_‘
Devices - : :
Social

Fig. 4. The global architecture.

3.3 Data Stream Ingestion Layer

The data stream ingestion layer connects the various data stream sources such
as, for example, the electricity consumption data collected in real time on the
meters of all the network equipments (substations, transformers, feeders, ...) to
the processing layer. These data streams are collected and then injected into
the system by various tools that work in producer/consumer mode by using a
queue. This step may involve tools such as Kafka [12], Flume [13]. In this work,
Kafka is used to implement this layer because it can handle voluminous data
from various sources in a fast way. It is also simple to implement and can be
linked with many other processing tools.

3.4 Data Stream Processing Layer

This processing can be performed into two ways, namely a stream or batch pro-
cessing [14]. In batch processing, data are collected and grouped into blocks of
a certain temporal granularity (second, minute, hour, ...) after that, they are
injected into a processing system. Batch processing is best suited when data
streams are received later. For example when the data source only provides its
information every 30 min. As usage, it can be employed to process all electrical
measures taken by the meters after 10 min. This type of processing is also suit-
able when it is more important to process large volumes of data to obtain more
detailed information than to obtain fast analysis results. For batch processing,
there are various distributed platforms that provide scalable processing on clus-
ters. To process the data streams as they arrive in the system, it is necessary
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to perform on-the-fly processing on them to be able to draw knowledge from
them. In fact, their storage in their globality is not allowed by the available
resources. The continuous processing of data streams is usually done on clusters
of distributed machines to allow to scale. This ensures a certain availability of
processing resources (memory and CPU) [20]. This layer can be achieved by
tools like Apache Storm, Spark Streaming [21].

3.5 Storage Layer

This layer, is used to store summaries build by the processing layer. The imple-
mentation of this layer is ensured by a model consisting of cascading cubes
representing the summary of data streams obtained after processing. The first
level is a cube that stores detailed data, and the other levels aggregate the data
according to the time window coarsity. The data migration between the cubes of
the cascade is performed using an update algorithm later presented. This data
stream summary layer allows to visualize the history or a part of them in order
to give to the decision-makers the ability to perform analysis as well as to query
past data. This layer is achievable by solutions such as HBase, Hive or Cassandra
[14]. In this work, HBase [15], a NoSQL Document-oriented database, is used for
the implementation of this layer. The reason of this choice is that HBase helps
to deal with scalability and gives high performance in read/ write tasks. Indeed,
NoSQL databases support a variety of data models that are ideal for build-
ing applications that require large data volumes and low latency or response
times. They provide flexible schemas that allow to handle multiple data format
(non structure, semi-structured or structured) [15]. NoSQL databases can scale-
out by using commodity hardware which has the ability to support increased
traffic [18,19]. In addtion, NoSQL databases can become larger and with hight-
performance which make them to be more suitable for evolving datasets like
data streams [16]. They are automatically replicated wich give a high availi-
bilty and are designed for distributed data stores with large data storage needs
which make them best choice for big data. These solutions involve tools such
as HBase, Hive or Cassandra for the management of NoSQL databases and
are most often used to store Big Data [15]. They are grouped into four cate-
gories depending on the type of representation implemented. Thus, key-value-
oriented, column-oriented, document-oriented, and graph-oriented models can be
distinguished. Data streams summaries using Column-oriented databases: The
columns-oriented databases were used in various propositions [16,17] to store
data streams. Indeed, they are built for highly analytical, complex-query tasks
and are most often suitable for large data model. They can also be utilized to
perform data warehouses. HBase [16] works very well for real-time analysis of
large data streams.

3.6 Data Visualization Layer

The visualization layer allows the extraction of crucial information for analysis
with real-time data stream mining or learning tools to allow strategic and/or tac-
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tical decision-making (detecting outliers [17], detecting fraud, ...). Thus, to help
analysis of the data streams, obtained information must be described according
to a certain number of types of representation such as tables, graphs, curves
and stuff. And these different displays, combined, represent a dashboard. In this
sense, this phase of data analysis is the one in which can be detected intrinsic
patterns, extract relationships and knowledge. It thus helps the decision-makers
to easily exploit the results obtained from the data stream analysis. SAP Hana,
Power BI [22] are different tools that can be utilized to carry out this analysis.
Power BI is employed for the need of this work.

4 Implementation

This section describes the implementation of the summary based on the pre-
sented architecture. The used data stream and his modelling are presented. Also
the ingestion is achieved with Kafka, the processing layer with Apache Storm,
and storage layers with HBase [3,20]. The visualization layer is achieved with
Power BI Desktop [22].

4.1 Electrical Data Stream

The used data stream in the experiments describes data measured by smart
equipments. They are continuously obtained from the different components of
the electrical network of Senelec (national electricity company of Senegal). The
database used as source has an initial size more than 100GB and is continuously
growing with millions of records (measures) each record having 42 columns (40
numerical values) 1 for the timestamp and 1 for the meter number. This data
stream is described by the following parameters:

— The name gives the name of the equipment.

— The equipment type item describes the type of equipment.

— The longitude and latitude headings describe the geographical the equip-
ment location.

— The MeterNo the counter number,

— The dataTstmp the timestamp,

— The attributes P8311 (U1), P8312 (U2) and P813 (U3) the values measured
of the average voltages of phases 1, 2 and 3 in volts (V),

— The attributes P8391 (I1), P8392 (I2) and P8393 (I3) the measured values
of the average intensities of phases 1, 2 and 3 in ampere (A),

— The P8341 (kW) attribute defines the value measured of the imported active
power from which the reactive power (in kW) will be processed with the values
of the voltages as well as those of the intensities.

4.2 Use Case

The electrical data streams analysis allows to gain information that helps to know
the network behaviour. With these results the end user can make investments,
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to know zones that need to be linked to the electrical network, to reduce power
wastage, to detect frauds, among other analysis tasks. Therefore, in this paper we
provide to a decision maker a way to query multidimensional data streams. This
proposition allows then to the end user to analyse electrical data stream measures
(intensities, voltages, powers) by using different axes of analysis (equipment,
time, geographic) in the aim to take decisions like what zones require to be liked
to the electrical network, how to detect frauds, how to predict production, how
to reduce power wastages, among others. In this sense, we build a summary that
gives a great possibility of analysing data streams and is applicable to all use
cases. In this sense, some cases are defined related to the data stream described
above. The queries are built in windows defined on the streams emitted in the
system by the higher layers of the architecture. These queries are formulated as
follows:

— Query 1: Determines the average for the Phase 2’s voltage of all equipments.
The result of this query allows to detect for example the causes of abnormal
or excessive consumption by detecting values lower or greater than these
measures.

— Query 2: Gives the maximum, minimum and the average values for the
phase 2 voltage of the HTA transformers. The supplier could use this query,
for example, to anticipate electrical needs, to react to power energy needs of
the customers demand in the advent of a critical situation, or to supervise its
network.

— Query 3: Provides U2 values for all equipment the 09-27-2020 for example.
This query can help to detect the equipments that excessively consume power
for a precise day.

— Query 4: Gets maximum, minimum after getting the average values of U2 for
equipment which name contains “Classic” for period between the 09-27-2020
at 23:50 and the 09-28-2020 at 04:20 for example. This query can be used to
detect outliers [17].

4.3 Modeling

In the following, the star model [1] is described by the Fig.5. It has been devel-
oped from the presented data stream. This model contains dimensions which are
the axes of analysis and a fact table. These dimensions are the following: the
“DimEquipment” dimension describing each equipment present in the network
having attributes like the meter number, the equipment name. Then, the “Dim-
Time” dimension that stores different time granularities such as data tstmp,
minute, hour, day. The “DimService” dimension gives the service to which the
equipment is attached. The “DimGeo”’ dimension represents the location of the
counter and allows a geographical analysis. The “DimEquipmentType” dimen-
sion that categorizes the equipment as source station, substation, feeder, trans-
formers. Finally, the model has a central fact table, “FactEnergy” which groups
together a certain number of measures to be analyzed. More formally, we have
the following diagram.
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DimEquipment
FactEnergy DimTime
IdDimEquipment . ) o
MeterNo IdDimEquipment o IdDimTime
EquipmentName IdDimTime O; DataTstmp
InstalledPower | <———————<| ldDimEquipmentType Minute
KVVoltage ! 0.n ldDimGeo Mot
TPQuotient IdDimService Day
0.

TCQuotient I n Month

12 Year

13

DimEquipmentType U1
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Fig. 5. Star schema based on the used data stream

4.4 Data Stream Retrieval

The source data stream is retrieved by this part of the system that is built
with kafka event producer. This producer is implemented with Java. It defines
the kafka configuration by using java.util.Properties object and it uses the send
method of the classe org.apache.kafka.clients.producer. Producer to emit events
read from th source into a Kafka topic. A topic is similar to a folder in a filesys-
tem, and the events are the files in that folder and works as a queue. And before
writing events in a topic, it must be created by giving it a name with the fol-
lowing command :

— bin/kafka-topics.sh —create —topic fluzrDBTestUpdate —bootstrap-server local-
host:9092

Thus, the producer firstly retrieves events from the data source. Then, it sends
them to the Kafka topic where they are taken by a Storm’s spout (consumer) to
send them to the various bolts for processing.

4.5 The Summary Construction and Update

The initialization and update algorithms previously presented for the summary’s
cubes creation and updating are implemented in this part. This layer ensures the
processing of the tuples into the Kafka topic. To achieve these tasks, different
functions performed by Storm bolts are used for retrieving these data. They also
execute over data streams continuous queries. In the final step, the presented
initialization function is ran to create the cube data tables (multidimensional
summaries) in HBase and to load obtained results into them. After retrieving
the data injected by a spout, a bolt is defined with the goal to translate data into
a JavaBean having the following prototype: MeasuresCounter (String id, String
meterNo, String dataTstmp, String P8311, String P8312, String P8313, String
P8391, String P8392, String P8393, String 8341). The JavaBean instantiated
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is transmitted to a second bolt which role is to check the existence of the table
of the first cube (summary) in HBase. If the table does not exist, one method
which, after defining the HBase table structure, creates it. This method performs
the description of its column families as well as the columns of the HBase table.
Then data are inserted into the previous created table. The updating cubes
(summaries) process is performed according to different steps. In the first step,
the data of the cube Ci are retrieved via a new Kafka producer. After aggrega-
tion, they are loaded in a new Kafka topic (a queue) named fluzDBTestUpdate.
Then by a new spout, we load these data into an update bolt. This update bolt
performs its processing via queries executed in the Esper engine following time
windows corresponding to the different time values of the different levels of the
cascade. Indeed, each cube updated corresponds to a welldefined time window.
To do this, a Java class called EsperOperation is defined. The constructor of the
EsperOperation class itializes the Esper listener and defines the Esper query to
be executed, presented by the Fig. 6. For example, if we want to update the data
of the cube corresponding to the last 30 min electricals measures (cube (%), the
Esper query buffers the events over 30 min and then returns the result of the
aggregate functions applied to them for each equipment during the 30 min. For
data propagation, the bolt that achieves the update task calls the data insertion
bolt to load the results into an HBase table corresponding to the cube to be
updated (cube Ci+1). Fixed time windows are used here.

ESPER QUERY EXEMPLE

SELECT MeterNo,DataTstmp,
SUM(P8311),SUM(P8312),SUM(P8313),
SUM(P8391),SUM(P8392),SUM(P8393),
SUM(P8341)

FROM MeasureBean.win.time_batch(30min)

GROUP BY MeterNO,DataTstmp

Fig. 6. An Esper query sample

5 Results and Discussion

This section presents some results obtained after execution of some queries using
the time and equipment dimensions. The Fig.7 presents the phase 2 voltage
(U2) over all the network, the Fig.8 the phase 2 voltage for electrical HTA
transformers, the Fig. 9 phase 2 voltage for the 09/27/2020 and Fig. 10 phase 2
voltage for 09/20/2020 at 04:20. In each of these figures, we also represent MAX,
MIN and AVG phase 2 voltage values.
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5.1 Results Presentation

Service, Equipment type, Equipem... U2 by Equipement
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| ]|

7.75K 0,00 1,95K

MAX U2 MIN U2 AVG U2

Fig. 7. Phase 2 voltage (U2) measure over the electrical network

The Fig.7 shows the voltage measured over all the network. It also shows the
max, min and average of the phase 2 voltage. These results allow to the supplier
to supervise the equipment load. The Fig. 8 gives the maximum, the minimum
and the average values for the phase 2 voltage of the HTA transformers. It shows
the ability of the summary to answer queries with filters in other dimensions.
This query can help the supplier to supervise the electricity transportation. The
Fig. 9 shows phase 2 voltage for the given day 27-09-2020. It allows to see that the
summary can aggregate data by also applying a filter. This query demonstrates
the summary ability to analyze the network data in a particular date. The Fig. 10
shows that the summary can be used to analyze a certain part of the electrical
network.
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Fig. 8. Phase 2 voltage (U2) voltage measure for HTA transformers
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Fig. 9. Phase 2 voltage (U2) voltage measure for the 27-09-2020
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Fig. 10. Phase 2 voltage (U2) measured values with maximum, minimum and the
average for equipment which name contains “Classic” for between timestamp “09-27-
2020 23:50” and “09-28-2020 04:20” 7

5.2 Discussion

In this section, a certain number of queries have been executed against the
summaries. We observed from the results that the waterfall cube model was able
to meet the demands of a user who would like to view stream data on different
dimensions. The results obtained by the summaries show that the contribution
of this model is different from works presented in the section II. Indeed, it allows
to give answers for queries by using different dimensions over data streams with
filtering and aggregation. Moreover, this model can scale up. This model’s ability
is allowed by the fact that it was achieved by Big Data tools. This functionality
is not offered by the propositions studied from the literature. In this sense, the
model can be used to deal with CPU and memory resources.

6 Conclusion

Analyzing electrical data streams can give the opportunity to take decisions that
will help to evolve different sectors of a developing country. However, it is impos-
sible to efficiently process and store these multidimensional data streams with
existing methods. Therefore, in this paper, different propositions on electrical
data stream processing have been studied. This study shows that these differ-
ent interesting systems do not propose a summary technic for analyzing in the
future electrical data streams but only do it on the fly. Also, these works do not
consider the multidimensional aspect of electrical data streams. In this sense, a
generic cascading cubes data model and an architecture have been proposed and
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implemented with Big Data tools. The architecture includes ingestion, process-
ing, storage and visualization layers. Similarly, the generic cascading cubes data
model and its OLAP modeling have been described. The implementation of the
different architecture’s layers was also presented to test the waterfall model over
a real electrical data stream. Finally, the execution of some queries has been
performed on the summaries. The execution of these queries shows that the pro-
posed model met the expectations of decision-making users. The perspectives
are to study and to develop data mining and machine learning algorithms to
analyze data present into the obtained summaries.
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