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Abstract—This work aims to seek a pragmatic approach to 
assess electricity consumption at the level of households, 
buildings and neighborhoods. The main concern consists in 
proposing aggregation methods based on jump process according 
to a customer environment that is intrinsically linked to the 
implementation of a centralized system. The aim of the approach 
is to present data aggregations that derive their basis from a data 
model in order to facilitate the processing of electricity data at 
different scales of analysis. Such a smart meter data management 
process merits the design of an aggregated database that can 
store data for a house, a building and a neighborhood. The 
advantage of this system lies in the facilitation of data 
interpretation and the ability to guide decision-makers in the 
management of electricity consumption. An analysis of the 
behavior of electricity consumption is also proposed based on the 
monitoring of the electricity consumption of the various devices 
connected to a smart meter. 
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I. INTRODUCTION 
The systems for managing data from smart meters remain 

closed in the way they process data. However, these systems 
have the merit of presenting detailed output states. This work 
consists of: 

• Analyzing the existing framework in favor of measuring 
methods for the smart meter in particular. 

• Studying and adapting this research work to the 
documents and output reports made available by data 
managers of these smart meters. 

• Initializing a data model for the management of smart 
metering data. 

• Explaining the treatments of the central system 
including the various techniques applied and the 
presentation of data structures for facilitating data 
aggregation. 

• Presenting the aggregation methods implemented using 
the jump process. 

This work follows a previous work [1] related to the design 
of a multi-agent system for the management of data from smart 
meters. The advantage of this approach is to deepen the design 

of the system by providing it with data aggregation methods 
that would lead to results for the benefit of decision-makers. 

In [1], presents a formal framework for storing smart meter 
data and applying methods for analyzing electricity 
consumption data. For this, a database model for evaluating the 
electricity consumption data of a house, a building and a 
neighborhood is proposed. This work highlights a structured 
set of measurement data from smart meters. There are many 
elements to consider for the implementation of a data model [2, 
3, 4]. Jaime Lloret and al. propose an integrated architecture 
based on the Internet of Things (IoT) for the deployment of 
smart meter networks [2]. This article [3] offers a large number 
of datasets as well as a web portal for visualizing this data. The 
work in this publication presents key technological solutions 
for better data analysis and energy efficiency research. In [4], 
reviews technologies oriented and adapted to the development 
of applications for the management of smart meter data. Yi 
Wang and al. provide insight into the future challenges of 
descriptive analytics including load analysis, predictive 
analytics, forecasting and prescriptive analytics for load 
management [4]. 

The processing of the data collected is carried out by means 
of aggregation methods. It is also about presenting data 
structures that will evolve progressively as needed. This work 
presents existing studies highlighting the importance of 
forecasts for a good management of electricity consumption, 
mainly at the level of end customers [5, 6]. In [5], highlights 
the need for detailed technical information on the devices used 
by households in order to measure their impacts on household 
behavior. Ya Wu and Li Zhang study the factors influencing 
energy saving in tiered electricity pricing and presents 
empirical results based on variables such as personal 
characteristics and living conditions [6]. 

A survey of studies similar to the approach conducted in 
this paper help to identify a few cases with different interests 
from each other. Xiaochen Zhang and al. propose a time-
variant load model based on the exploration of a historical 
database of smart meter data [7]. A relational database 
management system is set up to leverage information that 
consumers and utilities can get from smart meters data [8]. The 
achievement of new energy efficiency services is highlighted 
by the use of smart meters with smartphones through an 
infrastructure and a set of algorithms [9]. Ming Dong and al. 
propose a method to help monitoring energy consumption and 
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identifying individual consumption from large household 
appliances [10]. Xiufeng Liu and al. [11] propose an innovative 
ICT solution based on a hybrid architecture, which proves the 
importance of smart meters in socio-economic surveys and 
proposes a rational approach to dealing with the complexity of 
their data. This solution concerns more areas of interest such as 
geographic locations, weather conditions and user information. 
Peng Xu and al. propose an ICT solution that aims to highlight 
the efficiency of smart meters and remote displays through 
real-time monitoring functions of energy consumption to 
achieve objectives in environmental and supply security [12]. 
Juan I. Guerrero and al. provide a method for integrating smart 
meter data from heterogeneous data sources and modeling the 
integrated information through an automatic data mining 
framework [13]. Jinsong Liu and al. [14] present the 
requirements of the fundamental models for the management 
of smart metering data and presents a concept of three-mode 
models as well as the design of the service architecture for 
accessing to generic models. 

The review of work around the evaluation of electricity 
consumption and its opportunities has made it possible to 
identify other areas of interest, including studies relating to 
aggregations, forecasts, evaluation of electrical data and their 
impacts. There are many approaches of data aggregation that 
can be temporal, zone and by use. The large volume of these 
data has also led to the exploration of aggregation methods 
allowing this data to be represented in other forms while 
retaining the initial information contained in the raw data [15, 
16, 17, 18, 19, 20, 21, 22]. Yi Wang, Qixin Chen and 
Chongqing Kang provide an overview of research related to the 
challenges of smart meter data analysis [15]. This work [16] 
presents a method based on Blockchain and Homomorphic 
Encryption (HE) technologies to ensure the confidentiality of 
smart meter data during the data aggregation phase. Mohamed 
Saleem Haja Nazmudeen and al. aim to adopt the fog 
computing architecture to reduce the amount of data collected 
in order to improve the performance of the process applicable 
to data within the central system [17]. In [18], highlights the 
need to implement a sub-metering of individual devices in a 
house to give a better interpretation to the data thanks to a 
proposed model called the Explicit-Duration Hidden Markov 
Model (EDHMM-diff). This paper [19] presents a model of 
data aggregation with fault tolerance, preventing data leakage 
and demonstrating robustness with negligible cost. Toshichika 
Shiobara and al. propose a method of reducing the cost of 
storing and using smart meter data through an aggregation 
method that reduces the total size of the data and the 
processing cost [20]. Accurate estimation of the energy [21] 
requirement forecast based on the amount of load growth and 
geographic space is carried out based on knowledge of small 
zone consumption, historical loads and weather conditions. The 
vector machine algorithm is used for data prediction, 
classification and analysis using a deep learning approach. 
Anastasia Ushakova and al. use a set of Gaussian models to 
aggregate time-series data from smart meters and to understand 
energy consumption based on the aggregation of data from the 
target population, particularly by inducing energy-efficient 
behavior [22]. 

There are also studies on both long-term and short-term 
forecasts of electricity demand [23, 24, 25]. In [23], highlights 
a new method of probabilistic forecasting of electricity demand 
through a hierarchy with different levels of aggregation such as 
substations, cities and regions. This study [24] proposes the 
evaluation of seven algorithms from measurement data 
collected every fifteen minutes from sensors to predict the 
electricity consumption of residential buildings in the next 
hour. This work confirms the best results already obtained 
from commercial buildings data with methods based on the 
neural network, unlike the results obtained from residential 
data. However, the conclusion of this work also shows that the 
results with the data of residential buildings are better with the 
Least Squares Support Vector Machines. This article [25] 
shows the important issue of forecasting electricity 
consumption by proposing prediction methods based on Short-
Term Load Forecast (STLF), the Self-Recurrent Wavelet 
Neural Network (SRWNN) and the Levenberg–Marquardt 
(LM) learning algorithm. 

Upstream of the aggregation and forecasting of electricity 
consumption, there is first the need to formalize the data from 
smart meters in a database model and this is why a set of 
studies on the evaluation of electricity consumption data from 
smart meters is presented. The evaluation of electricity data is 
indeed a major concern and a prerequisite for understanding 
consumer behavior in order to guarantee energy efficiency at 
the level of producers, suppliers and customers alike [26, 27, 
28, 29]. [26] explores the behavior of electricity customers on 
the use of heating and cooling. This work also shows the 
importance of using smart a meter data for understanding a 
consumer behavior with respect to thermal comfort, 
particularly in regions where automatic HVAC systems are 
virtually absent. Ilze Laicane and al. prove the importance of 
having up-to-date electricity data to determine the profile of 
households and reduce electricity consumption [27]. This work 
shows that the energy performance of households depends on 
the energy efficiency of equipment due to technological 
progress while highlighting an important part of the change in 
user behavior in the results observed [27]. In [28], is based on 
the PROBE and CarbonBuzz initiatives which illustrate that 
the concept of energy performance for more energy efficiency 
advocated by the construction industry does not live up to 
expectations and is biased by taking into account unrealistic 
factors such as occupancy behavior and facility management 
relating to the energy models used within these buildings. The 
study is based on the evaluation of data after occupancy of 
buildings to establish more realistic energy performance 
models. In [29], shows the impact of airflow on electricity 
consumption in computer data centers based on a comparative 
study of four different cities. Analysis of the cooling periods 
and energy saving periods yielded results in showing the 
importance of climatic conditions, energy prices and cooling 
technologies on cooling efficiency and costs of cooling 
exploitation. 

Likewise, the impacts of the evaluation of smart meter data 
are numerous [30, 31, 32] and fully participate in encouraging 
consumers to save energy by identifying different criteria for 
reducing electricity consumption. This study [30] presents the 
mistaken motivations of a sample of US grid electricity 

555 | P a g e  
www.ijacsa.thesai.org 

https://www.sciencedirect.com/science/article/abs/pii/S2214629620300050%23!
https://www.sciencedirect.com/science/article/pii/S1876610215007316%23!


(IJACSA) International Journal of Advanced Computer Science and Applications, 
Vol. 12, No. 5, 2021 

customers for choosing smart meters and associated 
technologies in residential homes and discusses the policy 
implications and risks perceived by customers. Jacopo Torriti 
shows that the demands of electricity customers using smart 
meters are 5.2 times lower than those of users of conventional 
meters using a comparative study carried out on three different 
floors of the same building in Italy [31]. Gordon Rausser, 
Wadim Strielkowski and Dalia Streimikien highlight relevant 
findings for the attention of stakeholders and policymakers on 
issues to consider in encouraging positive electricity 
consumption with smart meters [32]. 

The benefits of analyzing electricity consumption data from 
smart meters [5, 33, 34, 35, 36, 37] for consumers and for the 
environment in particular deserve to be highlighted. Iana 
Vassileva, Fredrik Wallin and Erik Dahlquist focuse on 
identifying appropriate power saving measures from important 
data collected and analyzed monthly over a long period from 
identical buildings [13]. This work consists in defining 
different behavioral consumption profiles from technical data 
on electricity consumption, tenant characteristics, energy 
consumption behaviors as well as type and use of electrical 
devices [13]. In [33], is a review of the literature that assesses 
the effectiveness of smart metering in reducing energy 
consumption while explaining factors related to users behavior. 
This article [34] is an in-depth analysis of the environmental 
impacts resulting from the use of smart meters by considering 
all stages of the life cycle of these meters. In [35], illustrates 
the importance of electricity consumption data in studying 
users’ consumption patterns in order to classify households 
according to predefined criteria. This study shows that a priori 
knowledge of certain criteria such as floor level or number of 
occupants can improve the accuracy of household 
classification. In [36], aims to provide industrial consumers 
with a methodological approach allowing the evaluation and 
choice of offers from electricity suppliers. The method used is 
based on characterization of electricity consumption, analysis 
of tariff offers and forecasts based on energy factors. The 
results of the study were drawn from the evaluation of fourteen 
different contracts of electricity suppliers. In [37,] emphasizes 
the importance of long-term forecasting of electricity demand 
based on forecasts obtained from multivariate regression 
analysis of electricity consumption data. 

Some works using the jump process among which [38, 39, 
40, 41, 42] have been identified. The paper [38] determines the 
integral transforms of the joint distribution of the first-exit time 
from an interval and the value of a jump of a process over the 
boundary at exit time and the joint distribution of the 
supremum, infimum, and value of the process. Clifford A. Ball 
and Walter N. Torous show a simplified jump process for 
common stock returns using the jump process models 
information arrivals and, as such, stock price jumps [39]. The 
article [40] explores the use of the Markov jump process to 
model vehicular mobility at the macroscopic level. Lydia 
Chabane and al. study the fluctuations of systems modeled by 
Markov jump processes with periodic generators using large 
deviation theory; canonical biasing and generalized Doob 
transform [41]. They show that the asymptotic fluctuations 
process, called driven process, is the minimum under constraint 

of the large deviation function for occupation and jumps [41]. 
Alexander Sikorski and al. present how augmenting the spatial 
information of the embedded Markov chain by the temporal 
information of the associated jump times [42]. The approach 
presented in this work is a very different application of the 
jump process in a context of electricity consumption 
management. 

II. PRINCIPLE FOR THE AGGREGATION METHODS OF THE 
SMART METERING SYSTEM 

First, it should be noted that the data collection mechanisms 
both from smart meters and from the customer base make it 
possible to automatically provide data without duplication and 
by identifying proven or probable anomalies in the collection 
process in case of missing data or outliers through business 
analytics [1]. 

Data quality assessment should be subject to automated 
treatments. In addition, the storage of processed data must be 
possible over periods of time in accordance with the 
regulations in force in each country. 

After data collection, it is necessary to aggregate the raw 
data as shown in Fig. 1. 

• The aggregation of measurement data can be done 
according to a time step (hourly, daily, monthly, etc.) 
regardless of any consideration of the zone and use to 
which the measurements are linked. This temporal 
aggregation process can be done in the data collection 
transaction from the smart meters or in a separate 
transaction from the data collection process. It is 
sufficient to rely on the arrival date 
“ARRIVAL_DATE” of each data in the central system 
for the need of ordering the data of a source [1]. The 
collection of data from each smart meter requires the 
storage of the date “LAST_COLLECTION_DATE” of 
the last measurement data recorded in the source [1]. 
This mechanism makes it possible to ensure the 
collection of all data of a smart meter within the source 
to which it is attached. Several smart meters could also 
be associated with a single source. However, it is 
essential for the aggregation mechanism to save in a 
transaction, the "LAST_AGGREGATION_DATE" 
parameter for each source data. The “SOURCE” table 
has therefore been modified by adding the 
“LAST_AGGREGATION_DATE” field. “LAST_ 
AGGREGATION_DATE” corresponds to the arrival 
date in the central system of the last aggregated data for 
each source. Aggregation is therefore done in order of 
arrival of data from one or all the smart meters 
associated with a source as represented in Fig. 2. 

• The aggregations are then carried out on the sub-zones 
of the lowest level towards the sub-zones of the highest 
level. The aggregation of the data of a bounding zone is 
conditioned by the aggregation of all its sub-zones. 

• Data aggregations are also possible by use. Indeed, the 
aggregation of an use can be applied to all the 
measurement data of this use for a given zone. 
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Fig. 1. Functional Architecture of the Electricity System Including Aggregations and Interactions with other Actors in the Electricity Value Chain. 

 
Fig. 2. Representation of a Source. 

• It will no longer be possible to integrate data for a 
validated (procedurally completed) or non-initiated 
billing period in the aggregated database. This condition 
helps to limit and avoid the overlap in the collection and 
aggregation of electricity consumption data over time. 
This will also make it possible to identify functional 
and technical irregularities, in particular cases of 
attempted fraud. 

Let's present a view of the measurement data table 
regardless of its relationship to other entities in the master data 
model as indicated below in Fig. 3. 

 
Fig. 3. Representation of the Electricity Consumption of a Measurement. 

The analysis of this table highlights the correlation between 
the volume of data and the time step for collecting the data 
values for each measurement. The metering data is voluminous 
and therefore difficult to use. 

Reducing complexity involves moving to a more 
understandable data presentation scale by aggregating data 
over hourly, daily and monthly ranges. This aggregation 
consists of the accumulation of consumption data collected 
over the various intervals for each measurement. 
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At first glance, collecting the measurements of a house can 
generate a significant volume of data. The amount of data from 
a building, or even a neighborhood might be gigantic. 
Temporal aggregation of data is necessary not only to 
compress the volume of data but also to facilitate data search, 
analysis and visualization. 

III. MODELIZATION OF THE TEMPORAL, ZONE AND USE 
AGGREGATIONS OF THE DATA FOR THE SMART METERING 

SYSTEM USING THE JUMP PROCESS 

A. Fundamental Principle of Modelizing the System 
Aggregations by the Jump Process 
The jump process can be used to model the data 

aggregation of the smart metering system. Indeed, consumption 
data are recorded at successive and regular times. In addition, 
the current state of a smart meter is independent of the previous 
state at each time step of the arrival of electricity consumption 
data. The jump process thus models the data aggregations as 
follows: 

1) Calculation of the electricity consumption of a smart 
meter at a time 𝒕 

𝑍𝑡 = ∑ 𝑋𝑛∞
𝑛=1 𝟙[𝑇𝑛−1,𝑇𝑛[(t) , electricity consumption at time 𝑡. 

𝑛 the number of data records. 

𝑋𝑛 electricity consumption between 𝑇𝑛−1 and 𝑇𝑛 at time 𝑡 . 

∀𝑛, 0 = 𝑡1 < 𝑡2 … < 𝑡𝑛. 

∀𝑛 , 𝑋𝑡𝑛−1 and 𝑋𝑡𝑛 are independent. 

𝟙𝐴(𝑡) = � 1 𝑖𝑓 𝑡 ∈ 𝐴
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

𝑇𝑛 − 𝑇𝑛−1 = 𝐻 , H being the consumption data recording 
time step for a given meter. In the case of the jump process 
𝑇𝑛−1 − 𝑇𝑛 may not be constant unlike the special case of smart 
meters. 

2) Calculation of the cumulative electricity consumption 
of a smart meter so far 𝒕 

𝑌𝑡 = � 𝑋𝑛
∞

𝑛=1
𝟙𝑇𝑛<𝑡 

𝑌𝑡 , the total electricity consumption up to time 𝑡. 

𝑌𝑡 is a jump process, 𝑋𝑛 being the different values of the smart 
metering system. 

B. Temporal Aggregation of the Measurement 
1) Case of temporal aggregation of data from smart 

meters. 
a) Temporal aggregation of data from a set of smart 

meters in the metering system at time 𝑡. 
Let 𝑘  be the index of any smart meter and 𝑍𝑡𝑘  be the 

electricity consumption at time 𝑡. 

𝑍𝑡𝑘 = ∑ 𝑋𝑛𝑘∞
𝑛=1 𝟙�𝑇𝑛−1𝑘 ,𝑇𝑛𝑘�

(t) , 𝑋𝑛𝑘  being the electricity 
consumption of the smart meter k between 𝑇𝑛−1𝑘  and 𝑇𝑛𝑘 at time 
𝑡. 

Let N be the number of smart meters in the metering 
system and 𝑆𝑁 be the total electricity consumption for all these 
meters at time 𝑡. 

𝑆𝑁 = ∑ 𝑍𝑡𝑘𝑁
𝑘=1  represents the data aggregation for all N 

smart meters at time 𝑡. 

b) Temporal aggregation of data from a set of smart 
meters in the metering system up to the instant 𝒕. 

Let 𝑘 be the index of any smart meter and 𝑌𝑡𝑘 be the total 
electricity consumption up to time 𝑡. 

𝑌𝑡𝑘 = � 𝑋𝑛𝑘
∞

𝑛=1
𝟙𝑇𝑛𝑘<𝑡 

Let N be the number of smart meters in the metering 
system and 𝑅𝑁  be the total electricity consumption for all of 
these meters at time 𝑡. 

𝑅𝑁 = ∑ 𝑌𝑡𝑘𝑁
𝑘=1  represents the aggregation of data from all 

N smart meters up to the moment 𝑡. 

C. Aggregation by Zone of Measurements 
This section is devoted to data aggregations in relation to 

zones. This step assumes that the temporal aggregations of the 
measurement data have already been carried out for a specific 
time step. 

The basic data model does not allow a zone aggregation. 
For that, the notion of zone is necessary. The zone being a 
space in which one or more measurements can be counted. A 
zone is attached to a meter that also makes it possible to 
determine the customer. 

It is also necessary to define the notion of parent zone. This 
notion is essential in the implementation of a neighborhood 
data model. It is also possible to locate a zone by its geographic 
coordinates. The difference between a zone of a residence and 
that of a neighborhood is made by adding the notion of parent 
zone for a neighborhood. Indeed, the basic data model is 
suitable for evaluating the power consumption of a residential 
zone (house, apartment, building, district, etc.). 

The "ZONE" table takes into account the characteristics of 
a building and a district and is presented as follows in Fig. 4: 

 
Fig. 4. Representation of a Zone. 
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In evaluating the consumption of a building, it is necessary 
to cumulate the consumption of all the zones of that building. 
All of the building zones are made up of building zones that do 
not have a parent zone. Indeed, these zones already take into 
account the sub-zones, which compose them. 

Similarly, the consumption of a district is determined by 
the cumulative consumption of all the zones of this district that 
do not have a parent zone (level 0 zone) then come the zones 
with only one parent (level 1 zone) And so on. 

The notion of the “SOURCE” table is also essential for the 
transition from the basic data model to the district data model. 

1) Presentation of zone aggregation structures: Below is 
the presentation of the “CONSUMP_ZONE” table as shown 
in Fig. 5. Calculating the consumption of all the zones will 
facilitate the restitution of the consumption of a building or 
even a district. Indeed, a building and a district can be 
considered as a set of independent or combined zones through 
which the measurements are distributed. 

The identifier "ID_SOURCE" has been added to the table 
"CONSUMP_ZONE" to both take into account the size of the 
building and the district but also to avoid duplicating zones 
with the same identifiers and belonging to different sources. 

 
Fig. 5. Representation of Total Electricity Consumption over a Slot Time for 

a Zone. 

2) Case of data aggregation by zone from smart meters. 
a) Aggregation by zone of data from a set of smart 

meters in the metering system at the instant 𝒕 
Let 𝑘  be the index of any smart meter and 𝑍𝑡𝑘(𝑖)  the 

electricity consumption at time 𝑡 𝑖𝑛 zone 𝑖 . 

𝑍𝑡𝑘(𝑖) = ∑ 𝑋𝑛𝑘(𝑖)∞
𝑛=1 𝟙�𝑇𝑛−1𝑘 ,𝑇𝑛𝑘�

(t) , 𝑋𝑛𝑘(𝑖)  being the 
electricity consumption of the smart meter k between 𝑇𝑛−1𝑘  and 
𝑇𝑛𝑘 at time 𝑡 in zone 𝑖. 

Let N be the number of smart meters in the metering 
system and 𝑆𝑁(𝑖) the total electricity consumption for all these 
meters at time 𝑡 in zone 𝑖. 

𝑆𝑁(𝑖) = ∑ 𝑍𝑡𝑘𝑁
𝑘=1 (𝑖) represents the aggregation of data for 

all N smart meters at time 𝑡 in zone 𝑖. 

b) Aggregation by zone of data from a set of smart 
meters in the metering system up to time 𝒕. 

Let 𝑘 be the index of any smart meter and 𝑌𝑡𝑘(𝑖) the total 
electricity consumption up to time 𝑡 in zone 𝑖. 

𝑌𝑡𝑘(𝑖) = � 𝑋𝑛𝑘(𝑖)
∞

𝑛=1
𝟙𝑇𝑛𝑘<𝑡 

Let N be the number of smart meters in the metering 
system and 𝑅𝑁(𝑖) the total electricity consumption for all of 
these meters at time 𝑡 in zone 𝑖. 

𝑅𝑁(𝑖) = ∑ 𝑌𝑡𝑘(𝑖)𝑁
𝑘=1  represents the aggregation of data 

from all N smart meters up to time 𝑡 in zone 𝑖. 

D. Aggregation by use of Measurements 
In this section, the presentation of aggregations in relation 

to uses is highlighted. These aggregations are limited in space 
as they are attached to a zone, which can be a building or even 
a neighborhood. Indeed a district can be described as a set of 
nested zones or not. 

1) Presentation of aggregation structures for an use; 
Measurement data can be matched to uses. Indeed, the 
consumption data from each measurement comes from a well-
defined type of measure (lighting, air conditioning, a socket, 
etc). 

Each source has a set of uses associated with it as displayed 
in Fig. 6. The “USE” table therefore takes a reference to the 
“SOURCE” table. 

 
Fig. 6. Representation for an use of Electricity. 

Each measurement is associated with an use. A reference to 
the "SOURCE" table has therefore been added to the "USE" 
table, which makes it possible to identify the use for all 
measurements. 

The use information is only define at the source level but 
not at the smart meter level. Aggregation by use for a building 
or a district requires the information of the field "ID_SOURCE 
at the level of the "USE" table to link each measurement to its 
source of correspondence as observed in Fig. 7. The 
"ID_SOURCE" field also makes it possible to resolve conflicts 
in the case of identical identifiers of measurements belonging 
to different sources. 
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Fig. 7. Representation of Total Electricity Consumption over a Slot Time for 

an use. 

2) Case of data aggregation by use from smart meters. 
a) Aggregation by use of the data of a set of smart 

meters in the metering system at time 𝑡. 
Let 𝑘  be the index of any smart meter and 𝑍𝑡𝑘(𝑗)  the 

electricity consumption at time 𝑡 for use 𝑗. 

𝑍𝑡𝑘(𝑗) = ∑ 𝑋𝑛𝑘(𝑗)∞
𝑛=1 𝟙�𝑇𝑛−1𝑘 ,𝑇𝑛𝑘�

(t) , 𝑋𝑛𝑘(𝑗)  being the 
electricity consumption of the smart meter k between 𝑇𝑛−1𝑘  and 
𝑇𝑛𝑘 at time 𝑡 for use 𝑗. 

Let N be the number of smart meters in the metering 
system and 𝑆𝑁(𝑗) the total electricity consumption for all of 
these meters at time 𝑡 for use. 

𝑆𝑁(𝑗) = ∑ 𝑍𝑡𝑘𝑁
𝑘=1 (𝑗) represents the data aggregation of all 

N smart meters at time 𝑡 for use 𝑗. 

b) Aggregation by use of the data of a set of smart 
meters in the metering system up to time 𝒕. 

Let k be the index of any smart meter and 𝑌𝑡𝑘(𝑗) the total 
electricity consumption up to time 𝑡 for use 𝑗. 

𝑌𝑡𝑘(𝑗) = � 𝑋𝑛𝑘(𝑗)
∞

𝑛=1
𝟙𝑇𝑛𝑘<𝑡 

Let N be the number of smart meters in the metering 
system and 𝑅𝑁(𝑗) the total electricity consumption for all of 
these meters at time 𝑡 for use 𝑗. 

𝑅𝑁(𝑗) = ∑ 𝑌𝑡𝑘(𝑗)𝑁
𝑘=1  represents the aggregation of data 

from all N smart meters up to time 𝑡 for use j. 

E. Aggregation by Zone and by use of the Measurements 
A set of uses constitute the link between a zone and its 

measurement data. For this purpose, the definition of the 
ZONE_USE table is necessary. This table contains the 
references of all uses and measurements attached to each zone. 

1) Presentation of aggregation structures for a zone and 
an use: In a zone containing sub-zones, it is necessary to 
group together all the uses according to the types of uses and 
sub-zones. This will make it possible to present the 
consumption of uses for a given zone as a whole but also to 
highlight the detail of the consumption of uses for a given 
zone according to its sub-zones. Fig. 8 shows the link between 
a zone and an use. 

 
Fig. 8. Representation of the Relationship for a Zone according to an 

Electricity use. 

Fig. 9 is a view of the table containing consumption by 
zone and by use: 

 
Fig. 9. Representation of the Relationship of Total Electricity Consumption 

over a Period for a Zone according to an Electricity use. 

2) Case of data aggregation by zone and by use. 
a) Aggregation by zone and by use of the data of a set 

of smart meters in the metering system at time 𝑡. 
Let 𝑘  be the index of any smart meter and 𝑍𝑡𝑘(𝑖, 𝑗)  the 

electricity consumption at time 𝑡 in zone 𝑖 and for use 𝑗. 

𝑍𝑡𝑘(𝑖, 𝑗) = ∑ 𝑋𝑛𝑘(𝑖, 𝑗)∞
𝑛=1 𝟙�𝑇𝑛−1𝑘 ,𝑇𝑛𝑘�

(t) , 𝑋𝑛𝑘(𝑗)  being the 
electricity consumption of the smart meter k between 𝑇𝑛−1𝑘  and 
𝑇𝑛𝑘 at time 𝑡 in zone 𝑖 and for use 𝑗. 

Let N be the number of smart meters in the metering 
system and 𝑆𝑁(𝑖, 𝑗) the total electricity consumption for all of 
these meters at time 𝑡 in zone 𝑖 and for use j. 

𝑆𝑁(𝑖, 𝑗) = ∑ 𝑍𝑡𝑘𝑁
𝑘=1 (𝑖, 𝑗) represents the aggregation of data 

from all N smart meters at time 𝑡 in zone 𝑖 and for use 𝑗. 

b) Aggregation by zone and by use of data from a set of 
smart meters in the metering system up to time 𝑡. 

Let 𝑘 be the index of any smart meter and 𝑌𝑡𝑘(𝑖, 𝑗) the total 
electricity consumption up to time 𝑡 in zone 𝑖 and for use 𝑗. 

𝑌𝑡𝑘(𝑖, 𝑗) = � 𝑋𝑛𝑘(𝑖, 𝑗)
∞

𝑛=1
𝟙𝑇𝑛𝑘<𝑡 

Let N be the number of smart meters in the metering 
system and 𝑅𝑁(𝑗) the total electricity consumption for all of 
these meters at time 𝑡 in zone 𝑖 and for use 𝑗. 

𝑅𝑁(𝑖, 𝑗) = ∑ 𝑌𝑡𝑘(𝑖, 𝑗)𝑁
𝑘=1  represents the aggregation of data 

from all N smart meters up to time 𝑡 in zone 𝑖 and for use 𝑗. 
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IV. ANALYSIS OF USER CONSUMPTION BEHAVIOR 
This section focuses on the analysis of the behavior of 

electricity consumption by users. To do this, A study is carried 
out on the effects of consumer's daily actions on the use of 
each device connected to its smart meter. 

Let 𝑀 be the number of devices connected to a given smart 
meter with index 𝑘. Then consider 𝑙 the index of any device 
connected to this smart meter 𝑘. 

Let T𝑙𝑛 be the duration of consumption for device 𝑙 in the 
interval [𝑇𝑛−1,𝑇𝑛[ and let 𝐶𝑙  be the consumption per unit of 
time for this device. 

The consumption of the device 𝑙 in the interval [𝑇𝑛−1,𝑇𝑛[ 
can then be represented by C𝑙𝑛 = C𝑙 × 𝑇𝑙𝑛. 

The duration of consumption 𝑇𝑙𝑛  is random because the 
interval [𝑇𝑛−1,𝑇𝑛[  may or may not occur, which makes it 
possible to deduce that 𝑇𝑙𝑛 therefore follows a continuous law. 
In addition, the duration which separates two consecutive 
realizations in a series of independent realizations is modeled 
by an exponential law of parameter 𝜃 . 𝑇𝑙𝑛  is therefore an 
exponential variable. 

The consumption of electricity between 𝑇𝑛−1  and 𝑇𝑛  is 
independent of the consumption before 𝑇𝑛−1 and that after 𝑇𝑛. 

The duration between any two realizations in a series of 
independent realizations follows a gamma law with parameter 
(𝑎,𝜃), 𝑎 designates the number of intervals between the first 
realization and the last realization; and 𝜃 denotes the average 
number of realizations per unit of time. 𝜃  is estimated over 
time by following the consumption history linked to a smart 
meter. 

If the duration of consumption 𝑇𝑙𝑛 is performed only once 
in the interval [𝑇𝑛−1,𝑇𝑛[ , this duration of consumption 𝑇𝑙𝑛 
follows an exponential law. 

If the duration of consumption 𝑇𝑙𝑛  is carried out several 
times in the interval [𝑇𝑛−1,𝑇𝑛[, 𝑇𝑙𝑛 follows a gamma law. 

X𝑛𝑘 = ∑ 𝐶𝑙
𝑛,𝑘 = ∑ 𝐶𝑙𝑘𝑀

𝑙=1 × 𝑇𝑙𝑛𝑀
𝑙=1  with 𝐶𝑙

𝑛,𝑘  the 
consumption read by the meter 𝑘 for the device 𝑙 in the interval 
[𝑇𝑛−1,𝑇𝑛[ [and 𝐶𝑙𝑘  the consumption per unit of time for the 
device 𝑙 relatively to the characteristics of the smart meter 𝑘. 

V. DISCUSSION 
The present work is part of an approach to design a formal 

framework for storing data from smart meters. This study also 
aims to present an approach for resizing large data from smart 
meters in order to facilitate their use. Likewise, the processing 
methods applied to data are presented. 

This work shows the importance of data aggregation in the 
management of smart meters data and proposes a method of 
aggregating this data, based on the jump process. In addition, 
the storage structures for raw data and aggregated data are 
described as well as the mechanisms for recording and 
updating this data. An analysis of the behavior of electricity 
consumption is also carried out based on the actions of 
electricity consumers and the characteristics of the various 
electrical devices connected to their smart meters. 

The research carried out did not make it possible to identify 
similar work on the aggregation of data from smart meters, on 
an attempt to present the structures of their databases and even 
less on the details of the processing applied to their data. It is 
indeed all these reasons that motivated and led to the 
completion of this work. This publication aims to promote an 
understanding of how smart meters work and to provide a basis 
for further research. 

However, there is a great deal of research on the analysis of 
the behavior inherent in the consumption of electricity from 
data compiled by existing systems [8, 43]. The publication [8] 
provides an overview on algorithms and applications 
applicable to smart meter data. The article [43] shows that the 
individual predictability of user consumption can be 
determined with a high degree through time models of energy 
demand analysis. Likewise, the analysis of electricity 
consumption in the present publication is distinct from those 
encountered in similar studies including [8, 10, 12]. It is indeed 
atypical and is based on the determination of the mathematical 
law likely to explain the phenomenon of electricity 
consumption. 

It is therefore necessary to underline that the work carried 
out within the framework of this publication covers several 
aspects of smart meters data management and provides 
contributions that can be explored in future publications. 

VI. CONCLUSION 
This work made it possible to define the framework for 

using data from smart meters. It was used to design a data 
model based on a comparative study of the functionalities of 
smart meters. The specificity of the data in a metering system 
has led to the implementation of data aggregation methods to 
facilitate data processing and analysis. The complexity of the 
data management of smart metering systems is highlighted by 
the proposal for a comprehensive approach that includes a 
concrete case of implementation. 

The limitations of this work lie in the lack of an 
implementation of the metering system. Likewise, this does not 
make it possible to test the performance of the various 
algorithms put in place. However, issues relating to the 
implementation of an intelligent metering system as well as 
that of data processing are presented. The proposed design 
makes it possible to process the data collected at the level of a 
house and a neighborhood. 

The originality of this work lies in the presentation of a 
mechanism for processing centralized data from smart meters, 
the aggregation of this data by the jump process and the 
determination of the law determining the behavior of the users 
on electricity consumption. 

The lack of information on smart metering systems makes 
any comparative study difficult. Indeed, the implementation of 
these systems remains closed even if the functionalities are 
well known to the users. The future work will address the 
issues of factors influencing electricity consumption such as 
weather conditions, communication, billing, data correction 
and incident management on smart meters. 
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