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To analyse residential electricity consumption/demand, it is often broken down into five enduses, namely lighting, hot water, space heating/cooling, cooking, and domestic appliances.

Unlike other electricity end-uses, there is no specific method to determine the number of electric appliances in residential buildings, and it is difficult to estimate their pattern of usage due to household behaviour. The increasing demand of domestic appliance use in France in recent decades is attributed to advances in technology, increased dwelling size, and changes in lifestyle and comfort requirements, resulting in increased ownership and frequency of use of these appliances. Therefore, to gain a better understanding of the total demand, it is necessary to determine the variables impacting the ownership and utilisation of electric appliances. This paper provides a spatio-temporal analysis at a local scale, focusing on electric appliances in the residential sector. This analysis can be used to illustrate the areas where the application of energy efficiency measures can be improved. By identifying the socio-economic variables impacting electricity demand through micro-and macro-scale modelling techniques, we simulated the load profile of electric appliances, based on a survey of 54 households and national statistics regarding the daily activity of French people. The results demonstrate that size of dwelling, financial status, age of the reference person in the household, and household size and composition are the main variables determining the number of electric appliances owned by the household. These data are crucial for electricity demand forecasting, Demand Response and Demand-Side Management.

Introduction

Electricity plays a key role in modern economies and in the increasing demand of energy services. Due to a rise in household incomes, advances in technology and the Internet of Things (IoTs), electrification of the transport system and the replacement of non-electric heaters by electric ones, and greater use of air conditioning, the demand for electricity is rising globally in all sectors (IEA, 2019a). Between 1974 and 2018, the residential sector was the world's second largest final electricity consumer (IEA, 2020), with a range of socio-economic and environmental consequences. The global CO2 emissions from the energy sector grew by 1.7% in 2018, reaching a record of 33.1 gigatonnes (Gt) (IEA, 2019b).

End-use energy efficiency will have the greatest impact on CO2 reduction by 2030 [START_REF] Datta | Decoupling and demand-side management: Evidence from the US electric industry[END_REF]. For example, smart grid applications flatten spikes in electricity demand and reduce overall electricity consumption by applying Demand-Side Management (DSM) strategies [START_REF] Praveen | Ensuring the reduction in peak load demands based on load shifting DSM strategy for smart grid applications[END_REF]. The DSM functions by disaggregating energy use [START_REF] Miyasawa | Energy disaggregation based on smart metering data via semi-binary nonnegative matrix factorization[END_REF] and using the data to identify the most energy-efficient strategies. This paper investigates the relationship between energy-efficiency technologies, socio-demographic characteristics, environmental conditions, human behaviour, and other variables that effect individuals' consumption decisions, using micro-scale (bottom-up) or macro-scale (top-down) modelling techniques.

Studies generally disaggregate total residential electricity consumption into five end-uses: 1) lighting, 2) hot water, 3) space heating/cooling, 4) cooking, and 5) domestic appliances. Domestic appliances that exclusively require electricity, including refrigerators, televisions, microwave ovens (excluding cookers and ovens), facilitate household chores and increase efficiency. They can be categorized either by their possible location in the home (e.g. kitchen appliances such as refrigerator, dish washer) or by their function (e.g. entertainment appliances such as television). They represent the largest end-use consumption in France in the residential sector (45% of total residential consumption), before space heating/cooling (30%), domestic hot water (12%), cooking (7%), and lighting (6%) (Bilan énergétique (RTE), 2017).

Electricity consumption by French households overall and for hot water and space heating decreased by about 15% and 33% respectively between 1990 and 2013, and by approximately 0.7% and 1.4% per year on average due to improvements in energy efficiency of buildings and systems and increased public awareness of environmental issues. However, other end-uses show a different pattern. For example, the consumption of specific appliances (including electric appliances, lighting and any appliance working exclusively on electricity, and excluding mechanical systems such as heating and cooling systems and hot water) increased by 43% during the same period. In France, between 1985 and 2006, the surface area of residential buildings increased by 9m 2 on average, and between 2006 and 2013 house size increased by about 1%. More specifically, surface area increased by 17m 2 when the head of the household was aged over 50 years, and decreased by 10m 2 when the reference person was less than 30 years old (INSEE, 2015). Thus, the rapid increase in domestic appliance use can be explained partly by an increase in dwelling size, but mostly by advances in new technologies, the creation of new appliances and changes in lifestyle, leading to better equipped dwellings with higher rates of comfort. Households with multiple occupants with different personal preferences and lifestyle may use several domestic electric appliances occasionally, frequently or even continuously.

Many studies, such as those by Eskander et al. (2017) and Bandyopadhyay et al. (2020), focus on the upgrading of space heating/cooling and hot water systems and/or building envelope retrofitting to reduce overall electricity consumption and/or peak demand. However, few studies have focused on disaggregated end-uses in residential electricity consumption [START_REF] Diawuo | Disaggregation and characterization of residential electricity use: Analysis for Ghana[END_REF] or residential and commercial consumption [START_REF] Macmackin | Modeling and disaggregating hourly effects of weather on sectoral electricity demand[END_REF]. While Sakah et al. (2019) analyse a combination of end-uses, including some domestic appliances, to the best of our knowledge, no studies have exclusively investigated domestic electric appliance use and its impact on consumption and demand.

Total electricity demand and disaggregated models of different building types are calculated similarly. [START_REF] Zhou | Disaggregating power consumption of commercial buildings based on the finite mixture model[END_REF] created disaggregated demand models for commercial buildings.

However, the energy saving potential of this type of building is more complicated to estimate.

Moreover, most of these buildings are publicly owned or under centralized management, and any modification of end-use consumption/demand is subject to high levels of policies, rules, and regulations. A joint approach is thus taken to manage load and implement energy reduction strategies. This is also the case for other sectors (agriculture, industry, transportation) [START_REF] Swan | Modeling of end-use energy consumption in the residential sector: A review of modeling techniques[END_REF]. Moreover, the occupants of commercial buildings are less motivated to change their behaviour when energy is provided as a public good.

By contrast, there is little in the literature about energy-saving strategies in residential buildings, and more specifically in relation to electric appliances. Alalouch et al. (2019) investigate the characteristics and energy saving capacities of residential buildings in a hot climate. The role of household members in energy consumption and/or saving has not been examined through disaggregated end-use analysis. The residential sector includes a range of structures, sizes, layout, materials, thermal envelopes, insulation, etc. Owner-occupiers in this sector show a variety of energy-use behaviours that are inaccessible to suppliers due to privacy issues and costly submetering devices.

More importantly, electricity consumption in residential buildings depends on the occupants' activities [START_REF] Bin | Consumer lifestyle approach to US energy use and the related CO2 emissions[END_REF]. Total energy demand is the sum of demand of each dwelling with one/several occupant(s) per area (e.g. neighbourhood, city, country), varying in time and space. Thus, the proliferation of datasets are both spatially and temporally indexed. So, to examine the variation of energy demand over time and in different spaces, the present study is based on a Spatio-Temporal Analysis in order to determine the contribution of each end-use in energy demand reduction [START_REF] Chen | An energy planning oriented method for analyzing Spatio-Temporal characteristics of electric loads for heating/cooling in district buildings with a case study of one university campus[END_REF]. In this way, it contributes to the existing literature by focusing on domestic electric appliance use and identifying patterns of ownership and usage factors, and finally analysing the data at different urban scales.

Survey methods, electricity bill analysis and advanced metering devices can be used to analyse total and aggregated electricity demand. For lighting, hot water, space heating/cooling and cooking, demand can be assessed using various approaches and methodologies. By contrast, for household electric appliances, there is no specific method to determine accurately the number and type of appliances, or the time and frequency of use. The aim of this study is thus to estimate energy demand for this specific end-use by identifying the determining factors related to ownership and patterns of use. This paper is divided into five sections. Following the introduction and presentation of the background in Section 1, Section 2 provides a review of previous studies. Section 3 describes the 7 stages of the Spatio-Temporal Analysis of electric household appliances in the city of Tours (France) and its neighbourhoods. Section 4 summarizes and discusses the results, and Section 5 presents the conclusions and limitations of the study and discusses directions for future research.

Literature review

The majority of energy demand models are based on the correlation between energy consumption and factors such as number of occupants, household income, floor area, energy patterns, climatic factors and energy efficiency indicators [START_REF] Kelly | Do homes that are more energy efficient consume less energy?: a structural equation model for England's residential sector[END_REF]. More specifically, other factors related to electricity consumption have been studied to create electricity demand models. However, all the studies reviewed share a number of methodological similarities, and mainly involve the following three steps:

1. Data collection, including interviews [START_REF] Kofod | Different everyday lives: different patterns of electricity use[END_REF][START_REF] Tso | Predicting electricity energy consumption: A comparison of regression analysis, decision tree and neural networks[END_REF], surveys including by phone [START_REF] Ndiaye | Principal Component Analysis of the electricity consumption in residential dwellings[END_REF], data from statistics institutions and national surveys [START_REF] Kofod | Different everyday lives: different patterns of electricity use[END_REF][START_REF] Yohanis | Real-life energy use in the UK: how occupancy and dwelling characteristics affect domestic electricity use[END_REF][START_REF] Leahy | Energy use and appliance ownership in Ireland[END_REF][START_REF] Wiesmann | Residential electricity consumption in Portugal: findings from top-down and bottom-up models[END_REF][START_REF] Brounen | Residential energy use and conservation: economics and demographics[END_REF][START_REF] Mcloughlin | Characterizing domestic electricity consumption patterns by dwelling and occupant socio-economic variables: an Irish case study[END_REF][START_REF] Sanquist | Lifestyle factors in U.S. residential electricity consumption[END_REF][START_REF] Wyatt | A dwelling-level investigation into the physical and socio-economic drivers of domestic energy consumption in England[END_REF][START_REF] Carlson | One size does not fit all: Averaged data on household electricity is inadequate for residential energy policy and decisions[END_REF]and Hamilton et al., 2013), sub-metering or other household monitoring techniques [START_REF] Kofod | Different everyday lives: different patterns of electricity use[END_REF][START_REF] Yohanis | Real-life energy use in the UK: how occupancy and dwelling characteristics affect domestic electricity use[END_REF][START_REF] Genjo | Relationship between possession of electric appliances and electricity for lighting and others in Japanese households[END_REF][START_REF] Ndiaye | Principal Component Analysis of the electricity consumption in residential dwellings[END_REF][START_REF] Mcloughlin | Characterizing domestic electricity consumption patterns by dwelling and occupant socio-economic variables: an Irish case study[END_REF][START_REF] Parker | Research highlights from a large scale residential monitoring study in a hot climate[END_REF][START_REF] Bartusch | Exploring variance in residential electricity consumption: household features and building properties[END_REF][START_REF] Baker | Improving the prediction of UK domestic energy-demand using annual consumption-data[END_REF][START_REF] Kavousian | Determinants of residential electricity consumption: using smart meter data to examine the effect of climate, building characteristics, appliance stock, and occupants' behavior[END_REF][START_REF] Ardakanian | Markovian models for home electricity consumption[END_REF], sampling techniques [START_REF] Halvorsen | Norwegian residential electricity demand-a microeconomic assessment of the growth from 1976 to 1993[END_REF][START_REF] Tso | A study of domestic energy usage patterns in Hong Kong[END_REF][START_REF] Bartiaux | Socio-political factors influencing household electricity consumption: a comparison between Denmark and Belgium[END_REF]Tso & Yau;2007;[START_REF] Summerfield | Milton Keynes Energy Park revisited: changes in internal temperatures and energy usage[END_REF][START_REF] Santamouris | On the relation between the energy and social characteristics of the residential sector[END_REF][START_REF] Baker | Improving the prediction of UK domestic energy-demand using annual consumption-data[END_REF][START_REF] Louw | Determinants of electricity demand for newly electrified low-income African households[END_REF][START_REF] Ndiaye | Principal Component Analysis of the electricity consumption in residential dwellings[END_REF][START_REF] Bartusch | Exploring variance in residential electricity consumption: household features and building properties[END_REF][START_REF] Carter | Price reform and household demand for electricity[END_REF][START_REF] Kavousian | Determinants of residential electricity consumption: using smart meter data to examine the effect of climate, building characteristics, appliance stock, and occupants' behavior[END_REF], or a combination of several approaches [START_REF] Sakah | A study of appliance ownership and electricity consumption determinants in urban Ghanaian households[END_REF].

2. Data processing and adjustments should take into account the temporal variation and the time of use of each appliance. Questions or monitoring might refer to a specific time of the year (e.g. one cold and one hot month of the year), given that the appliances may not all be used during the period under investigation, or the temperature may be abnormal for the season. To obtain an annual estimate, the data therefore needs to be scaled up for the whole year. Statistical, regression or econometric studies often use statistical techniques and Structural Equation Modelling (SEM) to process and adjust the data, as in the studies by [START_REF] Tiwari | Architectural, demographic, and economic causes of electricity consumption in Bombay[END_REF], Bartiaux 3. Various methods are used for data analysis. A typical electricity-consumption day is calculated and generalized across the year. The results are presented in graph form, showing an electricity demand curve. This makes it possible to compare the analysis with future scenarios and reveals potential improvement points. To gain a clearer understanding of demand, the analyses show daily, weekly, monthly or annual variations, from neighbourhood to city scale.

Apart from their similarities, the most significant difference between the above-mentioned studies is their method to predict patterns of appliance use, including time of use and average energy consumption.

Overall electricity consumption data can be collected from electricity bills provided by authorities, and disaggregated and more precise information can be gained from sub-meters.

Less precise data can be collected from interviews, questionnaires and surveys. When this is not possible, existing data can be used for a total or partial simulation. Simulation can also be used for further analyses, as in a number of studies. Three main techniques are used: (1) Monte-Carlo Method (MCM) and stochastic processes [START_REF] Capasso | A bottom-up approach to residential load modeling[END_REF][START_REF] Doucet | Chapter 1-An introduction to sequential Monte Carlo methods: Sequential Monte Carlo methods in practice[END_REF][START_REF] Robert | Monte Carlo Statistical Methods[END_REF][START_REF] Yao | A method of formulating energy load profile for domestic buildings in the UK[END_REF][START_REF] Paatero | A model for generating household electricity load profiles[END_REF][START_REF] Kroese | Handbook of Monte Carlo Methods[END_REF][START_REF] Ren | Assessment of end-use electricity consumption and peak demand by Townsville's housing stock[END_REF]; (2) Markov-Chain technique (Widén et al., 2009a;Widén et al., 2009b ;Widen & Wäckelgård, 2010;[START_REF] Mcloughlin | The Generation of Domestic Electricity Load Profiles through Markov Chain Modelling[END_REF][START_REF] Richardson | Domestic electricity use: a high-resolution energy demand model[END_REF][START_REF] Ardakanian | Markovian models for home electricity consumption[END_REF]and Wilke et al., 2013); and (3) Active occupancy and daily activity profiles [START_REF] Shimoda | Residential end-use energy simulation at city scale[END_REF][START_REF] Yao | A method of formulating energy load profile for domestic buildings in the UK[END_REF][START_REF] Richardson | Domestic active occupancy model -simulation example[END_REF][START_REF] Torriti | Demand Side Management for the European Supergrid: Occupancy variances of European single-person households[END_REF][START_REF] Torriti | A review of time use models of residential electricity demand[END_REF][START_REF] Lopez-Rodriguez | Analysis and modeling of active occupancy of the residential sector in Spain: An indicator of residential electricity consumption[END_REF][START_REF] Santiago | Activities related with electricity consumption in the Spanish residential sector: Variations between days of the week, Autonomous Communities and size of towns[END_REF].

Other methods or a combination of several techniques have been used to create consumption load profiles. For instance, [START_REF] Carlson | One size does not fit all: Averaged data on household electricity is inadequate for residential energy policy and decisions[END_REF] describe four consumption scenarios to analyse average household electricity consumption. The disadvantage of this method is that it overestimates the number of appliances contributing to a specific energy load, which is not suitable for policy and decision-making. [START_REF] Vorger | Etude de l'influence du comportement des habitants sur la performance énergétique du bâtiment[END_REF] studies the socio-demographic factors influencing residential electricity consumption, and based the characteristics of the rest of the household (age, gender, etc.) on those of the reference person. The author creates consumption profiles based on occupants' activities, generates scenarios and combines individual profiles to develop the model for different types of household (one, two or more occupants). However, this model does not take into account the synchronization between occupants' activities; a couple may eat, go out, watch television or sleep at the same time, whereas singles may spend their time differently. In this model, households are assumed to have several domestic appliances depending on the household budget, and the use of these appliances is likely to be related to the timing of the occupants' activities.

The present study addresses issues related to the availability of data on ownership and usage of electric appliances. It uses a random survey technique to create typologies, and national survey statistics for data on active occupancy and daily household activities to simulate electricity load profiles for domestic appliance use in the city of Tours (France). The purpose of the study is to fill a gap in the existing literature by identifying the characteristics of household appliance use and hence identify areas for reducing peak demand and overall consumption.

Development of Spatio-Temporal Analysis of electric household appliances in Tours

To provide a clear view of the method we used to analyse electricity demand, a roadmap is presented in Figure 1. The following steps were used to analyse electricity demand for household appliances in the residential sector, after disaggregation of the demand data into hierarchical levels representing sectors, subsectors, and end-uses focusing on electric appliances.

Identification of the parameters determining electricity demand

"The nature and level of the demand for energy depends on several determining factors, including number of inhabitants per dwelling, number of electrical appliances used in households, local priorities for the development of a particular economic sector, the evolution of the efficiency of special types of equipment, penetration of new technologies or energy forms, etc. Identification of these factors is important for energy demand modelling" (Farzaneh, 2019). Identifying these factors can help set up energy-saving policies [START_REF] Zhang | Principal Component Analysis of Electricity Consumption Factors in China[END_REF].

They can be divided into social, economic, technological, environmental, and behavioural factors (see Table 1). Behavioural factors depend on lifestyle, which is influenced by and dependent on socio-economic, technological and environmental factors [START_REF] Weber | Modelling lifestyle effects on energy demand and related emissions[END_REF], affecting where people live and their domestic appliances. Understanding these determining factors is key to evaluating the categories of demand on the urban energy system [START_REF] Farzaneh | Developing a Tool to Analyze Climate Co-benefits of the Urban Energy System[END_REF]. These variables affect the decision-making process of the occupants and can lead to changes in their behaviour. Figure 2 is a flowchart showing the relationship between energy demand and these factors and how they influence decision making. In this study, we first carried out large-scale cross-national analysis using data from the French National Institute of Statistics and Economic Studies (INSEE). Assuming there are the same values across regions, we then used the result of the analysis for a smaller urban area. We also carried out housing surveys to complete the dataset. Some additional information was collected from electric appliance manufacturers. Finally, information published by RTE was used for verification.

Investigation of each parameter and analysis of their effects on energy consumption

Parameters determining electricity demand (Fig. 2) were divided into three categories: a)

dwellings, b) occupants, and c) equipment. Each has several dimensions that may have an influence on electricity consumption, and for the purposes of this study, we analysed those related to household electric appliances. Factors affecting hot water, space heating/cooling, lighting or cooking were excluded. Some of these parameters are interrelated or dependent on others. a) Dwellings: some studies have found a higher level of consumption in households in larger dwellings with more bedrooms. No direct relationship has been found between the location of the dwelling and the electric appliances used. However, in colder mountainous areas of France, the use of appliances such as "Fondue" or "Raclette" makers is likely to be more common.

Primary residences may be better equipped in terms of electric appliances than holiday homes, but no studies have been found to confirm this theory. According to [START_REF] Levinson | Energy use by apartment tenants when landlords pay for utilities[END_REF], tenants are more energy-consuming than owners. This is particularly the case when energy costs are included in the monthly rent, as the tenants then have little incentive to save or use energy efficiently. However, other studies show that owners consume more, or less efficiently, than tenants [START_REF] Twerefou | Efficiency of household electricity consumption in Ghana[END_REF], which could be explained by owners buying more furniture and equipment, including electric appliances, although there is no evidence to support this hypothesis. It could also be related to the owners' income. As tenants pay a monthly rent, they might be more conservative on energy bills [START_REF] Twerefou | Efficiency of household electricity consumption in Ghana[END_REF]. Privately owned rented houses have a higher demand profile than social housing rented by low-income families and homes with households with financial difficulties who thus have lower purchasing power. Other factors, such as having a garden, may also influence energy consumption due to use of electric gardening tools.

b) Occupants: differences in race, gender, cultural practices, traditions and habitual behaviours, age, employment status, education level, financial status and health of household members lead to different patterns of electricity demand, due either to personal preferences, habits and requirements, or to the level of income or electricity consumption awareness. Household composition and size (the number of adults and children) and their relationship also have an important influence on electricity consumption. The household includes all the people living in the same dwelling, whether or not they are related. In other words, the word household can describe a traditional family unit, or non-familial households, or even a single person living alone.

c) Electric appliances: occupants influence the electricity use of a dwelling both by the electric appliances they buy, and by how often they use these appliances. However, to determine electricity demand, it is also important to know how long the appliances have been used.

Variations in the type of electric appliance and semi-random use of them by occupants makes 264 domestic electricity demand difficult to predict with accuracy, particularly for short periods of 265 time such as an hour or less. However, in order to design and implement energy-efficient 266 measures and generate on-site electricity, we need a thorough understanding of domestic 267 electricity consumption and demand and knowledge of the type of appliances and their time 268 and duration of use. 269

The references, approaches and procedure to collect the required data may vary according to 270 the availability of data about each appliance. This information was collected on appliances 271 presented below in Table 2. 272 The average use of an appliance might vary due to differences in size, model, age, capacity, function, efficiency, performance, etc. of appliances produced by different manufacturers (e.g. a 30" CRT TV made in 2007 versus a 46" LCD TV produced recently). The average time of use shown in these tables is for all types of occupants, irrespective of their occupation, education, financial status, or other factors.

Elimination of less impacting variables and identifying the most effective

In order to evaluate electricity consumption, it is first necessary to categorize and identify relevant parameters. This can be based on mathematical modelling, such as linear regression, alongside user-expert knowledge. However, it is not a simple task, as analyses based on statistical data are sensitive to correlations between parameters. We thus carried out Principal

Component Analysis (PCA) to reduce the dimensionality of the data set while retaining as much information as possible.

It is only possible to assess the relationship or correlation between data that are quantifiable (e.g. dwelling size, financial status, etc.) and not categorical (e.g. gender, ethnic group, health), as stated in Explorable (2020). However, little or no relationship was found between the electricity consumption of electric appliances and the above-mentioned categorical parameters (apart from occupants' gender and household type). We therefore examined the relationship between the quantifiable parameters of dwelling size, occupant's age, household size and household income, and the relationship between these variables and the number of appliances possessed by the household.

Different methods can be used to collect quantitative and qualitative data regarding households, where they live, and the electric appliances they possess. Due to lack of funding and access to smart metering devices, and to the complexity of the French administration system in relation to the Data Protection Act ("loi no 78-17 du 6 janvier 1978 relative à l'informatique, aux fichiers et aux libertés") regarding the use of data collected by electricity suppliers, we sent a questionnaire online randomly to 24 volunteers living in the study area (response rate 100%). This questionnaire had three sections: 1) information about the respondent and his/her household, 2) dwelling characteristics, and 3) electric appliances possessed and used by the household (from the list of 82 appliances shown in Table 2).

The objective of this questionnaire was to determine the relationship between type of electric appliances used by the household and dwelling characteristics (size, age, type, location, etc.)

and household characteristics (e.g. type, ages, income, education level, length of occupancy).

In order to maximize the diversity of responses and to extend the initial sample, we conducted an online open-access survey, which provided 30 further answers from different locations in France, giving a total of 54 responses covering all age groups, household types, dwelling types, etc. identified in French National statistics. Due to time constraints, it was not possible to investigate a larger sample.

Mean values and standard deviations of the variables shown by the questionnaire to have the greatest impact on electricity demand are presented in Table 3. As shown in Figure 3, the sensitivity between variables was studied and analysed to identity how they are inter-related and to eliminate negligible variables. Data illustrated in Figure 3 show that all the variables analysed were positively correlated with the number of electric appliances. However, to interpret these correlations and to reduce the number of variables, we performed a Principal Component Analysis (PCA). Using Eq. 1, we calculated the correlation between every two X and Y variables.

= ∑ ∑ (1)
where and are the correlated variables, and bar and bar are the means of and .

Correlations between these variables are shown in Table 4. Size of dwelling (X1), financial status (X4), age of household participant (X2) and household size (X3) contribute most to the number of electric appliances owned by each household. Size of dwelling (X1) was correlated with financial status (Y4) and had the highest correlation coefficient (0.639) , indicating that the higher the financial status, the larger the dwelling. This enabled us to remove the variables that had already been taken into account due to their multi-collinearity. To identify the variables responsible for the variation in the number of appliances, an input matrix is presented in Table 4. The determinant of the matrix is calculated as 0.286161998, from which we derived eigenvalues, eigenvectors and variance of each variable, as shown in Table 5. Each eigenvalue divided by the sum of eigenvalues (total variance) yields a number representing the amount of variation accounted for by each variable. The sum of this number with its successive number indicates the running total variation. For example, 81.07% of variation can be explained by the first and second variables even when the 3rd and 4th

components have been removed (see Table 6). This assumes that the first two components (size of dwelling and age of occupants) explain sufficient variation and at the same time have high correlations with X3 (0.55) and X4 (0.64). In this way, X1 and X2 are referred to as principal components. 

Classification and examination: defining different profile typologies, inputting the statistical data at the urban scale and removing typologies with insignificant values

The quantifiable and categorical variables that affect the electricity consumption of electric appliances and their possible categories are presented in Table 7. For a more precise analysis, we examined household type, which intrinsically includes household size, as households consisting of two people may differ in structure (e.g. a singleparent family consisting of a father and child, a couple consisting of two adults) and thus show different patterns of electricity demand.

In this way, five factors were identified as having the greatest effect on residential electricity consumption related to electric appliances. Dividing each factor into its possible categories and multiplying them by each other yields various scenarios and different possibilities for each.

These categories are based on population census data and activity/employment status (student, employee, retired, etc.). The combination of these variables creates many typologies (Table 8). However, not all typologies necessarily exist. Therefore, after verification with national statistics, we eliminated those that were not available.
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The neighbourhoods in this study are based on IRIS division (districts grouped for statistical information in France) in order to ensure homogeneity in terms of number of habitants per district (Fig. 4). In this database, small dwellings are those with a floor area of less than 40m 2 , medium dwellings 381 between and 100 m 2 , and large dwellings 100m 2 and over. A young reference person is aged 382 between and 24 years, a middle-aged person is aged 25 to 65 years, and older is 65 and over. 383 For example, in the Centre district, 67% of households are single, 16% are composed of couples 384 without children, 7% couples with children, 5% are complex households, and 5% are single-385 parent households. Regarding the household reference person, the largest category (46%) is 386 middle-aged; younger and older head of households represent 34% and 20% respectively. 387

Regarding dwelling size, 49% of the total number have a surface area between 40 and 100 m 2 , 388 39% less than 40 m 2 , and only 12% have a surface area of 100 m 2 or above (see Table 9). 389
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Attribution: identification of electric appliances for each typology based on the energy survey and statistical analyses

In order to identify consumption patterns, we need to know which appliances are used most by different households. From the initial survey, it was possible to estimate the percentage of households that own each appliance and therefore determine the most common appliances, as shown in Table 12. 13).

417 the start and end of a working day. Some activities that necessarily take place outside the principal residence are also included, such as meeting friends, jogging, travelling to places other than work or school, etc. From these data it was possible to calculate the average time spent at home for each category of population, depending on gender and professional situation (student, employee, independent contractor/employer, unemployed, housewife, retired), which in turn enabled us to estimate time of use of appliances that are occupancy dependent. For the purpose of this study, these data are divided into active and inactive categories. The activities of interest for modelling are those that involve electric appliances, as shown in Table 14. The occupants were also categorized by gender and activity, and the average time spent on each activity was then calculated.

Some activities, such as telephoning, watching television and sending or receiving emails, inevitably require the use of electric appliances, whereas others do not, which makes modelling difficult. The objective was thus to determine how much time is spent using each electric appliance. For example, an active male spends an average of 51 minutes per day on toiletry and personal care, but he may only use his electric shaver 5 minutes per day. On the other hand, he spends 54 minutes per day on cooking and cleaning, but the time of use of his rice cooker, washing machine, kettle, etc. may exceed 54 minutes as his activities can overlap, and several activities do not need his presence and might not be calculated in the 54 minutes. For example, the domestic work time of an individual may include the time spent putting the dirty laundry in the washing machine and removing the clean laundry, with no information about the time the washing machine is running. Moreover, one can cook while the television is on, and therefore may not note "watching television" when responding to national surveys that are based on a 24hour program and do not take into account overlapping activities. In other words, in every 24 hours, the quantity of electricity consumed may be considerably more than this time. This is another challenge for the simulation of domestic electricity demand using individuals' schedules of activity. The previous table is thus summed up per individual in Table 15, showing some of the electric appliances that might be used for each activity.

The time of use per occupant is shown in Table 14, but given that households are a set of individual occupants, this time changes and becomes more complicated to analyse. For example, for a household consisting of several people, some of the activities may be done by a single person or shared. For example, one person may cook for two, or they may watch television at the same time. As cooking time is almost the same for one or two people, we can take the longer time spent by each person as the time the household spends on cooking/cleaning activity (although, it might be slightly longer when cooking/cleaning for two). In other activities, such as using the Internet or telephone, each person uses the appliance separately.

Thus, the time of use is the sum of the time spent by each person. This highlights the importance of considering household type as a variable affecting electricity consumption. The numbers in Table 14 are average times and depend on the category in which active and inactive people belong. For example, the time devoted to cooking and cleaning by an active male is 54 minutes on average, but might be less for an active man living with an inactive partner than for an active separated man living with his children. In this model for reducing complexity, time is considered for everyone, independent of household type, and to resolve this issue, the occupancy rate indicates that the longer people spend at home, the more likely they are to use electric appliances. According to the daily average time spent by French individuals on different activities, we can first calculate the time each person spends out of the home and consequently his/her occupancy time. However, this is the occupancy time for an average day. Given that public holidays, weekends and special days are also included in this table, it is more realistic to calculate different daily patterns using simple assumptions rather than generalizing this information to every single day. Thus, taking into account data from different online surveys related to French individuals' schedule of activities, it is possible to estimate a schedule for average weekdays, weekends/public holidays and vacations per individual, as shown in Table 16. The time of absence from dwelling during the week or at the weekends or public holidays is distributed randomly. By applying the same method to other households comprising several people, a table for different composition of individuals can be created. However, it is important to coordinate some of the activities between the occupants of the same dwelling (e.g. a couple may sleep at the same time or go out together at the weekend). Using occupancy time of an average day for every type of household, the active occupancy rate (AOR) can be calculated by dividing the active minutes into duration of a day, as presented in Table 17. To calculate the approximate time that occupants use an appliance, several methodologies can be used. Asking households to note their consumption (start and end time of utilization of each appliance) for several weeks in different seasons is a complicated approach as they may not mention overlapping activities or appliances not dependent on active occupancy (e.g. dish washer or washing machine) and may not be reliable as they may reduce their time of use so as not to be judged as over-consumers. Sub-metering, while giving more and the most accurate information, is the most expensive solution and needs public awareness and acceptance.

Therefore, in this study we divided the tasks during the year by the active occupancy of the household members and the likely start time of each activity. Regarding AOR, daily time of use (depending on type of day) can be used to estimate the annual consumption of an appliance.

Each year is divided into several days: 240 working days (hot/cold), 50 Saturdays (hot/cold), 50 Sundays (hot/cold), 10 public holidays (hot/cold), and 15 vacation days away from the principal residence (hot/cold). The nature of each appliance (e.g. those used particularly in cold seasons, such as fondue maker) and their cycle of use (e.g. times per year) can determine the type of day in which the appliance is used. For example, fondue makers are used approximately 5 times per day, which is equivalent to the number of cold-weather public holidays. This methodology can determine the type of day each appliance is used and provide a rough estimation of total consumption. Figure 6 plots the previously mentioned assumptions for weekdays and weekends or public holidays. The absence time of individuals is distributed randomly. Each colour represents the number of occupants. In addition to type of day, there are also variations between hot and cold seasons, as depicted in Figure 7, which was created using average temperatures of the city of Tours in 2014 in which the coldest weeks are marked as darker blue and the hottest weeks as darker red. 
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Calculation and profile creation: establishing the relationship between energy demand and the spatio-temporal variables and defining consumption patterns for each type and each category to create load profiles

Prior to any calculation, a number of actions were performed: 1) a list of the most frequently used electric appliances was created based on surveys; 2) as much information as possible was collected from the literature regarding these appliances and their pattern of use (e.g. the number of cycles per year the appliances run, from National statistics or surveys); and 3) appliances that consume electricity were identified for each activity (e.g. hair dryer in toiletry activity) and for every household type. The total domestic electricity demand depends on several variables (Fig. 8) and the methodology to assess annual electricity demand can be simplified as six steps: i.

Collecting data for each appliance;

ii.

Calculating values from the database (presented in appendix A);

iii. Calculation of unit energy consumption of every appliance (i) for the whole year in different operational modes (active, sleep, standby, off) using Eq. 2, where EC is electricity consumption, P is power, T is time, and m is unit of time (minute): After that, the associated load profiles can be created, showing hourly, daily, weekly and seasonal variations. To this end, it is necessary to: 1) Find the proportion of time spent by each type of individual on each activity (a household that spends more time on an activity such as cooking is more likely to use more electric cooking appliances); 2) Multiply this number by the total minutes per year the appliance is running to gain the annual utilization of each appliance for each household type; 3) Apply the active occupancy rate (calculated in the previous step) per type of day (weekday, weekend/public holidays) to the annual running time of each appliance to obtain the time of use of the appliance on that type of day (e.g. if the appliance is used on one type of day such as public holidays, the figure should be divided by the number of this type of day per year, in this case 10); 4) Create a daily active occupancy pattern in oneminute intervals for each household from the information derived from national statistics and surveys (the reason for choosing shorter intervals rather than a 15-minute interval as in previous models is that many energy-consuming appliances such as irons can be used for less than 15 minutes and therefore be overlooked); 5) Identify the possible number of minutes to start each appliance, from the most energy-consuming, and making the model more practical by removing/adding secondary appliances; 6) Install an application to choose a random cell (minute) to start an appliance (if the selected cell is outside the active occupancy and possible cells, the action can be repeated until it is within the possible time); 7) Repeat the previous stage for the other appliances, taking into account synchronization, possible simultaneous activities and active occupancy rate for different types of day; and 8) Present the results of each typology for each type of day.

= ∑ , , (2) 
Using the methodology described above, the load profile of each household type can be created.

For example, the electricity load profile of household type 12 (couple with reference person less than 25 years old in a dwelling measuring more than 100 m 2 ) for an active male and active female on different types of day is presented in Figure 9. The annual electricity consumption of this household type and category for electric appliances is estimated at 2779 kWh per year, and the maximum demand for this end-use is estimated at 9012 kW. Total annual electricity consumption of electric appliances by two active partners is estimated to be 4002 kWh per year, and hence 2001 kWh per year per person, and the maximum demand is 5755 kW. For a couple consisting of one active and one inactive person, consumption is estimated to be 3275 and 3873 kWh per year for active female-inactive male couples and inactive female-active male couples respectively. Thus, the average consumption per person for active female-inactive male couples is 1637 and for inactive female-active male couples it is 1936 kWh per year. Maximum demand is 4499 and 8683 kW respectively. This estimation can be analysed at various time scales (e.g. daily, weekly, monthly) in order to gain a better understanding of a household's behaviour toward electric appliances based on two random weeks of vacation away from home (Fig. 10 and11).

Figure 10: Total load profile presented on weekly basis for active male and female of example, the information regarding a household composed of a couple with an active reference person is unknown. The reference person is considered to be the one who has the largest income and is financially responsible for the household. Information about the gender of this person and the activity of the other person in the couple is not available at the urban level.

According to INSEE (RP2014), household structure is fairly similar in terms of percentage type at the local and national scales (Table 20). Therefore, despite the lack of local information about households, we can assume that the distribution of population types in the city of Tours and its neighbourhoods is similar to the national scale, as published by INSEE in RP2012 and RP2017

(Table 21). The number of households is calculated using Eq. 3:

= ℎ × ! × "# (3) 
Where is the number of households in each neighbourhood, ℎ is the number of households per activity at the national level, ! is age category percentage, and "# is dwelling size percentage.

demand for this end-use at different urban scales, from neighbourhood to city. By combining a bottom-up approach of households' load profiles and a top-down approach using national statistics, we were able to estimate aggregated electricity demand and consumption with different spatial resolutions and extremely high temporal resolution.

Analysis of electricity demand reflects the medium-and long-term structural changes in energy demand, through detailed analysis of the social, economic, and technological characteristics of the city or neighbourhood. In particular, this approach takes into account changes in the social needs of the population in urban and rural areas; the industrial policies of the country, policies concerning transportation, housing etc., technological developments, and changes in potential electricity markets (IAEA, 2006).

However, regardless of scale and technique, creating a model analysing energy consumption and/or demand is complex, due to the following factors: numerous determining variables, heterogeneous urban context, unpredictable human behaviour, difficulty of forecasting temperature, rapid technological developments, possible rebound effect when taking energy efficiency measures [START_REF] Gillingham | The Rebound Effect and Energy Efficiency Policy, Discussion paper, Resources for future[END_REF]) (e.g. some inactive consumptions created by manufacturers), difficulty of creating future socio-economic and demographic scenarios, the important role of local authorities, and a lack in proper reference models and relevant information. Despite all these challenges, developing electricity load models can help policy makers, local authorities and energy suppliers to gain a better understanding of load curves in order to find solutions for flattening them through algorithms and DSM strategies in the framework of a smart grid project.

Due to the novelty of this analysis, it is not possible to compare our findings with other samples.

However, there are similarities in terms of urban morphology and building characteristics in many French or even European cities (Sun, 2013). Therefore, the methodology is applicable to other case studies with similar characteristics. At smaller scales, French cities of approximately the same size present similarities in terms of structure, hierarchical organizations, and inhabitants' activities (Pumain & Saint-Julian, 2017). Thus, estimating the electricity demand of electric appliances can offer a constructive decision-making tool for energy and environmental measures in similar neighbourhoods (e.g. in the historic centre of cities with similar building and socio-demographic characteristics). Policy makers and energy providers can use this information to balance the electricity supply and demand and optimize the electricity system. Policy decisions related to electricity supply have a direct impact on the economic and environmental costs of electricity generation.

Another policy implication of this study concerns electric appliances. The Spatio-Temporal Analysis identifies the most widely owned and energy-consuming appliances. Energy consumption is due not only to nominal output power of the appliance but also to its time and frequency of use as well as to stand-by and non-active consumption. Estimating demand is thus of considerable importance in order to implement the energy reduction measures imposed on electric appliance manufacturers and could lead to developing more energy-efficient appliances and standards. Inactive consumption can be eliminated by changing the behaviour of household members. This simulation thus highlights the information required to provide an educational basis for households to correct their inappropriate electricity-consuming habits.

Conclusion, limitations and directions for future research

At the macro-scale (regional or national), energy models and analyses can be used to determine overall energy supply requirements. At the micro-scale, they can be used to add houses to the grid or analyse changes in energy consumption by introducing or removing technologies.

Energy models are of interest for many stakeholders, including utilities, consumers, policy makers and appliance manufacturers [START_REF] Carlson | One size does not fit all: Averaged data on household electricity is inadequate for residential energy policy and decisions[END_REF] and can help in decision-making and in developing building policies and codes. They can be used to define priorities of the requirements of EU energy policy (European Commission, 2014). They can also facilitate technology adoption, the quantification of supply, etc. They can be useful for Transmission System Operators in order to study demand-response, balance (near)-real-time demand and supply and to define transformer and storage size; for appliance manufacturers in order to design connected appliances; for Distribution Network Operators (DNOs) in order to simulate distribution networks, to differentiate tariffs and to manage electric vehicles; and for demandside participation aggregators in order to offer demand-side response services [START_REF] Ardakanian | Markovian models for home electricity consumption[END_REF][START_REF] Torriti | A review of time use models of residential electricity demand[END_REF].

The first step to reduce electricity consumption/demand is to monitor how and when each appliance is working, and then to identify the largest consumers and the time when the demand is highest. To this end, we carried out a spatio-temporal analysis with a high temporal resolution (per minute) to create residential load profiles in the urban context of Tours and to simulate its electricity demand related to electric appliance use.

By combining a survey of 54 households and national socio-demographic statistics, we were able to identify the factors influencing household possession of electric appliances and the relationship between types of household, dwellings and their type and usage of electric appliances.

In this study, dwelling size, age of the household reference person, total annual income of the household, and the size of the household (number of occupants in the dwelling) are responsible for the number of electric appliances used in the dwelling. Both the frequency and time of use of most of these appliances depend on the active occupancy of the household members.

The results show that the type of household owning the most electric appliances is a young couple with children living in the largest dwellings, which is probably related to their purchasing power and lifestyle and their preference for new technologies and electric devices.

The household using the fewest appliances is a young single person.

Based on this estimation, the lowest annual consumption of electric appliances (excluding space heating, air conditioning and other end-uses) is by a senior female living in a small dwellings, and the highest consumption is by a young couple living in a large dwelling. The maximum demand within these typologies is by a middle-aged couple in a large dwelling, and the minimum demand is that of a single senior living in a small dwelling.

The results illustrate that average consumption per person decreases with the number of adults living together in the same dwelling, particularly in the case of complex households (generally not family members), compared to single-member households. In other words, energy consumption per person is more efficient in shared housing.

Due to the variety of typologies and the complexity of predicting the behaviour of occupants regarding electricity consumption and/or demand, it could be interesting for suppliers to use Spatio-Temporal Analysis to model peak curve flattening scenarios and to provide optimal amounts of electricity at the local scale.

The different scales of analysis in this study (from neighbourhood to city scale) enable examination of the impact of spatial resolution on DSM and smart grid applications. This study can thus provide the basis for investigation of the optimal smart-grid scale, which, to the best of our knowledge, has not yet been explored.

Simulations of total energy demand should include the contribution of other end-uses (space heating/cooling, hot water, cooking and lighting), as well as future structural changes affecting urban energy systems. Changes in policy, legislation and decisions may lead to a change in the factors determining energy demand, and these factors should therefore be identified and
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  Figure 3: Correlations between the studied variables: (a) size of dwelling and number of appliances; (b) age of occupants and number of electric appliances; (c) size of household and number of electric appliances; (d) size of household and number of electric appliances.

  reference person (Y: Young, MA: Middle-aged, O: Older) Type of household (Single-member: SM, Couple: C, Family: F, Mono-parental: MP, Complex: CO) Size of dwelling (S: Small, M: Medium, L: Large) Occupation (A: Active, I: Inactive) Individual (M: Adult Male, F: Adult Female, C: Child) 1-45 Age + type of household + size of dwelling Activity / non-activity of each household member

  AMs, 2) AFs, 3) AMs & AFs, 4) IMs, 5) IFs, 6) IMs & IFs, 7) IMs & AFs, 8) IFs & AMs, 9) AMs & IMs, 10) AFs & IFs Y CO M 1) AMs, 2) AFs, 3) AMs & AFs, 4) IMs, 5) IFs, 6) IMs & IFs, 7) IMs & AFs, 8) IFs & AMs, 9) AMs & IMs, 10) AFs & IFs Y CO L 1) AMs, 2) AFs, 3) AMs & AFs, 4) IMs, 5) IFs, 6) IMs & IFs, 7) IMs & AFs, 8) IFs & AMs, 9) AMs & IMs, 10) AFs & IFs MA CO S 1) AMs, 2) AFs, 3) AMs & AFs, 4) IMs, 5) IFs, 6) IMs & IFs, 7) IMs & AFs, 8) IFs & AMs, 9) AMs & IMs, 10) AFs & IFs MA CO M 1) AMs, 2) AFs, 3) AMs & AFs, 4) IMs, 5) IFs, 6) IMs & IFs, 7) IMs & AFs, 8) IFs & AMs, 9) AMs & IMs, 10) AFs & IFs 42 MA CO L 1) AMs, 2) AFs, 3) AMs & AFs, 4) IMs, 5) IFs, 6) IMs & IFs, 7) IMs & AFs, 8) IFs & AMs, 9) AMs & IMs, 10) AFs & IFs 43 O CO S 1) IMs, 2) IFs, 3) IMs & IFs, 4) IMs & AFs, 5) IFs & AMs, 6) AMs & IMs, 7, 2) IFs, 3) IMs & IFs, 4) IMs & AFs, 5) IFs & AMs, 6) AMs & IMs, 7) AFs & IFs
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 5 Figure 5: Percentage of households owning an electric appliance

  We estimated the average length of time of use for different electric appliances on different temporal scales based on the average daily schedule of people aged over 15 years living in Metropolitan France(INSEE 2010). This includes Saturdays, Sundays, public holidays and days away from the principal residence (e.g. vacations abroad or in other cities). Thus, multiplying this figure by 7 and 365 will respectively yield weekly and annual average time spent on each activity. For instance, male students devote 11 hours and 49 minutes of their day to physiological activities, which include sleeping, eating, personal care, hygiene and beautification. A great deal of information can be derived from this statistic (schedule of activities of French individuals by occupation and gender in Metropolitan France in 2010). For example, it is possible to ascertain sleeping time on a given type of day, based on sleeping time, number of working days, number of public holidays, etc., or to calculate the approximate time individuals wake up during the week and consequently the length of time they sleep from information about the time spent travelling to and from work, washing, dressing and eating, and
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 6 Figure 6: Daily occupancy profile (Temporal variation) of households
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 8 Figure 8: Total domestic energy demand

Figure 9 :

 9 Figure 9: Daily load profile for T12 AFM (active female and active male). (a) Cold/Hot weekdays; (b) Cold Saturdays; (c) Hot Saturdays; (d) Cold Sundays; (e) Hot Sundays; (f) Cold public holidays; (g) Hot public holidays

  

Table 1 :

 1 Factors determining energy demand in different scenarios

	Scenarios	Dwellings	People / Society	Equipment
	Social	Function	Age/ Gender/ Nationality/ Education	Time of use/ Duration
			level/ Health condition/ Household type/	of use
			Household size/ Population growth rate/	
			Social norms	
	Economic	Dwelling size/ Dwelling type/	Employment status/ Economic situation/	Number/ Type
		Ownership/ Furniture	Incomes/ Energy bills/ Annual GDP/	
		availability/ Affordability/	Unemployment rate	
		Features/ Issues		
	Technological	Insulations/ Technological		Consumption/ Nominal
		evolutions/ Renewable		power/ Standby mode/
		generation		Efficiency
	Environmental Location		Climate/ Weather
				conditions
	Behavioural	Domotics/ Home automation	Desired level of comfort/ Culture/	Intelligent devices
			Habits/ Beliefs	

Table 2 :

 2 Some domestic electric appliances

273 Kitchen/cooking appliances (excluding ovens, stoves and electric hobs) 1

  

		Blender	13	Egg boiler	25	Mixer
	2	Barbeque/grill	14	Fondue maker	26	Orange juice machine
	3	Beer dispenser	15	Food waste disposal	27	Pancake maker
	4	Bread maker	16	Freezer	28	Popcorn maker
	5	Can opener	17	Hot dog maker	29	Raclette maker
	6	Coffee grinder	18	Ice-cream maker	30	Refrigerator
	7	Coffee machine	19	Juicer/centrifuge	31	Rice cooker
	8	Cotton candy machine	20	Kettle/water boiler	32	Sandwich maker /waffle iron
	9	Deep fryer	21	Knife /slicer	33	Steam cooker
	10	Dish washer	22	Kitchen hood	34	Tea maker
	11	Donut/cupcake maker	23	Meat mincer	35	Toaster
	12	Egg-beater	24	Microwave	36	Yogurt maker
			Store/Servicing-cleaning appliances	
	37	Alarm clock/ Radio	44	Iron	51	Tumble dryer
	38	Carpet sweeper	45	Lawn mower	52	Vacuum cleaner
	39	Deodorizer	46	Radio	53	Vaporizer/humidifier
	40	Drill	47	Saw	54	Washing machine
	41	Floor polisher	48	Screwdriver	55	dehumidifier
	42	Insect killer	49	Sewing machine		
	43	Interphone	50	Shoe polisher		
			Living room/Entertainment appliances	
	56	Aquarium	60	Guitar amplifier	64	Video game consoles
	57	Audio system/Hi Fi	61	Home Theatre	65	Wii
	58	Modem/Wireless rooter	62	Keyboard/Piano	66	Decoder/ TV box
	59	DVD /CD player	63	Television		
			Bathroom/Health-beauty appliances	
	67	Epilator	70	Massager	73	Treadmill
	68	Hair dryer	71	Razor		
	69	Hair styler	72	Tooth brush		
				Office appliances		
	74	Answering machine	77	Speakers	80	Printer/scanner/copier
	75	Charger (telephone)	78	laptop	81	Telephone
	76	CPU	79	Fax machine	82	Tablet

Table 3 :

 3 Descriptive statistics of the variables influencing electricity demand

	Variables	Data	Analysed as	Number of observations	Missing value	Min	Max	Mean	Standard deviation
	X1	Size of dwelling	m2	54	0	12	300	72.72	61.23
	X2	Age	Years old	54	0	18	64	33.43	10.87
	X3	Household size	Number of people	54	0	1	7	2.46	1.48
		Financial							
	X4	status (annual	Euros	54	0	2500 78499.5 23749.56	16588.38
		income)							
	N	Number of electric appliances	Number of appliances	54	0	7	68	26.63	12.62

Table 4 :

 4 Correlation matrix for the variables influencing electricity demand

		Size of	Age of reference person in	Household	Financial status of household
		dwelling (Y1)	household (Y2)	size (Y3)	(Y4)
	Size of dwelling (X1)	1	0.488733327	0.546429620	0.639449166
	Age of reference person in household (X2)	0.488733327	1	0.091018335	0.422255729
	Household size (X3)	0.546429620	0.091018335	1	0.388256237
	Financial status of household (X4)	0.639449166	0.422255729	0.388256237	1

Table 5 :

 5 Calculation of initial eigenvalues for PCA for the variables influencing electricity demand

		X1	X2	X3	X4
	Eigenvalue	2.330331575 0.912629659	0.285127848 0.471910918
	Eigenvectors 0.590010960	0.051460671	0.801594953	-0.081758161
		0.417967981	-0.708861170	-0.310657282	-0.475721202
		0.428966055	0.7005560344	-0.401970403	-0.404503553
		0.541459100	-0.063897152	-0.315210057	0.776776555
	Variance	3749.22327	118.060447	2.17784766	275174481.2

Table 6 :

 6 Calculation of cumulative proportion for PCA

	Component number	Variable name	Proportion of variance	Cumulative proportion
			(eigenvalue/total variance)	of variance
	1st	X1	58.25 %	58.25 %
	2nd	X2	22.82 %	81.07 %
	3rd	X4	11.80 %	92.87 %
	4th	X3	7.13 %	100 %

Table 7 :

 7 Variables affecting electricity consumption of electric appliance end-user

	Quantifiable	Occupants' age (<25,	Dwelling size (<40, between	Household size (1, 2, 3,...)
	Variables	between 25 and 65, >65)	40 and 100, >100)	
	Categorical	Occupants' gender (M, F)	Activity (active, inactive)	Household type (single, mono-
	Variables			parental, couple, family, complex)

Table 8 :

 8 Different typologies and possibilities of consumer profiles

Table 10 :

 10 Percentage of existing consuming typologies in different neighbourhoods of Tours

	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	N/T
	8,9	4,4	5,8	4,9	5,8	2,5	3,1	1,1	0,1	3,1	3,4	0,5	0,7	1,0	0,9	5,9	0,7	0,2	22,7	7,3	1,2	16,9	1
	11,2	7,2	8,3	9,6	10,4	7,5	5,8	6,0	4,4	7,0	7,3	3,9	4,0	5,2	4,1	10,0	4,7	3,5	21,8	9,2	6,5	16,9	2
	2,7	3,1	3,5	0,7	1,8	0,4	2,6	1,4	0,6	1,4	0,3	0,4	0,2	0,9	1,8	3,7	0,4	0,8	1,9	0,2	0,1	1,5	3
	16,0 11,5 12,1 13,3 11,7	8,8	11,0	4,3	0,6	11,2 12,5	3,5	6,1	5,0	3,4	9,6	4,3	1,1	9,3	17,0	6,8	16,7	4
	20,1 18,7 17,2 26,2 21,2 26,5 20,3 23,2 28,6 25,2 26,6 28,1 32,4 26,0 16,1 16,3 28,9 17,7	8,9	21,2 37,6 16,7	5
	4,9	8,0	7,3	2,1	3,7	1,5	9,4	5,6	4,0	4,9	1,2	3,1	2,1	4,6	6,8	6,1	2,5	3,9	0,8	0,4	0,9	1,4	6
	1,3	1,0	0,9	1,4	1,1	0,6	0,7	0,4	0,1	1,2	0,5	0,4	0,6	0,7	0,3	2,3	0,3	0,1	2,4	1,0	0,4	0,4	7
	1,6	1,7	1,4	2,7	2,0	1,8	1,4	2,2	4,1	2,8	1,1	3,2	3,1	3,5	1,3	4,0	2,1	0,6	2,3	1,3	2,3	0,4	8
	0,4	0,7	0,6	0,2	0,3	0,1	0,6	0,5	0,6	0,6	0,1	0,3	0,2	0,6	0,6	1,5	0,2	0,1	0,2	0,0	0,0	0,0	9
	2,2	1,6	2,0	1,2	2,0	0,9	1,1	0,6	0,1	1,2	0,8	0,2	0,3	0,5	0,7	2,4	0,4	0,3	4,6	2,6	0,3	4,1	10
	2,7	2,6	2,8	2,5	3,5	2,7	2,1	3,2	2,7	2,7	1,7	2,1	1,7	2,7	3,4	4,0	2,7	4,4	4,3	3,2	2,0	4,1	11
	0,7	1,1	1,2	0,2	0,6	0,1	0,9	0,8	0,4	0,5	0,1	0,2	0,1	0,5	1,4	1,5	0,2	1,0	0,4	0,1	0,0	0,3	12
	3,9	4,2	4,1	3,4	4,0	3,1	3,9	2,3	0,4	4,3	2,9	1,9	2,6	2,6	2,8	3,8	2,5	1,5	1,9	6,1	2,0	4,0	13
	4,9	6,8	5,8	6,7	7,2	9,3	7,3	12,7 17,6	9,7	6,1	15,0 13,9 13,4 13,2	6,5	16,9 22,4	1,8	7,5	11,3	4,0	14
	1,2																						

Table 11 :

 11 Eliminated typologies

			Maximum
	Initial		possible
	typology	Description	percentage of
	number		total population
			in the city
	T25	families with reference person over 65 years old, live in less than 40 m2	0.9%
	T27	families with reference person over 65 years old, live in more than 100 m2	0.5%
	T30	mono-parental households with reference person less than 25 years old live, live in more than 100 m2	0.2%
	T34	mono-parental households with reference person less than 65 years old live, live in less than 40 m2	0.5%

Table 12 :

 12 The most widely possessed electric appliances within studied sample

	Personal computer (PC)	Laptop (L)	Modem (M)	Tablet (T)
	Printer/Scanner/Photocopier (P)	Audio System (A)	Speakers (S)	Television (TV)
	Television box (TVB)	DVD/Video/Blu-ray player (DVD) Home cinema (HC)	Mobile (MO)
	Telephone (TE)	Fax (F)	Refrigerator (R)	Freezer (FR)
	Multi-function pastry robot (MF)	Mixer (MI)	Blender (B)	Egg beater (E)
	Knife (K)	Hood (H)	Microwave (MW)	Rice cooker (RC)
	Deep fryer (DF)	Fondue maker (FM)	Raclette maker (RM)	Crepe maker (C)
	Sandwich maker/Waffle iron (SW) Dish washer (DW)	Coffee machine (CM) Water boiler (W)
	Orange juice maker (O)	Toaster (TO)	Hair dryer (HD)	Razor/Epilator (RE)
	Hair iron/Hair styler (HH)	Drill (D)	Radio/Alarm (RA)	Vacuum cleaner (V)
	Washing machine (WM)	Tumble dryer (TD)	Iron (I)	Tooth brush (TB)

Table 13 :

 13 Simulation of distribution of electric appliances between household typologies

Table 14 :

 14 Daily average time (in minutes) spent by French individuals on different activities

	ACTIVITY	PERCENTAGE OF USING ELECTRIC APPLIANCES	ELECTRIC APPLIANCE THAT MIGHT BE USED	ACTIVE INACTIVE
				Male	Female	Male	Female
	Toiletry &	N.A.	HD, HH, RE, TB	51	64	62	71
	personal care						
	cleaning, cooking & laundry	N.A.	MF, MI, B, E, K, H, MW, RC, DF, FM, RM, C, SW, DW, CM, W, O, TO, V, WM, I	54	128 126	239
	DIY	N.A.	D	13	4	36	4
	Gardening &	N.A.	-	9	10	33	16
	animal care						
	Television	100%	TV, TVB, DV, HC	94	79	173	158
	Internet & games	100%	PC, L, M, T, P, S, A -	54	27	51	29
	Telephone & email	100%	PC, L, M, T, MO, TE, F	18	26	18	20

Table 15 :

 15 Average time of daily activity per minute of individuals in Metropolitan France in 2010 (based on INSEE)

	Active Male	Active	Inactive Male Inactive
		Female	Female

Table 16 :

 16 French individuals' average (A) daily activity and during weekdays (WD) and weekends (WE)/public holidays (PH) in Metropolitan France in 2010

		Active male		Active female		Inactive male		Inactive female
		A	WD	WE/PH A	WD	WE/PH A	WD	WE/PH A	WD	WE/PH
	Average sleeping (min)	503 441	621	510 448	628	522 522	522	528 528	528
	Waking up		6:33	10:03		6:20	9:50		8:46	8:46		8:42	8:42
	Toiletry (min)	51	41	71	64	58	76	62	62	62	69	69	69
	Eating Breakfast		7:13	10:50		7:02	10:35		10:00 10:00		9:56	9:56
	Leaving home to work		8:14	N/A		8:23	N/A		N/A	N/A		N/A	N/A
	Transportation to /from	41	62	0	29	44	0	5	0	0	0	0	0
	work (min)												
	Arriving home from		18:43 N/A		16:59 N/A		N/A	N/A		N/A	N/A
	work												
	Eating dinner		19:36 19:00		19:44 21:08		20:00 20:00		19:08 19:08
	Sleeping		23:12 23:42		22:52 23:22		00:04 00:04		23:52 23:52
	Time of absence (except	115 30	120	117 30	126	169 115	115	141 86	86
	working/training time)												
	(min/day)												
	Occupancy time	407 415	699	472 521	685	719 803	803	761 826	826

Table 17 :

 17 Occupancy rate of different individual compositions depending on their activity

		AM	AF	IM	IF	AFM	IFM	IMAF	IFAM
	WD	29%	36%	56%	57%	32%	57%	44%	43%
	WE/PH	49%	48%	56%	57%	48%	57%	52%	53%

Table 18 :

 18 Annual consumption and maximum demand of various household typologies 614

	T12 AFM household per kWh/yr

Table 20 :

 20 Percentage of type of households in Tours and France in 2016

	Household type	Reference person	Reference person	Reference person
		<25 years (%)	25-65 years (%)	>65 years (%)
		Tours	France	Tours	France	Tours	France
	Single-member	27	9	47	53	26	38
	Complex	43	16	49	68	8	16
	Mono-parental	2	2	91	88	7	10
	Family and couple	4	2	77	80	19	18

Table 21 :

 21 Activity and unemployment rates in Tours and France in 2017

	Tours	France

Activity rate between 15 and 64 years in 2017

  

	69,8	74,0

Unemployment rate between 15 and 64 years in 2017

  

	18,5	13,9

&[START_REF] Bartiaux | Socio-political factors influencing household electricity consumption: a comparison between Denmark and Belgium[END_REF],[START_REF] Baker | Improving the prediction of UK domestic energy-demand using annual consumption-data[END_REF],[START_REF] Brounen | Residential energy use and conservation: economics and demographics[END_REF], and[START_REF] Kavousian | Determinants of residential electricity consumption: using smart meter data to examine the effect of climate, building characteristics, appliance stock, and occupants' behavior[END_REF].
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In order to generalize the load profiles to the neighbourhood level, we used the statistics of the 615 2010 national census published by INSEE (Table 19). 616 To identify the number of households of each type in each neighbourhood, we first found the 618 ratio of households at the national level, as detailed information, including household activities 619 and household composition shown in Table 10, is not available at city and district levels. For 620 With this methodology, it is possible to calculate the number of households in each category for each of the 22 neighbourhoods, as well as the total annual consumption for each neighbourhood and consequently for the entire city of Tours.

Results and discussion

In this estimation for 130,817 individuals living in 72,202 dwellings, the total annual electricity consumption of electric appliances is 86 GWh/yr (Table 22), in other words, about 0.66 MWh per person per year. The average person per household is 1.81, and therefore the average annual consumption per household/dwelling is about 1195 kWh.

The results can be validated by installation of smart sub-metering devices, which is the only non-intrusive method for disaggregating data with precision ranging from intervals of 15 to 60 minutes [START_REF] Zhao | Non-intrusive load disaggregation solutions for very low-rate smart meter data[END_REF]. In the absence of smart meters and sub-meters for identification of electric appliances in all the areas studied, the results can be checked by comparing data based on disaggregated estimation with data published by suppliers. [START_REF] Cerema | Consommation d'énergie dans les bâtiments -chiffres clés 2013[END_REF], electric appliances represent 20% of total consumption (lighting included) for the same period as the national statistics. This difference can be explained by errors and uncertainty in analyses, differences in structure between national and urban levels, rapid advances of technologies, and not including some typologies and exceptions. There are also other important factors, such as type of final energy, which varies from household to household. Some dwellings use gas rather than electricity for heating/cooling systems, hot water and cooking equipment. Thus, even if the results are slightly over-estimated, the approximate estimation of the share of electric appliances and the existing data validate the methodology. To sum up, in this Spatio-Temporal Analysis of electric domestic appliances through the case study of Tours (France), we aimed to estimate disaggregated electricity consumption and evaluated not only when designing development scenarios but also when forecasting long-term demands.
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Appendix A: Calculation method of the annual energy consumption

The average energy demand per cycle is calculated as below:

where " $ is Mean cycle energy demand of the appliance in active mode (in kWh), % $ is mean cycle length of the appliance in active mode (in hours), $ is mean cycle power of the appliance in active mode (in kWh).

The annual time the appliance is running can be expressed as:

where $ is annual time the appliance is running (in hours), $ is number of annual cycles.

The number of minutes per year an appliance has the potential to start functioning is calculated as follows:

where & is minutes per year when an activity can be started. The annual unit electricity consumption of the electric appliance when in use is expressed as:

The time each appliance is not operating can be calculated as: D = 365 × 24 -$ Eq.(A.9)

The annual standby power of the electric appliance is calculated as below:

where Ps is standby power of the appliance (in Kilo-watts),

The total consumption of an electric appliance per year is equal to its total active and inactive power and is expressed as:

C 9 = C $ + C D Eq.(A.11)

The total average demand per dwelling taking ownership into account is presented as:

" " 9 = " × C 9 Eq.(A.12)

where PD is the proportion of dwelling owning this appliance.