N
N

N

HAL

open science

Sub-regional variability of residential electricity
consumption under climate change and air-conditioning

scenarios in France
Qiqi Tao, Marie Naveau, Alexis Tantet, Jordi Badosa, Philippe Drobinski

» To cite this version:

Qiqi Tao, Marie Naveau, Alexis Tantet, Jordi Badosa, Philippe Drobinski. Sub-regional variability
of residential electricity consumption under climate change and air-conditioning scenarios in France.

Climate services, 2024, 33, pp.100426. 10.1016/j.cliser.2023.100426 . hal-04799294

HAL Id: hal-04799294
https://hal.science/hal-04799294v1

Submitted on 22 Nov 2024

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-04799294v1
https://hal.archives-ouvertes.fr

Climate Services 33 (2024) 100426

Contents lists available at ScienceDirect

Climate Services

journal homepage: www.elsevier.com/locate/cliser

ELSEVIER

Sub-regional variability of residential electricity consumption under
climate change and air-conditioning scenarios in France

Qiqi Tao™ ', Marie Naveau ?, Alexis Tantet?®, Jordi Badosa®, Philippe Drobinski *

2 Laboratoire de Météorologie Dynamique — Institut Pierre-Simon Laplace, Ecole Polytechnique — Institut Polytechnique de Paris, Ecole Normale Supérieure — PSL
Université, Sorbonne Université, CNRS, Palaiseau 91128, France

ARTICLE INFO ABSTRACT

Keywords:

Residential electricity consumption
Cooling demand

Climate change impacts

The residential sector is important for the energy transition to combat global warming. Due to the geographical
variability of socio-economic factors, the highly dependent residential electricity consumption (REC) should be
studied locally. This study aims to project future French REC considering climate change and air-conditioning
(AC) scenarios and to quantify its spatial variability. For this purpose, a linear temperature sensitivity model
fitted by annual observed electricity consumption data and historical temperature is applied at an intra-regional
scale. Future temperature-sensitive REC is computed by applying the model to temperature projections under the
climate change pathway RCP8.5. Three AC scenarios are considered: (1) A 100% AC rate scenario assuming that
any region partially equipped with AC systems nowadays will have all its households equipped with AC, but local
temperature sensitivity will no longer progress; (2) A gradual spreading scenario mimicking “do like my
neighbor” behavior; (3) A combination of the two scenarios. Increasing temperatures lead to an overall REC
decrease (—8 TWh by 2040 and down to —20 TWh by 2100) with significant spatial variability, which had never
been quantified and mapped due to a lack of suited methodology and limited available data at the finest scale.
The evolution of REC is modulated by the evolution of cooling needs and the deployment of AC systems to meet
those needs. In the first 2 AC scenarios, the decrease of REC due to climate change could be totally offset in the
South of France, which would then display an increase in REC. When the 2 AC scenarios are combined, an in-
crease in REC could be seen over the whole country. The most extreme AC scenario shows a potential REC rise
due to AC usage by 2% by 2040 and even 32% by 2100, which could be canceled by increasing the cooling
setpoint up to 26-27 °C.

Practical implications

The residential sector is the leading electricity consumer in France,
representing more than one-third of the final electricity uses. This sector
has therefore to implement a pathway to reduce energy demand and
greenhouse gas emissions. The relevance of related policies depends on
the expected change in residential electricity consumption (REC) for
various climate change scenarios and user behavior. REC change in
climate change scenarios has already been studied at the country scale,
but important physical (e.g. local weather conditions) and socio-
economic (revenue, air-conditioning use, etc.) determinants of REC
display a large spatial variability which implies REC should be studied
locally.

The REC model is computed using a linear temperature sensitivity
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model fitted by annual observed electricity consumption data and daily
temperatures applied at the smallest French geographic census unit
named Ilots Regroupés pour I'Information Statistical (IRIS), which di-
vides the territory into meshes of about 2000 inhabitants per unit cell.
Once the current electricity sensitivity is fitted for each IRIS, the REC
change is computed by applying the model to temperature projections
under climate change scenario RCP8.5 at intermediate (2025-2055) and
far (2070-2100) time horizons based on 5 climate simulations per-
formed in the frame of the international CORDEX program. In addition,
two cooling scenarios based on the air-conditioning adoption rate and
the cooling temperature sensitivity are also investigated.

When only climate change is considered, REC is projected to
decrease with decreasing heating needs in most IRIS cells. However,
because of already deployed cooling equipment, REC is expected to
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increase in 3-7% of the territory, totally offsetting the effect of reduced
heating needs. A larger variability is found within administrative re-
gions, including a few hundred to thousands of IRIS, than between
administrative regions. Including AC scenarios offset in part the REC
negative trend, with REC projected to increase in the South-East in the
most conservative scenario to nearly the entire territory when large
spreading and rate of AC use are assumed. Large AC use may lead to REC
change ranging from 2% by 2040 to 32% by 2100, contributing to
enhanced greenhouse gas emission and the urban heat island effect.

Such results call for targeted and local information actions where the
risk of spreading is high to limit the spreading and rate of use or mitigate
their effect with more energy-efficient AC systems. As our projected
future climate in Southern France is similar to the present climate of
countries more to the South, which has not seen a large deployment of
AC equipment, analyzing the socio-economic drivers, the energy policies
of these countries and drawing inspiration from them to deploy locally
adapted actions should be considered. Also, adapting the cooling set-
point could help elaborate energy policies to lower the cooling
temperature-sensitive REC. Based on our model, shifting the cooling
setpoint from 21 °C at present to 23-24 °C by 2040 and 26-27 °C by
2085 would prevent any cooling REC rise in our worst-case scenarios.
These values are consistent with existing recommendations (e.g. US
DoE). Finally, low-tech alternative solutions, such as cool white roof
coating widely implemented in subtropical regions, can be implemented
in France to improve the thermal comfort of buildings and reduce the
use of AC equipment and their impact on the environment.

1. Introduction

France is committed, with the energy transition law for green growth
of 2015, to reducing its greenhouse gas emissions by 40% by 2030 and
divided by four by 2050. It also plans to reduce its consumption of fossil
fuels by 30% by 2030 and to halve its final energy consumption in 2050
compared to 2012 (regulations passed under the Law for the ecological
transition and green growth'). This regulation contributes to the Paris
climate agreement” to keep temperature increases well below 2 °C and to
pursue efforts for 1.5 °C. The French residential sector represents 20% of
the CO2 emission of the country and 30% of the final energy uses.
Hence, this sector could be a significant opportunity and challenge for
policies to combat global warming. Indeed, the law text emphasizes
improving building energy efficiency, thermal renovation of buildings,
and constructing buildings with high energy performance.

Limiting electricity consumption in the residential sector through
actions aimed at improving the energy performance of buildings is
therefore a major environmental challenge for communities. However,
residential electricity consumption (REC) is highly dependent on
household income, the thermal quality of occupied dwellings, and the
cost of energy with regard to the purchasing power of the households
(Giraudet et al., 2012; Branger et al., 2015; Frederiks et al., 2015) and
therefore displays a very large spatial variability, especially in urban
areas which are characterized by the heterogeneity of their de-
mographic, socio-economic, environmental and cultural characteristics
(Li and Kwan, 2018; Pickett et al., 2017) underlying urban resource
demands (Rosales and Worrell, 2018; Voskamp et al., 2020). The case of
France has been investigated specifically and supports studies conducted
in other countries (Lévy and Belaid, 2018).

Electricity demand also depends on the outdoor temperature. De-
mand for cooling rises once the temperature exceeds a cooling setpoint,
while electricity demand for heating grows once the temperature drops
below a heating setpoint (Petrick et al., 2010; Auffhammer and Mansur,
2014; Damm et al., 2017; Wenz et al., 2017; Kozarcanin et al., 2019). As
a result, a theoretical U-shaped link exists between electricity demand

! https://www.legifrance.gouv.fr/loda/id/JORFTEXT000031044385
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and temperature. Choices made by individuals to utilize heating and
cooling systems to maintain a comfortable temperature in their resi-
dences directly impact electricity demand (Emodi et al., 2018; Eme-
and Emodi, 2022). Substantiated correlations between
consumption and climate and weather conditions (Meng et al., 2020),
demographic and economic factors (Bettignies et al., 2019) and urban
and architectural morphological characteristics (Chen et al., 2020; You
and Kim, 2018) cause the large spatial variability in residential energy
demand. Climate, socio-economic and morphological characteristics
have proven explanatory variables for energy demand and its spatial
pattern (Chen et al., 2020; Kennedy et al., 2015; Wiedenhofer et al.,
2013).

The link between temperature and electricity demand has been
studied using various models [e.g. (Narayan et al., 2007; Emodi et al.,
2018)]. One approach is to model this nonlinear relationship by a
smooth but nonlinear function of the temperature. For instance, Moral-
Carcedo and Vicéns-Otero (2005) and Damm et al. (2017) used a Lo-
gistic Smooth Transition (LSTR) function to model the electricity de-
mand response to temperature variations in European countries. The
advantage of such a model is that it adequately captures the rather
smooth response of electricity demand summed over a large domain to
temperature variations. On the other hand, it is less straightforward to
interpret the physical meaning of the parameters of such a model.
Another approach is to model the electricity demand as a linear com-
bination of nonlinear functions of the temperature (making it a gener-
alized linear model). For instance, Sailor and Munoz (1997) studied the
monthly electricity and gas consumption for states in the US using a
linear model with degree-day (DD) inputs in addition to wind speed and
relative humidity.

In France, outdoor temperature increase could reach up to 3.8 °C by
2100 with regards to 1900-1930 if no policy is in place to reduce
greenhouse gas emissions (Ribes et al., 2022). Pilli-Sihvola et al. (2010)
have investigated the impact of climate change using the DD approach
on building energy demand for heating and cooling and the associated
energy cost using climate simulations of the 37 Coupled Model Inter-
comparison Project (CMIP3). More recently, Larsen et al. (2020) find in
downscaled CMIP5-climate simulations that when temperature evolu-
tion is considered as the only factor of change, needs for cooling increase
by 33% to 204% between 2050 and 2010 and needs for heating decrease
by —31% to —6% while Damm et al. (2017) predict the impact ofa +2°C
global temperature change on European electricity demand, with for
France, an estimated decrease in total electricity consumption between
-10TWh and -16TWh. The optimistic reduction in electricity projection
is due to France’s current heating-dominated state. All households in the
country utilize specific heating systems such as gas, oil, wood, or district
heating, among which 37% employ electric heating. In contrast, the
national adoption of air-conditioning (AC) remains relatively low,
standing at only approximately 22% when considering all types and
sizes of air conditioners, including mobile and heat pump units.

Rising temperatures and temperature extremes, in particular, imply
increased use of air conditioners, both in hot and humid emerging
economies where incomes are rising and in industrialized economies
where consumer expectations in terms of thermal comfort are constantly
growing (van Ruijven et al., 2019). Previous studies (van Ruijven et al.,
2019; ?; ?) suggest that climatic conditions will encourage more
households to adopt AC systems, therefore affecting electricity expen-
ditures. On a global scale, the final energy consumption for AC in resi-
dential and commercial buildings has more than tripled between 1990
and 2016. The share of cooling in REC increased from around 2.5% to
6% during the same period. The use of AC equipment is expected to
increase dramatically, becoming one of the main drivers of global
electricity demand (International Energy Agency, 2018).

In France, as heat waves are more and more frequent and long, many
households and businesses are equipped with AC for more comfort
(Lemonsu et al., 2015). In 2020, for the first time, the number of
equipment sold exceeded 800,000 units, whereas it had stabilized at
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Fig. 1. Map of 12 administrative regions of metropolitan France, with thicker
white lines representing 94 departments and thinner white lines representing
more than 48000 IRIS cells. (Plate carrée projection, same projection used in
the presented study).

around 350,000 per year previously. In 2020, 25% of individuals are
equipped compared to 14% in 2016, with disparities linked to the type
of dwelling (31% of owners of individual houses compared to 20% of
households living in collective housing), socio-professional category
(37% of liberal professions, executives and higher intellectual pro-
fessions against only 19% of households whose reference person is un-
employed or inactive) and place of residence (e.g. 47% of inhabitants of
the South-East and Corsica against only 11% in Brittany) (ADEME,
CODA STRATEGIES, 2021).

However, most previous studies of future consumption projection
only focus on continental and national scales while not considering the
sub-national disparity of temperature changes and non-climatic factors
listed above. We aim to fill this gap by examining whether the national
results proposed by these earlier studies remain consistent at smaller
scales, given that changes in consumption and geographical variations
in adaptation can lead to inequalities. We provide valuable information
on the local impacts of climate change and building cooling strategies on
residential energy demand, which can aid local climate and energy
planning and decision-making. Specifically, we focus on the sub-
regional variability of changes in residential AC requirements for cool-
ing needs in the context of climate change. To this end, we use a

/ Projected climate data
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modified temperature sensitivity model to project future REC at a fine
scale. The smallest geographic scale used in this study is the so-called
Ilots Regroupés pour I'Information Statistical (IRIS), here referred to
as cells, which divides the French territory into a collection of about
2000 inhabitants per cell. These cells are defined by respecting
geographic and demographic criteria and have recognizable contours
without ambiguity and stability over time. France has a total of 50,800
cells (IGN, 2009). In metropolitan France, these cells are distributed
among 12 administrative regions represented in Fig. 1. This model is
designed to distinguish between different aspects of electricity use using
data from all residential buildings, irrespective of their heating or
cooling equipment. The projection of future residential electricity con-
sumption is based on climate change pathway RCP8.5, using down-
scaled CMIP5 climate simulations carried out as part of EURO-CORDEX
(Jacob et al.,, 2014) and MEC-CORDEX (Ruti et al., 2016), while
considering different scenarios of AC use for cooling - full generalization
or saturation.

After the introduction in Section 1, the details of the model can be
found in Section 2, with information about the temperature and REC
data that are applied to fit the model as inputs for the case of France and
the future temperature projection and AC use scenarios. REC projection
results and discussion are presented in Section 3, and the conclusion and
policy implications are given in Section 4. The global flow chart of the
total work is shown in Fig. 2.

2. Methodology and data

In this section, we explain how the REC is projected at the sub-
communal scale by applying a temperature sensitivity model trained
on historical data to climate projections. We also present the data for the
application to France and define the scenarios used as projections of AC
use with widespread adoption or saturation cases.

2.1. Temperature sensitivity statistical model

The relationship between the surface air temperature and the energy
consumption over a domain is what we call the temperature sensitivity
of the consumption. It has been modeled in various ways as presented in
the previous section. The advantages of the DD approach are that it is
simple to implement as a linear regression model with standard machine
learning software and that it is straightforward to interpret the co-
efficients of the models as temperature sensitivities. For these reasons,
we follow the DD approach in this study. The heating degree-days (HDD)
(resp. the cooling degree-days (CDD)) for a domain is a positive quantity
computed from data for the (weighted-) average temperature of the
domain. It is given by the sum over a period of the degrees below (resp.
above) a certain setpoint temperature per timestep. Here, the timestep
d is a day and the period y a year between 2011 and 2018 (included),
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Fig. 2. Flow chart of the present study.
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Table 1
Summary of variables and their physical meanings presented in Eq. 2.
Variable Meaning
Ei(y) Annual REC normalized by surface for cell i and year y (kWh/ m?)
B; The basic daily REC for cell i (kWh/ m?)
Ny The number of days in a year y (365 or 366)
all Heating temperature sensitivity for cell i (kWh/ (DD m?))
af Cooling temperature sensitivity for cell i and year (kWh/ (DD m?))
e (y) Rate of electric heating for cell i and year y (%)
() Rate of AC adoption for cell i and year y (%)
Ay) Coefficient measuring increase in yearly REC per HDD and unit of area
for cell i and year y (kWh/ (DD m?))
A y) Coefficient measuring increase in yearly REC per CDD and unit of area

for cell i and year y (kWh/ (DD m?))

while different domains, or cells, i are considered, each corresponding to
a different IRIS. The HDD and CDD are thus defined here as (Moral-
Carcedo and Vicéns-Otero, 2005),

Ny
HDD; (y) = maX(O; T — Ti()’:d))

szl (@D)]
CDD; <y> = Z max (0; 7 (y,d) — T7),

=

where T;i(y,d) is the daily-mean surface air temperature for a day d of
year y averaged over cell i, T/ and T with T¢>T! are respectively the
heating and cooling setpoints for cell i, and N, (365 or 366) is the
number of days in year y. The heating and cooling setpoints T and T¢
are parameters to be estimated.

The REC scales with the living area in each cell. To leave out this
factor, we divide the REC by the living area, giving the normalized
annual REC E;(y) for cell i and year y in kWh/ m?. For a given scenario
(see Section 2.3), the general temperature sensitivity model is then
expressed as,

Ei(y) = p;(y)HDD;(y) + BN, + 4 (¥)CDD; (y)

2
= a (5)HDD, (3) + BN, + a1 (5)CDD ). @

The first equation in (2) relates E;(y) to a heating, a basic, and a
cooling REC (from left to right). The basic daily REC B; (kWh/ m?) is part
of the REC that does not depend on temperature. It determines the REC
fully when ngTi(y, d)sTiC. In this study, we focus on the effect of
climate change and the rate of air-conditioning (AC) adoption on the
REC. Factors affecting the basic REC are thus assumed to remain fixed so
that B; does not depend on time. The temperature-sensitive RECs for a
given year are proportional to DD. The coefficients of proportionality
B (y) and g (y) (kWh/ (DD m?)) measure the increase in yearly REC per
DD and unit of area in cell i. Each cell includes residential buildings with
and without electric appliances. Thus, other things remain the same,
lowering the fraction 7! of residential buildings in cell i with electric
heating lowers g!'. To estimate the temperature-sensitive electric con-
sumption restricted to residential buildings with electric heating, A is
developed as the product of #£' with the heating temperature sensitivity
af! (kwh/ (DD m?)) of cell i. Factors affecting the heating temperature
sensitivity (consumer behavior, thermal efficiency of residential build-
ings, etc.) are also assumed to remain fixed so that a}! is independent of
time.

However, the rate of electric heating 7' may vary in time. Yet, the
data used in this study only provides estimates of 4! for the year 2018
(Section 2.2.1). We therefore assume that this rate is fixed to that of
2018, n(y) = #7(2018) := 5", and so p'(y) = !1(2018), for all years
and all cells. This implies that an Ordinary Least-Squares (OLS) regres-
sion with f! as coefficient and HDD;(y) as input is equivalent to an OLS
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regression with al! as coefficient and s2'HDD; (y) as input. Similarly, 7 is
developed as the product of the fraction #*° of residential buildings in
cell i equipped with AC with the cooling temperature sensitivity aF
(kWh/ (DD m?) of cell i. Note, however, that while all residential
buildings include some form of heating so that 5! reflects the choice of
heating system, all AC systems are electric, and #¢ gives the adoption
rate of AC equipment. Regarding #\C, as presented in the previous sec-
tion, the AC adoption rate has increased during the past several years
and hence depends on the year during the training (Section 2.2.4). For
future projection, both af and #A¢ vary with the choice of AC use sce-
nario, but they are assumed constant during a given period (Section
2.3.2).

In summary, all the parameters with their physical meanings are
given in Table 1. For all pairs (i,y) of cells i and years y, the model inputs
are.

e 17(y)HDD;(y) and
o 7{*°(y)CDDy(y),

where HDD;(y) and CDD;(y) depend on the daily-mean temperatures
Ti(y,d) for all days d in y. The model coefficients are the temperature
sensitivities a!! and af and the hyperparameters are T and T¢. The total
number of cells is assumed to remain fixed. In the following sections, we
present how this model is trained and applied to climate and AC pro-
jections to project the REC.

2.2. Training the temperature sensitivity model for the French REC

To apply the temperature sensitivity model to the case of France at
the finest spatial scales, one needs (i) pairs of input and target historical
data to train and validate the model and (ii) input data from 21% century
temperature projections on which to apply the trained model to project
the REC. We present the training and validation data set in this sub-
section while the presentation of the 21 century temperature pro-
jections is left for Section 2.3.

We thus need data for the inputs of the model: the yearly DD,
electric-heating rates, and AC adoption rates. The former is computed
from daily surface air temperatures and heating and cooling setpoints.
The target E;(y) is computed from the cell’s REC and living surface.
Several of these variables used to compute both the inputs and the tar-
gets are taken from a dataset provided by the French distribution system
operator, Enedis. We first present this dataset and then describe how it is
crossed with additional data sources to produce the input and the target
training data. The longest training period that the following datasets
permit ranges from 2011 to 2018 (included), which is the training
period we use.

2.2.1. Energy and building characteristics per cell
The Enedis dataset is accessed via their website (Enedis, 2020) and
includes the following variables that are relevant to this study:

e longitude and latitude coordinates of the cell centroids used to assign
meteorological stations to cells in Section 2.2.2;

e yearly REC data per cell from 2011 to 2018 (included) used as the

target in Section 2.2.5;

electric-heating rates 7' for 2018;

fraction of cell buildings with surfaces in different intervals used to

compute the target in Section 2.2.5;

Enedis estimates of ! using a linear model based on DD akin to the

model (2) (see below);

e yearly HDDs used in this Enedis model since 2018, but only at the
department level, thus not satisfying our needs;

e heating setpoints used to estimate the HDDs used here as described
Section 2.2.3;
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Table 2
Heating setpoints T for all regions of metropolitan France computed
according to Section 2.2.3.

Region name T [°C]

Auvergne-Rhone-Alpes 16.0

Bourgogne-Franche-Comté 16.3

Brittany 14.8

Centre-Val-Loire 15.0

Grand-Est 16.6

Hauts-de-France 16.0

Ile-de-France 15.8

Normandie 15.0

Nouvelle-Aquiaine 15.3

Occitanie 16.4

Provance-Alpes-Cote d’Azur (PACA) 17.4

Pays-de-la-Loire 15.0

Table 3
AC adoption rates (%) for 2011 and 2018.

Region name nsin 15518
Auvergne-Rhone-Alpes 4.3 17.4
Bourgogne-Franche-Comté 3.4 139
Brittany 2.5 10.5
Centre-Val-Loire 4.0 16.5
Grand-Est 3.4 13.9
Hauts-de-France 2.5 10.5
Ile-de-France 4.5 18.3
Normandie 2.7 11.3
Nouvelle-Aquiaine 4.3 17.4
Occitanie 5.6 22.6
PACA 10.5 41.7
Pays-de-la-Loire 2.9 12.2

The Enedis estimates of ! rely on consumption data at higher
temporal resolutions (semi-annual, monthly, or daily) than the publicly
available data. They thus can fit their temperature sensitivity model at
the highest temporal resolution and average over each cell the estimated
pM for the different delivery points in the cell. However, the ! of a cell is
provided only if the estimate is considered sufficiently precise, i.e. if a
minimum of 500 delivery points is available in the cell. As a result,
around 50% of the cells are missing, whereas the model (2) can be
applied to the annual consumption data to provide estimates of the
temperature sensitivities for all cells in France.

2.2.2. Surface temperatures for training

To train the model (2), we use E-OBS version 20.0 (ECA&D, 2020) of
the European Climate Assessment & Data (Klok and Klein Tank, 2009;
Cornes et al., 2018) (ECA&D for continental gridded surface air tem-
perature (Haylock et al., 2008). This gridded dataset is available at daily
timesteps and a spatial resolution of 0.1 ° over Europe and the Medi-
terranean and spans from 1950 to the present. Among the available daily
statistics, only the daily mean is retained here. Data observations are
aggregated from several weather stations and gridded using an inter-
polation procedure combining spline interpolation and kriging. This
dataset is a reference dataset for regional climate studies [e.g. (Haylock
and Goodess, 2004; Santos et al., 2007; Stefanon et al., 2012; Raymond
et al.,, 2016; Raymond et al., 2018)] and the evaluation of regional
climate models [e.g. (Frei et al., 2003; Raisanen et al., 2004; Kjellstrom
et al., 2010; Flaounas et al., 2013; Stéfanon et al., 2014; Ayar et al.,
2016; Drobinski et al., 2018; Raymond et al., 2018)]. E-OBS includes
some errors and uncertainties (changes in station locations or can induce
those interpolation uncertainties, for example). Flaounas et al. (2013)
assessed the E-OBS gridded dataset with temperatures displaying rela-
tively small biases.

The temperature sensitivity model (2) requires temperatures for each
cell to compute the HDD and CDD, but the cells (i.e. the IRIS in the case
of France) do not correspond to the E-OBS grid points. We thus need to
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adjust E-OBS gridded temperatures to the cells over the French domain.
This is done here using a nearest-neighbor interpolation using the
Euclidean distance between temperature grid points and the cell cen-
troids from Enedis (Section 2.2.1) in a plate carrée projected coordinate
system. In order to match the target REC data from Enedis (Section
2.2.1), only the E-OBS data is kept from 2011 to 2018 (included) is kept
as training input.

2.2.3. Heating and cooling setpoints estimates

A couple of temperature setpoints TIH and TlC are required for each
cell i in order to compute the HDDs and the CDDs in the temperature
sensitivity model (2). The estimation of the temperature setpoints is
based on those available in the Enedis dataset (Section 2.2.1) and which
Enedis uses to compute the HDDs in their own temperature sensitivity
model. In our case, the model is simplified by identifying T} for each cell
i in the given administrative region r of France with the average T of all
the values of T provided by Enedis for locations in r. The heating set-
point is thus constant over each region, i.e. T# = TH for all cells i in ,
where r runs over all the administrative regions of France. The resulting
TH estimates are shown in Table 2.

On the other hand, no cooling setpoints are provided by Enedis.
Instead, we fix T¢ for all the cells in France to the value of 21 °C used by
EUROSTAT (YYYY) and International Energy Agency (2020).

Another approach to choose TiH and Tf could be to assume that these
temperature setpoints are constant inside each region and to fit them as
hyperparameters via a grid search. Doing so, it is found that the pre-
diction error estimated via cross-validation is only marginally improved
and that the main conclusions of this study remain unchanged (not
shown here). Considering the higher complexity of this approach, the
methodology presented in the previous paragraphs of this subsection is
preferred here.

2.2.4. AC adoption rates for training

In addition to surface temperatures, the model (2) requires as input
AC adoption rates nA° for each cell in France. However, this information
is not available at such a small geographical scale. Based on the evolu-
tion of the national AC adoption rate (ADEME, CODA STRATEGIES,
2021) and the regional distribution data in 2019 (Daguenet et al., 2021),
we estimated the regional AC adoption rates at the regional level be-
tween 2011 and 2020 and assumed that all cells inside one adminis-
tration region share the same adoption rate, i.e. 7 ¢(y)=n~C(y). This
progression in AC adoption rate during the training period is assumed to
be geometric. We calculated the average ratio between different years,
which indicates a growth of 20% between two consecutive years. This
AC adoption rate progression ratio is assumed constant during training,
e y+1)

n(y)

average is then compared to the reference used in ADEME, CODA
STRATEGIES (2021) and is consistent for 2016-2020. The estimated
rate for the years 2011 and 2018 are shown in Table 3 with in between a
geometric evolution. More details about the initial data used for the
estimation can be found in Section C. Errors due to this factor are not
studied but should be kept in mind as a limit due to the accessibility of
data.

ie.

=constant = 120%. The population-weighted national

2.2.5. Living area to standardize REC

The model (2) is trained using as targets the yearly REC data from the
Enedis dataset (Section 2.2.1). See in Section A for the details of the REC
dataset. However, we are interested in the consumption per unit of area.
Moreover, the number of buildings per cell — also provided by Enedis —
varies from one year to the next. We thus need to normalize the REC of
each cell by the corresponding total living surface. Unfortunately, Ene-
dis does not provide the total living surface but the fraction ¥ of
buildings in cell i for which the living surface belongs to an interval I in
{(0,30), (30, 40), (40, 60), (60, 80), (80,100), (100, +0)} (m?). Owing
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Fig. 3. Top: Estimates of o (left) and o¢ (middle) obtained by training the model (2) on the observational data (Section 2.2). Projections of a° (right) by gradual
spreading (Section 2.3.2). Bottom: Corresponding values of " (left) and f (middle), and projections of C (right) for the AC2018 scenario (Section 2.3.2).

to the data constraints, we cannot get more specific information at the
building level and can only present the distribution of intervals at the
IRIS level. Thus, for each interval, we approximate the living surface of
buildings with a surface in Iy by the center Cy (mz) of the interval, except
for the first and last intervals. We take the end value of 30 m? for the first
interval rather than the median value due to the legal limitations on
small living surfaces. For the last interval, we take the finite end of the
interval 100 m?, primarily because we lack further information on the
distribution within the interval and also to counterbalance any potential
overestimation for the first interval. It’s important to note that these
assumptions were made out of necessity due to the data limitations, and
the accuracy of these estimates could potentially be improved with data
availability at the building level. Then, the average living surface is
estimated from the ¥ provided by Enedis with the following formula:

5=y da <m2>. ®)
k

2.2.6. Trained temperature sensitivities

As an intermediate methodological result, the maps of the estimated
o™ and o€ and corresponding S and € for cells with statistically sig-
nificant coefficients at the 5% significance level (60% of all cells) are
shown in the left and middle panels of Fig. 3. The OLS regression was
used with a constraint on coefficients to be positive. Regression methods
with regularization (Lasso and Ridge) were also tested, but this led to an
increase in the test R? score of less than 10% (not shown here), so the
OLS was preferred to limit the number of parameters of the model. All
the test scores are estimated using k-fold cross-validation with one fold

per year of data (8 folds in total). The test R? score averaged over all cells
is about 0.68 with a 25% quartile of 0.56 and a 75% quartile of 0.79.
More details about the test R? score are given in Section B as well as the
validation of the model with comparison to Enedis datasets in Section A.

2.3. Projection data and scenarios definitions

As mentioned in Section 2.1, the basic consumption, represented by
B in (2), is assumed to be stationary all the time. As far as the heating
REC is concerned, we assume that o', T# and 5" are also stationary so
that only the HDDs change in response to temperature changes.
Regarding the cooling REC, we follow a similar approach as for the
heating REC, but #2¢ and o also change in some AC scenarios (T€ is
always stationary). We thus need to associate each cell with a temper-
ature projection for a given climate change pathway, as well as with
projections of € and of a°.

2.3.1. Temperature projection data under a climate change pathway

In this study, the most severe climate change pathway, the Repre-
sentative Concentration Pathways (RCP) 8.5, is selected. The corre-
sponding bias-corrected daily-mean temperature change is obtained
from multiple regional climate models from the CORDEX program. In
this study, these projections are completed with the corresponding his-
torical experiments that serve as a reference to measure the effect of
climate change. Due to modeling uncertainty, the projected statistics of
the atmosphere may vary significantly with the choice of Regional
Climate Model (RCM) and of driving Global Climate Model (GCM).
Hence, multi-model ensembles are commonly used in climate studies to
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Table 4
Institute, GCM name and RCP name for the 5 climate change simulations used in
this study.

No. Institute Driving GCM model RCM model
1 CNRM CERFACS-CM5 ARPEGES1
2 CNRM CERFACS-CM5 RCA4

3 IPSL CM5A-MR RCA4

4 IPSL CM5A-MR WRF331F

5 ICHEC EC-EARTH RACMO22E

provide a partial estimation of the modeling error. This is why the five
model combinations listed in Table 4 are used in this study. These
simulations are accessed via the Copernicus Climate Change Service
database ( https://climate.copernicus.eu/).

To associate a cell to a climate-model simulation, the same meth-
odology as for the temperature observations used for training is followed
(Section 2.2.2). Three climate-simulation periods of 30 years are
considered, which are distinct from the training period defined in Sec-
tion 2.2: a historical period from 1975 to 2005 (excluded) — used as
reference — and two projection periods, one from 2025 to 2055 and one
from 2070 to 2100. Results associated with the latter are respectively
referred to as CC2040 and CC2085 (based on the central year of the
period).

As intermediate methodological results, mean historical HDD and
CDDs, as well as the corresponding projected changes, are represented in
Fig. 4. One can see that the temperature increase projected over France
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leads to a general decrease in the HDDs (top panels) and to a general
increase in the CDDs. These changes are however not homogeneous
since the decrease in the HDDs is strongest in the southern and eastern
parts of France, while the increase in the CDDs is largest in the southern
part of France.

2.3.2. AC use scenarios

In the present framework, two factors are sensitive to the evolution
of AC use during the 21st century: the AC adoption rate 7, and the
switch of a cell from an af of zero to a positive af, for each cell i. While
the former reflects the evolution of AC use within a cell, the latter cor-
responds to a conversion of a cell from having no AC user at all to having
some AC users. Here, we do not attempt to make plausible projections of
these factors based on current signals. Instead, as summarized in Table 5

Table 5

Definition of the four AC scenarios in terms of AC adoption rate and a° spreading
strategy. XXXX is either 2040 or 2085, corresponding to the central year of the
climate change projection window considered.

Name Definition

e Gradual Spreading of a©
CCXXXX-AC18-NOGS Same as in 2018 No
CCXXXX-AC18-GS Same as in 2018 Yes
CCXXXX-ACall-NOGS 100% No
CCXXXX-ACall-GS 100% Yes

~
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(a) HDD, historical mean.

A HDD
(b) HDD, CC2040 mean difference.

A HDD
(c) HDD, CC2085 mean difference.
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(d) CDD, historical mean.

A CDD

(e) CDD, CC2040 mean difference.

A CDD
(f) CDD, CC2085 mean difference.

Fig. 4. Mean over 1975-2005, mean change over 2025-2055 wrt. 1975-2005 (CC2040), and mean change over 2070-2100 wrt. 1975-2005 (CC2085) for the HDDs
(top) and CDDs (bottom) computed according to Eq. 1. The temperature data for 1975-2005 is from the historical CORDEX simulations, while that for 2025-2055
and 2070-2100 is from the RCP8.5 CORDEX simulations. The results are spatially averaged over the departments and averaged over the climate-model simulations
listed in Table 4. Warm colors represent situations associated with warm temperatures (i.e. to a decrease in heating REC and to an increase in cooling REC).
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Fig. 5. Relative change (%) in REC wrt. to the historical period (1975-2005) for CC2040 (top) and CC2085 (bottom) and for different AC scenarios: AC18-NOGS (left
column), ACall-NOGS (second column), AC18-GS (third column) and ACall-GS (right column).

and explained below, two extreme cases are considered for both factors
and indifferently for the 2025-2055 and the 2070-2100 periods.

Regarding 7A€, the minimal scenario is that 7 remains fixed to its
2018 cell values (Section 2.2.4), corresponding to a situation in which
AC installation no longer progresses. The maximal scenario is that ¢
has reached 100% in every cell before the beginning of the projection
period and remains fixed over the period, corresponding to a situation in
which all households are equipped with AC (regardless of the
technology).

Regarding o€, the minimal scenario is that cells with no cooling
temperature sensitivity remain so. The maximal scenario is that all cells
become cooling-sensitive. In this case, further assumptions are needed to
determine a® for these cells that were not cooling-sensitive historically.
Here, we assume that o for these cells is the result of interpolation from
the o values of the surrounding cells with a positive a®. A nearest-
neighbor interpolation is performed for a given number of neighbors
and for the Euclidean distance in the plate carrée projection. The
number of neighbors is optimized based on the methodology described
in Section D, giving an optimal number of 25 cells. We refer to this
scenario as the gradual spreading of a® and the resulting a° estimates
are shown in Fig. 3c. The gradual spreading scenario mimics a "do like
my neighbor” behavior.

2.4. Quantifying the uncertainty in the projected REC change

For a given cell i, a model m (Table 4 and a scenario s (Table 5), we
define the absolute change in REC, AEZ” * as the difference (A) at i be-
tween the REC averaged (*) over the CORDEX historical period and the
REC averaged over one of the two CORDEX projection periods, esti-
mated with the model m simulations for the scenario s. In addition, the
relative REC change is defined as the absolute REC change divided by
the REC averaged over the CORDEX historical period. Given the sta-
tionarity assumptions (Section 2.3), the absolute REC change is given by
A" = 'y AADD," | + A[ () TOD," . @

i

In the AC18-NOGS scenario, a© and 7A€ are also stationary, so that

AE,;n.s _ aan,E'A[ﬁlm‘] + (aicn;\C)ACIS—NOGS S

A[CDD; "], (5)
in this case.
The corresponding multi-model average is

- 1 & s
<AE§> ::M;AE,. . (6)

An essential part of this study is quantifying the uncertainty of our

estimates of temperature-sensitive REC change (AE’; ). From (6), we can
see that errors may come from.

o the temperature sensitivity model design,

o the stationarity assumptions on the model coefficients and on electric
appliances adoption rate ' and 7/ during scenarios studies,

the regression of the coefficients from a particular training dataset,
the historical estimates of 7! and ¢,

the climate models (Jacob et al., 2014; Ruti et al., 2016),

the choice of climate change pathway and AC use scenario.

Here, only the worst-case climate change pathway is considered (i.e.
RCP8.5, Section 2.3.1), so that uncertainty in the climate-model
pathway is not assessed. On the other hand, a partial estimate of
climate-model errors is provided in the results Section 3 from the vari-
ations of the projected REC change with the choice of the climate model.
To estimate the sensitivity of temperature-sensitive REC change to AC
adoption rate projections, extreme scenarios are considered (Section
2.3), while measurements of the electric-heating rate are assumed to be
reliable and representative of other years than the year it is provided for.
The assumption of the stationary temperature sensitivity model co-
efficients restricts the scope of the results of this study. It is not tested in-
depth in this work, but a simple analysis is conducted in Section 3.2 and
further discussed in terms of policy implications in Section 4. Finally, the
errors from the model design and the regression are estimated using
cross-validation (Section 3.4).
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Fig. 7. Same as Fig. 5 but for th.e cooling REC.
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Fig. 6. Boxplots over the cells of the relative change in temperature-sensitive REC corresponding to Fig. 5. The whiskers here show the minimum on the left and the
99% quantile on the right.

Table 6

Decomposition of variability into different geographical scales for different
studied variables in terms of proportion (%).

Variable y; @i~ i) 7 (idg — Oi)y) (i) = Oidn)
(i) o* () o*(yi)
sl 75% 13% 12%
af 77% 4% 19%
(AHDD;)¢c2040 24% 20% 56%
(AHIDD;)“c208% 29% 23% 48%
(ACDD; )CCZO“O 13% 15% 72%
(ACDD;) 208 14% 13% 73%
(AF;)AC18-NOGS 82% 7% 11%

3. Results and discussion

We now analyze the projected changes in the REC, first for the sce-
narios where the AC uses remain fixed, then for scenarios with AC uses
changes. The discussion of the uncertainty in the results is left for the
next Section 4, the main conclusions from these results being robust.

3.1. Projected REC change without change in AC use

The projections of temperature-sensitive REC changes for fixed AC
use (AC18-NOGS) are shown in Fig. 5a and Fig. 5e. In general, the REC
decreases between 7% and 16% in all departments for CC2040, down to
20% to 42% for CC2085. Aggregated at the country scale, the REC
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Fig. 8. The global uncertainty of estimation of evolution in temperature-sensitive REC by combining all possible estimated coefficients with the leave-one-out cross-
validation method and the 5 CORDEX simulations, represented by the Relative Standard Deviation (RSD) for the CC2040-AC18-NOGS (left) and the CC2085-AC18-

NOGS (right) scenarios.

Table 7

Average values with uncertainty for all possible combinations, the uncertainty is
converted to the same magnitude by averaging over the number of cells. A t-test
shows that mean values of REC change under all scenarios are significant.

Time  Scenario Mean (GWh/ Std (GWh/cell)
name cell)
Cell Department  Country
2040 CC-AC18- —0.22 0.037 0.029 0.024
NOGS
CC-AC18-GS -0.16 0.053 0.038 0.031
CC-ACall- —0.16 0.066 0.042 0.032
NOGS
CC-ACall-GS 0.08 0.191 0.146 0.125
2085 CC-AC18- —0.53 0.085 0.057 0.047
NOGS
CC-AC18-GS —0.28 0.185 0.150 0.136
CC-ACall- —0.26 0.236 0.159 0.138
NOGS
CC-ACall-GS 1.26 1.019 0.867 0.790
Table 8

Comparison of uncertainty due to model or CORDEX for scenario AC18-NOGS in
the form of standard deviation (GWh/cell).

Time Cell Commune Country
Model CORDEX Model CORDEX Model CORDEX

2040 0.020 0.034 0.012 0.029 0.010 0.022

2085 0.056 0.066 0.031 0.052 0.026 0.040
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Fig. 10. Total temperature-sensitive REC reference aggregated at the depart-
ment level, estimated with our model using the temperature of 1975-2005 from
CORDEX simulations on all valid cells (60% of the cells).
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Fig. 9. Temperature-sensitive REC per year averaged over departments estimated from (a) the Enedis " estimates for 2018 (for 50% of the cells only, Section 2.2.1),
(b the model (2) applied to the E-OBS temperatures for 2018 and (c) the model (2) applied to the CORDEX historical temperatures over the 1975-2005 period and
averaged over the period and over the climate-model simulations (Section 2.3.1).
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decreases by about 8TWh and 20TWh, respectively. This is consistent
with the results of Damm et al. (2017); Spinoni et al., 2018, but signif-
icant variations are observed between departments.

For this scenario and for a given cell, according to (5), the projected
heating and cooling REC changes are proportional to the HDD and CDD

changes, respectively, represented in Fig. 4. However, the coefficients of

proportionality, af'sf' and (aicr]lf‘c)ACI&NOGS, represented in Fig. 3,

depend on the cell. From this can be deduced that the REC changes for
this scenario are dominated by the large decrease in the HDDs (Fig. 4b
and Fig. 4c) modulated by variations in g with the cells (Fig. 3d). This
effect can for instance be seen in the weaker reduction of the REC in the
North-East and the South-West of France.

In addition, the REC decrease is reduced in the south of France due to
the significant increase in the cooling REC with the increase in the CDDs
(Fig. 4e and Fig. 4f) in conjunction with the positive 5C there (Fig. 3e).
This is more obvious from the plots of the cooling REC for the AC18-
NOGS scenario in Fig. 7a and Fig. 7e. One can see that, according to
this scenario, the cooling REC increases everywhere, but this is partic-
ularly evident along the Atlantic coast and South of 46 °N latitude, be-
tween the Massif Central and the Alps, especially for the CC2085 period.
At these locations, HDDs indeed tend to increase significantly, but the
correlation is not perfect, since, for this scenario, the translation of this
change in a cooling REC change depends on AC being already in use
there (Fig. 3e). A substantial increase in the cooling REC is also observed
in the Northwest part of France for CC2085 (Fig. 7f), even though the
increase in CDDs is relatively weak there (Fig. 4f). This is explained by
the fact that a significant number of cells there have a large ° (Fig. 3e).

The distribution of the temperature-sensitive REC change at the cell
level is shown in Fig. 6 in the form of box plots. The distribution for
scenario CC2040 without AC use changes (AC18-NOGS) is right-skewed,
meaning the temperature-sensitive REC is expected to decrease around
15% in most regions. In the longer term, the disparity between IRIS
increases with decreasing averaged temperature-sensitive REC. Indeed,
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some IRIS may display a positive temperature-sensitive REC change (i.e.
an increase in temperature-sensitive REC) over 3% of the French terri-
tory in the near future and up to 7% by the end of the 21 century.

3.2. Projected REC change with change in AC use

The projections of temperature-sensitive REC change with different
AC scenarios are shown in 5b-5d and 5f-5h. Contrary to the results
including temperature change only, some regions display an increase of
temperature-sensitive REC whose pace and spatial extent depend on the
AC scenario.

Results also show that the different factors have diverse effects. In
the case where the AC rate is changed without spreading geographically,
the temperature-sensitive REC is expected to increase in the South-West
of France and in the South along the Mediterranean Sea (Fig. 5b and
Fig. 5f). Indeed, in this region, a! is relatively low with respect to other
regions, and AC systems are already deployed so that o is different from
zero. But o€ in these regions has a relatively low value, so if the tem-
perature change is only accounted for, increased CDD makes the decline
in temperature-sensitive REC less rapid. However, in the considered
scenario, the change in AC rate directly multiplies the current cooling
demand by four to five times. The electricity savings from heating in the
South-West are thus expected to be fully offset by cooling in the near
future (Fig. 7b). In the far future, this trend should be exacerbated in the
South-West and in the South and spread significantly along the Atlantic
coast and South of 46 °N (Fig. 7f). As there is no spatial spreading of AC
usage, the geographical patterns of temperature-sensitive REC change
are similar between Fig. 7a and Fig. 7e, and Fig. 7b and Fig. 7f.

With regards to the AC rate scenario, the gradual spreading of the
present AC rate lowers the change of REC for cooling needs, but REC for
cooling needs becoming positive spreads geographically (Fig. 5c and
Fig. 5g). Gradual spreading does not change the values instantly in re-
gions where most IRIS cells are already given with non-null estimation
for a©. However, it helps to smooth the map of coefficients as shown in
Fig. 3b and Fig. 3c. Based on observational data, many cells in Ile-de-
France, Auvergne-Rhone-Alpes, and along the Atlantic coast have been
given null estimates for a. However, some nearby cells still received
significant values for a® with high regression scores. Assigned with
proximity averages, these areas mixed with sporadic large values are
most affected. Fig. 6 shows that a 100% AC rate in already equipped cells
(ACall-NOGS) modifies the shape of the distribution, with an increased
number of cells with positive evolution. More positive values correspond
to the cells currently equipped with AC at which the AC rate is increased
from its current value to 100% and where the change of REC for cooling
needs exceeds that for heating needs. No change is expected for the cells
currently without AC hence the minimal, the first quartile even the
median values remain the same as for AC18-NOGS. In the gradual
spreading scenario (AC18-GS), the shape of the distribution displays an
even larger positive skewness than in the 100% AC rate scenario. Less
negative values correspond to the larger number of cells equipped with
AC and bring an increase to all cells.

In a scenario combining gradual spreading and 100% AC rate, almost
half of the territory, except the North of France, sees the REC increasing
in the near-term future, amounting to a global change of +2%. At the
end of the 21% century, this fraction of positive trend increases up to
90%, leading to a global change of +32%.

The results of these scenarios motivate actions allowing at least to
prevent AC from inducing an increase in cooling REC. A simple
approach, applicable to the whole country, consists at least in the region
of South of France with the greatest AC impact to modify in the future
climate scenarios only the cooling setpoint in such a way as to maintain
the cooling REC unchanged with respect to the present situation. Such
an approach leads to the most constraining action as it sets for the whole
country the highest cooling setpoint, but it ensures at least unchanged
cooling REC in the South of France and in most regions of France a
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negative cooling REC trend. The cooling setpoint preventing any cooling
REC increase over the whole country varies with the time horizon,
which is about 23-24 °C by 2040 and 26-27 °C by 2085.

3.3. Spatial heterogeneity

The maps shown in Fig. 3 and Fig. 5 show an apparent geographical
disparity of temperature sensitivities and temperature-sensitive REC
changes. To compare the intra-department variability with the one of
inter-department, each studied variable y; (sensitivity coefficients all,af,

DD evolution (AHDD;), (ACDD;) and the REC evolution (AE;)) can be
decomposed as:

yi= i = 0i)a) + (g = O0,) + (), = Bi)) + Gide )

with (y;), the average value of cells inside a given department, (y;), the
average value of cells inside a given administrative region, and (y;), the
average value of all cells in France. Hence with the above equation, the
variability of all cells can be decomposed into disparities at several
stages:

o’ (v:) = 0> (vi = (i)a) + 0 ((ida = i),) +0° (), = (i) - ®
where 62(y; —(y;)4) represents the variability of cells inside the depart-
ment while 62({y;)y —(yi),) represents the variability of departments
inside a given administration region and ¢%({(y;), —(yi),) the variability
between different administrative regions. Table 6 shows the proportion
of variability at each geographical scale over the whole variability.

The regional variability is more important than the local difference
for the DD changes. However, the variability of temperature sensitivities
between cells within the same department dominates. At the same time,
because of the large spatial variability of g and a® within the admin-
istrative regions, a larger disparity of temperature-sensitive REC
changes is found between cells than between administrative regions. For
both temperature sensitivities, f!! and a® and temperature-sensitive REC
changes, it shows that the variability between the cells is more signifi-
cant than the difference between regions, which justifies our choice of
study at a small geographical scale.

3.4. REC change error estimates

In this study, public data are used to train the temperature sensitivity
model with only eight annual samples applied for the regression.
Compared to models with a larger dataset, our model can be easily
influenced by outliers and may have coefficients over-fitted.

We did not choose regularized regression because the performance
did not improve much, but this method may be more attractive if a more
extensive input is available. Nonetheless, the possibility of applying the
leave-one-out cross-validation over the training gives us eight possible
models and, thus, a range of eight different results of the temperature
sensitivities with uncertainty.

At the same time, CORDEX simulations from different models may
produce different future temperature projections. Combining the five
different simulations and all possible estimated coefficients with the
leave-one-out cross-validation method, the global uncertainty of our
results, quantified by the Relative Standard Deviation (RSD), is shown in
Fig. 8. The relative error is large in the South-West, where o€ > 0, due to
the biased model regressions as the observed temperatures do not
largely and frequently exceed the 21 °C cooling setpoint.

The global uncertainty for all the scenarios is presented in Table 7.
The standard deviation is identified after aggregating REC at different
levels. For the results to have the same order of magnitude and to be
comparable, the REC change is normalized by the average number of
IRIS in the desired geographical scale. The method using a REC linear
model together with the CORDEX simulations derives robust estimates
of future REC with an error of less than 18.4% without assumptions on
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AC uses. The uncertainty of scenario ACall-GS is the largest among all
other scenarios because the results may become less precise with all the
assumptions together. We can see clearly that with spatial aggregation,
the error decreases because there can be compensation between IRIS
within the large scales, and the variation becomes smaller. For the
average values of all possible combinations, a t-test shows that the mean
values of REC change under all scenarios are significant.

The global error of future REC mainly comes from the multi-model
ensemble spread of the projected temperatures and the training bias
and variance of the REC linear model. To find the standard deviation due
to different sources, we use the average values of the cross-validated
coefficients estimated by the model or the average of the five simula-
tions of CORDEX, respectively. The uncertainty due to the simulations of
CORDEX and to the model regression can be found in the following
Table 8. With the previous tables, we can see clearly that the uncertainty
due to the various simulations of CORDEX leads to a more significant
error than the one from the regression. This 10% error due to the model
is reassuring the basis of a temperature sensitivity model: the tempera-
ture sensitivity is quasi-constant under a stable climate. Nevertheless,
this error can still be improved if more annual consumption data are
available or daily consumption data can be accessible.

4. Conclusions and policy implications

A number of key messages can be drawn from the results of this
study. First, REC varies significantly at very fine spatial scales, from the
IRIS size (region of 2,000 inhabitants) to the administrative departments
(96 departments on the European continent and 5 overseas) and regions
(13 on the European continent and 5 overseas). Such variability had
never been quantified and mapped due to a lack of suited methodology
and limited available data at the finest scale (IRIS). Such variability
which is the largest at the finest spatial scale calls for solutions and
policies steered to the local specificities.

With increasing temperatures due to climate change, the heating
needs decrease especially in the North-East which displays a continental
climate with very hot summers and very cold winters (Koppen, 1936)
and thus a strong sensitivity to any heating need reduction. Conversely,
the South and Western regions along the Mediterranean Sea and the
Atlantic Ocean, respectively, display a smaller trend in heating needs as
they display a Mediterranean climate (hot, dry summers and cool, wet
winters) and a maritime climate (cool summers and mild winters)
(Koppen, 1936), respectively with warmer winters with regards to the
North-East of France. At the end of the 21 century, in the worst-case
climate scenario (RCP8.5), the spatial variability of the trend de-
creases as many regions are expected to experience temperatures much
more rarely below their heating setpoint. There is a strong link between
the heating needs and its evolution with that of REC.

However, the evolution of REC is modulated by the evolution of
cooling needs and the deployment of AC systems to meet those needs.
Our worst-case scenarios suppose either a 100% AC adoption rate in the
IRIS already equipped at present, or a gradual spreading of AC systems,
which mimics a "do like my neighbor” behavior. We also consider a
combination of the two. In any scenario, the decrease in REC due to
climate change could be totally offset in the South of France, which
would then display an increase in REC. When the 2 AC scenarios are
combined, an increase in REC could be seen over the whole country.

One key message deals with the overall uncertainty of our modeling
setup. The uncertainty of our REC trends, including climate change
impact and AC system deployment, is dominated by the spread between
the climate simulations of our ensemble. The regression-based REC
model does not add up much to the overall uncertainty. Such a result
was not straightforward as the data available at the IRIS scale was at best
limited in time, at worst available on an annual basis only, and sparse in
some regions. The level of overall uncertainty therefore allows for
drawing some recommendations in terms of practical applications and
energy policies.
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Takeaways for policy implications can be formulated from these
results. In our scenario, AC gradual spreading mimics a ”do like my
neighbor” behavior. Our results show that such behavior has a major
and detrimental impact on REC (more than 100% AC rate scenario).
Such results call for targeted and local information actions where the
risk of spreading is high (i.e. in areas where households are already
equipped with AC systems) to limit the spreading or mitigate its effect
with at least the most energy-efficient AC systems. A more straightfor-
ward result is that the South of France is where the REC trend is expected
to occur first with possible impacts on the energy system. Therefore
there is a need to target actions to prevent any further deployment of AC
systems. Especially, the climate of the South of France is expected to
become similar to the present climate of countries more to the South,
such as Italy or Morocco (Hallegatte et al., 2007). In Morocco, there is no
visible impact on REC of AC use (Bouramdane et al., 2021). In Italy, the
signal on REC of the use of AC is very limited (Tantet et al., 2019) but
locally the evolution of cooling needs can have a significant impact on
REC (De Felice et al., 2013; Scapin et al., 2016). Therefore, analyzing the
socio-economic drivers, and the energy policies of these countries and
drawing inspiration from them to deploy actions adapted to the local
specificities of some French regions should be considered. Our worst-
case results clearly show the detrimental impact of the increase in AC
rate and spreading. Increasing the cooling setpoint T¢ (e.g. recom-
mended temperature of 26 °C by the US Department of Energy) or
maintaining an optimal difference with outdoor air temperature to
about 7-8 °C to maximize the energy efficiency of the AC equipment,
could lower the cooling REC. Based on our model, shifting the cooling
setpoint from 21 °C at present to 23-24 °C by 2040 and 26-27 °C by
2085 would prevent any cooling REC increase in our worst-case sce-
narios. These values are consistent with existing recommendations.
Low-tech alternative solutions also exist which are widely implemented
in subtropical regions, and can be implemented in France to improve the
thermal comfort of buildings and reduce the use of AC equipment and
their impact on the environment, such as the reflective white coating on
the buildings or roofs (Viguié et al., 2020; Rawat et al., 2022).

There are still several limits to this study. The temperature sensitivity
results from a regression between REC and temperature, and the model
implicitly integrates "human behaviors” related to other factors such as
electricity costs and household revenue (Frederiks et al., 2015; Gertler
et al., 1366). However, at this stage, no approach to segment the con-
sumption data along multiple socio-economic dimensions (e.g. price,
revenue) has been successful with the available data (e.g. time sampling
and spatial granularity too coarse and aggregated) which would have
been valuable to reduce global uncertainty. It could have been relevant
to perform a sensitivity analysis on the temperature sensitivity through
7! to account for the further electrification of heating (e.g. fuel oil or gas
to heat pumps) or trough o€ to account for improved efficiency of AC
systems. Regarding o, regions of the North-West along the Atlantic
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coast where the AC rate is on average 14% (versus 22% at the national
level in 2019) can display surprisingly large positive a¢ values. The
causes should be further explored, whether due to statistical processing
or behavioral in origin (e.g. residents may be less adapted to extreme
heat events and more likely to install AC equipment for use during such
extreme events (He et al., 2022)). Finally, the study from Pagliarini et al.
(2019) shows that in a warmer climate, the electricity increases faster
than linearly because of the efficiency drop of air-cooled chillers at high
temperatures. Such a phenomenon should also be considered in the
future.
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Appendix A. Reference REC and verification of climate data on REC

Fig. 9 shows the temperature-sensitive REC aggregating over the 12 administrative regions the values at the IRIS where such estimate by Enedis
exists from Enedis processing (a), by applying the model (2) to temperatures from E-OBS dataset (b) and historical CORDEX simulations (c). Visually,
the three show a very similar pattern. Fig. 9a and Fig. 9b illustrate the quality of the model prediction and quantitatively a R? score of 0.77 is found
between the common cells. Fig. 9c shows how historical climate simulations can satisfactorily reproduce the temperature-sensitive REC for climate
projection studies which rely on the climate projections produced in a consistent way with the historical climate simulations. However, in Section 3,
the temperature-sensitive REC based on the CORDEX regional climate simulations is estimated over a larger number of IRIS than those of the Enedis
subset. At the IRIS kept in the dataset, the estimates of ' and o passed a significance test. The reference REC for the period 1975-2005 used to
calculate the change of temperature-sensitive REC is shown in Fig. 10.

Appendix B. Cross-validation method for trained temperature sensitivities

During the present study, for each cell we have 8 years of annual REC as inputs to train the model described in Equation 2. The Leave-One-Out
cross-validation method has been used to fit the model and to validate the model’s performance. Each time we extract one year out as test and
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train the model with the other 7 years’ data and get the prediction using the one test data. And this procedure repeats 8 times. After that, the 8
predicted values with the test data are compared to their initial values, which gives us a test R? score. Such test is done for all the cells and a sig-
nificance test is also performed to get the valid cells. A comparison of different linear regression models has been made with this test method and the
distribution of related test R? scores are shown in Fig. 11.

Appendix C. AC adoption rate initial data

CODA STRATEGIES uses data from UNICLIMA (the professional union bringing together manufacturers and marketers of AC equipment in France)
to estimate the national AC adoption rate from 2004 until 2020, including all types of AC equipment (mobile, heat pump). The national AC rates
estimated by CODA STRATEGIES are published by ADEME (the French Agency for Ecological Transition) and are consistent with INSEE (for 2017) and
EDF (for 2016 and 2019) data (ADEME, CODA STRATEGIES, 2021). At a finer scale, a study from Ecole des Ponts (Daguenet et al., 2021) calculated the
regional AC adoption rate for 2019 based on data from Likibu (a house rental search engine) for over 800 households. The national population-
weighted AC rate is found to be 22% for 2019, which is consistent with the EDF study and CODA STRATEGIES dataset.

These studies show that the cooling equipment market increase is not constant and has accelerated in recent years (ADEME, CODA STRATEGIES,
2021), resulting in a more geometric overall progression of about 20% per year at the country scale. From these studies, we have regional rates for
2019 only and national rates from 2016 to 2020 from which regional rates from 2011 to 2018 are deduced assuming a spatially homogeneous
progression rate. Once estimated, the national rate ”population-weighted national average” is deduced from the estimate of the regional rate for the
different years and compared to the reference from ADEME (EDF and INSEE). This reconstruction is consistent for 2016-2020.

Appendix D. AC gradual spreading method and optimal number of neighbors

With the historical REC data, around 60% of the cells are estimated with zero current cooling temperature sensitivity (i.e. aic = 0). As described in
Section 2.3.2, so-called Gradual Spreading is our way of estimating future a* based on an interpolation assumption of actual values, especially for cells

without current o. For cells with positive non-null cooling temperature sensitivity, the future cooling temperature sensitivity is assumed to be

consistent with the current value (i.e. (aC)GS

; = af > 0), while for other cells without current o€, a nearest-neighbor interpolation is performed with
the following formula:

For a studied cell i, all the cells with current non-null sensitivity ajc > 0 are ordered by the Euclidean distance with the given cell in the plate carrée
projection, and J is the number of nearest cells taken into account for the calculation of the average.

This assumption has been tested with the group of cells where a® are estimated non-null in the first place. During the test, 60% of these cells are
selected randomly to become zero, conforming to the actual situation, and are given an estimation with the Gradual Spreading method. Then the
estimated values with Gradual Spreading are compared with the model’s initial estimation aC. This process repeats 30 times for each J, and the
average test RZ score as a function of the number of neighbors J is given in Fig. 12. It can be seen clearly that there exists a local similarity: the test R?
score is larger when J € [10,60]. In our study, the optimal value for J is 25. Despite selecting the optimal number of cells per cluster based on evidence
of local similarity through a pre-test, the resulting prediction R? score remains low (below 0.23). This uncertainty in the future assumption of the
coefficient a® remains a limitation of the scenario study with the Gradual Spreading approach.
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