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Graphical Abstract

A scalable activity-based and physics-informed bottom-up model for residential electricity demand using open data

Yoann Chiche, Yassine Abdelouadoud, Anna Cocchi, Robin Girard

OPEN DATA

Building footprint data

Energy Performance Certificates (EPC)

Weather data

Dweller activity calendars

Appliance electricity consumption data

Vacations statistics

Annual electricity consumption at AUSI (district) scale
National and regional electricity load profiles

! !

DISTRICT CLUSTERING 2-STEPS HOURLY LOAD MODEL

Buildings characteristics
Dwelling occupancy patterns
Heating demand

Hot water demand

Cooking demand

Specific demand

Representative set of AUSI districts
for each geographic scale.

v

VALIDATION PROCESS

Comparison between aggregated simulations of representative districts and
measured data at national and regional scales.

|

SCALABLE DEMAND PROFILES

Electricity demand profiles at multiple scales (building, district, regional, national)
with low computational cost and limited deviation from measured data.



Highlights

A scalable activity-based and physics-informed bottom-up model for residential electricity demand using open data

Yoann Chiche, Yassine Abdelouadoud, Anna Cocchi, Robin Girard

e An activity-based, physics-informed bottom-up model
for residential electricity demand is developed.

e The framework relies exclusively on open data for con-
struction, calibration and validation.

e Physics-based appliance models enable explicit represen-
tation of energy transition pathways and climate effects.

o A hierarchical clustering strategy ensures scalability and
preserves spatial heterogeneity.

e The approach reconstructs aggregated load profiles accu-
rately over large geographical areas.
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Abstract

In the context of the ongoing energy transition, accurately modeling the spatial and temporal heterogeneity of residential
electricity load curves has become increasingly critical. Such models are essential for prospective studies ranging from emerg-
ing technology adoption to multi-scale distribution system analyses. This paper introduces an activity-based, physics-informed
bottom-up model of residential electricity demand, developed exclusively from open data for its construction, calibration, and
validation. The activity-based structure enables a realistic representation of occupant behavior, while the physics-based analytical
expressions allow for the explicit modeling of transition pathways as well as the impact of climate change. To ensure scalability
over large geographical domains, a hierarchical clustering methodology is employed to identify a minimal yet representative
subset of districts. This approach enables the reconstruction of aggregated load profiles across extensive regions while preserv-
ing computational efficiency and accuracy. The resulting framework constitutes a scalable, parametrizable and robust tool for
electricity consumption modeling that can be leveraged in a wide range of energy transition prospective studies.

Keywords: Residential electricity demand, Bottom-up modeling, Activity-based modeling, Physics-informed models, Open
data, Load profile reconstruction, Spatial heterogeneity, Energy transition, Climate change impacts, Distribution system
analysis, Hierarchical clustering, Prospective energy modeling

Acronyms

1R1C One Resistance, One Capacitance.
AUSI Aggregated Units for Statistical Information.
BEM Building energy model.

COP Coefficient Of Performance.

DHW Domestic hot water.

DN Distribution network.

DSO Distribution system operator.

EMA Exponential moving average.

EPC Energy Performance Certificate.

MSE Mean Square Error.

NRMSE Normalized Root Mean Square Error.
RMSE Root Mean Square Error.

TSO Transmission system operator.

1. Introduction

1.1. Context

Residential buildings account for 12.5% of global green-
house gas emissions—primarily due to fossil fuel use [1].
Electrifying end-uses is therefore a key strategy for meeting
international CO, reduction targets [2, 3].

The ongoing shift toward electrification [4], notably for
heating (e.g., heat pumps and electric heaters replacing gas
or oil boilers) and mobility (e.g., home charging of electric
vehicles) is profoundly reshaping electricity demand patterns
[5, 6]. This evolution poses new challenges for power systems,
including managing peak demand and maintaining grid sta-
bility. Distribution networks (DNs) are particularly affected,
as their design and sizing must adapt to evolving peak loads,
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increased Joule losses, and more complex voltage control re-
quirements. To address these emerging challenges, Distribu-
tion system operators (DSOs) and Transmission system op-
erators (TSOs) require robust, high-resolution modeling tools
capable of anticipating and managing future demand profiles.

An significant difficulty in modeling DNs and performing
techno-economic evaluations lies in the vast diversity of pos-
sible contexts. Energy consumption is influenced by occu-
pant behavior, socioeconomic conditions, building typologies,
construction periods, energy performance, urban density, and
climatic conditions. In addition, each electrical network ex-
hibits a unique topology, further complicating system model-
ing. Combined, these factors create substantial heterogeneity
across both space and time, making it challenging to develop
generalized models that are accurate at multiple scales.

These considerations highlight the need for flexible and
scalable modeling approaches capable of capturing multi-
scale variability in both electricity consumption and network
characteristics. To be effective, such models must com-
bine physics-based representations—ensuring compatibility
with emerging technologies—with data-driven components
that capture behavioral and contextual diversity. The increas-
ing availability of multi-scale datasets, encompassing both
physical system characteristics and detailed energy consump-
tion records, allows for finer model granularity, improved cal-
ibration, and the filling of data gaps that previously limited the
accuracy of large-scale simulations.

To address these challenges while leveraging open data
sources, this paper proposes a bottom-up Building energy
model (BEM) that is both computationally efficient and be-
haviorally realistic. A subsequent hierarchical clustering pro-
cedure identifies a minimal yet representative subset of build-
ings, enabling the simulation of electricity consumption over
large areas without modeling the entire building stock.



1.2. Literature review

BEM are widely used to analyze energy demand and in-
form energy policy, and are commonly classified as top-down
or bottom-up approaches [7]. Top-down models rely on ag-
gregated economic or statistical data, providing insights into
macro-level trends but lacking the granularity to capture in-
dividual end-uses, building characteristics, or occupant be-
havior [8, 9]. In contrast, bottom-up models reconstruct en-
ergy demand from detailed data on dwellings, appliances, and
user habits, enabling precise representation of specific end-
uses such as space heating or domestic hot water [10]. How-
ever, high-resolution bottom-up models are often constrained
by heavy computational requirements and limited data avail-
ability, which restricts their scalability [11].

To tackle these limitations, many large-scale studies adopt
archetype-based methods, in which representative dwelling
types are predefined to reduce model complexity [12, 13].
While this approach is effective for simulating entire regions
such as the EU-28 [14] or countries like Switzerland [15]
it comes at the cost of reduced spatial and temporal reso-
lution. Moreover, archetype-based models typically rely on
coarse meteorological data, limiting their ability to capture lo-
cal variability and extreme weather events (e.g., heatwaves,
cold spells) that critically influence peak electricity demand
[16].

An alternative bottom-up strategy leverages occupant activ-
ity profiles, linking electricity consumption to detailed time-
use data. By simulating energy use according to specific daily
activities (e.g., cooking, showering, sleeping), these models
provide a more realistic and behaviorally grounded represen-
tation of demand [17, 18, 19, 20]. Such approaches are par-
ticularly suitable for prospective analyses, including the as-
sessment of emerging technologies or demand-side flexibility
policies, but are generally limited to small spatial scales as il-
lustrated by [21] which focuses on 5000 buildings.

Some existing studies leverage large-scale datasets to cap-
ture the heterogeneity and realism of residential electricity
consumption. However, they are often limited in scope, fo-
cusing either on single buildings for energy management [22]
or on district-scale simulations for urban planning [23]. A few
large-scale, high-resolution models based on precise open data
have been developed [24, 25, 26], but they generally provide
only annual consumption estimates. At the national scale, only
a few studies provide high-resolution hourly data. Moreau
[27] relies on a subset of 4000 simulated buildings calibrated
against a subset of 6000 archetypes, which limits its ability to
capture local variability, although it achieves reasonable com-
putational efficiency. In contrast, Thorve et al. [28] reach
similar resolution using a large set of buildings, though at the
cost of substantial computational demand and limited build-
ing information, which restricts scenario exploration. More-
over, their model has not been validated against large-scale
measurement data.

1.3. Contribution of the paper

Addressing the limitations of existing studies, this work
presents a scalable, high-resolution bottom-up BEM for the
residential sector, structured as a two-level modeling architec-
ture: a fast static model—calibrated on annual energy data—to
efficiently explore a wide range of building inputs, followed by
a dynamic hourly model for detailed time-series simulation.

The model combines physics-based and activity-driven
components, enabling realistic representation of occupant

behavior and the simulation of emerging technologies and
prospective scenarios. Built entirely on open data, it provides
a transparent, reproducible approach capable of capturing spa-
tial and temporal heterogeneity in electricity consumption.

A key innovation is the use of hierarchical clustering to
select a minimal yet representative subset of districts, cor-
responding to the Aggregated Units for Statistical Informa-
tion (AUSI) [29], allowing national, regional, and sub-regional
load reconstruction without simulating the full building stock.

By preserving hourly resolution and accounting for climatic
variability, this methodology achieves high computational ef-
ficiency while retaining detailed system dynamics, offering
a significant improvement over conventional archetype- or
regression-based approaches.

The model is calibrated in terms of annual energy at the dis-
trict level and validated at the hourly time step at both national
and regional levels. Although it has not yet been validated
at lower spatial scales due to the lack of available data (e.g.,
medium voltage feeders or individual buildings), the model is
fully operational at these scales.

2. Modeling methodology

The load model diagram is shown in Fig. 1.
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Fig. 1. Load model diagram

2.1. Data

The methodology developed in this paper relies exclu-
sively on open-access datasets, each serving a specific purpose
within the modeling framework. While the datasets listed in
Tab. 1 pertain to the French building stock, the approach is
fully adaptable to other geographical contexts by substituting
equivalent datasets.

2.2. Static model

The first model component is the one developed in [24] and
described in Section 3 of that article. It integrates localized
weather data with building geometry and descriptive infor-
mation to characterize the physical, thermal, and occupant-
related properties needed for the simplified energy models.
These models compute the annual energy consumption for
each end-use and energy carrier at the building level. Detailed
building characteristics, including the type and area of heat ex-
change surfaces, are also recorded to support subsequent sim-
ulations and analyses.



Tab. 1. Open-access datasets used in the modeling framework.

Dataset

Description

Datasets for the static model

BDTOPO [30]

EPC [31]

Dwelling census database [32]

Weather data (ERAS5) [33]

French building footprint database providing location, geometry, height and descriptive characteristics (e.g., construction year,
usage).

Contains detailed energy performance characteristics of dwellings for which an EPC has been established (U-values, heating
system, ventilation rate).

Anonymized dataset at AUSI level describing occupants, construction year class, heating energy type and occupation status.

Localized French weather data (temperature, irradiance, humidity, wind), also used by the dynamic model.

Datasets for the dynamic model

Occupant activity calendars

National vacation survey [35]

Annual activity calendars with a 10-minute time step are generated from the processing of [34]. The raw dataset is available
upon request, while the processing methodology and the resulting data are open-source.

Provides data on the timing and distribution of vacations across the population.

Datasets for calibration and validation

Annual electricity consumption [36]
Panel Elecdom [37]
Hourly national electricity consumption [38]

Hourly regional electricity consumption [39]

Used to calibrate the static model outputs.
Records specific electricity usage across 100 dwellings over one year, used for model parameter calibration.
Used to validate the dynamic model at the national scale.

Used to validate the dynamic model at the regional scale.

To account for uncertainties in the relationships among the
datasets, multiple random realizations of the simulation are
performed, and the most representative one is selected follow-
ing the procedure detailed in Section 4.1. This enables the
determination of building characteristics and occupant pref-
erences most consistent with the available data on intrinsic
building performance, energy consumption, and occupant be-
havior.

2.3. Dynamic model

The dynamic model uses calibrated building- and dwelling-
level results from the static simulation as input parame-
ters—such as thermal envelope properties, temperature set-
points, occupancy levels, and dwelling types—alongside an-
nual energy consumption and thermal gain values. By inte-
grating these properties with physics-based weather modeling
and activity-driven demand modeling, the model temporally
disaggregates annual data into hourly time steps. The result-
ing hourly energy demand profiles are categorized by specific
end uses:

Heating
Domestic hot water (DHW)
Cooking

Other specific electricity uses

The methodology associated with each end-use is detailed
in the following sections.

2.3.1. Occupant activity calendars

The study referenced in [34] collected approximately
27,500 daily activity calendars from a representative sample of
french households (Metropolitan France, La Réunion, Guade-
loupe, and Martinique), with activities recorded at 10-minute
intervals. Hierarchical agglomerative clustering was applied
separately to weekday and weekend datasets using Ward’s
linkage criterion and the Jaccard distance metric. This pro-
cess produced 54 weekday clusters and 52 weekend clusters,
with the optimal number of clusters determined using the el-
bow method [40].

To generate full-year schedules, synthetic individuals were
created based on key socioeconomic attributes, including age,

gender, and employment status. For each individual, annual
activity calendars were constructed by sampling daily calen-
dars from the cluster whose medoid best matched their pro-
file. These calendars provide a continuous representation of
household activity patterns over the year.

The constructed annual activity calendars are then ran-
domly assigned to the simulated housing units, without con-
sidering additional socio-demographic matching. Vacation
days—during which occupants are assumed absent—are in-
corporated based on the national vacation distribution [35].
The number of vacation days is a model parameter that varies
with dwelling type: for main residences, the probability of
a vacation day follows the national distribution, whereas for
second or occasional homes, which primarily serve as vaca-
tion destinations, the probabilities are reversed relative to main
homes. While this random assignment may introduce minor
inaccuracies at the individual dwelling level, its impact on ag-
gregate results at regional or national scales is minimal. Ap-
pendix B illustrates the aggregation effect of the calendars
and demonstrates why the random assignment does not signif-
icantly affect overall results.

Occupancy rates at the dwelling and building levels are de-
rived from activity calendars and used as inputs to the heating
model. The same calendars also drive appliance electricity
consumption and domestic hot-water demand in the dynamic
model, ensuring consistency across building energy simula-
tions.

2.3.2. Heating

The heating model represents the building’s thermal dy-
namics using a simplified One Resistance, One Capacitance
(IR1C) electrical analogue. This approach models the build-
ing envelope’s resistance to heat flow with a thermal resistance
(R [K/W]) and the building’s ability to store thermal energy
with a thermal capacitance (Cy, [Wh/K]). The model assumes
a single thermal zone per building, linear heat transfer, and
uniform internal temperature, neglecting multi-zone stratifica-
tion, thermal bridges, and short-term fluctuations. This model
is illustrated in Fig. 2.
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Fig. 2. Schematic of the building thermal parameters.

Thermal capacitance parameterization. Thermal capac-
itance values are assigned according to the building’s thermal
inertia category, based on the Energy Performance Certificate
(EPC) classification [31]. The values are reported in Tab. 2
and correspond to the thermal storage per unit of floor area.

Tab. 2. Thermal inertia categories and corresponding capacitance per unit
floor area.

Category Light
Value [JK~'m™2] 80,000

Average

165,000

Heavy
260,000

Very heavy
370,000

The distribution of inertia categories across the 20 nation-
ally representative districts, together with a sensitivity analysis
of heating demand under different assumptions, is provided in
Appendix A.

Heating demand calculation. Heating demand corre-
sponds to the energy required to maintain indoor temperature
at the thermostat setpoint (Ts;) when the building’s passive
thermal response is insufficient. Heating power (Phey [W]) is
applied only when the free-floating indoor temperature (Tfree)
is below T. The required power is computed to restore the
temperature to the setpoint within a one-hour timestep:

Cth : (Tset - Tfree)
At

Heating season. For each district, the heating season be-
gins when the average outdoor temperature remains below a
defined threshold for a minimum number of consecutive days,
and ends when it exceeds another threshold for the same du-
ration. Exact thresholds and durations are provided in Section
2.3.6.

Setpoint temperature. The building-level setpoint tem-
perature, T, is calculated as the surface-area-weighted av-
erage of individual dwelling setpoints. It varies dynami-
cally throughout the day according to occupancy patterns and
scheduled temperature setbacks.

Free-floating temperature. The free-floating temperature,
Ttree, captures the passive thermal response of the building due
to inertia. It is computed using an Exponential moving av-
erage (EMA) of the effective external temperature (Tegrective)-
The EMA half-life is derived from the building’s thermal time
constant, T = Ry otal © Cin, Which controls the damping and
delay of indoor temperature changes. Here, Ry, jora1 includes
contributions from walls, roof, floor, ventilation and passive
air losses.

Pheq = max (0, ) Ar=1h (D)

Effective external temperature. The effective external
temperature Tefeciive cOnsolidates multiple thermal influences
into a single equivalent temperature:

Tair - Uair + Tground U, ground
Utotal

Teffective = + P gains * Rth,total 2

where:

o U, (W/K) represents heat transfer through ventilation,
infiltration, and envelope transmission (walls, windows,
roof).

® Ugound (W/K) represents heat transfer through the floor.

o Ul = l/Rth,total = 1/(Rair + Rground) is the bUilding’S
total thermal conductance.

o Pgins (W) represents gains from solar radiation, occu-
pants, and appliances. Annual gains from the static sim-
ulation are distributed over the heating period, with solar
gains allocated by radiation and occupant/appliance gains
scaled by each hour’s fraction of total appliance energy
use.

Overall, this framework provides a physically grounded and
reproducible method for simulating dynamic heating loads
at hourly resolution across large building populations. By
leveraging a fully vectorized implementation, the model also
achieves high computational efficiency, allowing rapid eval-
uation of diverse building types, thermal inertia categories,
and occupancy patterns without the need for iterative time-
step loops.

2.3.3. Domestic hot water

Hourly DHW consumption per dwelling is estimated by
distributing the annual demand throughout the days based
on activity-driven usage patterns. Each dwelling is ran-
domly assigned a consumption profile that specifies produc-
tion hours—when water heating is prioritized—and other
hours. These profiles were developed to match empirical mea-
surements of hot water load profiles [37].

E?;;W [Wh] is the total DHW energy demand for the day,
Hiproq [h] the number of production hours, and Homer [h] the
number of remaining hours in the day. The maximum heat-
ing power of the water heater is denoted as Ppeaer [W] is de-
termined based on the number of occupants, which directly
defines the tank size according to the guidelines provided in
[41].

For each hour 7, the heating power PPHY [W] is determined
as follows:

¢ During production hours (Hoq): the power is the min-
DHW
imum between F;‘*‘yd , the average power needed to fulfill
pro
the daily demand evenly, and Ppeaeer, the maximum heater

capacity.

e During other hours (H,):

— If the total daily energy demand can be fully sup-
plied within the production hours (E(]j)al'yIW < Pheater X

Hiyroq), N0 heating power is allocated (PPHY = 0).
— Otherwise, the remaining energy demand after pro-

duction hours is evenly distributed over the remain-
ing hours, limited by the heater capacity.



e Any remaining energy that cannot be allocated during
production or other hours is considered unmet demand.

The full equation is:

EDHW
day . DHW
r ifre Hpmd and Eday < Pheater X Hpmd
Hprnd
H DHW
_ Pheater ifte Hpmd and Eday > Pheater X Hpmd
Pouw, = . DHW
ift¢ Hpmd and Eday < Pheater X Hprod
DHW
Eday = Phearer X Hprod

T DHW
ift ¢ Hprod and Eday > Pheater X Hprod

3)

Hufher

2.3.4. Cooking

Cooking electricity consumption is distributed according to
the occupant’s cooking activity. However, the energy used
can vary depending on the type of meal, with dinner typically
consuming more energy than breakfast. Moreover, even after
the cooking activity ends, consumption can continue because
some appliances remain on for a while. To model these phe-
nomena, different weights are assigned to morning, midday,
and evening cooking activities. Additionally, a post-cooking
duration is included during which consumption persists, and
this duration also depends on the meal type. These weights
and durations have been calibrated using existing measured
cooking profiles [37], ensuring that the modeled consumption
reflects real-world behavior.

2.3.5. Other electricity needs

Other electricity end-uses, such as dish-washing and tele-
vision, are allocated according to occupant activities. Each
activity is assigned a weight representing its contribution to
total electricity consumption. These weights are determined
through a small optimization problem that assigns a weight
to each activity group—formed based on shared characteris-
tics—so that the aggregated load profile for a group of occu-
pants closely matches the average appliance load profile de-
rived from real-world measurements [37]. They are listed in
Tab. 3.

Tab. 3. Electricity usage weight by activity.

Activity Weight
Hygiene 29
Other at home 4.7
Meal at home 34
Home working 4.7
Cooking 6.5
Dish washing 5.1
Housework 5.1
Clothes washing 5.1
Ironing 5.1
Home DIY 4.7
Gardening 29
Television 6.4
HiFi 32
Video game 6.4
Computer 32
Electronic device 32
Sleep 2.6
Other outside 24
Meal outside 24
At work 24
At school 24
Shopping 2.4
Work journey 24

Other journey 24

2.3.6. Model parameters

The dynamic model relies on several parameters, each of
which requires a default value. In practice, defining a default
value is not straightforward, as some heaters are activated not
based on a specific temperature but on a specific date. Most
default values were either selected based on references or cho-
sen through model testing. Tab. 4 lists all the parameters and
their default values.

A parametric study of both heating thresholds has been con-
ducted in Section 5.2.3 to assess their impact on the results and
to verify the adequacy of the default parameter values.

3. Representative districts selection

For large-scale (national or regional) residential electricity
load modeling, simulating every building is neither necessary
nor computationally efficient. Instead, a representative subset
of districts is selected to capture the diversity of consumption
patterns across the study area .

3.1. Clustering procedure

Hierarchical agglomerative clustering was applied using
Ward’s linkage criterion and the Euclidean distance metric to
group districts based on several key attributes: average annual
electricity and gas consumption from 2020 to 2024, surface
area, number of dwellings, number of buildings heated with
electricity or gas, number of primary residences, proportion of
houses to apartments, average year of construction, and uni-
fied degree hours. This method allows the formation of clus-
ters at multiple levels of granularity, adaptable to different an-
alytical scales. Within each cluster, the most representative
district—defined as the medoid—is then identified.

3.2. Anomaly screening and exclusion

Before the medoid selection, districts with abnormal con-
sumption patterns—such as extreme year-to-year variability,
inconsistent long-term trends, or near-zero average consump-
tion despite the presence of residential buildings—are ex-
cluded. Only districts with valid and consistent data are re-
tained for the selection of representative medoids.

4. Model calibration and validation

4.1. Static model

Using the annual electricity consumption per district [36],
the static model is calibrated and validated in terms of annual
energy at the district level. This is achieved by running mul-
tiple simulation batches that combine different statistical in-
ferences of building characteristics with varying heating set-
points and energy use factors for non-heating end-uses. For
each iteration, the gap between the district-aggregated con-
sumption and the measured value is computed and adjusted
using a corrective factor that penalizes deviations from the na-
tional average heating setpoint of 19°C [44]. The iteration
with the smallest adjusted gap is then selected as the best-
fitting configuration.



Tab. 4. Dynamic model parameters, their description and default values.

Parameter Description Default
Heating threshold Temperature below which heating starts (after Aug) 15,0°C [42]
Heating end threshold Temperature above which heating stops (after Feb) 15,0°C [42]
Heating days Days for rolling average of heating threshold 5 days
Heating end days Days for rolling average of heating end threshold 5 days
Reduction temperature Temp. reduction when occupants are absent or sleeping -3,0°C [43]
Absent temperature Temp. set when dwelling is unoccupied 8,0°C
Sleep reduction share Fraction of dwellings reducing temp during sleep 10%

Not home reduction share  Fraction reducing temp when not home 10%

Both reduction share Fraction reducing temp in both occupancy states 20%

Vacation parameters

DHW modes

Number of vacant days per residence type

Fraction of dwellings and production hours per mode

main: 3, second: 300, occasional: 250

A: 5% (20-23h)

:20% (21-23h)

C:20% (22-1h) D: 10% (23-2h)
E: 10% (0-3h) F: 15% (1-6h)
G: 15% (4-6h / 11-16h)

H: 5% (none)

The equation for the relative gap calculation is defined as:
GAP = GAP raw X Cfactor X (Tref - Tsetpoint)2 (4)
where:

e GAP is the final relative gap value used for calibration.

o GAP,,, is the initial relative gap between simulated and
measured consumption, before penalization.

o Cryor represents the corrective factor applied to adjust
the weight of the penalization; in this study, it was set to
0.02.

e T, references national heating setpoint temperature
(here 19 °C).

o Tepoint TEPresents the estimated average heating setpoint
temperature for the district.

4.2. Dynamic model

For each geographical scale, a set of representative districts
is selected using the clustering approach described in Sec-
tion 3. Each representative district is assigned a scaling factor
corresponding to the total annual consumption of its cluster.
The aggregate load curve is then reconstructed as the weighted
sum of the representative district loads and compared against
measured data at the national [38] or regional [39] levels. This
process is repeated for different numbers of clusters, and the
configurations are evaluated to identify the one that minimizes
the Mean Square Error (MSE) while maintaining reasonable
computational requirements.

In addition, a parametric study (Section 5.2.3) is conducted
to calibrate key model parameters, further improving the over-
all accuracy and robustness of the results.

5. Results

In this section, model performance is assessed using several
statistical indicators, including MSE, Normalized Root Mean
Square Error (NRMSE), and R?. These metrics serve as di-
agnostic tools to highlight areas for improvement rather than
to define strict acceptability criteria. No universal threshold
is specified, as appropriate performance levels depend on the

study objectives, dataset characteristics, and intended applica-
tion. The interpretation of these indicators is therefore left to
the user in accordance with the specific requirements of the
analysis.

5.1. Static model calibration and validation results

Across 200 districts, the model achieves an R2? score of
0.944 in reproducing annual electricity consumption, as shown
in Fig. 3.
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Fig. 3. Linear regression of 200 districts simulations vs measurements (2023)

As shown by Fig. 4, the distributions of the key param-
eters—setpoint temperature and energy use factor—are cen-
tered around 19°C and 1.0, respectively, in agreement with the
expected values for France [44].
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5.2. National scale results

5.2.1. Clustering results

Using the clustering method described in Section 3.1, the
total deviation between modeled and target consumption can
be quantified for each number of clusters. Fig. 5 shows the
results from 50 clustering iterations, with small random per-
turbations applied to the clustering parameters to capture vari-
ability in the outcomes. The average computational time was
95.97 seconds per district on a single-core CPU.
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Fig. 5. Decomposition of errors and computational time as a function of the
total number of clusters

For this paper, a number of clusters ranging from 10 to 200
was identified as providing an optimal balance between model
accuracy and computational efficiency. The analysis therefore
focused on this range, with the MSE further decomposed into
its bias and variance components: the inter-day variance of the
daily mean error, and the mean of the intra-day variance of the
daily error. The MSE is expressed in relative terms (%?2), so
a value of 100% corresponds to an Root Mean Square Error
(RMSE) of 10%. A cluster count of 20 was found to offer the
most favorable trade-off between accuracy and computational
cost.

MSE = Bias® + Variyer + Varinga 3)

Fig. 6 shows the breakdown of the MSE for the number
of clusters ranging from 1 to 500, as well as the computation
time.
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Fig. 6. Error decomposition for various total number of clusters (2023)

5.2.2. Validation results

Figs. 7 to 9 present a comparison between the simulated and
measured hourly profiles for the years 2023, 2022, and 2021,
respectively. The NRMSE, defined as the RMSE divided by
the mean of the measured values, remains below 15%.
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Fig. 7. Model validation for the national scale with 20 districts (2023)
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5.2.3. Parametric calibration

The dynamic model is sensitive to several parameters, such
as the outdoor temperature threshold for heating activation and
deactivation, the proportion of dwellings applying temperature
reductions during different occupancy states, DHW consump-
tion patterns, and others. To further improve the results, a
parametric study was conducted on the temperature threshold
for heating activation and deactivation. Other parameters were
either selected through optimization (Sections 2.3.3 to 2.3.5)
or found to have a low impact on the overall results at the stud-
ied scale. The parametric study was performed over the years
2021 to 2023, for which sufficient data were available, and the
results represent the average values across these years. Fig. 10
presents the results of the parametric study on the heating acti-
vation threshold, while Fig. 11 illustrates those corresponding
to the heating deactivation threshold.
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Fig. 10. National scale parametric study on heating threshold (average from
2021 to 2023)
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Fig. 11. National scale parametric study on heating threshold (average from
2021 to 2023)

With the best-performing parameters, the NRMSE de-
creases by 2.3%, as shown by Fig. 12.
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Fig. 12. Model validation for the national scale with 20 districts with heating
thresholds best parameters (2023)

5.3. Regional scale results

As regions differ in both size and number of districts, se-
lecting a fixed number of districts per region produces highly
variable results. Therefore, at the regional scale, 1% of the to-
tal number of districts in each region was used for validation.
In addition, the nationally optimized parameters identified in
Section 5.2.3 were applied in this analysis.

Regional results exhibit greater variability and higher error
levels than the national-scale analysis. Some discrepancies
indicate that certain parameters, such as heating thresholds,
are intrinsically region-specific and therefore require regional
calibration. Others reveal the influence of currently unmod-
eled phenomena, including seasonal interregional population
movements, which should be incorporated to improve model
performance.

5.3.1. Validation results

Some regions, such as Ile-de-France in Fig. 13, exhibit
unrealistically high modeled electricity consumption during
summer, which should normally be lower. This discrepancy is
likely due to vacation parameters that underestimate the num-
ber of days households spend away from their dwellings.
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Fig. 13. Model validation for the regional scale (region Ile-de-France) with 1
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In some regions, such as Bourgogne-France-Comté in
Fig. 14, the model struggles to accurately reproduce the heat-
ing season when applying parameters calibrated at the national
scale
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Fig. 14. Model validation for the regional scale (region Bourgogne-Franche-
Comté) with 1 % of the district (2023)

3500 Simulated consumption |
—— Measured consumption
NRMSE: 21.7%

3000

2500

Power [MW]
N
o
o
o

1500

1000

500

Jan Feb Mar Apr May Jun Jul
Month

Aug Sep Oct Nov Dec Jan

Fig. 15. Model validation for the regional scale (region Provence-Alpes-Cote-
d’Azur) with 1 % of the district (2023)

Some southern regions of France, which experience higher
average summer temperatures, such as PACA in Fig. 15,
show a marked increase in electricity consumption during the

warmer months, accompanied by a higher NRMSE. This in-
dicates that cooling demand—currently not included in the
model—plays a significant role. Additionally, seasonal popu-
lation variations, such as increased occupancy during summer
vacations, may contribute to these patterns, suggesting that va-
cation probabilities differ across regions.

The MSE and NRMSE for each region (excluding Corsica
and non-continental France due to insufficient data) are shown
in Fig. 16 and Tab. 5 respectively.

The MSE decomposition is presented alongside total re-
gional consumption. Total consumption does not appear to
drive increases in relative MSE (%?2). Regions such as PACA,
Occitanie and Auvergne-Rhone-Alpes exhibit higher relative
MSE, which is likely due to vacation parameters and the ab-
sence of cooling demand in the model—a feature that should
be incorporated in future work.

Tab. 5. NRMSE by region (%).

Region NRMSE (%)
National 12,4
{le-de-France 14,3
Centre-Val de Loire 14,3
Bourgogne-Franche-Comté 13,4
Normandie 14,7
Hauts-de-France 14,1
Grand Est 12,4
Pays de la Loire 15,4
Bretagne 16,5
Nouvelle-Aquitaine 14,8
Occitanie 22,8
Auvergne-Rhone-Alpes 18,4
Provence-Alpes-Cote d’ Azur (PACA) 21,7
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6. Discussion

This section interprets the principal findings, situating the
model within the existing landscape of residential energy mod-
eling and elaborating on the implications of its architecture
and performance.

6.1. Implications of the scalable clustering methodology

A primary challenge in bottom-up energy modeling is re-
solving the inherent tension between computational tractabil-
ity and the granular representation of heterogeneous build-
ing stocks. The results presented demonstrate that our hy-
brid, scalable framework provides an effective resolution to
this challenge. The core finding is that the hierarchical clus-
tering approach (Section 3.1) successfully identifies a minimal
yet representative subset of districts (medoids).

The validation results—achieving a national NRMSE of
12.4% with 20 representative districts —empirically support
the hypothesis that the vast heterogeneity of the national stock
can be effectively compressed into data-derived district sub-
sets.

For system operators (TSOs and DSOs), this methodology
quantifies the trade-off between accuracy and computational
cost (Fig. 6). This efficiency, with simulations running in un-
der two minutes on 20 cores, is not merely a technical gain; it
facilitates the high-velocity, iterative simulations required for
robust prospective scenario analysis (e.g., assessing electrifi-
cation pathways or climate change impacts).

6.2. Model error as a diagnostic for unmodeled dynamics

The model’s performance, particularly its regional discrep-
ancies, serves as a powerful diagnostic tool. While the
national-scale aggregation is robust, the meso-scale analysis
reveals a clear geographical structuration of the model er-
ror. Specifically, the significantly higher NRMSE in south-
ern regions —such as Provence-Alpes-Cote-d’ Azur (21.7%)
and Occitanie (22.8%)— is highly instructive. This degrada-
tion in performance provides quantitative, empirical validation
that cooling demand, a currently unmodeled end-use, is a non-
negligible and regionally dominant load driver. This omission
is the primary source of variance in these regions and consti-
tutes a clear directive for future model enhancement.

Additionally, the systematic overestimation of summer con-
sumption in regions such as fle-de-France, coupled with un-
derestimation in southern regions, reflects population mobility
effects. The current vacation modeling assumes uniform prob-
abilities across France and does not consider socio-economic
factors, which likely influence regional occupancy patterns.
These limitations should be addressed in future work to im-
prove regional accuracy, including more realistic modeling
of seasonal population shifts and socio-economic heterogene-
ity, potentially informed by available data on non-residential
tourism patterns.

6.3. The architectural implications of a hybrid framework

The architectural decision to develop a hybrid, physics-
informed and activity-based framework, built exclusively on
open-data sources, carries significant implications beyond im-
mediate accuracy.

e Prospective capabilities: The model transcends descrip-
tive simulation. By anchoring demand to physical (e.g.,
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1R1C parameters) and behavioral (e.g., DHW produc-
tion schedules) drivers, it allows for ex-ante assessment
of scenarios that lack historical precedent. These include
technological shifts (e.g., building envelop renovation al-
tering R;) or demand-side flexibility policies (e.g., mod-
ifying activity-driven appliance use). Appendix C illus-
trates this capability through a case study analyzing load
variations under energy system retrofit scenarios.

e Modular extensibility: The framework’s current sim-
plifications, such as the 1R1C thermal analogue or the
static heat pump Coefficient Of Performance (COP), are
not systemic weaknesses but modular components. They
can be replaced by higher-fidelity modules (e.g., multi-
capacitance models, temperature-dependent COPs) to in-
crementally enhance physical realism and reduce model
variance. In this context, a cooling module could be read-
ily integrated in future developments, leveraging cooling
system data from the French EPC dataset and adopting
an approach consistent with the heating model based on
degree-hours and equivalent resistance—capacitance rep-
resentation.

e Behavioral fidelity: The activity-based stochastic com-
ponent provides a robust, behaviorally-grounded foun-
dation for demand. While the current implementation
randomizes schedule assignment without explicit socio-
economic dependence, the framework is designed to in-
corporate such linkages, improving the representation of
occupant-driven consumption diversity.

6.4. Validation scale and the path to local application

The validation strategy confirms the model’s robustness at
the macro (national) and meso (regional) scales, establishing
its utility for strategic, system-level analysis. However, a key
objective for DSOs is performance at the micro-scale (district
or building), which has not yet been validated for hourly dy-
namics, due to the lack of corresponding data. Consequently,
the next key step is to progress from aggregated validation to-
ward a disaggregated assessment. This improvement will be-
come possible once medium-voltage feeder load curves are re-
leased as open data, which is anticipated within the next few
years.

7. Conclusion

This article presents a scalable, hourly-resolution residen-
tial electricity load model that is both physics- and activity-
based, and built entirely from open data. Coupled with a hi-
erarchical clustering approach, the model enables precise sim-
ulation of national and regional load profiles using a limited
set of building groups, called districts, while maintaining low
computational times (under 2 minutes using 20 CPU cores in
parallel).

Applied to continental France, the model achieves a na-
tional NRMSE of 12.4%, and regional NRMSEs ranging from
13.4% to 22.8%. Decomposition of the MSE shows that most
of the error arises from variance rather than bias. A paramet-
ric study conducted on only two key parameters reduced the
NRMSE by 2.3%, suggesting that an extended study across all
model parameters could further improve accuracy.

Future developments should focus on refining both ther-
mal and behavioral representations, extending calibration to



additional parameters and regions, and integrating emerging
end-uses such as electric vehicles, air conditioning, and re-
versible heat pumps. Strengthening the coupling between
physical, behavioral, and socio-economic layers would en-
hance the model’s representativeness and enable more robust
scenario analyses under evolving climatic, technological, and
behavioral conditions.

Overall, this framework provides a flexible and computa-
tionally efficient tool for extensive studies of residential elec-
tricity demand under various technology adoption and behav-
ioral scenarios, without requiring prohibitive computational
resources.

8. Code availability

The entirety of the computational tools and source code de-
veloped for this paper is made publicly available under the
MIT License to ensure transparency and reproducibility of the
results.

e Static Model (developed in [24]):
energytransition/buildingmodel [45]

https://gitlab.com/

e Dynamic Model: https://git.persee.minesparis.psl.eu/
planeterr/building_eload [46]

Appendix A. Inertia class

Appendix A.l. Inertia class distribution

The distribution of building inertia classes across the 20 na-
tionally representative districts is summarized in Tab. A.6.

Tab. A.6. Distribution of inertia classes

Inertia Class Count Percentage (%)
Average 3521 354
Heavy 2435 24.5
Light 3705 37.2
Very Heavy 291 29

Appendix A.2. Inertia class variation

In this study, two alternative building inertia scenarios were
created and compared with the initial inertia distribution. In
the high-inertia scenario, all buildings were assigned to the
“very heavy” inertia class, while in the low-inertia scenario,
all buildings were assigned to the “light” inertia class. Sim-
ulations were performed on the 20 nationally representative
districts and then scaled to match national heating demand.
Fig. A.17 and Fig. A.18 illustrate the heating demand profiles
associated with the three inertia class scenarios over a winter
month and a winter week, respectively.
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Compared to the baseline scenario, the high-inertia scenario
exhibits reduced short-term fluctuations in heating demand,
whereas the low-inertia scenario shows more pronounced vari-
ations.

Appendix B. Empirical support for activity calendar ag-
gregation

To validate the robustness of the random activity calen-
dar assignment, a sensitivity analysis was conducted to mea-
sure how variability in electricity-related activities diminishes
through aggregation. Using a dataset of 100,000 simulated oc-
cupants, we computed "specific use electricity weights" based
on assigned activity labels, whose definitions and associated
weights are described in Tab. 3. We then performed a Monte
Carlo simulation, drawing 100 random combinations of occu-
pants for different number of occupants (1, 10, 100 and 1000).
The resulting Fig. B.19 illustrate the hourly distribution of
these electricity weights: for a single occupant, the envelope
of possible profiles is wide, representing high individual un-
certainty; however, as the number of occupants increases, the
mean profile stabilizes and the variance narrows significantly.
This empirical evidence supports the claim that the lack of
socioeconomic matching does not lead to significant error in
aggregate demand modeling, as the stochastic variations of in-
dividual behaviors effectively cancel out at higher levels of
aggregation.
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Fig. B.19. Variability of specific uses with respect to the number of occupant
activity calendars.

Appendix C. Prospective study on energy systems

To illustrate the potential use of the model as a prospective
tool for TSOs and DSOs, this section analyzes the variabil-
ity of results under various energy system renovation scenar-
ios. These scenarios are applied to the buildings of district
692020301 within the city of Sainte-Foy-les-Lyon (69202),
based on the 2023 building stock. To apply the renovation sce-
narios, the static simulation is first run and calibrated, ensuring
that building and dwelling characteristics best represent build-
ing stock. The energy systems are then modified according to
the defined scenarios, and the static model’s energy function
is executed again without the boundary model. Finally, the
dynamic model is run for each simulation scenario.

Appendix C.I. Distribution of energy systems

The distribution of energy systems across the district is
summarized in Tab. C.7.

Tab. C.7. Energy systems distribution across the district

System Quantity %
Heating (per building)

Biomass/coal boiler 4 2,6
Biomass/coal stove 4 2,6
Electric heater 30 19,7
Fossil gas boiler 91 59,9
Liquified petroleum gas boiler 2 1,3
Oil boiler 21 13,8
DHW (per building)

Biomass 3 2,0
Electricity 59 38,8
Fossil gas 71 46,7
Liquified petroleum gas 1 0,7
Oil 18 11,8
Cooking (per dwelling)

Electricity 390 41,8
Fossil gas 410 439
Liquified petroleum gas 132 14,1
None 1 0,1
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Appendix C.2. Renovation scenarios
The retrofit scenarios studies are summarized in Tab. C.8.

Tab. C.8. Overview of energy transition scenarios

Scenario Description

Standard Reference case representing current building
stock with no energy retrofits.

Heating HP Replacement of all non-electric heating systems
with air-to-water heat pumps of a 2.5 COP.

DHW Electric Conversion of all fossil-fuel based DHW systems

to electric storage heaters.

Heating HP + DHW  Integrated scenario combining heat pump instal-
lation for space heating and full electrification of

DHW.

Electric Cooking Complete transition of cooking appliances

(gas/LPG) to electric induction or radiant sys-
tems.

Appendix C.3. Results

The results presented in Figs. C.20 and C.21 correspond
to a representative winter week at the district and building
scales, respectively indicate significant variability in energy
consumption at both district and building scales.
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Fig. C.20. Peak-week load profiles of district 692020301 under retrofit sce-
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Fig. C.21. Peak-week load profiles of a building in district 692020301 under
retrofit scenarios

By analyzing different deployment scenarios that combine
heating system replacements and/or envelope renovation mea-
sures, network operators can assess the resulting evolution and
shape of future load profiles.
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