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Abstract. Climate change leads to an overall increase in temperature, and this can 

lead to risks for the health, and specifically for housing building occupants. Public 

policies about the mitigation of the overheating risk in housing building may have to 

be implemented and should be able to rely on a precise and exhaustive description of 

the initial state of the building capacity to mitigate overheating. 

This paper presents a methodology used to calculate an overheating indicator for each 

housing at a country scale (around 20 million housing buildings). 

Because the model developed to calculate this overheating indicator must be fast 

enough to apply it on 20 million buildings, without giving up much on the accuracy 

of detailed simulation models, a machine learning approach has been chosen. 

The overheating indicator was first calculated on a large sample of housing building 

using dynamic thermal simulation. The results of those simulation made it possible to 

identify the most influential parameters of a housing on overheating: its geometry, its 

inertia, its windows, and the insulation of its walls and roof. Then, we trained a ran-

dom forest regressor to have an accurate statistical model with almost instant compu-

ting performance. 

As a result, we could evaluate the overheating indicator for all the 20 million housings 

in France providing much information about population health risks. 

Moreover, the evaluation of the influence of the parameters on each housing buildings 

on the overheating performance can be performed, thus underlying which actions 

must be promoted to mitigate risks. 

Keywords: Overheating in buildings, Climate change mitigation, Urban heat island. 

1 INTRODUCTION 

A warming climate and a rise of the frequence and severity of heatwave in France will lead 

to an increased risk of death for the population [1]. As the population is spending most of 

its time indoor, it is crucial for public policies to be able to evaluate the vulnerability of the 

housing stock. 

 

Overheating is a key metric to assess the vulnerability of housing to heat stress. While 

instantaneous indicators, such as those reviewed by [2] or the adaptative thermal comfort 
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approach [3], assess discomfort for a specific moment, they don’t fully capture long-term 

thermal performance. To address this limitation, integrated metrics are essential.  

Among these integrated metrics, the Discomfort Degree Hours (DDH) indicator is a rel-

evant approach to evaluate overheating over long periods. As highlighted by [4], DDH ag-

gregates the duration and intensity of discomfort, making it suitable to assess summer ther-

mal performance. It has been widely used in scientific studies, including recent work of [5] 

studying overheating in buildings in hot and humid climates.  

This approach has also been adopted in the French thermal regulation RE2020 [6], high-

lighting its applicability in evaluating overheating at the building scale. This indicator pro-

vides a relevant framework for characterizing the current state of the French housing stock 

in terms of summer thermal performance. 

 

Multiple approaches are using simulation to evaluate the energy performance of dwell-

ings at a large geographic scale. [7] mentioned that various statistical methods are used to 

speed up simulations and make them compatible with nationwide energy simulations. The 

specific topic of overheating or summer thermal comfort on a large geographic area was 

discussed in various papers, each time with limitations. Most of the time, overheating is 

calculated on typologies (often coming from TABULA database) and then generalized on 

the whole country. In the Netherlands 9216 fictive designs of dwellings are used to represent 

the whole building stock [8]. Overheating was assessed as well in the UK Building stock 

with the same approach using 8 typologies with the addition of multiple occupant scenario 

(around 600 simulations) [9]. 

To the knowledge of the authors, no simulation based overheating assessment at a large 

geographic scale is using a large set (100 000+ buildings) of real buildings as inputs. 

 

This paper presents the methodology used to assess the overheating in 20 million dwell-

ings for the whole continental France. The overheating is assessed thanks to a statistical 

model that is trained on 420 000 simulations of real dwelling. The statistical model has 14 

selected input parameters and is validated against dynamic thermal simulations with a good 

precision (r²=0.89). 

The novelty of this approach consists in the use of large-scale database of EPC to gener-

ate 420000 buildings to simulate, and then the use of such a large training set to train a 

nation-wide precise model. The ability to take into account as an input the effect of the 

urban heat island in our indicator available for this geographic area is also novelty brought 

by our work. 

This work aims to tackle the question of how to elaborate an accurate overheating indi-

cator nationwide for each dwelling that can be used in both public policies and further sci-

entific work? 

 

The paper is organized as follow: the following section describe the methodology to 

elaborate the overheating prediction model. Then the results of the overheating prediction 

are presented to demonstrate the accuracy of the prediction. Finally, the limitations are dis-

cussed. 
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2 METHODOLOGY 

2.1 General methodology 

 

Fig 1: Schematic representation of the general methodology 

Fig 1 is a schematic representation of the general methodology of this work. The method-

ology begins with data derived from Energy Performance Certificates (EPC). These certif-

icates are used as input parameters for Dynamic Thermal Simulations (DTS). The COMETh 

DTS simulation engine, which is the computational core of the RE2020 French regulation, 

is used to simulate building performance and predict the overheating indicator. So, the in-

clusion of a valid EPC is a prerequisite for any dwelling to be included in the training da-

taset. 

The overheating indicator used in this study is the Discomfort Degree Hour (DDH), a 

metric that quantifies thermal discomfort by aggregating the intensity and duration of indoor 

temperatures exceeding a threshold. The DDH is calculated using the temperature threshold 

defined in the RE2020. This threshold is based on the EN 16978 [10], and it ranges from 

26°C to 28°C during daytime and is fixed to 26°C during the night. Eq. (1) explains how 

DDH is calculated, with 𝑇𝑖 , the operative temperature inside the dwelling, 𝑇𝑐𝑜𝑚𝑓  the tem-

perature threshold and 𝑁 the number of hours over the RE2020 adaptative comfort period 

(i.e. summer period). 

 
𝐷𝐷𝐻 [°𝐶. ℎ] = ∑(𝑇𝑖 − 𝑇𝑐𝑜𝑚𝑓)   𝑖𝑓 𝑇𝑖 > 𝑇𝑐𝑜𝑚𝑓

𝑁

𝑖=1

 
 

(1) 

To calculate an overheating indicator for the entire French residential building stock, 

DTS like those performed with COMETh are computationally expensive and impractical at 

this scale. To address this limitation, a machine learning model is developed as a by-pass 

for DTS, allowing for the rapid estimation of overheating. The model is trained on a dataset 

derived from COMETh simulation and predict the overheating indicator using the EPC data 

as input. 

2.2 Creation of training set 

To ensure that the predictive models accurately estimate overheating, a diverse training da-

taset was built. This section describes the step taken to select and prepare the dataset, 
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focusing on climatic diversity, altitude considerations and geographical representativeness 

of residential buildings across metropolitan France. 

The training dataset was built using residential buildings for which valid EPCs were 

available. EPCs provide the key input parameters required for DTS, including building mor-

phology, energy systems, surface areas and the thermal performance of building envelopes. 

Those characteristics are mapped and enriched to fill the DTS inputs of Cometh engine. The 

simulation parameters used are conventional and follow the assumptions defined by the 

RE2020 regulation. It includes among other occupancy patterns, interactions with windows, 

use of solar shading devices… 

To consider diversity in climate, the simulation incorporates the meteorological data cor-

responding to the eight climate zones defined in the RE2020 regulation. Each climate zone 

corresponds to one weather station from French meteorological office (Meteo France). 

These files, built using the ISO 15927-4 standard, provide hourly data for a standard year, 

including temperature, solar radiation, humidity, and wind conditions. In addition, to assess 

building overheating, the regulation includes meteorological data from the 2003 deadly 

heatwave within the typical year, to build an extreme year. In this study, only the extreme 

years were used. Temperature and specific humidity reduction were computed using the 

RE2020 rules depending on the altitude of each building. 

In urban contexts, local climate effects such as the Urban heat Island (UHI) phenomenon 

can exacerbate overheating. To account for this, the Urban Weather Generator (UWG) 

model [11] is used to adapt the RE2020 extreme weather files to urban environments. UWG 

inputs are computed using the BDNB [12]. 

In collective housing, the thermal performance of a dwelling depends on its position 

within the building. To account for this, each selected collective housing unit was duplicated 

and adjusted to represent two distinct dwelling: top floor, which is more exposed to over-

heating due to direct roof exposure and intermediate floor. The only difference between the 

two simulations is the consideration of thermal exchange through the roof for top floor and 

adiabatic condition for the intermediate one. This approach ensures that the dataset captures 

the impact of dwelling position on thermal performance. 

The training dataset contains approximately 420 000 residential dwellings, distributed 

across all climate zones of metropolitan France, considering urban, rural, and mountainous 

areas alike. 

2.3 Selection of input parameters for the prediction model 

The selection of the parameters used to train the overheating prediction model had two main 

purposes. First, the prediction model should have the necessary parameters to provide an 

accurate prediction of the overheating when compared to the simulation. Secondly, the pa-

rameters should describe the building physics involved in overheating in housing. 

[13] showed that overheating in free floating buildings is mainly due to three mecha-

nisms related to building properties: solar gains, inertia, and natural ventilation. Some pa-

rameters related to the climate where selected. Table 1 sums up the input parameters used 

in our prediction model and the building physics phenomena covered by each of these 
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parameters. Conductive heat gains are less dominant factor of overheating in buildings com-

pared to solar heat gains. 

 

Table 1: List of used parameters for the overheating prediction model developed in this paper 

 Solar gains Inertia Natural 

ventilation 

Climate Geometry 

Wall U value x     

Roof U value x     

Windows U value x     

Inertia class  x    

Windows area x     

Shading devices 

type 

x     

Height of the build-

ing 

x  x  x 

Dual-aspect hous-

ing 

  x  x 

Living surface  x   x 

Volume  x   x 

Altitude    x  

Weather    x  

UHI    x  

Construction year x x    

 

The selection of those parameters is sufficient to an accurate prediction, as it is shown in 

the section 3.1. The addition of further parameters was either not improving the perfor-

mance of the prediction or adding further uncertainties to the inputs of the prediction model. 

Uncertainties of those input parameters is not assessed here, as discussed in section 4.1. 

2.4 Prediction model 

Estimators (or metamodeling methods) depends on the type of model that the estimator 

should replicate, on the number and type of input parameters, on the number of outputs of 

the model and on the number of samples used to train the model. In this work, the dynamic 

thermal simulation that is estimated with the prediction model is a non-linear model, with 

14 inputs (continuous and discrete). The prediction model has been trained on a dataset of 

420k samples, and the prediction model has an only output which is the predicted DDH. 

 

The choice of a model for our prediction model was based on trial-and-error approach 

within the models that seemed suitable for such a use. First tried model was a linear 
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regression model with a Lasso error coefficient. The performance of the prediction with a 

linear regression was not sufficient to describe the non-linear component of overheating. 

The selected estimator is a Random Forest model for our overheating prediction model. 

Generic random forest models are already widely used in building physics energy modelling 

thanks to their precision, the efficiency of the training of such models, and their interpreta-

bility [14]. 

 

Hyperparameters for the generation of the random forest trees were selected empirically 

and are detailed in Table 2. The Python library Scikit-learn [15] was used in our work to 

train the model with the Random Forest Classifier. 

Table 2: Hyperparameters of the random forest prediction model 

Number of estimators 500 

Max depth 50 

Min. samples at a node 2 

 

3 RESULTS 

This section presents the accuracy of the predictive models compared to DTS. 

3.1 Model accuracy 

Once trained, the predictive performance of the machine learning models was evaluated 

using cross-validation techniques. The dataset was split using 80% for training and 20% for 

the evaluation. The metric employed to quantify the accuracy and robustness of the models 

is the coefficient of determination (R²): this metric assesses how well the predicted values 

align with the DTS results. 

The results of the three models for the three types of dwelling: individual houses, collec-

tive housing on running and top floor, are summarized in Fig 2. The first line of the figure 

illustrates the distribution of DDH [°C.h] obtained from DTS (in blue) and those predicted 

by the data-driven models (in orange) for each of the three housing types. The close overlap 

of these distributions shows the models ability to replicate the range of overheating indictors 

observed within the simulations. 
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Fig 2: Comparison of predicted and simulated Discomfort Degree Hours (DDH) [°C.h] for the three 

trained models (individual houses, collective housing running floor and top floor. Comparison of dis-

tribution on the top line and scatter plots of predicted versus simulated DDH, with diagonal line (x=y) 

indicating perfect agreement and r² values demonstrating model accuracy. 

Additionally, the second line of Fig 2 provides scatter plots comparing predicted DDH 

values to the simulated ones for each model. The diagonal reference line (x=y) indicates 

perfect agreement, and the R² values are displayed to confirm the strong correlation between 

predicted and simulated overheating values. These graphics further highlight the reliability 

of the predictive models in estimating overheating across diverse building types. 

These results stress the utility of machine learning models in bypassing the computation-

ally intensive DTS, enabling large-scale overheating assessments of the French residential 

building stock. 

 

The prediction model is then used to assess overheating for all of the 20 million dwellings 

in France, with DDH value ranging from 200 to 5000°C.h depending on the typology and 

the climate, as discussed in the next section. 

3.2 Importance of each input parameters in the prediction 

Feature importance in Random Forest models highlights the relative contribution of each 

input variable to the model’s predictions, normalized to sum to 1 [16] . This allows us to 

identify the most influential parameters and their impact on the target variable. 
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Fig 3 presents the feature importances for the three Random Forest models developed in 

this study. Colors group parameters influencing similar physical effects (Table 1). 

 

Fig 3: Feature importance for Random Forest models across the three housing types: individual 

houses, intermediate-floor collective dwellings, and top-floor collective dwellings 

Fig 3 highlights the dominant influence of climatic parameters on the model predictions 

particularly climatic severity (linked to climate zone and altitude) and urban heat island 

(UHI) effects. UHI is less relevant for individual housing, which are typically located in 

less urbanized areas. 

Architectural parameters have a secondary influence, with variations by housing type: 

- Individual housing: Roof insulation is the most significant parameter, followed by 

inertia class and solar shading, while the cross-ventilation characteristic has negli-

gible influence. 

- Top floor collective housing: Roof insulation remains dominant, followed by inertia 

class and window-to-wall area percentage. The cross-ventilation housing character 

is more influential, ranking fourth among architectural parameters. 

- Running floor collective housing: As there is no roof thermal exchange, roof insu-

lation is irrelevant. The most influential parameters are inertia class, solar shading, 

window-to-wall ratio percentage, and the cross-ventilation housing characteristic. 

Finally, other parameters such as wall and widows’ insulation, geometry, and year of 

construction exert greater influence in collective housing compared to individual housing. 

4 DISCUSSION AND CONCLUSION 

The results are showing a great performance of prediction of the DDH with our statistical 

model compared to the simulations. Those prediction have been done on the 20 million 

residential buildings in France, and consider local climate, and 14 input parameters detailed 

in section 2.3. This nationwide indicator can enhance the relevance of public policies and 

is precise enough to generate statistics nationwide. However, some limitations apply to 

those results.  

First, in the process of generating the training dataset, described section 2.2, uncertainties 

are mainly due to the conversion of EPCs to dynamic thermal simulation models : as the 
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level of details in the models is different, a converter is mapping and infer some of the 

inputs, thus adding uncertainties to the input parameters. The uncertainty was not quantified 

in this work, thus limiting the possible interpretations of comparisons between close values 

of predicted DDH.  

To limit misinterpretations of predicted DH, uncertainties should be calculated and pro-

vided at each prediction, which is a current limitation and a perspective of our work. 

Secondly, the prediction model is trained with an extensive dataset of dynamic thermal 

simulation that were validated as it is the current French thermal regulation. Another step 

of validation of our prediction model is the validation against experimental data and real 

measurements. Such a dataset to carry out the validation is hard to find as such a large-scale 

indicator needs a variety of measurements from multiple typologies to validate it for the 

whole building stock. 

 

The validation process with real measurements is a scientific work of its own, but other 

limitations can be addressed in further version of the overheating indicator. As the indicator 

will be published in the French National Building Database (BDNB), more feedback will 

help in the refinement of the indicator. 
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