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Energy transition planning requires an in-depth knowledge about a the building stock. To achieve this, data is collected
frommultiple sources, at multiple scales, with constraints such as privacy policies. This results in data being available
for given areas of space such as a land plot. This is the case of Energy Performance Certificate (EPC) database which is
anonymized and geo-localized with postal address. EPC prediction has been studied up to now mostly by heat engi-
neers resulting in an effort to classify buildings into typologies. These approaches give good results at a statistical
scale (not less than neighbourhood) but poor results at building scale. This paper presents a way to treat EPC as a
geo-localized information.
In this paper, we first show that it is possible to apply Kriging methodology to random fields observed at random lo-
cations. This new model is referred to as Mixture Kriging. While the usual Gaussian setting is lost, conditional mean,
variance and covariance can still be derived. This new model gives interesting results in EPC prediction at building
level which is a prerequisite to target renovation efforts. The specific case of a French city is taken as an example.
Video and Presentation to this article can be found online at https://doi.
org/10.1016/j.sctalk.2023.100279.
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Figures and tables
Fig. 1. Screen capture of the National Building Observatory (ONB) giving the distribution of buidings' energy performances in France.

Fig. 2. French EPC vignette.
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Fig. 3. Histogram of energy consumptions computed to estimate the EPC label.

Fig. 4.Map of EPCs in an urban area showing the large amount of missing data.
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Fig. 5. Confusion matrix of predicted values vs true values using Mixture Kriging. Data comes from a neighbourhood of Angers (France).

Fig. 6.Map of predicted EPCs in an urban area.
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