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Exploring Inconsistencies in Building Energy Ratings
with Self-Supervised Contrastive Learning
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* Building energy efficiency assessment
plays a pivotal role in guiding decisions for _ O _ - o o o e e .o - - .-
both retrofitting existing buildings and ‘ - e
designing new ones.
e Building Energy Rating (BER) are the — ‘
cornerstone metric in shaping various | BT ;
policies for guiding the public to address ‘ v s '
energy poverty and steer climate action. " ; oais
* Ensuring the reliability of the BER results ‘ A ‘ o
is crucial for upholding the integrity of | . -3 o I
energy efficiency assessments. Sy vty : ' *
Fig.2 Dashboard for the Energy Performance Certificates (EPC) dataset*
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Fig.1 Building Energy Rating (BER) Levels

ldentifying inconsistencies in
Building Energy Ratings with
CLEAR, a self-supervised
Contrastive [ earning for Energy
Assessment Rating evaluation
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Fig.3 Principal Component Analysis with 5 Coarse BER Levels Fig.4 Principal Component Analysis with 15 Fine-grained BER Levels
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Significant performance drop when predicting fine-grained

rating level categories:

« Table 1 displays the performance drops observed in both the Random Forest
model and the MLP (multi-layer perceptron) deep learning model.
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«  Fig. 5 shows the confusion matrix for MLP predictions, which reveals the poor S DLl{o o o 0 3 16 6 272004 e 23 6 1 -
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Table 1 Performance Comparison of Models for BER Prediction with Different Level Granularity

{osApproach: CLEAR

Fig.5 Confusion Matrix for BER Predictions with 15 BER Levels

1. Self-supervised contrastive learning via SCARF2: 2. ldentifying Rating Inconsistency in the Latent Space:

- Fig. 3 and Fig. 4 depict the 2D PCA visualizations of latent spaces for

« (Generate positive pairs with contrastive learning by randomly selecting and different BER granularities.

corrupting a subset of features. - Representations for 5 coarse BER levels in Fig. 3 are spread in order
« (Generate negative pairs by contrasting the selected buildings with other across the latent space in sequence.

records in a batch. Representations for 15 fine-grained BER levels in Fig. 4 reveal that
- Extract the latent representation of each building with SCARF's encoder. buildings with adjacent BER levels are mixed together.

« Inconsistent ratings for buildings with similar feature values are
particularly evident in adjacent levels such as the group (‘B1’, ‘B2, ‘B3"),
the group (‘C1’, 'C2, ‘C3’), and the group (‘D1’, ‘D2), aligning with the
observations in the confusion matrix shown in Fig. 5.

D ata CO rru ptl O n I n th e I n CO n S I Ste nt B E R The buildings rated as A3 and D1 display very similar values in their features.
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« Table 3 presents another group of similar buildings with
ratings ranging from ‘A3’ to ‘C3'. Table 2. Buildings with BER ranging from A3 to D1 Table 3. Buildings with BER ranging from A3 to C3
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