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Categorisation

The final dataset comprised single-family houses with all
possible combinations of technical and renewable energy
systems (e.g., solar panels, condensing boiler, ventilation
system) and energy carriers (i.e., gas and electricity) for
different end wuses (e.g., space heating, domestic
appliances, indoor air quality, DHW). The amount of
collected data made it possible to define seven categories,
each containing enough cases for statistically valid
analysis (Table 1).

Table 1 - Overview of dataset categories with Ol and O2
applying to all houses in the final dataset, A2, A3, A4 and
A5 applying to all houses with natural gas for space
heating and/or DHW (and cooking) and Bl applying to
all houses with electricity as the only energy carrier.

ANALYSIS

Cluster Calculated energy use Measured energy use
01 Total mat. gas and electricity
02 aux. + solar + cooling electricity

A2 space heating + DHW nat. gas

A3 space heating nat. gas

A4 DHW nat. gas

A5 / mat. gas (only cooking)
B1 Total electricity

This paper focuses only on the analyses and statistical
models for category A2, namely analyses concerning the
fit and the prediction error regarding the energy use for
space heating and DHW for single-family houses that use
natural gas for both space heating and DHW. Cluster A2
comprised 47082 cases. Note that the real natural gas
consumption figures can also include natural gas
consumption for domestic cooking (for which the cases
with gas cooking cannot be determined), which are not
included in the regulatory calculated energy consumption
figures.

Descriptive statistics

The total Flemish single-family housing stock included
2,150,000 single-family houses in 2018 (VEKA, 2018).
The final sample A2 that is studied in this paper therefore
represents | 2.2% of the total single-family housing stock
and 33% of the total EPB-rated single-family housing
stock (VEKA, 2018). As can be seen in Figure 1, most of
the single-family houses in the EPB registry are rated
E61-80.

Figure 1 - Shares of energy rated cases in the studied
sample, the Open EPB dataset and the Flemish single-
family housing stock (2018).
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According to the VEKA and Statbel (Statistics Flanders;
Statbel, 2020), 42% of Flemish single-family houses are
detached houses, 27% are semi-detached houses and 30%
are terraced houses (Figure 2). Our final sample of single-
family houses has less terraced houses and more semi-
detached houses than the total Flemish single-family
housing stock.

Figure 2 - Shares of single-family houses per typology.
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Data-pre-processing for statistical modelling

After data-cleansing, extra pre-processing steps were
needed to make the data ready for statistical modelling.
To be able to include categorical variables in statistical
models, one-hot encoding was used to translate them to
dummy variables.

Moreover, the data underwent feature scaling to
normalise the range of the independent variables. For this
feature scaling a robust scaling (/) was preferred since it
performs better in case of outliers in the data (N.B., the
features contained outliers).
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with Q 2 (X) the median of the explanatory variable and
IQR(X) the interquartile range of variable X (i.e.,
IQR(x) = Q3(x) — Q1 (x)).

Then, the dataset was divided into a training set and a test
set by applying an 80%-20%-ratio. The training set was
used once to fit the model. The test set was then used to
make an objective evaluation of the fit of the model with
unseen input data and determine the level of model
generalisation.

Statistical methods and models

Statistical analyses on the data were all conducted in
Python with the statistical packages ‘scikit-learn’
(Pedregosa et al., 2011) and ‘statsmodels’ (Skipper ef al.,
2010) in combination with the data analysis and
visualisation package ‘pandas’ (McKinney, 2010). All
reported correlation values were obtained using the non-
parametric Kendall’s Tau rank correlation since it does
not rely on any underlying distribution for the analysed
variables. A p-value of .05 was used for null hypothesis
significance testing (two-tailed) (i.e., did the result occur
due to chance or not).

The data-driven statistical modelling technique that was
tested and compared with the regulatory energy
calculation (EPB) is a classical linear regression. In this
linear regression, the ordinary least squares (OLS)
estimation method was used to generate unbiased
regression coefficients.

Figure 3 - Overview of necessary assumptions for linear
regression models.
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In order to fulfil the necessary assumptions for linear
regression models, the model input variables were
checked for linearity, autocorrelation  and
multicollinearity; the residuals were checked for
independency, homoscedasticity and normality (Figure
3.

As discussed above, all model input variables were
normalised. As a result, the magnitude of the regression

cocefficients gives an indication of the parameters relative
importance in the regression model. In order to evaluate
the obtained regression models and compare them to the
official energy calculation method, additional model
performance metrics were used such as adjusted R-
Squared, Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE).

Results

Comparison of energy consumption per E-level

To understand how the E-level relates to the prediction
error between real and regulatory calculated energy
consumption, the gas consumption is examined for each
E-level. In Figure 4, the annual real and regulatory
calculated energy uses for space heating and DHW for
dwellings, where the energy carrier for both space heating
and DHW is only natural gas (i.e., cluster A2 in Table 1),
are shown and in Figure 5, the energy consumption per
square meter of floor area [kWh/m?ea] is shown.

Figure 4 - Boxplot of the regulatory calculated annual
primary energy use for space heating and DHW and the
real annual natural gas consumption in buildings with
natural gas as only energy carrier for both space heating
and DHW in function of the E-level. The boxplots show
5%, 25%, 50%, 75% and 95%-percentiles as well as a
mean value (i.e., black dots).
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Figure 5 - Boxplot of the regulatory calculated annual
primary energy use for space heating and DHW per m?
and the real annual natural gas consumption per m’ in
buildings with natural gas as only energy carrier for both
space heating and DHW in function of the E-level.
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From these figures it is clear that there is a strongly
positive correlation (7 = .469,p < .001) between the E-
level and the real natural gas consumption (i.e., the higher
the E-level), the higher the real gas consumption).
Nevertheless, there is a clear difference between the
regulatory calculated and real natural gas consumption for
each E-level category. The real natural gas consumption
[kWh/a] was overestimated in the EPB calculation
method by on average 103% (i.e., the average prediction
error, which is the regulatory calculated energy
consumption minus the real energy use as a percentage of
the real energy use). The spread of relative prediction
error across E-levels (ie., 14-214% overestimation)
indicates a lack of fit.

EPB calculation method performance

The lack of fit between the annual real and regulatory
calculated natural gas consumption is further
demonstrated in Figure 6. In an ideal scenario, a linear
function y = x should closely describe the relationship
between both variables. However as expected and based
on earlier findings (above), this ideal relationship is not
obtained.

The R-Squared model performance for the 1 on 1
comparison (Figure 6) shows that 25.4% of the variance
in real natural gas use was predicted by the EPB-
calculation method. RMSE- and MAE-results of
respectively 11441 kWh/a and 9780 kWh/a however
show that the accuracy of the predictions is rather low.
Note that the regulatory calculated primary energy
consumption in Figure 6 is the output of the EPB
calculation method (so not yet from a linear regression
model).

Figure 6 - Scatter plot of the regulatory calculated annual
primary energy use for space heating and DHW and the
real annual natural gas usage in buildings with only
natural gas as energy carrier for both space heating and
DHW.

Comparison real and regulatory calc. natural gas consumption
60000 -

S Cluster: A2 y=2
R?: 0.254

RMSE: 11440.928 kWh/a

MAE: 9780.379 kWh/a

(n=49781)

50000 4

40000 4

30000 4

Real primary natural gas consumption [kWh/a]

20000 4

10000 4

0 20000 30000 40000 50000 60000
Regulatory calculated primary natural gas consumption [kWh/a]

Statistical data-driven modelling

In this section, the performance of the official EPB
calculation method is compared to data-driven linear
regression models in three steps. (1) First, a simple
regression model was tested with the regulatory
calculated energy consumption as single explanatory
variable. (2) Secondly, a multiple linear regression model
was tested with common building characteristics (i.e.,
common building features for potential home owners and
tenants, thus excluding building energy performance
calculation figures). (3) Thirdly, a multiple linear
regression was tested with all available parameters
starting from the EPB-database (excluding those suffering
from issues with multicollinearity or autocorrelation).
This three-step approach allowed to see if this type of
modelling can help to better match the calculated
performance with real energy use. Note that for all models
the residuals were inspected (i.e., model diagnostics) to
ensure the quality of the model.

The validation output of the first simple regression model
with the regulatory calculated energy use as only
explanatory variable resulted in a RMSE and MAE of
respectively 3276 kWh/a and 2553 kWh/a, which
indicates much better performance than the pure EPB
calculation method. The R-Squared model performance
of 45.9% shows that more of the variance in real natural
gas use is explained by the model however still not great.
The regression coefficients and confidence intervals of
model 1 are given in Table 2.
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Table 2 - Simple regression model output (n=47082).
Note that the regression coefficients and 95% CI are
normalised coefficients.

REGRESSION MODEL 1

B 95% CI »
(constant) | 111332  [110998,11166.5] <001
EPB calc. | 37684 [3727.5,3809.3] <001

In the second multiple regression model, a data-driven
statistical modelling approach is applied to predict the real
energy use based on common building characteristics
(i.e., building features that inhabitants can easily fill in
themselves such as these listed in 7able 4). The validation
output of the multiple regression model with the common
building characteristics as explanatory variables
demonstrated that 48.3% of the variance in real energy use
was predicted by the variance in common building
parameters (7able 3). The RMSE and MAE were
respectively 3191 kWh/a and 2497 kWh/a which is
slightly better than the results for model 1. The regression
coefficients and confidence intervals of model 2 are given
in Table 3.

Table 3 - Multiple regression model output (n=47082) based on
common building parameters. Parameter ending with ‘?’ are
boolean parameters indicating if true or false as 1 or 0. Note
that the regression coefficients and 95% CI are normalised
coefficients.

REGRESSION MODEL 2
B 95% CI1 p
(constant) 11520.8 [11460.2,11581.4] <.001
log(floor area) 765.8 [651.2,880.5] <.001
log(building volume) | 2723.7 [2605.1,2842.3] <.001
Detached? 1021.6 [941.2,1101.9] <.001
Terraced? -773.0 [-859.9, -686.0] <.001
Basement? 551.7 [469.4, 634 .0] <.001
Longitude (ZIP) 305.7 [245.5,365.9] <.001
EPB-cert. year -1604.6 [-1665.3,-1543.8] <.001
Vent. system C? -341.8 [-493.7,-189.9] <.001
Vent. system D? -935.7 [-1093.9,-777.5] <.001
PV? -726.3 [-845 4,-607.2] <.001

In the third multiple regression model, the modelling
approach of the second model was repeated, but this time
with all available EPB-parameters in the hope that more
variance in the real energy use is explained by a statistical
model based on common and detailed building
parameters. The list of all available parameters is then
reduced based on Kendall-Tau correlation results (with p
< .05) of explanatory variables with the dependent
variable (i.e., the real annual natural gas consumption),
the Variable Inflation Factor (VIF) results and by looking
at the p-values and bootstrapped confidence intervals (CI)
in the multiple linear regression output. The exclusion of
features from the model is done one by one stepwise.

The validation output of the third multiple regression
model demonstrated that a maximum of 55.2% of the

variance in real energy use is explained by linear
correlations with the available parameters in the EPB-
database  (avoiding possible autocorrelation and
multicollinearity issues). The RMSE and MAE were
respectively 2987 kWh/a and 2322 kWh/a which is
slightly better than the results from both previous
regression models. The regression coefficients and
confidence intervals of model 3 are given in Table 4.

Table 4 - Multiple regression model output (n=47082)
based on common building parameters. Note that the
regression coefficients and 95% CI are normalised
coefficients.

REGRESSION MODEL 3

B 95% CI p
(constant) 110624 [11000.1,11124.8] <.001
log(EPB-calc. SH) 1498.5  [1402.8,15942] <.001
log(EPB-calc. DHW) | 784.2 [707.3,861.1] <.001
log(floor area) 536.4 [428.7, 644.0] <.001
log(building volume) | 506.9 [365.0, 648.9] <.001
Detached? 284.8 [194.9,374.7] <.001
Basement? 411.0 [333.6, 488.3] <.001
Longitude (ZIP) 486.6 [428.7, 544 .2] <.001
EPB-cert. year -607.7 [-677.4,-538.0] <.001
Vent. system D? 200.3 [119.1,281.5] <.001
PV? -491.1 [-604.5,-377.7] <.001
Window surface 996.5 [947.7,1045.4] <.001
Exterior wall surface 291.1 [202.3,379.9] <.001
Av. U-value glass 93.3 [69.5, 117.1] <.001
v50-default? -227.5 [-320.9,-134.1] <.001
Av. U-value 181.8 [123.8,239.9] <.001
DHW production eff. | -149.2 [-196.3,-102.0] <.001

Regression diagnostics for linear regression models
assured the validity of the models, checking for possible
autocorrelation and multicollinearity problems. For
brevity, not all residual plots are presented. As an
example, a Q-Q plot of the residuals of regression model
2 is shown in Figure 8 as well as a plot of the residuals
versus fitted values in Figure 7. Inspection of the Q-Q
plots of the residuals show that the residuals are nearly
normally distributed except for some outliers at both ends
and that they are linear over a wide range of values.
Furthermore, the residuals versus fitted values indicate
that the residuals are nearly uncorrelated to the fitted
values. Therefore, the results prove that the assumptions
for homoscedasticity and normality hold true.
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Figure 7 - Plot of fitted values against residuals for
regression model 2.
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Figure 8 - Normal Q-Q plot of the normalised residuals
of the validation set for regression model 2.
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Theoretical quantiles

An overview of the 1 on 1 comparison and the three
studied regression models is given in Table 5. The
regression models explain between 46% and 55% of the
total household natural gas consumption. This is
considerably higher compared to other studies in
Germany, Great Britain and The Netherlands (i.e.,
Rehdanz, 2007; Meier et al., 2010; Brounen et al., 2012),
which explained 8 to 27% of the natural gas consumption.
A study in Switzerland (Cozza et al., 2020) also reported

=40% explanatory power for their linear regression
models for real natural gas consumption.

Table 5 - Overview of model performance results from the

EPB calculation method and data-driven linear
regression models.
adj. R2 RMSE MAE
pure EPB-calc. ~25% 11441 kWh/a 9780 kWh/a
model 1 ~46% 3276 kWh/a 2553 kWh/a
model 2 -49% 3191 kWh/a 2497 kWh/a
model 3 -55% 2987 kWh/a 2322 kWh/a

Conclusions

This study investigated the relation between real annual
natural gas consumption and regulatory calculated energy
consumption for space heating and DHW in single-family
houses in Flanders with natural gas as only energy carrier
for both space heating and DHW. The real natural gas
consumption for space heating and DHW is strongly
overestimated by the official EPB-calculation method.
The lack of fit between both variables was confirmed by
a largely variable prediction error among the E-level
categories. Nevertheless, strong correlations were found
between the annual real and regulatory calculated primary
natural gas use for space heating and DHW. Additionally,
a small but positive R-Squared value showed that part of
the variance in real gas consumption is explained by the
EPB calculation method which confirms that they are
related.

The output of a simple regression model with the
regulatory calculated energy use as single explanatory
variable immediately proved to have a much better fit
with the real gas consumption than the EPB calculation
method. Data-driven statistical regression models with
common building characteristics as compared to the
official EPB-calculation and a simple regression model
based on the EPB-calculation proved to have even more
(slightly more) prediction performance. More elaborate
data-driven multiple regression models based on more
detailed building characteristics, showed only a small
improvement in comparison to a regression model with
only common building characteristics as explanatory
variables.

Nonetheless, a large part of the variance in annual natural
gas consumption is left unexplained. This means that a
large part of the variance in natural gas consumption has
to be attributed either to parameters that are not listed
among the variables of the EPB registry (e.g., number of
inhabitants, occupant behaviour, appliance ownership) or
that the values of the parameters listed are inaccurate (e.g.,
inaccurate default values).
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