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Abstract. The objective of this paper is to develop an efficient ensemble learning model to predict the heating load (HL)
and the cooling load (CL) of residential buildings, considering eight input variables (relative compactness, surface area,
wall area, roof area, overall height, orientation, glazing area, and glazing area distribution). Feature engineering is an
important step in predictive modeling, once the design of correct features can improve the models’ predictive accuracy.
For the eight input variables, thirty-three statistical features are obtained. Therefore, it is investigated the predictive
performance in terms of mean squared error (MSE ) for 10-fold cross-validation procedure with random forest (RF)
model, when principal component analysis (PCA) and differential evolution optimization algorithm (DE) are employed
during the feature selection process. The PCA is employed to reduce the feature space into the principal components to
explain 95% of the data variability, and DE to select the most suitable set of inputs to predict HL and CL. Empirical
results show that errors of DE-RF are lower than PCA-RF and RF to predict both outputs. The improvement on MSE
achieved by DE-RF ranges between 11.58% - 11.63% regarding RE, and 9.73% - 61.41% regarding PCA-RF, for HL and
CL, respectively.
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1. INTRODUCTION

The buildings are the most consumers of energy worldwide. In the Brazilian context, they demand 51% of the produced
energy. Especially, according to Brazilian Energetic Research Company (EPE) (2017), the residential sector is the greatest
consumer, with 25.5% of representative. In this respect, due to this demand, they also can produce high levels of gases that
cause the greenhouse effect. Therefore, designing an energy-efficient building is important. However, it is a challenge due
to factors that affect this characteristic. In this context, several kinds of research have been conducted efforts to study the
sensitivity of design variables to achieve the energy-efficient buildings (Silva and Ghisi, 2020), as well as the prediction
of heating and cooling loads of residential buildings (Zhou et al., 2020).

Especially, the prediction of heating (HL) and cooling (CL) loads of residential buildings plays a key role, once the
heating, ventilation, and air conditioning system are drivers of energy demand (Wang et al., 2018). In this respect, with
the purpose to perform accurate predictions of HL and CL, according to simulated scenarios, the development of efficient
models is important. For this purpose, ensemble learning models (Ribeiro et al., 2020, 2019) can be adopted, which are
the kernel of the predictive modeling on the last years. This class of models is characterized by the use of a set of learners
to solve the same problem and achieve high accuracy. The widely adopted ensemble learning models are the bagging,
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boosting and stacking models (Ribeiro and Coelho, 2020; Moreno et al., 2019). Through the use of these approaches, it is
possible to obtain answers by varying some building design parameters once a model has been adequately trained (Tsanas
and Xifara, 2012).

Aiming to generate an efficient ensemble learning model to predict HL. and CL, the use of feature engineering (FE)
can generate additional features to give some insights for the developed model. However, in the same way that additional
features can help to improve the models’ accuracy, redundant features can hamper the learning process (Thom de Souza
et al., 2020). Faced with this, it is necessary to develop feature selection (FS) approach, which is a tool usually employed
to obtain a set of non-redundant features which can improve the accuracy metric of the predictive model.

Therefore, the objective of this paper is to evaluate the predictive performance of the model composed by FE, FS,
and ensemble learning models. In this respect, the bagging approach named random forest (RF) is used to predict HL
and CL of residential buildings. The adopted dataset is composed of two output variables (HL and CL), and eight input
variables (features). To achieve high accuracy, before training RF model, FE is performed, specifically, statistical features
such as average, standard deviation, skewness, minimum, and maximum are computed for each output over the eight
features. Moreover, for each one of eight features, exponential of order two and three, hyperbolic tangent, and logarithm
are computed. With the purpose to obtain the most suitable set of inputs two strategies are adopted. The first strategy uses
an evolutionary algorithm called differential evolution (DE) optimization for FS, and the second uses principal component
analysis (PCA) for dimensional reduction, both are coupled with the RF model generating two different models, named
as DE-RF and PCA-REF, respectively. Also, the performance of DE-RF, PCA-RF, and RF are computed in terms of mean
squared error (MSE). The 10-fold cross-validation and 30 independent runs are adopted, as proposed by Tsanas and Xifara
(2012). At the end of the process, the importance of selected features for the predictive model is computed.

The main contributions of this paper are

e Comparison of different approaches to perform FS (evolutionary approach using DE optimization algorithm) and
dimensional reduction (PCA) coupled with ensemble learning model (RF)

e Development of an integrated and accurate framework which employs FE, FS and ensemble learning models to
predict HL and CL of residential buildings.

The remainder of this paper is organized as follows: In Section 2.1 a brief description of the dataset adopted in this
paper is presented. The methods applied in this study are described in Section 2.2. Results are mentioned in Section 3.
Finally, Section 4 concludes this study with considerations and some directions for future research proposals.

2. MATERIAL AND METHODS
This section summarizes the concepts and steps which are used to perform the predictive modeling.
2.1 Dataset

The dataset adopted in this paper was proposed by Tsanas and Xifara (2012). The energy efficiency analysis is
performed using 12 different building shapes (taking the elementary cube - 3.5 x 3.5 x 3.5) simulated in Ecotect. The
buildings differ concerning the glazing area, the glazing area distribution, and the orientation, amongst other parameters.
Various settings as functions of the mentioned characteristics to obtain 768 building shapes were simulated. The dataset
comprises 768 samples and 8 features (X; to Xg), aiming to predict two real-valued responses (CL - Y; and HL. - Y5), and
can be obtained in the UCI Machine Learning Repository at https://archive.ics.uci.edu/ml/datasets/energy+
efficiency. Table 1 presents the variables and statistical indicators minimum, median, mean, maximum, and standard
deviation (Std). Additional details are provided in Tsanas and Xifara (2012).

2.2 Methods
This subsection presents the concepts employed in this paper to perform predictive modeling.
2.2.1 Random Forest

The RF is an ensemble learning method which uses several decision trees to predict or classify some target variable.
It is a combination of bootstrap aggregation with predictors selected randomly to compose each node of the decision tree.
In general, the main objective of this approach is to improve the performance of regression trees through the reduction
of their variance (Breiman, 2001). Also, the RF once uses decision trees in the training process, is robust to deal with
multicollinearity issue. In the RF model, the number of predictors of each node should be tuned. In this paper, they are
defined by grid-search during the training process.
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Table 1: Description and statistical indicators of the input (X) and output (Y) variables
Statistical Indicator

Variable Description Minimum Median Average Maximum Std
X3 Relative Compactness 0.62 0.75 0.76 0.98 0.10578
X5 Surface Area 514.5 673.75 671.71 808.50 88.08612
X3 Wall Area 245 318.5 318.5 416.50 43.62648
X4 Roof Area 110.25 183.75  176.60 220.50 45.16595
X5 Overall Height 3.5 5.25 5.25 7 1.75114
Xe Orientation 2 3.5 3.5 5 1.11876
X7 Glazing Area 0 0.25 0.2344 0.4 0.13322
Xs Glazing Area Distribution 0 3 2.8125 5 1.55096
Y Heating Load 6.01 18.95  22.3072 43.1 10.09020
Yo Cooling Load 10.9 22.08  24.5878 48.03 9.51331

2.2.2 Feature Engineering

The FE is the task of formulating the most appropriate features (numerical representation of the data) given the data,
the model, and the task Zheng and Casari (2018). In most of the cases, statistical, and combination between several
features are performed to obtain desirable features from the data.

In this paper, for the input features presented in Table 1, thirty-three features are obtained according to two strategies.
The first, consists in compute the exponential of order 2 and 3, hyperbolic tangent (tanh), and logarithm (log) for the
features X; to Xg. In the second strategy, for the respective output, for the set of features are computed the average,
median, standard deviation, minimum, maximum, and skewness. After performing FE, for each variable response, there
are forty one features.

2.2.3 Feature Selection

The FS is the process designed to solve the trade-off between finding the smallest subset of features with the best
classification accuracy (Thom de Souza et al., 2020). Generally, the common technique applied in this process is the
wrapper method, which allows to try out subsets of features, which means that won’t accidentally prune away features
that are uninformative by themselves but useful when taken in combination (Zheng and Casari, 2018).

The use of optimization algorithms perform FS has been explored extensively in recent years as observed in de Rosa
et al. (2020), Thom de Souza et al. (2020), Wei et al. (2020), and Aljarah et al. (2020). Therefore, in this paper, the wrapper
approach which combines the RF model with the DE algorithm is employed. The DE algorithm was introduced by Storn
and Price (1995) for optimization of nonlinear and non-differential continuous functions. It is a population optimizer,
which starts the optimization process by search space sample in multiples initial points randomly chosen, i.e., a population
of vectors representing the subjects or candidate solutions. The DE algorithm consists of the maintenance of a population
of the candidate solutions subject to crossing, evaluation and selection operations (de Vasconcelos Segundo et al., 2017).
The step-by-step of the DE algorithm consists of four phases: initialization, mutation, crossover and selection. These
operations are repeated generation after generation until that some stop criterion is satisfied. In this paper, the crossover
and mutation operators are defined as equals 0.5 and 0.8, respectively.

By combining RF and DE, the optimization process starts generating an N-sized vector, where N is the total number
of features in a dataset, and each position of the vector can only assume values such as 0 or 1, where 0 represents the
features that were not selected and 1 represents the features that were selected. According to the select features, the RF
is trained using 10-fold cross-validation, and the cost function is computed, the MSE. The process is conducted until the
optimization process ends. Thus, the set of selected variables, those with higher values than 0.5 is obtained.

On the other hand, a second approach which can be employed, and in this case, to feature dimensionality reduction, is
the PCA. The PCA is a technique widely employed for dimensional reduction or feature extraction coupled with machine
learning models (Gérate-Escamila er al., 2020; Gharsellaoui et al., 2020). The objective of this technique is to extract
and maintain only the most relevant and important features of the set. To do this, the PCA projects the original data into
principal components (PC), which are combinations of original features (Jolliffe, 2002). In this respect, when PCA is
combined with RF, the set of correlated features generates the PC which can explain 95% (Ribeiro et al., 2019) of the
data variability, are new features, and then the RF model is trained using 10-CV to compute the MSE. While a percentage
greater than 95 can lead to keeping information redundant to the data, less than that can exclude important components.
For both process, PCA-RF, and DE-REF, the input features are centered by its mean and scaled by its Std.
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2.2.4 Cross-Validation and Performance Evaluation

As a way to ensure out-of-sample generalization, the k-fold cross-validation can be employed. In this process, the data
is randomly split into k subsets approximately of the same size, and while k-1 folds are used for training the model, the
remaining fold is separated and used to validate the consequent model, resulting in an accuracy. This process is repeated
k times, until all folds are used k-1 times for training and once for validation. The arithmetic mean is obtained from
these k validations accuracy. In this paper, the number of cross-validation partitions, k, was defined as 10. For statistical
confidence, the training and testing process is repeated 30 independent runs with the dataset randomly permuted in each
run before splitting in training and testing subsets.

In this paper, the accuracy of the trained model is accessed through the MSE, which is computed as follows,

n

1
MSE =~ (i —5)*, 1)

=1

where n represents the number of observations, y; and ¢; are the i-th observed and predicted values, respectively. Figure
1 presents the roadmap of proposed data analysis.
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Figure 1: Roadmap of proposed framework
3. RESULTS

This section describes the main results obtained by proposed predictive modeling. Table 2 presents the results for the
performance evaluation of each model, where best accuracy is highlighted in bold.

Table 2: Results of the ensemble learning models in terms of MSE (30 runs) in the prediction of the HL and CL.

Output
Indicator HL CL
PCA-RF DE-RF RF PCA-RF DE-RF RF
Minimum 0.5016 0.2201 0.2510 2.8294 2.4948 29671
Median 0.5911 0.2352 0.2675  3.1833 2.8521 3.2089
Average 0.6128 0.2365 0.2675  3.1490 2.8426 3.2166
Maximum  0.8146 0.2566 0.2945  3.5681 3.1132 3.5126

Considering the HL, the best predictive model is the DE-RF, which uses DE for feature selection and RF to predict
the output variable. In terms of average accuracy over 30 independent runs, this approach is able to enhance the accuracy,
where the improvement in the performance is 61.41% and 11.58% regarding PCA-RF, and RF, respectively. On the other
hand, for CL variable, the same results are achieved, where again, DE-RF provide better accuracy in terms of MSE,
regarding to compared models. In fact, the improvement in the performance is 9.73% and 11.63% regarding to PCA-RF,
and RF, respectively.
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Figures 2 and 3 illustrate the scaled feature importance of each feature selected by the DE algorithm and used by RF
ensemble learning model to predict the HL, and CL, respectively. Considering the computed features, for both cases,
the feature base on Glazing area (X7) has high importance compared with remain features, especially, exponential or
order two and three for HL. and CL. Also, the hyperbolic tangent and median features are important to predict HL and
CL, respectively. Considering the original dataset features (X; to Xg), for HL the most important features are relative
compactness (X1), overall height (X5), and glazing area distribution (Xg). Moreover, to predict CL, roof area (X,) and
glazing area distributions are the most influential.
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Figure 2: Feature Importance for HL
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Figure 3: Feature Importance for CL

According to Friedman test, there is statistically difference between the MSE for three adopted approaches for the
CL and HL variables (x3 = 60, p-value < 0.05). Figure 4 illustrates the comparisons between three approaches obtained
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through Nemenyi post-hoc test. In this representation, those models that are not joined by a line can be regarded as
different (Demsar, 2006). Moreover this information corroborates with results point out in Table 2.

CL HL
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Figure 4: Critical differences (CD) plots for different evaluated models.

The observed versus predicted HL (right) and CL (left) are depicted in Figure 5. While for HL output, the proposed
framework which combines FE, FS, and ensemble learning model can capture the data variability, for the CL, this model

had difficulty.
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Figure 5: Observed versus Predicted values for CL (left) and HL (right) variables

4. CONCLUSION

In this paper was evaluated an ensemble learning model, specifically RF model to predict the energy efficiency of
residential buildings in terms of HL and CL considering different inputs. To achieve the best accuracy, FE and FS were
coupled with the RF model. The DE optimization algorithm was employed to perform feature selection, and PCA to
perform the dimensional reduction. In this respect, the models DE-RF, PCA-RF, and RF were compared in terms of MSE
to predict HL and CL.

The results illustrate that the proposed model can achieve good performance to predict the energy efficiency of residen-
tial buildings. In a broader perspective, the DE-RF outperforms PCA-RF and RF models in terms of MSE, which shows
that perform feature selection through the optimization process is a promising approach. Moreover, through Friedman
and Nemenyi post-hoc tests, it is possible to infer that DE-RF model has statistically smaller errors than PCA-RF and
RF. As future research is desirable (i) to coupling stacking ensembles with DE for feature selection, (ii) to adopt different
metaheuristics for FE such as the proposed by Thom de Souza et al. (2020).
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