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a
b
c

NOVA IMS, Universidade Nova de Lisboa, 1070-312 Lisboa, Portugal
Instituto Tecnológico de Tijuana, Tijuana 22500, Mexico
University of Ljubljana, Faculty of Economics, Kardeljeva ploščad 17, 1000 Ljubljana, Slovenia

a r t i c l e

i n f o

Article history:
Received 16 December 2014
Received in revised form 7 April 2015
Accepted 1 May 2015
Available online 19 May 2015
Keywords:
Energy consumption
Heating load
Cooling load
Genetic programming
Machine learning

a b s t r a c t
Energy consumption has long been emphasized as an important policy issue in today’s economies. In
particular, the energy efﬁciency of residential buildings is considered a top priority of a country’s energy
policy. The paper proposes a genetic programming-based framework for estimating the energy performance of residential buildings. The objective is to build a model able to predict the heating load and
the cooling load of residential buildings. An accurate prediction of these parameters facilitates a better
control of energy consumption and, moreover, it helps choosing the energy supplier that better ﬁts the
energy needs, which is considered an important issue in the deregulated energy market. The proposed
framework blends a recently developed version of genetic programming with a local search method and
linear scaling. The resulting system enables us to build a model that produces an accurate estimation
of both considered parameters. Extensive simulations on 768 diverse residential buildings conﬁrm the
suitability of the proposed method in predicting heating load and cooling load. In particular, the proposed
method is more accurate than the existing state-of-the-art techniques.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Energy consumption of buildings has received increasing interest in today’s economies. As buildings represent substantial
consumers of energy worldwide, with this trend increasing over
the past few decades due to rising living standards, this issue
has drawn considerable attention from various stakeholders (e.g.
inhabitants, policy makers, industry). As reported in [1], from 1994
to 2004, building energy consumption in Europe and North America has increased at a rate of 1.5% and 1.9% per year, respectively.
An even bigger increase has characterized the energy market in
China, where building energy consumption has increased at more
than 10% per year for the past 20 years [2]. The high level of
building energy consumption and the steady increase in building
energy demand require the design of energy efﬁcient buildings and
an improvement of their energy performance. Another important
aspect is the effect of this continuous increase of energy consumption on the environment. According to a report of the United
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Nations Environment Program (UNEP) [3] buildings use about 40%
of global energy, 25% of global water and 40% of global resources.
In many countries, there is a real danger that, as a consequence of
global warming and climate change (including growing reliance on
air-conditioning) energy demand and CO2 emissions will increase
even further [4]. In an effort to reduce the impact of building energy
consumption on the environment, the European Union has recently
adopted a directive (European Directive 2002/91/EC [5]) requiring
European countries to conform to appropriate minimum requirements regarding energy efﬁciency.
With regard to residential buildings, the largest part of the
energy consumption is due to the use of so-called heating, ventilation and air-conditioning (HVAC) systems. As reported in [6],
one way to alleviate the ever increasing demand for additional
energy supply is to have more energy-efﬁcient building designs
with improved energy conservation properties. Ensuring that the
right HVAC system is installed in a building is critical not only
for providing consistent indoor comfort for families, but also for
saving energy, which can be wasted by either a too-large or toosmall system. Consumers and designers should have an idea of
the approximate area a given piece of HVAC equipment might be
expected to heat or cool under ideal conditions. For this aim, a correct estimation of the heating load (HL) and the cooling load (CL)
is extremely important to achieve an efﬁcient HVAC design for
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buildings. The HL is the amount of heat energy that would need to
be added to a space to maintain the temperature in an acceptable
range and the CL is the amount of heat energy that would need to be
removed from a space (cooling) to maintain the temperature in an
acceptable range. The HL and CL, also known as thermal loads, take
into account the building’s construction and insulation (including
ﬂoors, walls, ceilings and roof) and the building’s glazing and skylights (based on size, performance, shading and overshadowing).
Reliable estimations of HL and CL are of paramount importance
and can have a serious impact on economy, since mistakes in these
estimations may imply a waste of energy. Nevertheless, accurately
predicting HL and CL is a difﬁcult task. Most HVAC designs are still
nowadays based on the personal advice of an HVAC professional,
which has a subjective component and thus may be prone to errors.
In such a perspective, reliable computational tools for accurately
predicting HL and CL are much in demand, and this is the main
motivation for the present work.
As discussed in [1], in the process of designing energy efﬁcient
buildings, it is important for architects, engineers and designers
to identify which parameters will signiﬁcantly inﬂuence future
energy demand. After the identiﬁcation of these parameters, architects and building designers usually need simple and reliable
methods for rapidly estimating building energy performance, so
that they can optimize their design plans. In recent years, several methods have been proposed for modeling building energy
demand. The proposed methods range from traditional regression
methods [7,8], to more complex machine learning techniques like
artiﬁcial neural networks (ANNs) [9–11]. While the proposed techniques have shown good results, they present problems that often
prevent designers and architects from using them. For instance, the
performance of ANN models is strongly dependent from the design
of the network’s architecture, which is usually carried out in an
ad-hoc and manual way.
In this paper, we propose a machine learning framework to
predict the HL and the CL of a large set of residential buildings.
The framework uses data related to eight input variables (relative compactness, surface area, wall area, roof area, overall height,
orientation, glazing area, glazing area distribution) to construct
predictive models. The dataset used to assess the performance of
the proposed method is the same as in [6]. While the methods
described in [6] represent the state-of-the-art for the prediction of
building energy consumption, we show that it is possible to develop
a system able to achieve better results. The proposed approach
combines a recently deﬁned variant of genetic programming that
integrates semantic awareness in the search process, with a local
search method and a linear scaling technique.
The paper is organized as follows: Section 2 presents an
overview of standard genetic programming and shows how
genetic programming can be used to address a symbolic regression problem. Section 3 presents the geometric semantic genetic
programming algorithm used in this work. Sections 4 and 5, respectively, describe the local search method and the linear scaling
technique. Section 6 describes the dataset that has been used, the
experimental settings and provides a detailed discussion of the
obtained results. Furthermore, a comparison between the proposed
system and other state-of-the-art methods is presented. Finally,
Section 7 concludes the paper summarizing the contributions of
this work.

Fig. 1. The GP algorithm.

evolution. Generation by generation, GP stochastically transforms
populations of programs into new, hopefully improved, populations of programs. The quality of a solution is expressed by using an
objective function (also called ﬁtness function). The search process
of GP is graphically depicted in Fig. 1.
In order to transform a population into a new population of
candidate solutions, GP uses particular search operators called
genetic operators. Considering the common tree representation of
GP individuals [12], the standard genetic operators (crossover and
mutation) act on the structure of the trees that represent the candidate solutions. In other terms, standard genetic operators act on
the syntax of the programs. In this paper, we use genetic operators that, differently from the standard ones, are able to act at the
semantic level. The deﬁnition of semantics used in this work is the
one also proposed in [13] and will be discussed in the next section.
However, to understand the differences between the genetic
operators used in this work and the ones used in the standard
GP algorithm, the latter are brieﬂy described here. The standard
crossover operator is traditionally used to combine the genetic
material of two parents by swapping a part of one parent with a part
of the other. More in detail, after choosing two individuals based
on their ﬁtness, the crossover operator selects a random subtree
in each parent and swaps the selected subtrees between the two
parents. The mutation operator introduces random changes in the
structures of the individuals in the population. The traditional and
mostly used mutation operator, called sub-tree mutation, works by
randomly selecting a point in a tree, removing whatever is currently
at the selected point and whatever is below the selected point and
inserting a randomly generated tree at that point. This operation is
controlled by a parameter that speciﬁes the maximum size (usually
measured in terms of tree depth) for the newly created subtree that
is to be inserted.
2.1. Symbolic regression with genetic programming
In symbolic regression, the goal is to search for the symbolic
expression T O : Rp → R that best ﬁts a particular training set T =
{(x1 , t1 ), . . ., (xn , tn )} of n input/output pairs with xi ∈ Rp and ti ∈ R.
The general symbolic regression problem can then be deﬁned as
O

(T O ,  ) ← arg min f (T (xi , ), ti ) with i = 1, . . ., p
2. Genetic programming
Genetic programming (GP) [12] is a computational method that
belongs to the computational intelligence research area called evolutionary computation. GP consists in the automated learning of
computer programs by means of a process inspired by biological

(1)

T ∈G;∈Rm

where G is the solution space deﬁned by the primitive set P (functions and terminals), f is the ﬁtness function based on the distance
(or error) between a program’s output T(xi , ) and the expected,
or target, output ti , and  is a particular parametrization of the
symbolic expression T, assuming m real-valued parameters.
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In standard GP, parameter optimization is usually not performed explicitly, since GP search operators only focus on syntax.
Therefore, the parameters are only implicitly considered. However,
recent works have begun to address this issue; for instance in [14]
a non-linear numerical optimizer is used to tune the parametrization of the evolved programs, achieving substantial improvements
in terms of convergence speed and solution quality. This is the view
taken in this work, and while previous works have included parameter optimization for a standard GP search [14], this work applies
it to a new GP variant called geometric semantic GP (GSGP), which
is described next.
3. Geometric semantic operators
Despite the large number of human-competitive results
achieved by GP [15], researchers continue to investigate new methods to improve GP’s performance and optimization power. In recent
years, one of the emerging ideas is to integrate semantic awareness in the evolutionary process performed by GP. While several
studies exist (i.e. [16,17]), the deﬁnition of semantics is not unique
and this concept can be interpreted in different ways and under
different perspectives [18]. In this work, we use the most common and widely accepted deﬁnition of semantics in GP literature:
the semantics of a program Ti is deﬁned as the vector of outputs
si = [Ti (x1 ), Ti (x2 ), . . ., Ti (xn )] obtained after executing the program
(or candidate solution) on a set of training data T [13].
While the semantics of a program determines what a program
actually does, traditional genetic operators manipulate programs
by only considering their syntax. Hence, traditional GP operators
ignore the information regarding the behavior of programs provided by their semantics. The drawback of this choice is that it is
difﬁcult (or even impossible) to predict the effect that modiﬁcations
of the syntax will have on the semantics of programs. To overcome
this limitation, new genetic operators that act on the semantics of
programs have been recently proposed [13].
Consider the typical GP problem of ﬁnding a function that maps
input data into known target outputs (as we said, regression and
classiﬁcation are particular cases). The ﬁtness of an individual for
this problem is typically a distance between its predicted output
values and the expected ones, i.e. an error measure. In this sense,
the optimal solution will have an error equal to zero; i.e. the optimal, or target, semantics is the vector of desired outputs t = [t1 , t2 ,
. . ., tn ]. Hence, there is a single global optimum toward which the
search is expected to progress [19]. Geometric semantic operators
deﬁne transformations on the syntax of the individuals that have
precise consequences on the semantics of the produced offspring.
For instance, offspring are guaranteed to have semantics that are
contained within a local neighborhood of the semantics of the parent(s). It has been proven that geometric semantic operators are
able induce a unimodal ﬁtness landscape [19] on any problem consisting in ﬁnding the match between a set of input data and a set of
expected target ones. In this paper, we will consider the deﬁnition
of geometric semantic operators for real functions, since these are
the operators we will use in the experimental phase. In particular,
geometric semantic crossover (GSC) generates the expression
TXO = (T1 · TR ) + ((1 − TR ) · T2 )

(2)

as the unique offspring of parents T1 , T2 : Rn → R, where TR is a
random real function whose output values range in the interval
[0, 1]. Analogously, geometric semantic mutation (GSM) returns the
expression
TM = T + ms · (TR1 − TR2 )

(3)
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Moraglio et al. [13] show that GSC corresponds to geometric
crossover in the semantic space (i.e. the point representing the offspring stands on the segment joining the points representing the
parents) and GSM corresponds to ball mutation in the semantic
space (and thus induces a unimodal ﬁtness landscape). As Moraglio
et al. point out, these operators create much larger offspring than
their parents and the fast growth of the individuals in the population rapidly makes ﬁtness evaluation unbearably slow. In [20,21],
a possible workaround to this problem was proposed, consisting
in an implementation of Moraglio’s operators that makes them not
only usable in practice, but also very efﬁcient. This implementation
is based on the idea that, besides storing the initial trees, at every
generation it is enough to maintain in memory, for each individual,
its semantics and a reference to its parents. As shown in [20], the
computational cost of evolving a population of n individuals for g
generations is O(ng), while the cost of evaluating a new, unseen,
instance is O(g).
The GP algorithm that uses geometric semantic operators to produce new candidate solutions will be called geometric semantic
GP (GSGP) from now on. GSGP can be used to build arbitrary function approximations using a series of incremental steps, through
crossover and mutation. This contrasts, for instance, with the
well-known multi-layered perceptron (MLP), that takes a holistic approach, where the general solution form (topology of the
network) is deﬁned a priori, and the learning algorithm has the
objective of optimizing the internal connection weights. This is
basically the difference between a bottom-up approach of locally
optimal incremental improvements (GSGP) and a top-down global
approach (MLP). There are of course incremental ways for building
MLPs, such as the popular NEAT algorithm [22], but a comparison
and analysis of such methods is beyond the scope of this work.
4. Local search in geometric semantic operators
In this work, we integrate a local search (LS) strategy within
GSGP. In particular, we include a local searcher within the GSM
mutation operator, since previous works have shown that GSGP
often achieves its best performance using only mutation [23]. In
particular, the GSM with LS (GSM-LS) of a tree T generates an individual:
TM = ˛0 + ˛1 · T + ˛2 · (TR1 − TR2 )

(4)

where ˛i ∈ R and ˛2 replaces the mutation step parameter ms
deﬁned in Eq. (3). This in fact deﬁnes a basic multivariate linear
regression problem, which could be solved, for example, by Ordinary Least Square regression (OLS). However, in this case we have
n linear equations, the number of ﬁtness cases, and only three
unknowns (˛1 , ˛2 and ˛3 ). This gives an overdetermined multivariate linear ﬁtting problem, which can be solved through SVD.1
We argue that this should be seen as a LS operator, that attempts
to determine the best linear combination of the parent tree and the
random trees used to perturb it. In this context, the term local is
used in the perspective of the linear problem posed by the GSM
operator. In some senses, this approach contrasts with previous
work [14], that relied on a non-linear local optimizer, since the linear assumption is mostly not satisﬁed by the expression evolved
with standard GP and the corresponding parametrization. On the
other hand, in this new approach, it is simple to apply a linear
regression optimizer, given that the GSM operator deﬁnes a linear
expression in the parameter space.
The idea of including a LS method is based on a very simple
observation related to the properties of the geometric semantic

Rn

as the result of the mutation of an individual T :
→ R, where TR1
and TR2 are random real functions with codomain in [0, 1] and ms
is a parameter called mutation step.

1
In this work, the GNU Scientiﬁc Library is used http://www.gnu.org/software/
gsl/.
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operators: while these operators are effective in achieving good
performance with respect to standard syntax-based operators, they
require a lot of generations to converge to optimal solutions. Including a local search method, we expect to improve the convergence
speed of the search algorithm.

Table 1
Features and number of their possible values

5. Linear scaling
Linear scaling, ﬁrst introduced for improving GP in symbolic
regression in [24], consists in modifying the ﬁtness function by
calculating the slope and intercept of the formula coded by a GP
individual. Given that yi = T(xi ) is the output of the GP individual T
on the input xi , linear scaling calculates the following expressions:
i=1

[(yi − ȳ)(ti − t̄)]

m

i=1

Number of possible values

Relative compactness
Surface area
Wall area
Roof area
Overall height
Orientation
Glazing area
Glazing area distribution
Target variable representing
the heating load (HL)
Target variable representing
the cooling load (CL)

12
12
7
4
2
4
4
6
586

Y2

636

(5)

(ti − t̄)

a = t̄ − bȳ

(6)

where m is the number of ﬁtness cases (i.e. the number of instances
in the training set) [25] and ȳ and t̄ denote the average output and
the average target value, respectively. These expressions respectively calculate the slope and intercept of a set of outputs y, such
that the sum of the squared errors between t and a + by is minimized. After this, any error measure can be calculated on the scaled
formula a + by, for instance the Root Mean Square Error (RMSE):



RMSE(t, a + by) =

Description

X1
X2
X3
X4
X5
X6
X7
X8
Y1

m
(a + byi
i=1

− ti )

2

(7)

m

If a is different from 0 and b is different from 1, the procedure
outlined above is guaranteed to reduce the RMSE for any formula
y = T(xi ) [24]. In all the experiments discussed in this paper, a and b
have always been calculated using only training data. Then, these
values of a and b have been used to calculate the re-scaled RMSE
on unseen test data. In this way, the cost of calculating the slope
and intercept is linear in the size of the training set. By efﬁciently
calculating the slope and intercept for each individual, the need to

Training MAE (Y1)

(a)

6
5

GSGP
HYBRID
HYBRID−LIN

4
3
2

search for a and b is removed from the GP run. GP is then free to
search for that expression whose shape is most similar to that of
the target function. The efﬁcacy of linear scaling in GP for many
symbolic regression problems has been widely demonstrated [24].
6. Experimental study
In this section we report the experimental settings and the
results achieved with the proposed GP framework. We also compare the results obtained with the ones reported in [6], where
the same dataset has been considered. Section 6.1 reports a brief
description of the dataset. Section 6.2 describes the experimental
settings and details to allow practitioners to replicate our work.
Finally, Section 6.3, discusses the obtained results.
6.1. Data
To test the proposed GP framework, we used the same data as
in [6]. In particular, the dataset consists of eight independent variables (or features) and 768 instances. Each instance is related to a
particular building. The features are reported in Table 1.

(b)

1
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Number of Generations

4
3
2

0

2000

(d)

6

500
1000
1500
Number of Generations

2000

500
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1500
Number of Generations

2000

7
6

5
4
3
2
1
0

5

1

Test MAE (Y2)

Training MAE (Y2)

(c)

7
6

Test MAE (Y1)

m

b=

Features

5
4
3
2
1

500
1000
1500
Number of Generations

2000

0

Fig. 2. Training and test MAE for the two targets: Y1 (HL) and Y2 (CL). The plots show the median over 100 runs.
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6

GSGP
HYBRID
HYBRID−LIN

4
2
0

500
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1500
Number of Generations

6

(d)

2

500
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1500
Number of Generations

2000

500
1000
1500
Number of Generations

2000

30
25

Test MRE (Y2)

25
20
15
10
5
0

4

0

2000

(c) 30
Training MRE (Y2)

(b)
Test MRE (Y1)

Training MRE (Y1)

(a) 8
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20
15
10
5

500
1000
1500
Number of Generations

0

2000

Fig. 3. Training and test MRE for the two targets: Y1 (HL) and Y2 (CL). The plots show the median over 100 runs.

6.2. Experimental settings
Three different GP systems are compared: GSGP, GSGP with
local search (HYBRID) and a third system that uses the HYBRID

Training MSE (Y1)

(a) 30
25

GSGP
HYBRID
HYBRID−LIN

20
15
10

approach integrated with linear scaling (HYBRID-LIN). Moreover,
the GP systems were also compared to a set of state-of-the-art
machine learning techniques used in [6]. For all the studied systems, we estimate the HL and CL values using a 10-fold cross
validation with 100 repetitions. For all the 100 runs, the dataset
is randomly split into a training subset with which the learner is
trained, and a testing subset used to assess the learner’s generalization performance. Typically some percentage of the data is left out
for testing the learner, and this is known as K-fold cross validation.

(b) 30
25
Test MSE (Y1)

For additional details about the dataset, the reader is referred
to [6]. The dataset is freely available at the UCI machine
learning
repository
(http://archive.ics.uci.edu/ml/datasets/
Energy+efﬁciency).
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(c)
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2000
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Fig. 4. Training and test MSE for the two targets: Y1 (HL) and Y2 (CL). The plots show the median over 100 runs.
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Table 2
Training and test error of the three semantic-based genetic programming systems.
Medians over 100 runs are reported.
Training MAE

HL
CL

Test MAE

GSGP

HYBRID

HYBRID-LIN

GSGP

HYBRID

HYBRID-LIN

1.12
1.29

1.09
1.20

0.38
0.97

1.31
1.47

1.26
1.37

0.51
1.18

TRAINING MRE

HL
CL

TEST MRE

GSGP

HYBRID

HYBRID-LIN

GSGP

HYBRID

HYBRID-LIN

0.96
4.86

0.91
4.92

0.43
3.40

1.13
5.55

1.09
5.58

0.62
4.15

TRAINING MSE

HL
CL

TEST MSE

GSGP

HYBRID

HYBRID-LIN

GSGP

HYBRID

HYBRID-LIN

0.60
2.60

0.46
2.44

0.22
2.16

1.02
3.61

0.78
3.38

0.47
3.33

In this study, as in [6], K is equal to 10. Hence, the training set is
used to build the predictive model and the test set is used to assess
the performance of the model on unseen examples.
Regarding the GP systems, all the runs used populations of 200
individuals [26] allowed to evolve for 2000 generations. Tree initialization was performed with the Ramped Half-and-Half method
[12] with a maximum initial depth equal to 6. The function set contained the arithmetic operators, including protected division as in
[12]. The terminal set contained a number of variables that corresponds to the number of features in the dataset. Mutation has
been used with probability equal to 1 and no crossover was used.
Survival from one generation to the other was always guaranteed
to the best individual of the population (elitism). For GSM, a random mutation step has been considered in each mutation event,
as suggested in [23]. Regarding the HYBRID and HYBRID-LIN systems, GSM-LS has been used in the ﬁrst 200 generations, while in
the remaining generations the standard GSM was employed. We
decided to limit the number of generations where the local search
has been used in order to prevent overﬁtting.
Regarding the state-of-the-art machine learning techniques, we
referred to the results reported in [6] where the same analysis, on
the same dataset, has been performed. In detail, authors of [6] used
two machine learning techniques for predicting the HL and the CL
of a set of residential buildings. The two machine learning techniques are iteratively reweighted least squares (IRLS) and random
forests (RF). Authors of [6] studied the performance of the machine
learning techniques over three different measures of error and, in
this work, we also use the same measures. In particular, these three
measures are the mean absolute error (MAE), the mean square error
(MSE), and the mean relative error (MRE), where:
MAE =

1
|ti − yi |
N

(8)

1
|ti − yi |2
N

(9)

i∈Q

MSE =

i∈Q

MRE = 100 ·

1  |ti − yi |
N
ti

(10)

i∈Q

where yi = T(xi ) is the output of the GP individual T on the input xi
and ti is the target value for the instance xi . N denotes the number of
samples in the training or testing subset, and Q contains the indices
of that set.

Table 3
Comparison between errors obtained on unseen examples with different techniques. Three different error measures and two prediction tasks are considered. For
all the considered techniques we reported 10th, 25th, 50th, 75th and 90th percentile.
Bold is used to denote the best (i.e. lower) median value among the considered
techniques.
GSGP

HYBRID

HYBRID-LIN

MAE HL
10th
25th
50th
75th
90th

IRLS

RF

1.19
1.26
1.31
1.34
1.47

0.91
1.14
1.26
1.35
1.40

0.44
0.49
0.51
0.56
0.67

2.14
2.14
2.14
2.22
2.52

0.49
0.49
0.51
0.57
0.64

MAE CL
10th
25th
50th
75th
90th

1.31
1.38
1.47
1.61
1.73

1.12
1.24
1.37
1.48
1.61

1.08
1.14
1.18
1.24
1.33

2.19
2.20
2.21
2.25
2.50

1.31
1.40
1.42
1.46
1.61

MRE HL
10th
25th
50th
75th
90th

1.02
1.07
1.13
1.20
1.25

0.87
1.00
1.09
1.12
1.19

0.50
0.52
0.62
0.65
0.72

9.84
9.86
9.87
9.96
10.09

0.99
1.02
1.03
1.08
1.26

MRE CL
10th
25th
50th
75th
90th

5.01
5.30
5.55
5.94
6.42

4.83
5.26
5.58
5.97
6.57

4.02
4.05
4.15
4.45
4.66

10.67
11.05
11.46
11.66
12.09

6.12
6.43
6.59
7.06
7.17

MSE HL
10th
25th
50th
75th
90th

0.75
0.82
1.02
1.27
1.45

0.63
0.69
0.78
0.94
1.17

0.33
0.37
0.47
0.49
0.53

9.30
9.74
10.09
10.69
10.99

1.85
2.07
2.18
2.24
2.61

MSE CL
10th
25th
50th
75th
90th

2.82
3.41
3.61
3.86
4.27

2.84
3.06
3.38
3.67
3.94

2.71
3.079
3.33
3.50
3.69

8.58
9.08
9.41
10.08
10.93

4.14
4.51
4.62
4.810
5.19

6.3. Experimental results
In this section, we report and discuss the obtained results. In
particular, we start by comparing the performance of the three GP
systems. The objective of this study is to check whether the inclusion of a local search algorithm and the use of linear scaling are
beneﬁcial for improving the performance of the algorithm. Results
are reported in Figs. 2–4. In all the plots we report the median error
calculated over the 100 independent runs. As it is possible to see, for
all the error measures, HYBRID is able to outperform GSGP on both
training and test instances. In particular, HYBRID requires a smaller
number of generations to reach good quality solutions. Moreover,
HYBRID-LIN is even better that HYBRID. Hence, using linear scaling
in conjunction with local search and geometric semantic operators
is an appropriate approach for the problem at hand.
Results shown in Figs. 2–4 are summarized in Table 2.
To analyze the statistical signiﬁcance of these results, a set of
tests has been performed on the median errors. As a ﬁrst step, the
Kolmogorov–Smirnov test has shown that the data are not normally
distributed and hence a rank-based statistic has been applied. Successively, the Wilcoxon rank-sum test for pairwise data comparison
(with Bonferroni correction) has been used under the alternative
hypothesis that the samples do not have equal medians. According
to this test, results produced by HYBRID-LIN are always consistently
statistically better (i.e. with lower errors) than the ones produced
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Fig. 5. Test error for the two targets: Y1 (HL) and Y2 (CL). The plots show the median over 100 runs. On each box, the central mark is the median, the edges of the box are
the 25th and 75th percentiles, and the whiskers extend to the most extreme data points not considered outliers.

by GSGP on both training and test instances. Regarding the HYBRID
system, the performance is comparable to or better than the one of
GSGP. In detail, results on unseen instances are comparable except
for the prediction of CL using MSE as error measure. In this case, the
HYBRID system outperforms GSGP. On the training instances, the
two techniques perform in a comparable way, except for the prediction of HL when MAE and MSE are the error measures. In these
cases, the HYBRID system outperforms GSGP. Finally HYBRID-LIN
produces results that are statistically better than the ones achieved
with the HYBRID system, except for the prediction of CL on unseen
instances using MAE and MSE as error measures (p-value = 0.066
and p-value = 0.305, respectively).
To summarize, the proposed idea for improving the performance of GSGP is effective. In particular, the use of a local search
method allows GSGP to converge in a smaller number of generations, while the integration of linear scaling and local search allows
GSGP to converge in a small number of generations and also to
produce quantitatively better results.
To conclude this section, we report in Table 3 the results
achieved on the out-of-sample instances with the HYBRID-LIN
system and the results obtained with the machine learning techniques studied in [6]. Finally, Fig. 5 reports the boxplots of the
error on unseen instances for each one of the considered error
measures and for all the studied techniques. On each box, the
central mark is the median, the edges of the box are the 25th and
75th percentiles, and the whiskers extend to the most extreme
data points not considered as outliers. As it is possible to see, the
proposed HYBRID-LIN system produces better results than the
other considered techniques for all the studied error measures.

This is an important results, considering that the techniques used
in [6] represent the state-of-the-art for the prediction of HL and CL.
7. Conclusions
Optimizing energy performance is considered a crucial step for
policy makers in various economies across the globe. In this work,
an artiﬁcial intelligence system for the prediction of energy performance of residential buildings has been proposed. The system
(called geometric semantic genetic programming, or GSGP) is based
on a variant of the genetic programming (GP) algorithm. In particular, GSGP uses genetic operators, called geometric semantic
operators, that exploit semantic awareness. In this work, we have
integrated GSGP with two additional components: a local searcher
and linear scaling. The utilization of a local searcher is motivated by
the attempt to improve the convergence speed of GSGP. The integration of the local searcher with linear scaling is motivated by the
attempt to achieve greater effectiveness [24]. To assess the performance of the resulting system (called HYBRID-LIN) a large set of
experiments has been performed. In particular, the same dataset
used in the previous study [6] has been used. The objective of the
predictive models, built with the proposed system, is the prediction
of the heating load and cooling load of a set of residential buildings. Experimental results, where three different error measures
have been considered, have shown the suitability of the proposed
system. In particular, the proposed system outperforms existing
state-of-the-art techniques. To summarize, the paper provides two
contributions: from the point of view of the energy performance
prediction, a system able to outperform existing state-of-the-art
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techniques has been deﬁned; from the machine learning perspective, this case study has shown that integrating a local searcher and
linear scaling in GSGP can speed up the convergence of the search
process.
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