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Abstract
Building energy management increasingly utilises Ma-
chine Learning (ML) to use data from sensor-rich envi-
ronments. A significant challenge in this context is man-
aging high-dimensional data, which can affect model per-
formance. This study addresses this by applying multi-
target feature selection, an underexplored method that re-
duces dimensionality by analysing inter-feature relation-
ships. From 182 features, two were key for developing
three ML models predicting the energy and thermal perfor-
mance of the HiLo living lab. These models achieved a ro-
bust fit with an average Root Mean Squared Error (RMSE)
of 0.18 kW and 1.03 °C, demonstrating multi-target fea-
ture selection’s effectiveness in enhancing building perfor-
mance predictions.

Introduction
Buildings, accounting for 36% of global energy consump-
tion, play a key role in the transition towards a more sus-
tainable energy grid (United Nations Environment Pro-
gramme, 2021). With the projected increase in the elec-
trification of many end-use sectors and the broader inte-
gration of renewable energy sources, the focus shifts from
supply-side to demand-side flexibility in grid operations.
This shift is crucial for buildings to contribute significantly
to decarbonisation targets by managing their energy con-
sumption and generation dynamically, a concept known as
energy flexibility (Li et al., 2022).
In this evolving landscape, buildings are expected to pro-
vide nearly half of the flexible demand capacity by 2030.
This transformation is accelerated by the ’Internet of
Things’, which has increased the use of sensors in Heat-
ing, Ventilation and Air-Conditioning (HVAC) systems in
buildings, resulting in the generation of vast amounts of
data (Kathirgamanathan et al., 2019). However, these data
are often high-dimensional, which creates challenges for
Machine Learning (ML) algorithms due to the presence of
irrelevant, redundant or noisy features that can slow down
the learning process and degrade performance. Feature se-
lection is recognised as a crucial method for reducing di-
mensionality. It involves choosing a subset of relevant fea-
tures based on certain criteria, thereby simplifying model
interpretation and decreasing memory usage, computa-
tional costs and learning time (Hashemi et al., 2021). Fur-
thermore, should these models be applied in real buildings,

the careful selection of sensors through feature selection
would necessitate only essential sensors. Such efficient
sensor usage would enhance economic viability and con-
serve critical raw materials, thereby supporting resource
efficiency and circularity in buildings by reducing sensor
network requirements.
In feature selection, a distinction is made between single-
target and multi-target data. While single-target data in-
volves predicting one output per sample, multi-target data
consists of samples with multiple outputs, where the cor-
relation between features and these outputs determines
feature relevancy. This distinction directly influences the
choice and application of feature selection methods. Ac-
cording to Hashemi et al. (2021) and as shown in Fig-
ure 1, feature selection methods can be broadly categorised
into search methods and supervision methods, with search
methods being often designed with single-target problems
in mind.
On the other hand, supervision methods can address both
single-target and multi-target feature selection. Within
supervised ML algorithms, multi-target feature selection
methods can be further divided into binary transformation
and algorithm adaptation. Binary transformation initially
converts multi-target data into several independent single-
target data and then evaluates features for each target sep-
arately. However, this method may overlook the correla-
tions between different targets (Masmoudi et al., 2020).
In contrast, algorithm adaptation is specifically designed
for multi-target data and aims to preserve and utilise these
inter-target relationships.
Recent years have seen the development of various single-
target feature selection methods, with numerous studies
evaluating their application in ML models related to build-
ing controls (e.g. Olu-Ajayi et al., 2023; Kathirgamanathan
et al., 2019; Zhang and Wen, 2019). Yet, real-world com-
plexities often require addressing multi-target problems,
especially in buildings where simultaneous prediction of
multiple targets is common. Despite their significance,
multi-target feature selection methods have received lim-
ited attention in research, both generally and within the
built environment. While some studies have explored bi-
nary transformation for multi-target issues, to the best of
the authors’ knowledge, research on algorithm adaptation
in this area is notably lacking. This study set out to fill this
gap by comparing multi-target feature selection methods,
with a particular focus on algorithm adaptation in data-




