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Abstract

Starting in 2007, EU set energy efficiency improvement targets in sectors
with high energy-saving potential such as buildings. ICT allows innovative
opportunities for energy consumption forecast to integrate with new control
policies such as Demand/Response and Demand Side Management to reduce
energy waste. However, such technologies must overcome challenges such as the
lack of accurate historic data required for predictions.

This article proposes an innovative methodology supporting the energy man-
agement of HVAC systems, through Smart Building indoor air-temperature fore-
cast. The applicability of innovative neural networks for time-series predictions
is explored. These neural networks are first trained on an artificial but realistic
dataset based on BIM simulations with real meteorological data. The inference
phase is then carried out on a second dataset collected by IoT devices. Finally,
Transfer Learning techniques are exploited to improve the performances predic-
tions. Fanger’s model is applied to validate results, showing consistent levels of
accuracy and comfort.
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1. Introduction

In the European Union (EU), more than 40% of the overall energy consump-
tion and about 36% of total pollution is attributable to buildings, as reported
by the European Union Directive on the Energy Performance of Buildings [1].
Furthermore, with this sector undergoing a constant expansion, its energy con-
sumption and CO, emissions are also consistently rising [I]. The need to reduce
this energy consumption is therefore mandatory, in order to both reduce the con-
sistent increase in request for electricity and also the impact this sector has on
climate change. As a result, research has been increasingly driven towards the
design and implementation of buildings (either already existing or new ones)
even more energy-efficient, moving forward to the Smart Building view [2].

With a large number of buildings which continue to use centralized heating
systems with out-of-date control strategies, this sector still has significant room
for improvement in energy management [3]. The Heating, Ventilation and Air
Conditioning (HVAC) systems are responsible for almost half of the total energy
consumption in buildings. The functioning of these systems is driven mainly by
the indoor air-temperature, with the cooling system being acted upon in the
summer and the heating system in the winter. The availability of a good in-
door air-temperature prediction system, capable of effectively considering all
variables affecting it, such as building occupancy, environmental conditions and
season change, can give an important contribution towards smart energy man-
agement applications for building HVAC systems, which in turn can improve
the building’s energy efficiency. For example, effective indoor air-temperature
prediction systems can allow to forecast in advance the energy required and cost
and it can be used as input for load forecasting problems [4].

The benefits of such applications can further be expanded when applied to

buildings supplied by a district heating system, since then can allow a bal-



ancing of the energy demand and a more efficient planning of energy supply.
Within this framework, applications such as Demand/Response (DR) [5] and
Demand Side Management (DSM) [6], which also take ambient comfort into
consideration [7], can therefore include the building heating systems. Further-
more, thermal energy peaks can be reduced and thermal energy consumption
can be reshaped, in case of district heating, by predicting energy profiles [§]. As
analyzed by Bianchini et al. [9], HVAC is a particularly important actor in the
Demand Response (DR) program, which consists of a set of mechanisms aiming
to modify the consumer’s demand energy profile over time in order to reduce the
demand at peak times and match the overall energy demand with supply capac-
ity. As a consequence, DR also allows to reduce operating costs from expensive
generators in favor or Distributed Energy Resources, which include renewable

energy sources, therefore also achieving a reduction in COy emissions [10].

1.1. Building and thermal modelling

In order to control an HVAC system, a suitable model able to accurately
predict building response to operational and environmental changes must be
developed. The recent literature provides many methodologies to model build-
ings [I1] 2] 13]. For example, white-box building models can be exploited in
the building field. Indeed, 3-dimensional representations of the buildings can be
created, including all those variables affecting building thermal response, such
as materials and insulation of walls, roof and windows, windows size, ventilation
scheduling, exposure to sun and so on.

Once the model has been developed, simulation software can be used to
predict the building thermal behaviour. Among all, EnergyPlus [I4] and TRN-
SYS [15] represent a milestone simulation tools for thermal energy performance
in buildings in both design and refurbishment phases. In particular, EnergyPlus
is a building energy simulation program for modeling building heating, cooling,
lighting, ventilating, and other energy flows [16], its development is funded by
the U.S. Department of Energy’s (DOE) [I7] and it is a building simulation

program commonly used by researchers and designers [I8§].



However, even if these software provide very robust and accurate results they
are extremely demanding, in terms of computational resources [19]. To over-
come such limitations, literature provides new methodologies able at combining
computational costs and thermal estimations accuracy [20]. Such methodologies
start from an accurate model of the building and then obtain a more compact
approximated representation via i) model order reduction, ii) model aggregation
or iii) ad-hoc dynamics extraction [21] [22].

Alternatively, Bacher et al. propose another modelling approach, where the
building is represented as a grey-box model [23]. In detail, the model is built
using the resistor—capacitor representation of the heating dynamic of the build-
ing, meaning that its components are represented by resistances and capacitors.
These kinds of simulations however require many assumptions regarding both
their variables, such as ventilation scheduling, and on the calibration of these
variables, and thus are seldom truly representative of the real environment.
Further challenges include correctly taking into account surrounding buildings,
heat sources and obstacles to air movement [24], together with the high compu-
tational cost of Computational Fluid Dynamics simulations.

For these reasons, neural networks are nowadays widely used for the modelling
of building thermal response, including the prediction of indoor air-temperature,
and are reaching promising results.

Other approaches focus on Very Large Scale Integration (VLSI) techniques
to build a compact thermal model. Solutions based on this approach often
exploit matrix pencil [25] and subspace identification [26] that do not consider
physical restrictions and hence make the compact model very flexible. VLSI-
based solutions take advantage of a detailed analysis of numerical simulations
or real-world sampled data, making the training phase of the whole model very
accurate. However, they are generally not suitable to deal with the non-linearity
of a whole building thermal system. Again, this issue can be efficiently addressed

by machine learning techniques, such as Artificial Neural Networks (ANNs).



1.2. Black-box modelling with Artificial Neural Networks

Neural networks are data-driven methods capable of modelling the under-
lying pattern of a system by leveraging only specific inputs and outputs. In
this context, they can therefore be used to model and predict the indoor air-
temperature with only previous indoor air-temperature measurements as inputs.
As a consequence, neural networks require significantly less data compared to
traditional modelling and simulation methods, which require a wide variety of
different parameters, such as building and environmental parameters, in order to
effectively model and simulate indoor air-temperature behaviour. Furthermore,
another significant advantage of using neural networks in this context is their
predisposition for transferability. As a consequence, the use of artificial neural
networks in various applications related with energy management in buildings
has been increasing significantly over the recent years [27].

Mateo et al. [28], in their investigation of indoor air-temperature prediction
problems, compar classical machine learning models for time-series forecasting,
such as Autoregressive, Multiple Linear Regression (MLR) and Robust MLR,
to neural networks models, including Multilayer Perceptron with Non-linear
Autoregressive Exogenous (MLP-NARX) and Extreme Learning Machine. All
models are developed by using one year of simulated data generated by the
TeKton 3D software. The results show that neural models outperform the other
machine learning models, with the MLP-NARX neural network showing partic-
ularly positive performance for indoor air-temperature prediction.

This neural network is then further investigated in a research conducted by
Aliberti et al. [29], introducing the Non-linear Autoregressive neural network
(NAR) architecture able to base its prediction on a high number of regressors,
highlighting an overall good performance in predicting indoor air-temperature
values up to two hours. The research however leaves the opportunity to investi-
gate the possibility of extending the forecasting horizon, in order to increase the
applicability of the methodology for Smart Energy Management in buildings.
Xu et al. [30] first investigate Long Short Term Memory (LSTM) neural net-

works to predict indoor air-temperature in a public building using data collected



by sensors, sampled each 5 minutes. The performances of the LSTM neural net-
work is evaluated for two time horizons, 5 minutes (1 step ahead prediction) and
30 minutes (6 steps ahead prediction), and then compared with performances of
Back Propagation Neural Network, Support Vector Machine and Decision Tree
models. The results show that the LSTM neural network slightly outperforms
all other networks in both cases, with the authors suggesting that the positive
difference in performance could be even greater but such potential is not fully
exploited due to the limited amount of data.

Kamel et al. [31] also developed a LSTM model for indoor air temperature
prediction, and to detect the inputs with the highest impact, showing how a
limited number of inputs are the most effective in generating an acceptable
level of accuracy.

Deihimi et at. [4] also add another interesting input variable to their net-
works: whether the data is related to a weekend or a holiday, with their results
showing greater prediction accuracy when only working days are considered.

Previous studies in this field, such as [32] and [29], were able to develop ac-
curate models for indoor air-temperature prediction with neural networks, but
also required a very large amount of data to effectively train such networks.
The collection of such a large dataset with acceptable quality levels (clean data,
absence of time jumps, absence of false measurements, etc.) is however still
complicated, since it requires the application of different technologies and the
ability to effectively orchestrate them together. Therefore, even if the research
in the various sectors improves day by day and the availability of data is in-
creasing, the application of artificial neural networks for indoor air-temperature
prediction and energy management in buildings is still challenged by lack of
large and reliable enough data.

Most recently, Cifuentes et al. [33] carried out a study to review different
machine learning strategies present in literature for indoor air-temperature fore-
casting, with their advantages and disadvantages being highlighted and their
research gaps being identified. Cifuentes et al. highlight how Deep Learning

based approaches, for instance, require the acquisition of long time series or



complementary simulation systems to generate enough samples to perform the
training-validation process. In particular to predict indoor air-temperature ac-
curately, training- and test-set must report minimum three years and one year
of sampling, respectively. This is also confirmed in [24] [34] [32, 29]. Alawadi
et al. [35] also compares 36 Machine Learning (ML) algorithms that could be
used to forecast indoor air-temperature in a smart building, highlighting how
most of the algorithms such as ANN are highly sensitive to data noise and how

increasing the forecasting time does not decrease the accuracy of the best model.

1.3. Black-box model transferability through leverage of Transfer Learning

In recent years, Transfer Learning has been increasingly investigated as a
possible solution to overcome the challenge posed by lack of large and reliable
enough data in a variety of fields, including Smart Energy Management for build-
ings. In [36], Jiang and Lee present the application of transfer learning on an
LSTM network for Thermal Dynamic Modeling of building indoor temperature
evolution and energy consumption. Their investigation shows that the transfer
learning approach is effective to adapt the pretrained LSTM model from one
building to another building, highlights better performance in prediction com-
pared to the traditional model applied on a limited amount of data and presents
LSTM ANNSs as a suitable model on which to base such an application. How-
ever, their investigation pre-trains the initial model on a large amount of data
collected from the initial building, and does not consider the end-user’s com-
fort when evaluating the effectiveness of the model. Gao et al. in [37], instead
present a transfer learning based multilayer perceptron model (TL-MLP-C*) to
tackle the common data-shortage problem and boost the performance of ther-
mal comfort prediction. Their investigation provides an interesting application
of transfer learning on thermal comfort prediction, but goes directly to the pre-
diction of thermal comfort itself rather than of indoor air-temperature, which is
considered as one of the features to their ANN model. In [38], Xu et al present a
novel transfer learning based approach to overcome the challenge posed by long

training time for DRL (and many other data-driven learning methods), and to



effectively transfer a DRL-based HVAC controller trained for a source building
to a controller for a target building with minimal effort and improved perfor-
mance. While presenting an innovative transfer learning approach by taking
the neural network which is the basis for the HVAC controller, and breaking-
down its design into two sub-networks (a front-end network that can be directly
transferred since it is independent from the building it is applied on, and a
building-specific back-end network that can be efficiently trained with offline
supervise learning), the replicability of this method on indoor air-temperature
prediction must be evaluated. Deng and Chen in [39] also leverage transfer
learning to transfer the logic and part of the occupant behavior model struc-
ture between buildings with different HVAC control systems, and to transfer
an RL model from office buildings to residential buildings with a modification
to the impact of air temperature on occupant behavior. Again, although their
investigation demonstrates the effectiveness of transfer learning in the context
of Smart Energy Management for buildings, it is not applied directly on indoor
air-temperature prediction.

When looking at indoor air-temperature, Chen et al. in [24] also investigate
the prediction of building indoor air-temperature through the application of two
transfer learning techniques. They use an EnergyPlus simulation to generate two
datasets: a multi-year dataset referred to a room in Beijing, which is then used
as source dataset, and a 15-days only dataset referred to a room in Shanghai,
used as target dataset. The two rooms have different characteristics. The source
dataset is then used to train a Multilayer Perceptron neural network, onto which
the following three transfer learning techniques are applied using the target
dataset: i) re-train all the neural network, ii) re-train only the last layer and
iii) re-train only the first layer. The results of the investigation show that a
good prediction on the target dataset is achieved by all three transfer learning
techniques, with the third one (re-train only the first layer) however consistently
slightly outperforming the other two for all considered prediction horizons: 10,
30, 60 and 90 minutes. By comparing the research carried out in [40] and [24],

both investigations use the technique named “soft-start” in [40], where all the



neural network is re-trained, while [24] explores the two other techniques, where
only the first or the last layer of the neural network is retrained. Again, this
research shows interesting results while leaving the opportunity to investigate
the possibility of extending the forecasting horizon, in order to increase the

applicability of the methodology for Smart Energy Management in buildings.

1.4. Contribution

The purpose of our research is to investigate and compare the effectiveness
of ANNSs to predicting indoor air-temperature. Since the investigation is carried
out on time series data, the state-of-the-art ANNs which are most well suited
for their analysis are LSTM and 1D-CNN. However, while LSTM has already
been exploited in literature, successfully, to predicting indoor air-temperature,
1D-CNN has not, to the best of our knowledge, yet been applied to predicting
indoor air-temperature, but is well suited for the analysis of time series data.
Furthermore, the application of transfer learning on both LSTM and 1D-CNN
brings further novelty since this method, to the best of our knowledge, has not
yet been applied to predict indoor air-temperature. Furthermore, the research
investigates the possibility of extending the forecasting horizon for indoor air-
temperature prediction, in order to increase the applicability of the methodology
for Smart Energy Management in buildings.

The neural networks are first pre-trained on a simulated dataset. A Building
Information Model (BIM) of a real-world case-study building is developed, and
subsequently used as an input to EnergyPlus, together with real meteorological
data instead of Typical Meteorological Year (TMY) data, following the research
carried out in [I9]. This generates the simulated dataset, composed of 6 years
of data, large and reliable enough to train the neural networks. The neural
networks are then fine-tuned, through the application of transfer learning, on
a real dataset, generated by Internet of Things (IoT) devices installed in the
real-world building and used to collect one-month of indoor air-temperature
measurements. All three transfer learning methods applied in [24] are used, in

order to further evaluate how to improve the prediction accuracy.



Following the work carried out by [4], the neural networks are differentiated
between those not considering the day of the week, and those considering it as
an additional variable. All these different neural network architectures are used
and their outcomes compared, in order to understand which architecture is most
capable of delivering a model capable of most effectively predicting indoor air-
temperature. The hyperparameters of each neural network are tuned following
the same methodology, but each neural network is optimised individually, in
order to identify the different set of parameters which allow each neural network
to best fit the indoor air-temperature prediction. This approach increases the
strength of the comparison, since it aims to maximize the accuracy of each neural
network and make the accuracy of the results depend on the neural network
architecture itself, rather than on the impact of poorly tuned hyperparameters.

To test our methodology, the proposed solutions were applied to a real-world
school located in Turin (Italy). The experimental results are further validated
by applying Fanger’s model of thermal comfort [41], a method for evaluating
thermal comfort in a building based on environmental and occupants, which is
part of both ASHREE [42] and ISO 7730 [43] standards.

The rest of the paper is organized as follows. Section 2] presents the proposed
methodology and its application in a real-world case-study building, which is a
secondary school in Turin, Italy. Section |3| discusses the experimental results.

Finally, Section [] provides concluding remarks.

2. Material and methods

2.1. Enabling Technologies

This section will now provide a brief overview of the different neural network
architectures investigated in this study, together with the different techniques
applied to these architectures in order to train them and then to apply transfer

learning on them.
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2.1.1. One-Dimensional Convolutional Neural Network

Convolutional Neural Networks (CNN) are a type of network widely used
in Computer Vision for image classification and object detection [44] [45]. A
special type of CNN is the One-Dimensional Convolutional Neural Network
(ID-CNN) [46]. The 1D-CNN is a novel architecture which, to the best of our
knowledge, has not yet been applied to predicting indoor air-temperature. It
is well suited for the analysis of timeseries data, like sensor measurements, sig-
nals or Natural Language Processing (NLP), especially with data that contains
features which depend on short consecutive sub-sequences of the input. The
1D-CNNs differ from traditional CNNs in dimension of the input and in the
way the filter slides across the data: as shown in Figure |1} the sliding opera-
tion is performed from top to the bottom, and there is no horizontal sliding.

Otherwise, 1D-CNNs work similarly to traditional CNNs.
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Figure 1: 1D-CNN architecture

The main advantage of applying a CNN is that it can automatically detect
important features with a reasonable computationally cost, thus allowing it to

deliver good performances in many applications.

2.1.2. Long Short Term Memory neural network

When considering a time-series, one of its fundamental characteristics is the
strict dependence between a value at a given time ¢ and the values in a win-
dow previous to t. In the neural network architectures previously discussed, all

attributes are treated independently one from the other, thus losing this im-
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portant relationship. On the other hand, Recurrent Neural Networks (RNN)
address this problem [34]. In RNN there is one-to-one correspondence between
the layers and the specific position in the sequence (referred as time-step). How-
ever, RNNs present an important training challenge due to the vanishing and
exploding gradient problems [47], which cause them to have a good short-term
memory and a poor long-term one, since they perform well when learning with
short sequences, which require a small number of layers. The Long Short Term
Memory (LSTM) neural network addresses this problem [48]. In the LSTM
neural network architecture (Figure , the gate mechanism is introduced, thus

modifying recurrence conditions on how the hidden states are propagated.
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Figure 2: LSTM chain

2.1.3. Transfer learning

When humans approach the learning of new tasks, they leverage their pre-
vious knowledge. The more their previous knowledge is related to the new task,
the easier it is to learn it. The same idea is at the base of transfer learning, a Ma-
chine Learning (ML) branch that consists of leveraging the knowledge learned
in one or more source tasks and using it to learn a new related target task more
accurately and quickly.

This is achieved by taking a model which has already been trained on a
specific field, and continuing to train it using another training set. This has

many advantages, including:

12



e Less training data required for the new task / dataset: if a model
is trained to predict a certain outcome from a given dataset, and the new
task is to predict the same outcome from a different dataset but related to
a similar subject as the first dataset, the existing model is already trained
to recognize common patterns in such datasets, and it thus requires far
less data to tune the model to accurately predict the outcome also for the

second dataset.

e Faster training: since less training samples are fed as input, the time

required to train the model is far smaller.

e Performances: the transferred knowledge model (model trained on pre-
vious, similar data) shows better initial performance on the new target
task compared to a brand new model. As a consequence, after the trans-
ferred model is trained on the new dataset it also performs better than a

model trained from scratch.

When there is not enough data for training a neural network from scratch,
transfer learning is a good alternative application, as shown in [40] and [24], since
even in face of a small dataset it allows to create a predictive model capable of
generating an accurate prediction.

Transfer learning is therefore applied also in this work, and three techniques

are used:

e Soft Start: it consists of re-train the model with the target dataset, and

having the pretraining on the source dataset initialize the weights.

e Fine tune - last layer unfrozen: using the pretrained model, the

weights of all the layers are frozen except the ones of the last layer.

e Fine tune - first layer unfrozen: using the pretrained model, the

weights of all the layers are frozen except the ones of the first layer.
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2.2. Case study

This investigation is carried out on a primary school building of about 14.500
m?, distributed on two floors, located in Turin, north-western Italy. The build-
ing is connected to the district heating system, which directly controls when the
heating system is turned on and off, and is not equipped with a conditioning
system. The windows in the building are installed on brick wall facades and are
double glazed. Solar radiation provides substantial thermal energy contribution
to both the east and west-oriented facades. The choice of this particular building
typology makes the method applied on a large scale, evaluating possible retrofit
actions on public assets. The energy management and simulation infrastruc-
ture developed to predict indoor air temperature in existing buildings aims to
integrate heterogeneous data sources according to a challenging approach that
combines Building Information Models, meteorological data, and IoT devices.
In recent years, an increasing number of activities in public procurement has
been managed with BIM tools. For this reason, we strategically consider the rel-
evance of using digital models that reflect the actual characteristics of buildings
to perform energy behaviour simulations in the Smart City scenario. As con-
cerns the architectural and energy modelling of the building, we have adopted
a BIM-based procedural workflow developed on previous research [49] [19] to
optimize the activities and make the method replicable. The virtualization of
the building was achieved using Autodesk Revit model authoring software and
Design Builder. In contrast, the energy simulation in the dynamic regime was
realized with the EnergyPlus engine. The BIM model is developed starting from
archive documentation verified by an on-site survey to check the asset’s current
condition. Although the graphical representation must necessarily be simplified
for energy purposes, the potential of a BIM model is to minimize misinterpre-
tations and incorrect approximations of the building geometry encountered in
traditional practice. To make it a repository of helpful, mutually consistent
information for the analysis, the model must include: i) accurate building en-
velope characterizations in terms of correct stratigraphy, thermal and physical

properties; ii) materials nomenclature standards, iii) thermal zones using rooms

14



entity; iv) facility management information (e.g. room type and occupants).
The energy analysis model can be directly generated from the modelling soft-
ware and exported through the green building eXtensible Markup Language
(a.k.a gbXML) format. A complete exchange cannot be reached with the cur-
rent level of software development, so a range of modelling solutions has been
developed to maximize the interoperability process and speed up the subsequent
re-input of data. Some deeper instructions on how to standardize the BIM in-
cludes the following: i) removal of all elements not required for simulation such
as decorations, staircases, furniture; ii) walls must be correctly oriented and the
walls joints must be configured; iii) selection of a representative stratigraphy
for the external envelope and the internal partitions, iv) replace structural ele-
ments in architectural ones; v) the room bounding of architectural pillars must
be disabled; vi) floor objects must be modelled following the centreline of walls;
vii) aggregation of the areas by homogeneous thermal zones. Regarding the
systems, only water radiators’ dimensions were used to calculate the nominal
capacity and flow rate for each radiator through schedules. The energy analy-
sis model validation has been done by comparing the BIM component physical
surfaces (i.e. walls, floors, roof, doors, windows) and the analytical ones ac-
cording to an iterative optimization approach to obtain deviations lower than
10%. Design Builder is therefore used as the best user-friendly program inter-
face to complete the input data filling needed for the simulation. Specifically,
the critical energy-related inputs to manage concern materials which must be re-
associated according to the software library, transparent surfaces that may not
be correctly recognized, and systems. Data concerning the heating system as
well as the energy load need to be manually set. All this information generates
the building energy model through the IDF file, which is the output of Design
Builder. It is used as input for EnergyPlus engine with real meteorological data
instead of the default Typical Meteorological Year (TMY) to generate a large
dataset of 6 years of synthetic data. The third-party weather data source from
the nearest weather station (i.e. solar radiation, outdoor air temperature and

humidity) has been used to allow for more accurate predictions, as demonstrated
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by the research carried out in [19].
The building’s internal rooms are analyzed to select those suitable for the
study. Selection is based on symmetrical shapes and regular internal distribu-

tion, and the following three rooms are chosen:
e a classroom facing east (East Room);
e a classroom facing west (West Room);
e the corridor in the main entrance.

As far as such rooms are concerned, it is important to underline some par-
ticularities in both their occupancy and architectural structure. As far as the
corridor is concerned, the number of people it contains undergoes significant
variability during working days. The West and East rooms, on the other hand,
are very large and characterized by many openings and glazed windows. The

model of the building is shown in Figure [3]

I Indoor sensor
Outdoor sensor

, Classroom West

Corridor L -

D Outdoor sensor

Classroom East x

Figure 3: BIM model of the case-study building (reference rooms are highlighted in blue)

Each of the presented rooms generates its own dataset onto which the
methodology is then applied. Furthermore, to carry out a more comprehen-

sive study, the building as a whole is also considered through the generation
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of a specific dataset named “Whole Building”. The methodology, with which
these datasets are generated, will be described below. The study is therefore

carried out on the following 4 environments:
e Whole Building;
e East Room;
e West Room;
e Corridor.

The BIM model is leveraged in order to develop a specific dataset for each
room: West Room, East Room, and Corridor. The BIM model of the whole
structure is then leveraged in order to create the fourth dataset, “Whole Build-
ing”. First of all, simulated temperature datasets are generated for all the
rooms in the building. Non-significant spaces where students and staff are not
expected to go on a daily basis, such as the location under the roof and under-
ground rooms dedicated to archives and maintenance, are then excluded. The
“Whole Building” dataset is then generated by averaging all other simulated
temperature datasets.

For the real dataset, a mesh wireless sensor network with 12 prototype nodes
was installed in the building in order to collect one month of real data during
the winter season. Each prototype node, presented in [50], was developed using
nodes assembled with off-the-shelf devices belonging to the STM32 NUCLEO
ecosystem by STMicroelectronics: i) a NUCLEO-L152RE board equipped with
a 32-bit microcontroller running at up to 32MHz; ii) an X-NUCLEO-IKS01A1
motion MEMS and an HT'S221 temperature and humidity sensor; iii) an X-NUCLEO-IDS01A4
radio transceiver board equipped with the SPTRIT1 transceiver (868MHz); and
iv) a STEV AL-ISV021V1 energy harvester board, equipped with an SPV1050 MPPT
converter and battery charger, a 26.5 cm? solar panel and a 120mAh Lithium
coin cell battery.

To collect the information, we used the distributed software infrastructure

presented in [19]. It is a cloud-based software architecture that integrates het-
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erogeneous hardware and software components for monitoring and modelling
building energy behaviours. The infrastructure exploits pervasive geo-referenced
IoT devices to collect environmental and energy related information. IoT devices
are correlated with BIM, GIS and weather data exploiting middleware technolo-
gies. It allows energy simulations to evaluate both efficiency performances of
buildings and effects of possible refurbishment actions. Furthermore, the data
provided by the IoT devices can be used also to further monitor and control
both environmental and energy parameters of buildings in (near-) real-time.
Figure [4] represents the “simulated” and “real” datasets. Both datasets are
similar in structure: data, type of data and sampling time are all the same.
Both the simulated and the real datasets are composed of indoor temperature
readings at 15-minutes intervals. The datasets from the sensors located in se-
lected rooms are then taken to carry out the transfer learning application. The
“Whole Building” real dataset is instead created by averaging the temperature
measurements from all the sensors installed in the school, not just the ones in

the selected rooms.
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Figure 4: Datasets

After observing the indoor air-temperature’s behaviour (Figure [5)), a clear
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difference between weekdays and weekends can be perceived. This is because
the HVAC system is shutdown during weekends, resulting in both lower indoor
air-temperature absolute values and variations. Furthermore, the behaviour on
Monday also differs from the one of the other weekdays. This is because since
during the weekend the HVAC system is shutdown, on Monday the indoor air-
temperature requires more time to reach its required level. This behaviour is

taken into consideration during the investigation, as explained.
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Figure 5: Day of the week behaviour

As previously explained, each environment listed above generates its own
dataset. The different neural networks, or more specifically their hyperparam-
eters, are therefore optimized for each environment, so for each neural network
type there is a specific version for each environment. Further versions of the
neural networks will also come from whether the different behaviour during the
weekdays and weekends is taken into consideration.

Finally, it is important to understand why the investigation creates specific
neural networks for the individual rooms, and for the building as a whole. At
an individual room level, the performance of the neural networks can be evalu-
ated in terms of their potential application as far as capillary control applied to
single buildings is concerned, and is therefore related to Smart Building appli-
cations [2]. At building level, on the other hand, the results of the investigation
can be evaluated for applications of Demand/Response (DR) [5] or Demand
Side Management (DSM) [6] at city level, such as District Heating [g].
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2.3. Evaluation metrics

When evaluating the performance of the neural networks, it is important to
understand the objective of the application and set evaluation metrics which
can effectively evaluate the performance compared to such application. The
objective of this work is to evaluate whether the neural networks are effective in
forecasting future indoor air-temperature within ranges which can be considered
acceptable for thermal comfort (comfort analysis is better explained below). The
achievement of extremely accurate prediction is not the objective of the study,
but rather the ability of the prediction to remain within a certain threshold.
Following such considerations, the metrics used to evaluate the performances
of the neural networks are the Mean Absolute Error (MAE) and the Predicted
Mean Vote (PMV), with §; as the predicted values and y; the observed ones.
Furthermore, since the predictions are carried out on a number of different
data subsets because of the difference between the size of the data set and
the number of steps ahead of the prediction, the resulting MAEs and PMVs
are analyzed by taking their mean, median, max, 1 standard deviation and 2
standard deviations.

In order to evaluate if the indoor air-temperature forecasts remain within
ranges which can be considered acceptable for thermal comfort, the parame-
ters studies by Fanger [4I], the Predicted Mean Vote (PMV), which estimates
the state of well-being of a group of individuals, and the Percentage of Person
Dissatisfied (PPD), which expresses the percentage of people that are uncom-
fortable with thermal condition of the room, are used, following the logic used by
current thermal comfort evaluation standards, both based on Fanger’s studies,
ASHREE [42] and ISO 7730 [43].

Fanger’s studies on thermal comfort determine that in order to maintain the
perceived thermal comfort of an occupant, the operative temperature should not
vary more than 1.1 °C over 15 minutes and no more than 2.2 °C over 1 hour [41]
51]. As a consequence, the acceptable MAE threshold for acceptable prediction
accuracy is set at 2 °C. Following the standards identified in literature, the

PMYV is therefore analyzed as an absolute value and its acceptable threshold for
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acceptable comfort levels is set at 0.5.

2.4. Methodology

The purpose of this section is to discuss the methodology adopted during the
implementation of the different neural network models, from the data collection
phase to the final testing phase, together with explaining the motivations that
led to certain choices during the implementation.

As represented in Figure[f] this paper investigates the application on two dif-
ferent neural networks: One-Dimensional Convolutional Neural Networks (1D-
CNN) and Long Short Term Memory (LSTM) neural networks. After the initial
training, the neural networks undergo transfer learning. Three different transfer
learning techniques, presented in Section [2.1.3] are applied in order to investi-

gate the best performance in terms of prediction.
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Figure 6: Schema of the proposed methodology

As introduced in section the neural networks are first trained on a syn-
thetic dataset, composed of 6 years of data, large and reliable enough to train
the neural networks. To generate this synthetic dataset, which is referred to
as “simulated”, a Building Information Model (BIM) of a real-world case-study
building is developed, and subsequently used as an input to EnergyPlus, to-
gether with real meteorological data instead of Typical Meteorological Year
(TMY) data, following the research carried out in [19]. The testing and transfer
learning phases are then carried out using the real dataset, which is referred to

as “real”. This real dataset is generated by Internet of Things (IoT) devices
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installed in the real-world building and used to collect one-month of indoor
air-temperature measurements.

The purpose of the investigation is the forecasting of indoor air-temperature
when the HVAC system is functioning. The building in the case-study is
equipped with a heating system and is not equipped with a conditioning system.
For this reason, within the datasets only the datapoints from the days during
which the heating system is turned on are considered. The building’s heating
system is connected to the district heating system, which directly controls when
the heating system is turned on and off. The annual interval during which the
district heating system is turned on is between October 15th and April 15th.
Table[I] presents a detailed overview of the datasets, their size, the interval con-
sidered for each year and the size of these intervals. Finally, in order to allow
first the traditional neural network training and then the fine tuning through
transfer learning, the simulated dataset is split into a training set and a vali-
dation set, whereas the real dataset is split into a tuning and an inference set.

More details on the way the datasets are split are found in section [2.4.1

Table 1: Size of datasets

Year Type of data| Number of datapoints Data interval considered Number of datapoints in the interval
2010 Simulated 35.040 01 Jan - 15 Apr; 15 Oct - 31 Dec 17.472

2011 Simulated 35.040 01 Jan - 15 Apr; 15 Oct - 31 Dec 17.472

2012* Simulated 35.136 01 Jan - 15 Apr; 15 Oct - 31 Dec 17.568

2013 Simulated 35.040 01 Jan - 15 Apr; 15 Oct - 31 Dec 17.472

2014 Simulated 35.040 01 Jan - 15 Apr; 15 Oct - 31 Dec 17.472

2015 Simulated 35.040 01 Jan - 15 Apr; 15 Oct - 31 Dec 17.472

2016 * Real 35.136 01 Jan - 15 Apr; 15 Oct - 31 Dec 17.472

2017 Real 35.040 01 Jan - 15 Apr; 15 Oct - 31 Dec 17.472

* Leap year

Following the previously described data collection, the four main phases
required to develop any new predictive model are: i) data pre-processing, ii)
training, iii) validation and iv) testing phase. Each phase is explained in more

detail in the rest of this section.
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2.4.1. Data pre-processing

Any dataset must first of all be pre-processed before being used to train
any network or model. During preprocessing the data is cleaned, outliers are
removed, then the data is scaled and finally split into datasets to be used for
training, validation and testing. Errors in the data are caused mainly by sensor
malfunction, which generate single out-of-scale readings (i.e. outliers), or no
readings at all. Samples affected by these errores are replaced with linear inter-
polation between their previous and following values. Data pre-processing has
to be applied only to the real dataset, since the simulated dataset is complete
and consistent.

The data is then subsequently scaled, as suggested by Aggrawal in [52], and
brought within a range of -1 and 1. Finally, in order to allow first the traditional
neural network training and then the fine tuning through transfer learning, the

datasets are split in the following way:
e Training set: simulated dataset, years 2010 to 2013;
e Validation set: simulated dataset, years 2014 to 2015;
e Tuning set: 80% real data;

o Inference set: 20% real data.

2.4.2. Training the neural network

The neural networks are then trained to carry out predictions for indoor
air-temperature, based on a window of indoor air-temperatures received as an
input. These predictions can be one-step ahead, meaning that only the succes-
sive temperature value after the last temperature input is being predicted, or
multi-step ahead, where multiple time steps after the last temperature input are
being predicted. The number of steps, or period of time in the future, of the
prediction is called forecast horizon. The objective of this investigation is, con-
sidering a certain threshold of acceptability in prediction error determined by
Fanger, to develop a model capable of predicting indoor air-temperature values

with a forecast horizon as long as possible.
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When carrying out a multi-step prediction, three different strategies can
be used: i) Joint method, i.e. a single network is used to predict all forecast
horizons; ii) Independent method, i.e. a dedicated network is used to predict
each forecast horizon; iii) Iterative method, i.e. a single step-ahead model is
used to iteratively generate forecasts. According to Kline’s study [53], the Joint
Method delivers better prediction accuracy for long forecast horizons (more than
4 steps-ahead). This investigation therefore uses the Joint method.

In order to be compatible with supervised learning algorithms, the time series
data to be used as input to the neural network must be processed. This time
series data, a sequence, is transformed into pairs of input and output sequences.
Since the Joint method is being used, the sliding window algorithm is used to

associate each sequence of input to a sequence of outputs (Figure .
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Figure 7: Reframed samples

Once the input data is processed and made suitable for network training,
the network must also be prepared. The different neural networks’ hyperparam-
eters must be tuned, in order to develop network structures which best fit the

prediction problem being investigated.
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2.4.3. One-Dimensional Convolutional Neural Network
The chosen 1D-CNN architecture is based on the one proposed by Mehrkanoon
in [54] and it is represented in Figure|8] It has the following layers:

1. Input: It accepts a dimension input (steps, features), where steps is the
prediction lag (the number of previous temperature values that are used
as regressors) and the only feature is temperature.

2. Convolutional: It has a convolutional layer vector of size 2, which after
the convolution operation generates an output of length equal to input
dimension minus 1. The second dimensionality is equal to the number of
filters, which is chosen based on the result of different trials.

3. Pooling: The pooling strategy used is the Max Pooling with pool size equal
to 2, with the dimension of the output being halved as a consequence.

4. Flatten: Because of the multiple filters used there is a multidimensional
output, so a flatten layer is used. In order to feed the data to the dense
layer, the flatten layer is used to “unroll” the data.

5. Dense: In order to improve the learning ability of the network, an inter-
mediate dense layer is used. The number of units of this layer is decided
in the tuning phase.

6. Output: The output layer consists of a number of neurons equal to the

number of forecasting horizons.
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input: | [(7, 50, 1)]

convld_input: InputLayer

output: | [(?, 50, 1)]
Y
input: (.50, 1)
convld: ConvID
output: | (7, 49, 128)
Y
input: | (7, 49, 128)

max_pooling |d: MaxPooling 1D

output: | (7, 24, 128)

input: | (?, 24, 128)
flatten: Flatien

output: | (2, 3072)
Y
input: | (7, 3072)
dense: Dense
output: (7, 50)
Y
input: | (7, 50)
dense_1: Dense
output: | (2, 20)

Figure 8: Architecture of the One-Dimensional Convolutional Neural Network

Furthermore, Early Stopping technique with a patience of 8 epochs and a
delta of 0.003 is used to avoid overfitting. The activation functions chosen are
ReLU for the Convolutional and Dense layers, while linear for the Output.

During the tuning hyperparameters phase, the best set of parameters for
the neural network with this dataset and purpose are searched for. The tuning
of such hyperparameters is carried out following a trial and error strategy, but
with the parameters being tuned in the following order: prediction lag (inputs),
number of hidden neurons of the dense layer, batch size, learning rate, number
of filters (filter optimization). Once the set of parameters is chosen, the model
is evaluated on the test set for predictions until 1 day (96 steps) ahead.

The number of regressors is the first parameter to be optimized in this neural
network. The neural network is evaluated with 16, 32, 64, 96 and 128 timesteps.

In order to evaluate the performance on this parameter, the other parameters
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are kept constant with the following values: (i) batch size: 128; (ii) filters:
64; (iii) forecasting horizon: 7,5 hours; (iv) hidden neurons: 100. The results
are shown in Figure [J] The accuracy of the prediction is evaluated, together
with the risk of overfitting, but also network complexity and training time are
considered. The objective is to identify the tradeoff between network accuracy
and training time. Of course the larger the input size, the more accurate is the
prediction. However, an upper limit is set at 120 inputs (30 hours before), since
an even bigger value would add too much complexity to the network, increasing
both the training time and the risk of overfitting. It is interesting to highlight
how even though 120 neurons guarantee a greater accuracy, the improvement
compared to the previous input size is negligible, especially compared to the
increase in training time. Following these considerations and the presented
results, all environments except for West Room are assigned an input size of 96,

whereas West Room is assigned an input size of 64.
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Figure 9: 1D-CNN, MAE variation against number of regressors

The second parameter to be optimized in this neural network is the number
of hidden neurons in the first Dense layer. During this parameters optimiza-
tion, the other parameters set during the optimization of the inputs remain
unchanged. The results are presented in Figure[I0] Again, the tradeoff between
accuracy and training time is a key element in determining the value of this pa-
rameter. The number of neurons for the different environments is kept between
50 and 100, since the results showed how increasing the number of neurons does
not produce a significant increase in accuracy, as shown by the value of the error

which is fluctuating within the very small range of 0.03 °C.
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Figure 10: 1D-CNN, MAE variation against number of neurons

The next step is the optimization of two hyperparameters together, batch
and learning rate. Batch size, more specifically, is one of the most important
hyperparameters to tune in modern deep learning systems. The tradeoff between
large batch size, which generates high speed, accuracy, and the ability of the
model to generalize are always key points to consider and, when training neural
networks, one must consider the behaviour of such parameters in non-convex
optimization. In this investigation, batch and learning rate are acted upon
together because of the close link between them: batch size affects the number
of iterations, while learning rate affects the “speed” of the convergence. One
would therefore expect a small batch size with a small learning rate to achieve
similar results compared to a large batch and a large learning rate. Also, the

benefits of smaller batch sizes are also expected to include better generalization,
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together with higher speed. This decrease in batch size cannot however be
excessive, since if the batch size is too low (for example 1) it will be unable to
generalize and will risk falling into over-fitting. Figure [I1] highlights the results.
In this case, accuracy is the driving factor in selecting the best hyperparameters.
Once comparable accuracy values are identified, the second choice factor is taken
into consideration, training time. The parameters allowing for the simpler (and
faster to train) model are therefore selected, so the largest possible batch size

and learning rate allowing to maintain the same level of accuracy.
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Figure 11: 1D-CNN, MAE variation against batch and learning rate

The last step in the optimization of the hyperparameters for this neural

network is the optimization of the number of filters used in the convolution. All
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the other parameters are already identified, so the performance of the neural
network is evaluated with different number of filters, as shown by Figure[12} Like
in the optimizations of the previous parameters, the accuracy performance of the
neural network is considered together with network complexity and consequent
training time. It is interesting to highlight how for some environments, West
Room and Whole Building, an increase in the number of filters actually degraded

the performance, possibly as a consequence of overfitting.

0530 0675

0525
0670

0520

E 0.515 g 0.665
o510
0660
0505
0500 0.655
50 100 150 200 250 50 100 150 200 250
filter size filter size
(a) Whole Building (b) East Room
0.665
0.94
0.660
0.93
0.655
092
091 L 850
w =
%: = 0.645
080
08s 0.640
en 0635
as? 0.630
50 100 150 200 250 50 100 150 200 250
filter size filter size
(c) West Room (d) Corridor

Figure 12: 1D-CNN, MAE variation against number of filters

Table [2| resumes the parameters for this neural network chosen for the 4

environments.
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Table 2: 1D-CNN parameters

Zone Regressors Neurons Batch Learning rate Filters
Whole building 96 50 64 0,001 16
East Room 96 75 32 0,001 16
West Room 94 100 32 0,001 16
Corridor 96 75 256 0,001 16

2.4.4. Long Short Term Memory neural network
The architecture chosen for this neural network, represented in Figure is
the stateful vanilla model, which consists of a single hidden LSTM layer. The

following layers make up the network:

e Input: It accepts a shape of (batch size, lags, number of features).

e LSTM: Composed of LSTM cells, whose number is decided in the tuning
phase.

e Output: The dimensionality of the LSTM layer matches the length of the

forecasting horizons. Its activation function is the linear function.

input: | [(64, 5, 1)]

Istm_input: InputLayer
P — output: | [(64, 5, 1)]

/
input: | (64,5, 1)

output: | (64, 50)

Istm: LSTM

/
input: | (64, 50)

output: | (64, 20)

dense: Dense

Figure 13: Architecture of the Long Short Term Memory neural network

The parameters being tuned for this neural network architecture are batch
size, number of LSTM cells, number of regressors and the learning rate. Like
for the other neural network, also the tuning of these hyperparameters follows a

trial and error approach, with parameters being tuned in a specific order. The
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starting set of chosen parameters are: (i) batch size: 256; (ii) forecasting horizon:
7,5 hours; (iii) training epochs: 100; (iv) number of LSTM cells: 50. This is
the starting configuration, after which different inputs are tried to find the most
performing ones. First the number of regressors (inputs), then the number
of epochs are optimized, analysing the behaviour of loss during training and
stopping the training when there is no more significant improvement. Finally,
the batch size and the learning rate are optimized together, because of their
relationship, by creating a grid with their values coupled (learning rate, batch
size).

This section now presents the methodology followed to optimize the hyper-
parameters of the LSTM neural network. The same considerations discussed
during the 1D-CNN optimization related to the selection of the most suitable
inputs, batches and learning rate, remain valid also for LSTM.

The first parameter to be optimized is the number of regressors used by
the neural network. The LSTM structure is characterized by a cell mechanism
capable of “memorizing” the state of the previous batches, so the number of
inputs for this neural network can be smaller than the one in 1D-CNN networks.
The network was therefore evaluated for 1, 3, 5, 7, 9 and 11 timesteps. In order
to evaluate the performance on this parameter, the other parameters are kept
constant with the following values: (i) batch size: 256; (ii) forecasting horizon:
7,5 hours; (iii) training epochs: 100; (iv) number of LSTM cells: 50. This
initial configuration is replicated for all environments, then the neural network
performance in terms of prediction accuracy is evaluated with different input

size, as shown by the results presented in Figure [T4]
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Figure 14: LSTM, MAE variation

When determining the best value for the epochs parameter, the risk of over-
fitting and the improvement in network learning are taken into consideration.
The loss at each epoch is therefore considered, and when an epoch value is
reached such that the network learning capacity becomes negligible, the train-

ing can be stopped and the number of epochs can be determined, as shown in

inputs

(d) Corridor

against number of regressors

Figure This optimization is carried out with a batch size of 256, which has

been set as the maximum batch size in order to allow a conservative stopping

point, since a smaller batch size would allow a greater number of iterations.
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Figure 15: LSTM, epochs loss

The next phase in the optimization of the hyperparameters is the optimiza-
tion of batch size and learning rate, which are again considered jointly because
of their impact on, respectively, number of iterations and “speed” of the con-
vergence. As previously stated, the optimization of batch size is a particularly
important step because of its impact on speed, accuracy and the ability of the
model to generalize. Again, similar results are expected between small batch
size with a small learning rate and large batch and a large learning rate, better
generalization is expected by smaller batch sizes and attention is paid to avoid
excessive decrease in batch size, in order to maintain the ability of the model to
generalize and to avoid over-fitting. The batch size values being tested are 32,
64, 128 and 256, while 0.01, 0.001, 0.0001 are the ones for the learning rate. The
results are presented in Figure[I6] which shows that there is a high variability in
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the accuracy. In this case, the best accuracy performance is therefore achieved

with small learning rates combined with small batch sizes.
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Figure 16: LSTM, MAE varition against batch and learning rate

The final phase of the optimization of the hyperparameters is the optimiza-

tion of the neurons, or number of LSTM cell units. All the other parameters are

already identified, so the performance of the neural network is evaluated with

different number of units: 50, 100, 150, 200, 250, 300. The results are shown

in Figure [I7} it is interesting to highlight how as the number of LSTM units

increase beyond a certain value, the error also increases, probably because of

overfitting.
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Table [3] resumes the parameters for this neural network chosen for the 4
environments.
Table 3: LSTM parameters
Zone Regressors Neurons Batch Learning rate Filters
Whole building 96 50 64 0,001 16
East Room 96 75 32 0,001 16
West Room 94 100 32 0,001 16
Corridor 96 75 256 0,001 16

2.4.5. The multivariate approach
The methodology presented previously to be applied to the selected neural

networks is being implemented by considering indoor air-temperature as the
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only input feature. In this section the investigation wants to introduce another
input feature, being the day of the week.

Previous works, such as the one carried out by Deihimi et a. [4], show how
if the day is also added as input variable to the neural networks, it can result
in greater prediction accuracy. As highlighted previously, after observing the
indoor air-temperature’s behaviour (see Figure7 a clear difference in behaviour
between weekdays and weekends can be perceived. The objective is to try
to “help” the neural network to capture this pattern, adding a different label
to identify each day of the week. This application has been executed with
both the 1D-CNN and LSTM architectures, while the rest of the parameters
defined in the original neural networks remain unchanged. This is because the
purpose of this application is to understand the impact of the second variable,
therefore the exact same architectures and parameters must be used. The neural
networks applied on datasets which do not consider the day of the week are
called “univariate” cases, whereas the ones applied on datasets which include a

different label to identify each day of the week are called “multivariate” cases.

2.4.6. Fine Tuning using real data

Starting from the models trained according to the procedure explained in
the previous paragraphs, the model is then retrained through transfer learning
in three different ways: i) retrain all the layers; ii) retrain only the input layer;
iii) retrain only the output layer. As discussed in [55], and in [56], the different
transfer learning retraining approaches impact mainly accuracy and computa-
tion time. If none of the layers of the models are frozen, the accuracy of the
trained model will be greater, but will also require greater computational time.
On the other hand, if all layers but the last one are frozen, the model required
backpropagating and updating the weights only of the unfrozen layer, which
brings a significant decrease in computational time. The different solutions are
therefore investigated.

For the purpose of this investigation, the accuracy of the different trans-

fer learning approaches is the only aspect which has been considered. At the
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beginning of the investigation, it was observed that there was no appreciable
difference in time between the fine tuning of the neural networks with the differ-
ent transfer learning techniques. What has been noted however is the difference
in time required to train the original neural networks, compared to their fine
tuning using transfer learning. Whereas the time required for the initial training
remained within the order of magnitude of numerous months, the fine tuning
through transfer learning could be completed with a few hours only. This al-
lowed, in the same unit of time, to launch a greater number of transfer learning
simulations with different approaches, and to collect a greater number of results
on the effects of different transfer learning methods. However, the true purpose
of the investigation was to verify if the fine tuning, through the application of
transfer learning on a much smaller dataset (2 years, compared to the 6 years
for the initial training), was capable of generating a model with an acceptable

level of accuracy.

3. Results and discussions

The first step in evaluating the investigation’s results is to verify the perfor-
mance of the initial neural networks, trained on the simulated datasets, before
the application of transfer learning with the real datasets. Both the 1D-CNN
and the LSTM neural networks are trained on each individual environment:
Whole Building, East Room, West Room and Corridor. Furthermore, each
neural network in each environment is also applied on both the univariate and
the multivariate case, with the latter including the label of the day of the week as
further input. As described in Section [2} following Fanger’s studies [41] and the
current standards to evaluate thermal comfort based on such studies [42] [43],
the MAE and PMV thresholds for acceptable prediction accuracy and comfort
levels are set at 2 °C (MAE) and 0.5 (PMV). The forecast horizon (in hours),
that each neural network is able to achieve while maintaining within such thresh-

olds before the application of transfer learning, is presented in Table [4]
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Table 4: Performance of original neural networks before the application of transfer learning:

the best performance for each environment is highlighted in grey

ORIGINAL NEURAL NETWORKS
Max forecast Max forecast
Environment Case Network horizon (h) horizon (h)
with MAE <= 2°C | with PMV <=0.5
Univariate 1DCAN 32 32
Whole building LSTM » %
Multivariate 1DCNN 2 10
LSTM 11 17
Univariate 1DCNN i Cas
East Room LSTM 27 36
Multivariate 1DCNN 24 %
LSTM 29 36
Univariate 1DCAN 28 %
West Room LSTM 29 36
Multivariate 1DCNN ! 32
LSTM ] 36
Univariate 1DCNN 30 %
Corridor LSTM 31 36
Multivariate 1DCNN 25 »
LSTM 28 36

The above results provide some first interesting insight on the performance of
the neural networks. First of all, the forecast horizons for the MAE and for the
PMV are not the same. This difference can however be expected, considering
the different nature of the two metrics: the MAE evaluates the accuracy of
the neural network (the difference between the §; predicted values and the y;
real values), while the PMV evaluates the estimated state of well-being of a
potential group of individuals given the g; predicted values. The actual forecast
horizon of each neural network application can therefore be considered to be
the lowest between the two forecast horizons. The above results show that the
PMYV forecast horizon appears to be, on average, greater than the MAE forecast
horizon. As far as comparing the performance of the univariate and multivariate
cases, the latter clearly underperforms against the former in all environments.

As far as the neural network type is concerned, the LSTM neural networks
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appears to be better performing compared to the 1D-CNN ones, achieving the
longest forecast horizon in all environments apart for the East Room.

However, apart for observing the maximum forecast horizon achievable by
the different neural network applications, it is also important to observe the
shape of the graphs resulting from plotting the MAE and PMV metrics against
the forecast horizon. Such graphs provide further interesting insight in under-
standing the variability in performance of the neural networks, since they present
the mean, median, max, 1 standard deviation and 2 standard deviations of the
MAE and PMV metrics.

For example, Figure [I§ presents the graph of the metrics for the neural net-
works of the Corridor environment, univariate case. Whereas the MAE graphs
for both the 1D-CNN and LSTM neural networks appear to be quite similar
in shape, the PMV plots for the two neural networks present very different be-
haviours. The 1D-CNN shows a sinusoidal trend, with increasing divergence and
therefore degrading performance as the forecasting horizon increases, whereas
the LSTM neural network shows a converging trend, with its performance ap-
pearing to improve as the forecasting horizon increases. These trends are even
more significantly portrayed in Figure which zooms under the MAE and
PMV thresholds. Finally, it is important to notice the behaviour not only of
the mean, but also of the median and the 1 standard deviation. In both the
1D-CNN and the LSTM graphs, the 1 standard deviation limits appear to be
evenly distributed around the mean line, showing a consistent distribution in
the prediction of the different outcomes for each forecasting horizon. Further-
more, the median line is consistently lower than the average line, especially for
the MAE graphs, thus showing how the distribution of the prediction of the dif-
ferent outcomes for each forecasting horizon tends to be skewed towards lower,
acceptable values. If the median line, rather than the mean line, was consid-
ered to evaluate the forecasting horizon achievable by the neural network, such

horizon would therefore further increase.
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Figure 18: Performance of the Corridor univariate original neural networks before the appli-

cation of transfer learning

42



2.00
175

U 1.50

o 1.25

1

w 1.00

< 075
0.50
0.25
0.00

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36
Hours ahead prediction

i) Corridor temperature predicted by 1D-CNN univariate original network
with n_out = 150

2.00
1.75
1.50
1.25
1.00
0.75
0.50
0.25
0.00

MAE - °C

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36
Hours ahead prediction

ii) Corridor temperature predicted by LSTM univariate original network
with n_out = 150

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36
Hours ahead prediction

ii) PMV for Corridor temperature predicted by 1D-CNN univariate original network
with n_out = 150

0.5

lo
0.4 20
03— AVG --~ o
% --M
& 0.2 —- MAX e e A /1 s e e
0.1
0.0

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36
Hours ahead prediction

iv) PMV for Corridor temperature predicted by LSTM univariate original network
with n_out = 150

Figure 19: Performance of the Corridor univariate original neural networks before the appli-

cation of transfer learning - zoom on MAE and PMYV thresholds

43



As shown in Table [d] not all neural networks performed as expected. Both
the neural networks of the West Room environment multivariate case, for ex-
ample, although they achieved over 30h of forecast horizon while maintaining
the PMYV value below the desired threshold, are not able to go beyond 10h when
considering the MAE. When observing the shape of the graphs resulting from
plotting the MAE and PMV metrics against the forecast horizon for the West
Room multivariate case (Figures and , the overall shapes of the MAE
graphs are not too different from the previously analyzed Corridor univariate
case. The median line also remains below the average line, showing how also
the distribution of the prediction of the different outcomes for each forecasting
horizon for these neural networks tends to be skewed towards lower, accept-
able values, while the 1 standard deviation limits are also evenly distributed
around the mean line, showing a consistent distribution in the prediction of
the different outcomes for each forecasting horizon. However, these West Room
multivariate graphs are much wider than the Corridor univariate ones, showing
a greater variability in the difference between the g, predicted values and the y;
real values. Furthermore, when zooming under the MAE acceptable threshold
for the West Room multivariate case (Figure , and comparing the graphs to
the ones of the Corridor univariate case (Figure , the graphs clearly show
how the West Room multivariate MAE quickly grows beyond the set threshold,
therefore indicating the neural networks’ lack of acceptable accuracy.

Similar interesting considerations can be made by analyzing the graphs of the
PMYV values resulting from the West Room multivariate neural networks’ appli-
cations. The West Room’s multivariate 1D-CNN case shows a similar sinusoidal
trend compared to the same neural network in the Corridor’s univariate case.
Unlike the Corridor’s univariate case however, the West Room’s multivariate
1D-CNN case does not appear to be diverging as the forecast horizon increases,
while the amplitude of its oscillations are greater. The LSTM neural network
for the West Room’s multivariate, on the other hand, also shows a sinusoidal
behaviour, unlike what shown by the same network type in the Corridor’s uni-

variate case. When zooming into the PMV’s graphs and show their behaviour
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below the set PMV threshold, it is interesting to see how the 1D-CNN does
indeed manage to remain below the set threshold for 32h of forecasting horizon,
however it does not do so consistently. It actually grows above the set limit
after 8h, similarly to when its MAE grows beyond its threshold, and remains
above such threshold for 12h, before returning below the set 0.5 PMV at 20h
and remaining there for another 12h until 32h of forecast horizon. The LSTM
PMV value for the West Room multivariate case, on the other hand, shows a
more linear behaviour, slightly decreasing as forecasting horizon increases, just
like for the same network type in the Corridor univariate case, although with

higher values.
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After having verified and analyzed the performance of the initial neural
networks trained on the simulated datasets, the different transfer learning tech-
niques are applied and their results further compared and analyzed. The results

can be seen in Table Al

Table 5: Performance of neural networks after the application of transfer learning

ORIGINAL TRANSFER LEARNING | TRANSFER LEARNING | TRANSFER LEARNING
ek REmoms | WTILSTUNER” | WmARSTLAGR | WAL CaveRs
Max Max Max Max Max Max Max Max
forecast | forecast forecast | forecast forecast | forecast forecast | forecast
Environment| Case |Network| horizon (h) | horizon (h) | horizen (h) | herizon (h) | herizen (h) | herizen (h) | herizon (h) | horizon (h)
with with with with with with with with
MAE <= 2°C| PMV <= 0.5 | MAE <= 2°C| PMV <= 0.5 | MAE <= 2°C| PMV <= 0.5 | MAE <= 2°C| PMV <= 0.5
1DCNN| 32 32 36 36 36 34 23 36
Univariate
S LSTM 35 36 36 25 36 25 36 32
_|menn | 25 10 36 36 36 35 36 16
Multivariate
LSTM 11 17 36 8 36 13 36 8
T R 36 34 36 34 36 34 36 36
LSTM 27 36 36 20 36 18 36 22
East Room
_|teenN | 24 36 36 36 36 35 36 34
Multivariate
LSTM 29 36 36 3 36 3 36 5
10CNN| 28 36 33 34 28 36 14 36
Univariate
LSTM 29 36 34 36 36 36 36 36
West Room
P 7 32 36 36 36 36 36 36
LSTM 5 36 36 29 36 14 36 8
10eNN | 30 36 36 36 23 36 15 36
Univariate
comtor LSTM 31 36 36 29 33 36 23 36
_|menn | 25 35 19 36 36 36 36 36
Multivariate
LSTM 28 36 36 25 36 23 36 24

The above results show how the application of transfer learning does im-
prove the performance of the neural networks, but in a heterogeneous way.
More specifically, the MAE sees an increase in forecast horizon while remaining
within the set acceptable threshold in 79% of the cases, with an average increase
in forecast horizon of 13.4 hours. The PMV, on the other hand, sees an increase
in forecast horizon while remaining within the set acceptable threshold in 27%
of the cases, with an average increase in forecast horizon of 8.6 hours. When
considering each individual neural network, 10 out of the 16 original neural
networks see an increase in forecast horizon for both MAE and PMV after the
application of one of the transfer learning approaches. However, such increases

are heterogeneous: there is no specific transfer learning approach which con-
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sistently improves the performance of all neural networks. Furthermore, there
does not appear to be a pattern between the transfer learning approaches, the
environment/case or network of the original neural network, and the increase in
performance.

As in the analysis of the original neural networks before the application of
transfer learning, in order to evaluate the effectiveness of the methodology the
shape of the graphs resulting from plotting the MAE and PMV metrics against
the forecast horizon must also be observed. Figures and [25] show a
positive example coming from the application of transfer learning on the 1D-
CNN univariate neural networks for the Whole Building environment. As far as
the MAE is concerned, the results show how the application of transfer learning
allows the shape of the curve to compress, thus reducing the MAE and indicating
an increase in the accuracy of the network, but only for 2 out of the 3 transfer
learning techniques, when either the last layer or the first layer are retrained.
When all layers are retrained, the MAE graph actually shows to worsen. This
is further shown in Figures and which zooms under the MAE e PMV
thresholds, and shows how the neural networks which apply transfer learning
and retrain only the last or the first layer see an increase in the forecast horizon
from 32h to 36h, whereas when all layers are retrained, the forecast horizon
is reduced from 32h to 22h. The PMV graphs then provide other interesting
insights. As in the analysis of the original neural networks before the application
of transfer learning, also these PMV graphs show a sinusoidal pattern. However,
whereas all three neural networks which applied transfer learning see a positive
compression in the shape of the PMV graph, unlike in the MAE graphs the
best improvement can be seen for the neural network which retrained all layers.
This neural network sees a much lower amplitude in the sinusoidal pattern of
the PMV graph, which remains on average at half the threshold set value and
never passes it. Furthermore, also the 1 standard deviation shadow is shown to
have compressed significantly, remaining almost completely below the threshold
value too. As far as the graphs concerning the neural networks which apply the

other transfer learning techniques, one can see how when only the first layer is
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retrained the graph shows some improvement but still slightly surpasses the set
threshold. On the other hand, when only the last layer is retrained the graph
improves significantly, maintaining the PMV value well below threshold until
the 36h of frecast horizon and also most of the 1 standard deviation area. The
amplitude of the sinusoidal pattern in this neural network with the last layer
retrained is wider compared to the one with all layers retrained, but it proves

to be the most effective if one considers both PMV and MAE improvements.
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Figure 22: Comparison of the different 1D-CNN univariate neural networks for the Whole
Building environment - MAE
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Figure 23: Comparison of the different 1D-CNN univariate neural networks for the Whole

Building environment - PMV
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Figure 24: Comparison of the different 1D-CNN univariate neural networks for the Whole

Building environment - zoom on MAE thresholds
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The results of the investigation therefore show how, following the transfer
learning, the neural networks significantly increase their performance. In the
less interesting cases, the forecast horizon capable of remaining within the MAE
threshold increases to 36 hours or more. Most interestingly though, numerous
cases showed how the MAE values tend to level out well below the MAE thresh-
old. This allows for a greater forecasting horizon, while maintaining an accept-
able indoor air-temperature prediction accuracy. However, such improvements
were heterogeneous: there is no specific transfer learning approach which con-
sistently improves the performance of all neural networks. Also, there is no ap-
parent pattern between the transfer learning approaches, the environment/case

or network of the original neural network, and the increase in performance.

4. Conclusions

The investigation’s results show how 1D-CNN and LSTM can successfully
be used for indoor air-temperature predictions even if trained on simulated
datasets, and that their performance further improves through the application
of transfer learning on real, but limited, datasets. More specifically, the MAE
sees an increase in forecast horizon while remaining within the set acceptable
threshold in 79% of the cases, with an average increase in forecast horizon of
13.4 hours. The PMV, on the other hand, sees an increase in forecast horizon
while remaining within the set acceptable threshold in 27% of the cases, with
an average increase in forecast horizon of 8.6 hours. When considering each
individual neural network, 10 out of the 16 original neural networks see an
increase in forecast horizon for both MAE and PMYV after the application of one
of the transfer learning approaches. However, such increases are heterogeneous:
there is no specific transfer learning approach which consistently improves the
performance of all neural networks. Furthermore, there does not appear to be
a pattern between the transfer learning approaches, the environment/case or
network of the original neural network, and the increase in performance.

As future work for this investigation, we plan to research possible appli-
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cations in similar environments. The current investigation was carried out on
a building, which for its structural characteristics can be a public or residen-
tial building. Future investigations could research the replicability of such a
methodology on industrial buildings, where the structural characteristics and
also the environmental factors are significantly different. Another future in-
vestigation could involve its applicability in a Smart Building context. The
proposed solution can be tested in a Smart Building environment to evaluate
possible integration in real-world building management systems, thus testing
Demand/Response control strategies.

As discussed by Yu in [57], efficiency requirements of the digital age are
one of many challenges encountered by power grids in recent years, and an
increasing number of artificial intelligence-related and big-data-driven solutions
are emerging to push forward smart-grid development. The proposed solution
can thus provide an important contribution to the overall effort of reducing

energy consumption, which is a hot topic in our contemporary society.

Abbreviations

The following abbreviations are used in this manuscript:

1D-CNN One-Dimensional Convolutional Neural Network
ANN Artificial Neural Networks

BIM Building Information Modelling

CNN Convolutional Neural Network

DR Demand/Response

DSM Demand Side Management

EU European Union

IoT Internet of Things

HVAC Heating, Ventilation and Air Conditioning
LSTM Long Short Term Memory

MAE Mean Average Error

96



MLP-NARX Multilayer Perceptron with Non-linear Autoregressive Exogenous

MLR Multiple Linear Regression
NAR Non-linear Autoregressive neural network
PMV Predicted Mean Vote
PPD Percentage of Person Dissatisfied
RNN Recurrent Neural Networks
SG Smart Grid
T™Y Typical Meteorological Year
VLSI Very Large Scale Integration
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