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ARTICLE INFO ABSTRACT
Keywords: Controlling the indoor environmental quality in real time is essential for the health, well-being and productivity
Air quality of occupants of a building. In recent years, research has focused on improving monitoring devices and strategies

IEQ and developing techniques for estimating indoor conditions. The use of machine learning algorithms in this

E;rp'ﬂatmn context has increased considerably. However, monitoring data in real time from large multizone working areas
NSGALI is challenging. The aim of this work is to provide an interpolation methodology based on the use of optimised

multilayered perceptron neural networks to estimate the indoor environmental conditions of a building in real
time. These estimations are obtained without the need for neither monitoring in the occupied working area nor
human intervention and considering low-cost sensors. The neural network is optimised by implementing the
multiobjective genetic algorithm NSGA-II to find the best architecture in terms of error and complexity. This
method was applied to the building of a research centre in north-western Spain, where interpolated values for
indoor air temperature, relative humidity and CO, concentration were obtained. The results of this case study
yielded relative errors close to 6% for temperature, 5% for relative humidity, and 12% for CO, concentration.
These values validate the methodology developed for the estimation of indoor environmental conditions and
the contribution of this research to the improvement of the monitoring and control of the indoor environmental
quality of a building.

Thermal comfort

1. Introduction This research focuses on thermal comfort and air quality, taking into

account that air quality monitoring is essential at this time due to the

Considering that people spend 80%-90% of their time indoors [1],
indoor environmental quality (IEQ) has become a key study factor for
many researchers. It is well known that both air quality and ther-
mal, acoustic and visual comfort influence the well-being, health and
productivity of a building’s occupants [2,3]. Moreover, building con-
sumption in Europe accounts for 40% of primary energy consumption
and 36% of greenhouse gas emissions [4]. The practice of constructing
green buildings, which are structures that make more efficient and sus-
tainable use of resources, is currently widespread. These buildings are
characterised by reduced energy consumption, but reducing consump-
tion does not always ensure occupant satisfaction or improvements in
IEQ [5,6]. Indeed, consumption is closely related to the IEQ since sys-
tems such as lighting, heating, cooling, and ventilation are responsible
for maintaining suitable conditions inside the building. Therefore, IEQ
monitoring is key to verify that the reduction in consumption is not
detrimental to environmental quality.
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COVID-19 pandemic. Among the four IEQ categories, the occupants
of a building consider thermal comfort to be the most important
parameter [2]. Numerous studies have been conducted in recent years
to determine the effect of different indoor environmental conditions
on thermal comfort and air quality and identify the most influen-
tial ones [3,7-9]. These studies revealed that indoor temperature and
relative humidity are two of the most commonly used variables in
the calculation of thermal comfort, while the indoor concentration of
pollutants, especially carbon dioxide (CO,), has been frequently used
to assess air quality and the need for air changes. Identifying and mon-
itoring these variables has become a challenge for many researchers.
Among the most commonly used measurement methods for monitoring
indoor environmental conditions, the use of measuring devices installed
at fixed positions stands out [10-14]. This can be interesting in small
spaces, where the use of a single point to represent the entire space
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Abbreviations

NSGA Nondominant Sorting Genetic Algorithm;

IEQ Indoor Environmental Quality;

ANN Artificial Neural Network;

MLP Multilayered Perceptron;

CV(RMSE) Coefficient of Variation of the Root Mean
Squared Error;

NMBE Normalised Mean Bias Error;

RMSE Root Mean Squared Error;

ASHRAE American Society of Heating, Refrigerating
and Air-Conditioning Engineers;

reLU Rectified Linear Unit;

PBI Penalty Boundary Intersection;

CINTECX Centre for Research in Technology, Energy
and Industrial Processes;

PLA Polylactic Acid;

GFS Global Forecast System;

NOAA National Oceanic and Atmospheric Admin-
istration;

provides a simplification that does not result in an excessive loss of
accuracy. However, in larger areas where the indoor environment is not
homogeneous, it is difficult to represent the whole environment with
a single measurement. For this reason, mobile measurement devices
began to be used to take measurements at different locations in a
room [15-18]. The present work combines both methods and uses fixed
devices installed outside the occupied area, where they do not interfere
with the performance of the building users, and a mobile measuring
device that moves around the study area. The devices used in this
research are notable for using low-cost sensors.

Accurately knowing the indoor environmental conditions of a build-
ing is a big step to be able to improve, if necessary, the environmental
quality of the building. However, estimating the IEQ at any point
of a building exactly is a complicated issue. To solve this problem,
there have been different approaches in recent years. On the one
hand,monitoring systems (sensors, positioning, devices, etc.) inside a
building have been improved to better understand the characteristics
of the environment throughout the building [19,20]. On the other
hand, white box models based on simulations [21-23], spatial vi-
sualisation [24] or statistical methods [16] have also been used to
attempt to estimate the indoor environmental conditions of a building.
In addition, although not so widespread, grey box models focused on
spatial interpolations such as kriging have been used to analyse the
environmental quality inside buildings [25]. Furthermore, the applica-
tion of advanced mathematical modelling techniques such as machine
learning (black box) models has become more common in this field in
recent years [17,26].

The application of artificial intelligence models in building energy
and environmental analyses has increased in recent years [17,27-29].
These models stand out for their robustness, ease of implementation
and strong performance [28-30]. Another reason for their growing use
is that black box models have proven successful in learning complex
patterns without the need for specific knowledge of the subject [30].
Among these models, which are defined as mathematical models capa-
ble of learning a pattern from data and extrapolating it to new data
samples, the most used and well-known model is the artificial neural
network (ANN). Specifically, ANNs have a notable ability to adjust
and model nonlinear relationships between model inputs and outputs
due to their massive interconnectivity [27,31]. Among ANN models,
the most widely deployed is the multilayered perceptron (MLP) neural
network. This type of ANN is characterised by being composed of
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several layers: input layer, output layer and zero, one or more hidden
layers between them [32]. MLP neural networks have already been
applied in scientific fields such as biotechnology [31,33], sensors [34],
aerospace science [35], environmental [32,36,37] and building energy
analyses [27,28]. Furthermore, numerous studies have shown the use-
fulness of adjusting the model parameters to their optimal values [38—
40]. Specifically, the use of genetic algorithms (GAs) for optimising the
parameters and structure of MLP neural networks has been carried out
in many studies [41-43]. Moreover, there are some genetic algorithms,
such as the nondominant sorting genetic algorithm (NSGA-II), that in
the optimisation process can focus on more than one objective [44-
46]. Previous studies, in which the IEQ of a building is estimated
using machine learning models, are focused on small spaces [15-17],
require devices installed within the occupancy zone [15,17], use simple
machine learning models [16] or without any type of optimisation [29].
Jin et al. [15,29] compared the performance of different machine
learning models estimating the air change effectiveness in a small
room. These studies are based on sensors installed in the occupancy
zone considering temperature, illuminance and pollutant particles such
as CO,. Other study, conducted by Shen et al. [16], uses a classical
multivariate regression to estimate particulate matter concentrations in
a small space taking into account the emissions from the kitchen and
the values of the outdoor infiltrations collected by the sensors placed
throughout the analysed space.

The aim of this work is to introduce a methodology to estimate
the indoor environmental conditions of an in-use building, both spa-
tially and temporally, using optimised MLP neural networks [17]. In
particular, this study focuses on estimating indoor temperature, rela-
tive humidity and CO, levels, but the methodology developed can be
applied to any other variable of interest that may have an effect on
the IEQ. The analysed building in this study was a centre for research
in north-western Spain. The estimations were obtained by means of an
interpolation technique, and the optimal architectures of the built MLPs
were achieved with NSGA-II [47,48]. In this case, the two objective
functions to minimise were the coefficient of variation of the root mean
squared error (CV(RMSE)) and a complexity function considering the
number of hidden neurons and layers [41]. The available data consisted
of minute-frequency observations of the three variables of interest
measured by sensors installed in eight fixed positions and an additional
mobile device. Ten-minute-frequency meteorological variables of the
area where the studied building is located were also available. In
addition, three time variables (hour of the day, day of the week and day
of the year) were considered as model inputs to improve the training
process. A spatial analysis of the environmental conditions throughout
the analysed multizone building, together with a temporal analysis
over three specific days, was carried out after the overall good perfor-
mance of the MLPs was demonstrated by a positional cross-validation
experiment (run through the entire data sample separating each of the
studied positions). The Normalised Mean Bias Error (NMBE), RMSE
and, as recommended by the American Society of Heating, Refriger-
ating and Air-Conditioning Engineers (ASHRAE), CV(RMSE) were the
error measures selected to evaluate the built MLPs [28,49].

The novelty of this work lies in the application of machine learning
models, optimised with a genetic algorithm, to perform spatiotemporal
estimations of the environmental conditions in a large open space inside
a building without the need to monitor the occupation area. Further-
more, the methodology presented does not rely on physical simulations,
which would require significant knowledge of the subject and model
parameters. In this way, this paper contributes with a method that
minutely estimates the values of certain variables related to the IEQ at
any position in a multizone indoor space and, consequently, can show
a real-time image of its distribution throughout the building. Thus, this
method becomes essential to enable an effective evaluation of the IEQ
conditions of the building, with the possibility of directly integrating
this additional information into its digital twin representation.
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2. Materials and methods

The aim of this work is to determine the environmental condi-
tions inside a building without affecting the activity being carried
out. Thus, this research attempts to develop a spatiotemporal inter-
polation methodology to obtain the environmental conditions within
the occupation area from measurements performed at a set of fixed
points outside that area. This methodology combines the use of neural
networks with a genetic algorithm, as shown in Fig. 1.

A multiobjective genetic algorithm is used to find the optimal
neural network architecture that minimises a set of target functions
in an iterative process. For each iteration, using the independent and
dependent variables (measured outside and inside the occupation area,
respectively) and the architecture proposed by the genetic algorithm,
the neural network is trained and tested to generate a model. The
error metric evaluated in that testing process and the complexity of the
neural network architecture are the objective functions that the genetic
algorithm attempts to minimise. Once the optimal model is identified
and trained, it is no longer necessary to conduct measurements within
the occupation zone.

2.1. Machine learning model

Machine learning models are data-driven models based on math-
ematical algorithms that are highly successful in learning complex
patterns and producing accurate estimates without the need for exten-
sive knowledge in the field of their application [26,28]. The algorithm
adopted to estimate the environmental conditions inside an in-use
building is an ANN. Such algorithm try to replicate the functioning
of the human brain network and therefore has an extraordinary abil-
ity to model non-linear relationships [27]. In this work, the ANN
implemented is the multilayered perceptron (MLP) neural network.
This machine learning model and the process to select its optimal
architecture are explained in the following sections.

2.1.1. Multilayered perceptron neural network

MLP is one of the most widely used ANNs. Its structure is divided
into three types of layers that are fully connected between them: the
input layer, where the model inputs are introduced; the output layer,
where the results of the trained model are obtained; and the hidden
layers, which are each of the intermediate layers between the previous
ones and can be zero, one or more. The connections between them
are based on a weight structure (see Fig. 2) whose values are altered
through model training, building a stable framework with decision
capacity [32,50,51].

Assuming that the number of hidden layers in the MLP neural
network is G (see Fig. 2) and the neurons in each of the layers are
respectively set as ny,ny,...,ng,, the inputs and outputs of the first
hidden layer have the shape presented in Egs. (1) and (2) [32,50,52]:

)

iy= ) 1w, fo(x;)+b, )
j=1
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where i,, 0, and b, are the input, output and threshold of the nth neuron
in the first hidden layer, respectively. In addition, while w;, represents
the weight value connecting the jth input neuron with the nth neuron
in the first hidden layer, f,(-) represents the activation function of the
layer k [32,50]. Therefore, the input and output of the neurons in the
output layer are obtained as shown Egs. (3) and (4):
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j=1

o) =i )

where i, 0; and b correspond to the input, output and threshold of the
neuron in the output layer. Moreover, w;, represents the weight value
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that connects the jth neuron in the last hidden layer to the neuron in
the output layer.

The MLP training process is based on the error backpropagation
method. In this way, this algorithm needs real values to fit the weights
estimating the errors between the MLP predicted values and the real
ones [53]. Furthermore, during model training, the updates of the
weights are based on an average update (batch-learning) obtained by
entering all the patterns as inputs (an epoch) and accumulating all
updates of the weights [54]. The training process is usually based on
a gradient descent algorithm. Nevertheless, a conventional gradient
descent presents significant disadvantages such as problems in search-
ing for local optima and a slow convergence rate [50,55]. Minibatch
gradient descent, an algorithm based on batch gradient descent and
stochastic gradient descent, avoids these potential problems. This al-
gorithm, which is used for training the MLPs presented in this study,
offers advantages regarding the search for global optima and a higher
convergence rate [32,56]. Additionally, to avoid overfitting problems,
the following stop criterion is selected [57]: training is stopped when
the performance of the MLP, represented by the mean square error
(MSE: % Z,Ii ,(¥; = Y))?) and tested with an independent validation sam-
ple (test sample), begins to decrease or stagnates. The selected threshold,
in form of the number of epochs in which the model is allowed to not
improve, is set at 50. Last, all MLPs built in this analysis are trained
using a rectified linear unit (reLU) activation function: max(0, x) [58],
the adaptive moment estimation (Adam) optimiser [59] and a Gaussian
kernel as initialiser. Further information about MLP training can be
found in [27,32].

2.1.2. Model selection

The optimal architectures of the built MLPs (number of hidden
layers and hidden neurons) are obtained by solving a multiobjective
problem with a genetic algorithm. This type of algorithm attempts to
replicate biological evolution to solve optimisation problems [48,60].
They start with a random population based on individuals, which are
represented by chromosomes that are structured into genes. In this
context, genes are values for the explanatory variables (also known as
covariates) of the model. Moreover, the optimisation is carried out using
three individual operators [47,61]:

* Crossover: Swapping a segment of a specific chromosome with
the segment of another chromosome at random. This provides a
combination of solutions and convergence in a subspace.

* Mutation: Random modification of parts of one solution. This
increases the diversity in the population and allows escape from
local optima.

+ Selection: The best chromosomes are selected (elitism) to pass on
to the next generations.

In this paper, the selected genetic algorithm is the nondominated
sorting genetic algorithm (NSGA-II), a robust multiobjective algorithm
widely used in numerous real-world applications [47,61]. It was origi-
nally developed as an improved version of the NSGA due to the incorpo-
ration of elitism, a fast nondominated ranking approach and diversity
along the Pareto optimal front using a crowding distance operator.
Concretely, it is one of the most powerful algorithms in multiobjective
optimisation applied in building performance analysis [47].

The multiobjective problem is based on two metrics that are to be
minimised: the CV(RMSE) (Eq. (7)) on the one hand and a complexity
function (Eq. (5)) on the other. The complexity function, which is a
slight modification of the function used in [41], is based on the number
of neurons and layers of the neural network architecture and has the
following form:

h Z,lio n;
N (5)

Complexity = 0.25 T +0.75

where £ is the number of layers used in the evaluated architecture, and
H represents the maximum value allowed for the » parameter (in this
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Fig. 1. Interpolation methodology implemented to determine the temperature, relative humidity and CO, levels in the area of interest from measurements conducted outside that

area.
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Fig. 2. MLP neural network architecture with N inputs, G hidden layers, an univariate output and weights w;,.

case, 3). In addition, n;,n, and n; are the neurons in each layer, and
N is the maximum number of neurons that can be in the model (in
this case, 600). It can be seen that the complexity that comes from the
number of layers has less impact in our modification. This mitigates the
rejection of too many multilayered structures. On the other hand, the
decomposition function used to find the optimum point in the Pareto
front obtained by the genetic algorithm was the penalty boundary
intersection (PBI) [62]. Further information about the NSGA-II and its
implementation can be found in [44,45,48,60].

2.2. Error measurements

The error metrics considered in this work to measure the accuracy
of the built MLPs are the root mean square error (RMSE), coefficient
of variation of the RMSE (CV(RMSE)) and normalised mean bias error
(NMBE):

N

RMSE = 2
i=1

(yi - JA’,‘)Z

N (6)

VEL = 92/N

y
2{10’1' =)
’—N— 8
Z,‘=1 (y,)

CV(RMSE) =100 x )]

NMBE =100 x

These metrics are recommended by ASHRAE [49] and have been
used in similar studies [24,47,63]. Additionally, Martinez et al. [47]
demonstrated that CV(RMSE) is the best metric in building simulation
analysis. CV(RMSE) is also one of the objective functions taken into
account in the multiobjective problem that seeks the optimal MLP
structures.

3. Experimental system

The building under study is the Centre for Research in Technology,
Energy and Industrial Processes (CINTECX) located on the campus of
the University of Vigo in north-western Spain and facing northwest.
The general climate of the region where the building lies is a mixture
between Cfb (atlantic influence) and Csb (mediterraniean—atlantic tran-
sition) according to the Koppen—Geiger classification [64]. Ten research
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(a) Outside of the building. (b) Indoor corridor area.

(c) Indoor working area. (d) Indoor working area.

Fig. 3. Photographs of the studied building.

groups work in this building in a variety of areas including energy,
electronics and automation, transport, sustainability and biomedical
engineering. The diversity of activities that take place inside makes
it attractive for this study. The measuring devices are installed on
the ground floor of the building, where the laboratories are located.
This space is where the research groups carry out the experimental
part of their research, and it is a particularly interesting area for this
reason. Research involves a wide variety of equipment, such as boilers,
heaters, welding equipment, and engines that can affect the comfort
of occupants and disrupt air quality. The current heating and cooling
system consists of 4 fan coils distributed throughout the room. Fig. 3
shows pictures of the building and some of the working areas.

The data required for the study are gathered by two different data
sources: first, a set of measuring devices are used to take measurements
inside the building; second, the weather data from outside the building
are gathered from a nearby meteorological station, complemented with
the outputs of a numerical weather prediction model when direct values
are not available.

3.1. Monitored data

The indoor data source used in this research consists of 9 tailor-
made devices, shown in Fig. 4, containing sensors for the measurement
of indoor temperature, relative humidity and CO, levels. One of the de-
vices is mobile (DO) and is used to collect data from multiple positions
inside the working area. It also has a platform of variable height that
facilitates the collection of data at 0.3 m intervals between heights of
0.55 m and 1.75 m. The remaining devices (D1 to D8) are wall-mounted
in fixed locations (where they do not disturb the users of the building)
and at heights between 1.9 and 3.2 m. These devices are characterised
by their reduced cost in terms of hardware components and in terms
of manufacturing and assembly. The structural components are mainly
manufactured by 3D printing in polylactic acid (PLA).

All measuring devices are equipped with the same sensors to mea-
sure the variables of interest at a frequency of one minute. The tem-
perature and relative humidity are measured by SHT31-D sensors,
while MHZ-14 sensors are used to acquire CO, values. The technical
specifications of the sensors used in this work, which are low-cost (less
than 35€ for the most expensive ones), are detailed in Table 1.

Some of the wall-mounted devices (D1, D2, D3, D4 and D7) are
placed at the borders of the area of interest in which measurements
are collected and interpolations are performed. This is a multizone open
space of approximately 825 m? and a height of 6 m. Fig. 5 shows the
position of the fixed devices and the different locations monitored with
the mobile device. Only spaces where building users work and spend
most of their time are studied. Closed laboratories, illustrated in Fig. 5
with a shaded background, may have very particular environmental

"“" ’"ﬂ
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(a) Wall-mounted device (D1 to DS8). (b) Mobile device (DO).

Fig. 4. Measuring devices installed in building.

Table 1
Technical specifications of used sensors.
Variable Sensor  Accuracy Measuring range Resolution Response
tolerance time
Temperature SHT31-D +0.3 °C -40 to 125 °C  0.015°C 8
Relative humidity SHT31-D +2% 0 to 100% 0.01% 2s
CO, MHZ-14 +50 ppm +5% 0 to 5000 ppm 10 ppm <30 s

Table 2

Device coordinates given as length (x), width (y) and height (z).
Device x [m] y [m] z [m] Device x [m] y [m] z [m]
D1 0 16 2.4 D5 11.5 7.8 1.9
D2 4 0 3 D6 20.6 9.4 2.2
D3 50.1 3 3.2 D7 30.6 15.7 2.5
D4 47.1 14.4 3.2 D8 44 6.3 2.1

conditions that are not representative of the rest of the spaces and
that have no effect on the workers since they are not usually occupied
during the experimental tests. The envelope of this part of the building
is constructed of concrete (35.5 cm wide) and is characterised by a large
number of windows (approximately a 40% of the exterior envelope).
The two shorter sides of the building are fully glazed, and part of the
sawtoothed roof is also glazed. In addition, one of the long sides of
the building has windows (see Fig. 3). The specific positions where
wall-mounted devices are placed are presented in Table 2, measured

in metres and disaggregated into length, width and height.
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Fig. 5. Blueprint of the study area. The blue boxes represent the positions of the wall-mounted devices, the orange dots indicate the positions in which the mobile device was
temporarily located, and the shaded areas depict closed laboratories that were omitted from this study. (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)
3.2. Weather data

The main source of environmental meteorological data is an auto-
matic weather station belonging to the MeteoGalicia weather agency.
This station is located 300 m north-east of the centre of the studied
building with an uphill height difference of 43 m. The weather variables
retrieved from this station are the mean air temperature, relative
humidity and global solar irradiance. Measurements were performed
at a height of 1.5 m from the local ground surface.

Data values from the aforementioned weather station are retrieved
using a RSS service provided by MeteoGalicia [65]. Data are provided
with a 10-min temporal resolution and a time delay of 15-25 min from
real time.

The complementary meteorological data source, used as a backup
for replacing missing or invalid data from the main weather source, is
the forecast data obtained from the Global Forecast System surface flux
(GFS sflux) model. GFS is a global-scale numerical weather prediction
model operated by the National Oceanic and Atmospheric Adminis-
tration (NOAA) of the United States. All GFS products are executed
four times each day starting at 00 h UTC and every 6 h, and their
output files are stored at the NOAA Model Archive and Distribution
System (NOMADS) repository for a 10-day interval [66]. The GFS sflux
version provides hourly forecasts over a ~13 km resolution horizontal
grid of points. A detailed explanation of the GFS model and products
is available at [67].

For each analysed time, the GFS sflux output file corresponding to
the shortest forecast term available is used to extract weather data at
the nearest grid point. This point is located at 42.11519°N 8.67187°W,
5.94 km away from the studied building. From the forecast variables
available in the GFS output files, the ones most similar to the three
aforementioned weather variables are temperature at 2 m height, rela-
tive humidity at 2 m height, and shortwave downward solar irradiance
at ground level. These are the same meteorological variables that were
used in a previous study by some of the authors [68], where the data
estimations of GFS sflux were compared with data observations from
the MeteoGalicia network, achieving a similar estimation performance.

3.3. Data preprocessing

This analysis is focused on interpolating specific variables related
to the indoor environment of a building. As already mentioned, the
variables selected for interpolation are temperature, relative humidity
and CO, concentration (see Fig. 6). The data available in this study
are minute observations of the three variables of interest measured
from sensors located in eight fixed devices (see Table 2) and from

Weather Devices Time Position Position Position

data data variables X y z

models

Interpolation in a specific point

Temperature Relative Humidity co,

Fig. 6. Summary of the interpolation process after training the machine learning
model. Boxes represent the inputs of model, and the variables at the bottom represent
outputs of the model. The dashed line in weather data indicates that these data are
not taken into account in the model built to interpolate CO,.

a mobile device (see Fig. 5). The availability of these data extends
from November 18, 2020, through March 10, 2021. The entire sample
contains data from 26 different positions of the mobile device (see
Fig. 5) and slightly fewer than 140,000 observations (although at many
times not all devices were sending data). In this case, the algorithm is
trained to withstand up to two nonoperating wall-mounted devices at
each analysed instant. The structure of the input and output variables
of the study presented in this paper is summarised in Fig. 6.

The black box models are trained by combining data from the
wall-mounted devices, weather observations, three ancillary temporal
variables, the positions of the mobile device and the measurements
it takes (which are the desired values). Specifically, the positions of
the mobile device are transformed into distances to the fixed devices,
considering the x-, y- and z-axes, to make the trained model more ac-
curate. The data monitored by the mobile device are time-interpolated
because the sensors do not take measurements during its vertical move-
ment. In addition, a smoothing process based on the moving average
technique [69] is applied to the device data to balance out the combined
effects of this time interpolation and the sensor errors. For the external
weather data, each 10-min frequency observation value is replicated to
generate data inputs of the required frequency. Finally, three temporal
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variables (hour of the day, day of the week and day of the year) are
computed from the timestamp of the sensor data.

Each of the models built in this study considers a different set of
variables together with the time variables and the distances to the wall-
mounted devices that are common in all models. Thus, to interpolate
indoor temperatures and relative humidity values, only the values of
the variable itself measured by the fixed devices together with the out-
door temperature and solar irradiance are considered. For CO, levels,
only the values from wall-mounted devices are taken into account, due
to the low correlation between indoor CO, levels and the analysed
meteorological variables. Other variables such as occupancy rate, air
exchange rate or spatial parameters are significantly related to the CO,
levels inside a building, but they are not considered in this study. The
reasons for this are the existence of numerous previous studies that
support this approach [15,24,70,71], the difficulty of monitoring this
type of variables (occupancy rate is usually estimated using different
techniques [72-74]) and, as shown below, the accuracy obtained by
the presented method is comparable to other studies that consider the
aforementioned variables [75]. Finally, a time lag of one minute is
introduced in the environmental variables inside the building to model
the inertia of these parameters [27].

4. Results and discussion

A methodology based on optimised MLP neural networks to inter-
polate temperature, relative humidity and CO, values in any location
in a large open space inside a building is designed in this paper.
To validate this methodology, a case study is presented in the CIN-
TECX building located at the University of Vigo. The available data
comprise four months of observations measured every minute (with
approximately a 13% of missing values due to sensor errors and the
movement of the mobile device). On the one hand, in Sections 4.1
and 4.2, the MLP neural network efficiency is analysed by taking into
account the optimisation results and error metrics presented (RMSE,
CV(RMSE) and NMBE). First, Section 4.1 introduces the selection pro-
cess of the optimal MLP architecture; second, Section 4.2 presents the
average accuracy of the selected models interpolating data by positions
throughout the entire sample and on specific days. In this section,
positional analysis is based on accuracy measurements of the model
in positions where it has no information since these values were previ-
ously removed from the training dataset (positional cross-validation).
Furthermore, three validation samples (days) are studied to show the
temporal performance of the MLP compared to the monitored values.
On the other hand, in Section 4.3, the usefulness of the optimised and
validated MLP neural networks is presented by spatially studying the
indoor environmental conditions in the building and by observing their
changes over time. Finally, the full implementation of the proposed
methodology and the results presented hereinafter are based on the
Python programming language [76].

4.1. MLP optimisation

The optimised MLP neural network structures are obtained with
the genetic multiobjective algorithm NSGA-II. The CV(RMSE) (Eq. (7))
and the complexity function (Eq. (5)) are the objective functions that
the genetic algorithm minimise to find optimal structures. In addition,
Table 3 shows the parameters of the NSGA-II used in the evaluation
process of the possible architectures and in the optimisation stopping
criterion.

The most relevant parameters are the neuron choices (10-200 in
each of the layers), representing 7220 possible permutations, and the
stopping criterion. This criterion does not take into account the spe-
cific number of evaluations but the tolerance in the feasible space. In
addition, among the options for each Pareto front, the MLP structure is
selected through the decomposition function PBI, giving more weight
to the error function: 0.75/0.25. The process of selecting the optimal
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Table 3

Parameters and functions used in the optimisation through NSGA-II, comprising the
general parameters related to the multiobjective algorithm and the specific parameters
related to the optimal selection.

General parameter Value Termination parameter Value
Neurons options 10-200 (10 by 10) Tolerance (tol) 0.0025
Layer options 1-3 N° max evals (n_max) 4000
Population 50 Last genes considered (n_last) 10
Mutation 0.9 Decomposition function PBI
Crossover 0.1

Table 4

Results of the MLP architecture optimisation through the NSGA-II and a brute-force
research.

Method Variables

Hidden Hidden CV(RMSE) Complexity Evaluations
layers neurons [%]

Temperature 2 30-20 6.83 0.23 1999
NSGA-II Relative humidity 2 110-10 8.31 0.32 1099

CO, 1 20 11.28 0.11 999
Brute- Temperature 1 10 7.34 0.10 7220
force Relative humidity 1 110 8.25 0.22 7220
search  CO, 1 20 12.78 0.11 7220

point on the Pareto front depends on the objective of the study: in this
case, the priority is to maximise the accuracy of the model rather than
minimise the computational time needed to train it. For simplification
and considering that the aim of the study is to effectively interpolate
data at different positions and times, the evaluation is focused on
three samples separated in time, where the mobile device was in three
different positions. Therefore, the algorithm decides according to the
average error obtained on these samples.

Finally, Fig. 7 presents the Pareto fronts obtained for each of
the variables analysed. Due to their different behaviours, the results
vary: while the optimisation of the network structure for temperatures
needed 1999 evaluations to stop, for relative humidity and CO, levels,
it only needed 1099 and 999, respectively (see Table 4). The selected
optimal points on the Pareto fronts are shown in Fig. 7, and the
MLP hidden layers architecture they represent is presented in Table 4.
In addition, the performance of NSGA-II optimisation is compared
with a traditional brute-force search to find the most suitable MLP
architecture. Considering a selection process analogous to that used
with NSGA-II (but using a weighted sum function to select the optimal
point since, in this case, there is no Pareto front), Table 4 shows that
NSGA-II is more efficient for this type of search. The results in terms
of the objective functions are similar, but the evaluations needed to
achieve them and therefore the computation time required are much
higher. The reason is that the time taken by NSGA-II to choose or
discard options is negligible. Specifically, in the case of temperatures,
the brute-force search, with 5221 more evaluations, finds a simpler
optimal architecture but with a higher average error (from 6.825 to
7.337). In the case of relative humidity, the brute-force search reached
a simpler solution with an average error in the same range (from 8.307
to 8.246). With respect to CO, concentration, the brute-force search
selects an optimal architecture with the same complexity and with
a slightly higher average error (from 11.278 to 12.780) due to the
randomness present in the process.

4.2. MLP performance

Once the optimal structures are known (see Table 4), two differ-
ent analyses are carried out: positional cross-validation and accuracy
analysis focused on specific days. First, the average results obtained
by interpolating data at each of the studied positions (after having
removed those data from the training sample) are shown in Table 5.
These results demonstrate the effectiveness of the optimised MLPs for
both spatial and temporal interpolation.



M. Martinez-Comesafia et al.

Building and Environment 205 (2021) 108243

Temperature Relative humidity CO>
10 o 10 o 10 o
L o8 08 08
=
[
< 06 0.6 0.6
O .
o .
$ 04 0.4 0 0.4
T . 5
E B .
G 02 ® 02 02
Z . = ®
()
0.0 . 00 E . 00 . .
00 02 04 06 08 10 00 02 06 08 10 00 02 04 06 08 10

Normalised Complexity

Normalised Complexity

Normalised Complexity

Fig. 7. Pareto fronts with the optimum point selected in the multiobjective problem related to the MLP structure optimisation. The two normalised functions taken into account

are the CV(RMSE) and a complexity function.

Table 5

Numerical results of the interpolations of the three variables selected to study the
environmental conditions in the analysed building. The average RMSE, CV(RMSE) and
NMBE obtained through a positional cross-validation process are presented with their
standard deviations (SDs).

Variables MLP RMSE SD CV(RMSE) SD NMBE SD
architecture [%] [%]
Temperature [°C] 45-30-20-1  0.92 0.39 5.90 2.50 -1.38 3.70
Relative humidity [%] 45-110-10-1 2.89 1.37 4.91 2.33 -0.01 3.56
CO, [ppm] 43-20-1 59.80 20.89 12.16 4.25 -0.02 8.46

In the case of temperature, whose model has 45 inputs, the average
CV(RMSE) obtained throughout the entire sample is 5.90% with a
standard deviation of +2.50 (see Table 5). Considering its absolute
value (RMSE), on average, the error produced by the model is 0.92 °C,
varying by +0.39. Moreover, considering the NMBE results, the average
error is —1.38% with a standard deviation of +3.70. This means that,
on the one hand, the model presents good accuracy, as the RMSE it
yielded is not far for the sensor error (+0.3 °C). On the other hand,
as presented in Table 5, this model makes interpolations, on average,
slightly above the real values due to the negative NMBE. Regarding
the relative humidity results, where the built MLP needs 45 inputs, the
average CV(RMSE) obtained by analysing all the positions considered in
this analysis is 4.91% with a standard deviation of +2.33 (see Table 5).
Considering absolute units, the average error is 2.89% with a variability
of +1.37. In addition, the average NMBE obtained is —0.01%, and its
standard deviation is +3.56. In this case, the model built to interpolate
relative humidity, as for indoor temperatures, is accurate, showing an
average RMSE close to the error sensor (+2%). Furthermore, the small
and negative NMBE means that this model produces interpolations
that, on average, are very close to the monitored values but a mini-
mum above. Last, Table 5 also presents the results of the MLP neural
network focused on CO, levels, which requires 43 inputs. Thus, the
average CV(RMSE) and the RMSE yielded in this case are 12.16% and
59.80 ppm with standard deviations of +4.25 and +22.02, respectively.
With respect to the NMBE results, this MLP exhibits, on average, an
NMBE of —0.02% and a standard deviation of +8.46 (see Table 5). As
with the other variables, the average RMSE obtained by analysing CO,
levels is very close to the sensor error (+50 ppm), and the NMBE results
show that the interpolations of this model, on average, are also very
close to the monitored data but slightly above due to its negative value.

By analysing all of the models according to their relative results (see
Table 5), it can be observed that the MLP focused on the interpolation
of relative humidity is the most accurate. It presents the lowest average
CV(RMSE) and NMBE as well as the least variable results. By contrast,
the least accurate model is the MLP built to interpolate CO, levels.
It shows a higher average CV(RMSE) with a higher variability in its
results, and although the average NMBE obtained is not the highest,
its variability is much higher than that presented by the other mod-
els. Nevertheless, all of the built MLP neural networks show a high

accuracy, with the obtained values being slightly higher than the real
values. This is especially positive considering the sensor errors and the
fact that the interpolation method allows missing data in two of the
fixed devices. Consequently, considering the distance of the average
absolute errors to the sensor error, the CO, model becomes the most
accurate model due to its RMSE of 59.80 ppm compared with the
sensor error of +50 ppm. However, both relative humidity and indoor
temperature MLPs, despite having lower relative errors, perform worse
in this case. They present RMSE values of 2.89% and 0.92 °C with
sensor errors of +2% and +0.3 °C, respectively. These facts indicate
that the highest relative errors in the CO, interpolations are mainly
caused by a higher variability in the monitored data (see Table 5) but
also by a higher sensor error.

On the other hand, with the aim of showing the MLP performance
interpolating data over an entire day, Fig. 8 presents the results of
the three built MLPs interpolating data on three specific days. Two of
them represent typical conditions, while the third, which is different for
each variable, is specifically selected to show a particular behaviour.
This analysis showcases the accuracy of the optimised MLP neural
networks by interpolating data temporally at known positions for the
model (where the mobile device was located at some point in time).
Additionally, the CV(RMSE) obtained by the models on each of the days
and for each of the variables is presented in Fig. 8. It can be seen that
for every day analysed, the built models correctly replicate the daily
behaviour of the three monitored variables. Specifically, as presented in
Table 5, temperature and relative humidity interpolations yield better
results (CV(RMSE) below 5%) than in the case of CO, levels (CV(RMSE)
below 9%). Fig. 8 also shows that the evolution of the CO, levels during
the day is more variable, a fact that significantly influences the higher
errors obtained by the model. In addition, further evidence that the
built MLP neural networks work efficiently is that on atypical days,
the errors, although increasing, remain at acceptable levels (see Fig. 8).
Furthermore, it can be observed that in comparison with the results in
Table 5, the errors obtained in this case are significantly lower. This is
because in these interpolations, the model does have information about
the specific positions analysed (the mobile device is often in the same
position for more than one day).

In short, the results presented in this section demonstrate the effec-
tiveness of the built MLPs interpolating data temporally and spatially
in a large multi-zone room. They obtained average NMBE values close
to zero and small average RMSE values considering the error shown by
the sensors used in this study. Compared to previous studies analysing
a simpler space, the errors obtained with the presented methodology
are smaller or remain in the same range [24,70,71].

4.3. Building performance analysis

The main objective of the developed spatiotemporal interpolation
methodology is the identification of possible uncomfortable or even
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Fig. 8. Results of the interpolations on specific days and thus in positions where the mobile device was at some stage, together with the errors yielded. Indoor temperatures are
in the first row, relative humidity is in the second row, and CO, levels are in the third row.

unhealthy situations within a building. This is possible because inter-
polation provides real-time monitoring data for the entire building and
not just for the individual positions where the measuring equipment
is installed. This section presents the interpolated data obtained for
temperature, relative humidity and CO, concentration in the study
area and at a height of 1.5 m above the floor. Fig. 9 shows, as an
example, the spatial distribution of these variables at three points in
time corresponding to February 26, 2021, with a time difference of
30 min. In this case, a door near device D3 was opened in the time
interval presented in the figure, which caused the conditions inside the
building to change slightly. This behaviour is correctly captured by the
model, influencing all points in the entire space to different degrees.

A detailed analysis of the temperature distribution shows a high
degree of consistency with the building envelope. The areas with higher
temperatures are areas where the envelope has a large amount of
glazing that magnifies the influence of solar radiation, leading to an
increase in temperature compared to more shaded areas. As previously
mentioned, the envelope is glazed on the shorter sides of the study area
as well as on a section of the roof. The comparison of the temporal
results identifies how the temperature in the area around device D3
decreases as the time elapses after the door is opened. However, there
are no major variations on the opposite side of the room.

Regarding relative humidity, although it is modelled independently
from temperature using its own MLP, it is closely related to the tem-
perature results. In the warmer areas, it can be observed that the
relative humidity is slightly lower than that in the cooler areas. This
is a consistent behaviour considering that without additional water,
the air becomes drier as the temperature increases and more humid

as the temperature decreases. As with temperature, relative humidity
increases with the intake of air from outside when the door is opened.

The CO, concentration results show a significant relationship with
the building occupancy and building activity. Experimental boiler tests
are carried out around the D3 device. Although the tests are carried out
under controlled conditions and the installation is properly constructed,
it is possible that at certain times the CO, levels may increase slightly
compared to the rest of the building, highlighting one of the main rea-
sons why it is interesting to monitor the entire building. It is precisely
in this area that the effect of opening the door can be noticed, as the
CO, concentration is reduced. Close to device D5 is where the highest
levels are registered. This is an area with higher occupancy than the
rest of the building.

In addition to detecting occasional problems, distribution maps are
also useful for analysing the overall performance of buildings. Fig. 9
shows that the indoor temperature is not homogeneous at the instants
analysed, but there is a variation of up to 4.5 °C between some areas.
This may be partly due to the building envelope and the large size of
the study area but also to the operation of the heating system. A more
in-depth analysis of temperature values over a longer time span could
provide information about deficiencies in heating and cooling systems.
In contrast, the relative humidity does not show such a large variation
in this period. It remains at approximately 10% between the most and
less humid areas of the space. The difference in CO, concentration
inside the building is up to 200 ppm, but at all monitored times, the
levels remain within the recommended ranges. Another fact that can
be deduced from the behaviour of the three variables in the analysed
interval is that opening a small door is not sufficient to ensure the
ventilation of such a large space.
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5. Conclusions

A new methodology to estimate the indoor environmental condi-
tions in a large open space of an in-use building through artificial
intelligence is presented in this paper. In this way, a picture of the
distribution of these variables throughout the analysed space can be
visualised every minute even for instants when not all wall-mounted
devices are sending data (the model was trained supporting a maxi-
mum of two malfunctioning devices). The specific models used in this
study were three MLP neural networks, one for each of the variables
considered, which were responsible for estimating the IEQ values at
any location in the building.

The results achieved show that based on a low-cost monitoring
system, it is possible to efficiently estimate the indoor environmental
conditions of a building by interpolating indoor temperatures, relative
humidity and CO, levels with machine learning. The MLP neural
network architectures were optimised using the NSGA-II algorithm to
select the best structure considering two objective functions (in this
case, prediction error and model complexity). In this way, positional
cross validations were carried out to demonstrate the efficiency of the
built models. The results for indoor temperature interpolations show
that the built model is accurate since it obtained an average CV(RMSE)
of 5.90% and ASHRAE, with hourly data, recommends an average
CV(RMSE) of less than +30% to consider a model calibrated. With
regard to relative humidity, the average RMSE obtained of 2.89% in
comparison with the sensor error of + 2%, demonstrates that the built
MLP is also accurate. Last, in the case of CO, levels, considering a
sensor error of 50 ppm, the average RMSE of 59.80 ppm shows the
good performance of the model. From a thermal comfort and air quality
point of view, the conclusion is that the methodology presented in this
paper is effective in estimating the IEQ in a large open building space.

The main limitation of this research was the amount of data. A more
extensive data sample would not only provide data from the different
seasons of the year but also from more positions of the mobile device.
Future lines of research would be to evaluate if the number of devices
can be further optimised without affecting the quality of the results, the
study of other algorithms or additional inputs, such as building design
parameters, that improve the performance of the presented model or
the possible contribution of more accurate sensors.

The outcomes of this research are evidence that the developed
methodology can contribute to improving the monitoring and control
of the environmental conditions inside a building. On the one hand, the
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Distribution map of temperature, relative humidity and CO, concentration in study area at three points in time on February 26, 2021, at height of 1.5 m above floor.

possibility of analysing, by means of distribution maps, the variables of
interest in the whole space makes it possible to identify locations where
conditions are not comfortable or even where workers’ health is at risk.
Moreover, this contributes to the assessment of building performance,
identifying deficiencies in the heating and cooling systems and even
in the building envelope. This is beneficial not only for the health and
well-being of workers but also for their productivity. Furthermore, this
methodology also contributes with advantages over the existing models
of estimating the IEQ of a building. Simple continuous monitoring
of data is very costly, and simulation models require a great deal of
expertise and handle many different parameters. Other methods based
on artificial intelligence only use fixed devices, need very expensive
equipment, or are focused on small spaces. With the system presented
in this paper, which is built based on inexpensive assemblies and
sensors and is faster than traditional simulations, only the movement of
the mobile device to the positions where the data are most significant is
needed. Thus, after the model is trained, no further human intervention
is required. In addition, it does not require the monitoring or previous
estimation of variables such as the occupancy rate, air exchange rate
or others similar variables which are more costly and complex to
monitor. On the other hand, the fact that the case of study is a large
multizone open space enables this methodology to be extrapolated to
similar buildings and, in principle, to smaller rooms, since the problem
difficulty would be lower. Likewise, this system allows other variables
related to the IEQ of a building to be easily considered, increasing
the possible extrapolation of this method. Lastly, the usefulness of the
NSGA-II to adjust the hyperparameters of a machine learning model
efficiently and quickly has been demonstrated.
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