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Abstract — Virtual sensors have become essential in generating synthetic data to support smart city initiatives, mainly
when physical sensors are absent or inaccessible. They play a crucial role in monitoring air pollutants, benefiting those
with health sensitivities, and aiding city planning in the context of smart cities. This research focuses on creating
reliable virtual sensors for air pollutant measurement through deep learning and machine learning models, providing
a cost-effective solution to address the scarcity of physical sensors and data inaccuracies. The main contribution lies
in improving smart cities by providing essential health-related data to mitigate the harmful effects of air pollution on
residents. Continuous monitoring empowers officials and residents to reduce pollution exposure, ultimately improving
public health. The study found that gradient-boosted trees are effective for daily and hourly predictions, emphasizing the
vital role of virtual sensors in advancing data-driven decision-making and improving environmental quality in smart
cities. The results showed that our model was better using the boosted trees method with an RMSE of approzimately

10%.
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1. INTRODUCTION

The rapid growth in population density in urban areas
has given rise to severe consequences for human health
and the environment. One of the most pressing issues is
the increasing concentration of atmospheric pollutants,
which compounds yearly [1]. This phenomenon is fur-
ther exacerbated by the proliferation of automobiles and
industrial emissions, negatively impacting air quality
and contributing to the greenhouse effect [2].

Alarming statistics from the World Health Organization
(WHO) estimate that approximately 4.9 million prema-
ture deaths occur annually worldwide due to air pollu-
tion [3]. In Brazil alone, air pollution was responsible for
58% of premature deaths from cardiovascular and respi-
ratory diseases in 2016 [3]. These figures underscore the
urgent need for comprehensive air quality monitoring
and management. In Fig. 1, we can see that air pol-
lution was one of the most contributing factors to the
number of deaths by risk factor in the world, showing
the importance of air quality in this manner.

In our ever-changing world, accurate air quality data is
paramount. This data is crucial for several reasons, in-
cluding protecting human health, safeguarding the envi-
ronment, mitigating economic impacts, and promoting
social equity. Air pollution has been linked to many
health issues, including respiratory and cardiovascular
diseases, cancer, and neurological disorders. It also con-
tributes to environmental problems such as acid rain,
ozone depletion, and climate change [5, 6, 7, 8, 9].
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Figure 1 — Number of deaths by risk factor [4].

Although physical sensors have traditionally been used
to monitor air quality, resource constraints often limit
their widespread deployment. Smart cities, in particu-
lar, need help to acquire sufficient data from these sen-
sors, leaving critical gaps in monitoring efforts. In this
context, the emergence of virtual sensors powered by
artificial intelligence presents a promising solution. Vir-
tual Sensors (VS) employ mathematical models to esti-
mate or predict physical parameters based on available
data, eliminating the need for costly physical sensors
and extending monitoring capabilities to previously un-
derserved regions [10].

Our work addresses the pressing need for comprehen-
sive air quality monitoring by creating virtual sensors
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for multiple harmful pollutants in various locations. We
employ machine learning and deep learning techniques,
evaluating their efficacy and exploring the impact of
air contaminants across different cities. This research
strives to answer key questions:

e« What is the methodology for creating virtual sen-
sors for air pollutants?

e Can we develop robust machine learning and deep
learning models for virtual sensors?

e How do virtual sensors perform during pandemic
scenarios when pollution levels vary?

e Can we forecast air quality using historical pollu-
tant data alone, allowing real-time monitoring?

We have three main areas of contribution. To begin
with, we utilize statistical techniques to delve into the
functioning of virtual sensors, enabling us to grasp the
connections between air pollutant levels and various in-
fluencing factors. Secondly, we construct precise virtual
sensors by employing machine learning and deep learn-
ing models, striving for precise air quality assessment.
These models go through extensive testing to validate
their efficacy. Finally, we design virtual predictive sen-
sors for these pollutants, allowing individuals to antic-
ipate and prepare for upcoming changes in air quality,
which is especially significant in the context of smart
cities.

By addressing these critical questions and contributing
to the field of air quality monitoring, we strive to ad-
vance the capabilities of smart cities and empower peo-
ple to make informed decisions regarding their health
and well-being. Monitoring and managing air quality
is an ongoing challenge, and this work is a testament to
the innovative solutions that Al-powered virtual sensors
can offer to create more sustainable and healthier urban
environments.

This article is organized as follows. Section 2 discusses
the state-of-the-art artificial intelligence in air pollution
and our contribution to this scenario; Section 3 presents
the framework we proposed to use air pollution virtual
sensors; Section 4 shows our research methodology using
statistical analysis and an overview of the data; Section
5 offers the details of the models and the results we
achieved. Finally, Section 6 summarizes our conclusion
and presents future directions.

2. LITERATURE OVERVIEW

Air pollution is a significant global issue affecting mil-
lions of people’s health and wellbeing. Researchers and
practitioners have explored various methods to predict
and forecast levels of air pollution to mitigate the im-
pacts of poor air quality. This section gives an overview

of related works in virtual sensors research, specifi-
cally on prediction and forecasting models. Section 2.1
presents studies that use regression and classification
models to create machine learning methods for virtual
sensors. These models aim to identify patterns and re-
lationships between various predictors to generate accu-
rate predictions. In Section 2.2, we discuss studies that
use time series forecasting techniques. These studies typ-
ically use historical data to identify trends and patterns
in the models and predict future periods. By organizing
the related work in this manner, we hope to provide a
comprehensive understanding of the current state of vir-
tual sensing using machine learning, deep learning, and
virtual forecasting methods.

2.1 Predicting sensor data to create virtual
Sensors

In [11], the authors present a method for calibrating
low-cost air quality sensors using machine learning tech-
niques. The authors demonstrate the effectiveness of
their approach using real-world data collected from low-
cost air quality sensors in different locations. The study
results show that the virtual sensor model outperforms
individual low-cost sensors in predicting air pollutant
concentrations. The virtual sensor achieved a Mean Ab-
solute Error (MAE) of 0.19 and a R? (R?2 or the coeffi-
cient of determination) of 0.92, while the individual sen-
sors had an MAE of 0.38 and R? of 0.79. The authors
also showed that their method of intelligent calibration
further improves the accuracy of the virtual sensor read-
ings, with an MAE of 0.16 and R? of 0.95. One limita-
tion of the paper is that the proposed calibration and
virtual sensing approach is based on a specific set of low-
cost air quality sensors and may not apply directly to
other sensor types or configurations.

In [12], the authors aimed to develop and evaluate ma-
chine learning models to predict the air pollution in-
dex in Indian cities. The study used data from over
20 Indian cities, including Delhi, Mumbai, and Banga-
lore. The study compared multiple machine learning
algorithms: Support Vector Machine (SVM), XGBoost,
Random Forest (RF), and K-Nearest Neighbors (k-NN).
The performance of each model was evaluated using
three evaluation metrics: MAE, RMSE (Root Mean
Squared Error), and R2. The results showed that the
XGBoost model performed best for all cities, with an
MAE value of 0.29, RMSE of 1.465, and R? values rang-
ing from 0.612. The main limitation of this paper is the
need to consider more carefully the heterogeneity of air
pollution sources across different cities in India.
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2.2 Forecasting sensor data to create virtual
Sensors

The authors in [13] used the Extreme Learning Machine
(ELM) to forecast NO, and SO, pollutants in the fol-
lowing cities: Chongqing, Ganzhou, Huaihuae, and Nan-
chang. The effectiveness of the models generated in this
work was shown through the RMSE and accuracy met-
rics. For the RMSE, approximately 3.949 was obtained
for each analyzed model. The model proposed by the au-
thor is robust because of the more variable locations in
the dataset. Still, it needs to analyze the essential vari-
ables of human health, already mentioned in the intro-
duction, making the forecast only that reliable if there
is data on the other primary pollutants. One limita-
tion of this work is that the proposed hybrid prediction
model was tested using only data from one city. It is still
being determined whether the model would perform as
well in other cities or regions with different air pollution
characteristics. Furthermore, the paper should be com-
pared with other state-of-the-art models for predicting
air pollutant concentration, making it difficult to deter-
mine the performance of the proposed model relative to
existing approaches.

In [14], the authors reviewed hybrid machine learning
and forecasting models to forecast significant air pollu-
tants. Moreover, they focused on previous work used to
predict chronic airway diseases and climate change pre-
diction. They also presented a detailed discussion about
artificial intelligence methodologies. The main limita-
tion of the reviewed results was, as they mentioned, the
need for more data seasonality and the forecasting meth-
ods’ dependence on the data’s location.

We summarized publications on machine learning, deep
learning, and forecasting methods using virtual sensors.
Although our work also presents a virtual sensor predic-
tion and forecasting, similar to others cited in this chap-
ter, ours differs from them by using meteorological and
seasonal variables to predict the concentration of atmo-
spheric pollutants. Moreover, using these variables can
prove helpful as it is widely known that both variables
impact the air pollution concentration directly. Another
core difference between our research and the state-of-art
is the wide use of multiple cities worldwide, creating a
more robust method.

3. PROPOSAL APPROACH

This section outlines our research objectives and hy-
potheses, which aim to use machine learning and deep
learning algorithms to create virtual sensors for multi-
ple harmful pollutants in various locations. Hence, the
objectives are present in Subsection 3.1, where the vir-
tual sensors will use data from existing physical sensors
in other locations to create a prediction model and will
be used in contexts where data is missing or no sensor
is available. The proposal also explores the generated

virtual sensors in predicting air impurities in pandemic
scenarios, where accurate sensors are crucial in moni-
toring stations. The section also presents the research
hypotheses in Subsection 3.2, which include creating vir-
tual sensors for air pollution, predicting pollutant con-
centration in different cities, the models’ robustness to
external data, and the model’s ability to predict pol-
lutants in a pandemic scenario. The research aims to
contribute to the existing knowledge on creating virtual
sensors for air pollutants and improving air monitoring
in smart cities.

3.1 Research objectives

This article comprehensively explores machine learning
and deep learning techniques to establish virtual sensors
for monitoring harmful pollutants across diverse geo-
graphical locations. Our core objective is to understand
the dynamics of air contaminants within urban centers,
focusing on the pivotal role played by various model vari-
ables. Our framework involves creating virtual sensors
through machine learning and deep learning algorithms,
utilizing data from existing physical sensors in various
locations to develop predictive models. A central re-
search goal is to apply these virtual sensors in scenarios
characterized by data gaps in the target variables or a
lack of physical sensors for these pollutants. Addition-
ally, we investigate the utility of these virtual sensors in
predicting air impurities during pandemic scenarios, rec-
ognizing the heightened demand for precise sensor data
in smart cities’ monitoring stations.

Our study involves meticulously evaluating diverse tech-
niques within each learning paradigm to identify the
most effective machine learning or deep learning method
for virtual sensor creation. We consider notable deep
learning models, including artificial neural networks,
convolutional neural networks, deep learning belief net-
works, and transfer learning, which have demonstrated
excellence in regression tasks across various applications.
Furthermore, we consider the remarkable performance
of ensemble methods in specific regression applications.
Consequently, a careful assessment of various method-
ologies becomes imperative to identify the optimal learn-
ing model within the context of air pollution prediction.

The implementation of virtual sensors remains contin-
gent upon a substantial input of data from physical sen-
sors. Our study suggests that the model trained solely
on physical sensor data to predict a single pollutant ne-
cessitates the presence of a comprehensive monitoring
station to enable predictions via virtual sensors. This
requirement arises due to the inclusion of additional
variables utilized during training, such as temperature
and humidity, which contribute to the complexity of the
predictive process. Therefore, while virtual sensors of-
fer promise in environmental monitoring, their efficacy
hinges upon the availability of comprehensive data in-
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puts from physical sensors and consideration of relevant
environmental variables.

A significant outcome of our model is the development
of real-time virtual sensors capable of forecasting pol-
lutant concentrations. These sensors provide essential
information on current and upcoming air quality con-
ditions, catering to individuals with heightened health
sensitivities. Moreover, we introduce the creation of a
virtual sensor through a forecasting approach, relying
exclusively on historical data for a designated pollutant.
This simulation addresses scenarios where all data from
a monitoring station is irretrievably lost, leaving only
historical pollutant data for analysis. Additionally, we
aspire to predict air quality by leveraging historical data
related to a single pollutant.

We further encompass the formulation of hypotheses
that guide our objectives. These hypotheses are guid-
ing principles for analyzing and interpreting the data
collected. We investigate these hypotheses by employ-
ing rigorous statistical analysis methods, subsequently
using the results to support or refute their respective
premises. Our hypotheses span various aspects of the
research, including the prediction of virtual sensor accu-
racy, the evaluation of meteorological variables’ impact
on the model, and an analysis of the influence of the
COVID-19 pandemic on the predictive capabilities of
virtual sensors. Through the formulation and testing
of hypotheses, our proposal aims to contribute to the
existing body of knowledge concerning the creation of
virtual sensors for air pollutants and the enhancement
of air quality monitoring within smart cities.

3.2 Research hypotheses

To advance the development of virtual sensors for air
pollution prediction, we have consolidated the hypothe-
ses into a comprehensive framework that aligns with our
objectives. This framework is founded on the following
key assumptions and objectives:

1. Hypothesis 1: The potential to create virtual sen-
sors for air pollution prediction exists through ma-
chine learning and deep learning models. As the
demand for proficient prediction techniques in the
Internet of Things (IoT) domain continues to es-
calate, the inadequacy of conventional statistical
methods in the face of extensive and intricate data
generated by IoT devices becomes evident. In con-
trast, machine learning and deep learning models
demonstrate their aptitude for processing complex,
high-dimensional data, often yielding more accu-
rate and resilient predictions. We illustrate the via-
bility of this hypothesis through the development of
the “Sao Paulo Hourly VS Model,” demonstrating
the creation of an air pollution virtual sensor.

2. Hypothesis 2: The concentration of air pollutants
in one city can be harnessed to predict those in
other cities, fostering the development of the “Spe-
cific Cities Daily VS Model.” Following the genera-
tion of the initial virtual sensor at an hourly granu-
larity, this progression aims to create a daily gran-
ularity sensor for specific pollutants. We employ
data from multiple urban centers worldwide instead
of relying solely on Sao Paulo city data. This ap-
proach explores the potential of using data from
diverse urban areas to enhance the learning model
for virtual sensors, accommodating different data
granularities.

3. Hypothesis 3: The virtual sensor models ex-
hibit robustness when confronted with external
data, thus validating the “Generic Cities Daily VS
Model.” This phase of the research involves the cre-
ation of multiple virtual sensors across numerous
cities, explicitly assessing the robustness of employ-
ing data from distinct urban centers to generate vir-
tual sensors for one another. By evaluating model
precision and accuracy with a testing city and oth-
ers as the training dataset, we aim to establish the
model’s robustness to variations in data sources and
regions.

4. Hypothesis 4: The virtual sensor models remain
effective in a pandemic scenario, as examined in the
“Pandemic Sdo Paulo VS Model.” A significant chal-
lenge arises when external factors dramatically al-
ter the environmental conditions of a city, as exem-
plified by the COVID-19 pandemic. This hypoth-
esis explores the adaptability and continued effec-
tiveness of virtual sensor models during pandemic-
induced changes in air quality, even when the urban
landscape experiences considerable transformation.

5. Hypothesis 5: The ability to create a virtual sen-
sor is not contingent on monitoring station data
availability, as demonstrated in the “Sao Paulo
Forecasting Sensor.” In scenarios where data from
monitoring stations is absent, we have devised a
model that utilizes forecasting techniques, leverag-
ing historical pollutant values to generate accurate
data. This model accounts for seasonality, aiming
to create virtual sensors through forecasting meth-
ods.

Our approach introduces an innovative methodology for
predicting carbon monoxide and particulate matter in
the air, incorporating meteorological variables to ad-
dress weather conditions’ impact on air pollutant con-
centrations. By conducting this comprehensive research,
we aim to provide a robust and precise virtual sen-
sor model applicable across diverse geographic locations,
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thereby overcoming the limitations inherent in current
approaches.

4. METHODOLOGY

This section provides a comprehensive overview of the
data collection, preprocessing steps, and statistical anal-
ysis techniques used to develop virtual sensors. The sec-
tion begins in Subsection 4.1 by describing the data-
gathering process and highlighting the sources from
which data was collected. subsection 4.2 details the
steps in preprocessing the data to ensure its accuracy
and reliability. This section also discusses the various
methods utilized in developing virtual sensors and their
corresponding parameters. The parameters were care-
fully selected based on their ability to predict the tar-
geted variables accurately.

4.1 Dataset acquisition

In pursuing pollutant data, we delved into various open
datasets to access pertinent information. Amidst our
extensive search, we uncovered a comprehensive global
repository known as the World Air Quality Project
(AQICN), which diligently aggregates official data con-
cerning air pollution levels from government websites.
This invaluable resource offers unrestricted access to
data from cities worldwide, and served as the founda-
tion for our study [15].

The pollutant data sourced from AQICN underwent a
substantial transformation, meticulously converted into
the United States Air Quality Index (US AQI) format.
The US AQI represents a standardized methodology
for pollutant analysis, skillfully amalgamating concen-
tration levels of multiple pollutants into a singular, di-
mensionless value. This approach facilitates the com-
parison of pollutant levels with legally defined thresh-
olds for various pollutants. We also employed a web
crawler [16] to extract meteorological data from the Cus-
tomWeather APT [17] about the diverse cities featured
in our study. Furthermore, we incorporated information
about the seasonal impact on air quality, ensuring that
seasonal variations were duly considered in the analysis.

The culmination of our data collection efforts is
paramount in developing our models and the validation
process for each use case. To ensure the robustness of
our models, we employed two distinct techniques for
validation: blind randomization of training and testing
data and cross-validation across all cities, where one city
served as the exclusive testing dataset. We expound
upon the intricacies of each method in the forthcoming
results section.

4.2 Models and hyperparameters

Fine-tuning and grid search are essential steps in opti-
mizing machine learning models. Fine-tuning involves
adjusting the hyperparameters of a pre-trained model
to improve its performance on a specific task [18]. Fine-
tuning enables us to adjust these parameters to perform
better on a specific task.

Grid search is a technique for hyperparameter tuning
that involves searching for the optimal combination of
parameters by evaluating the model’s performance on a
grid [19]. This process consists of specifying a range
of values for each hyperparameter and assessing the
model’s performance on all possible combinations of
these values. By systematically evaluating each variety
of parameter, grid search can identify the optimal mix
that results in the best performance on the task.

Both fine-tuning and grid search are essential in im-
proving machine learning models’ performance. With
fine-tuning, the model may perform optimally on the
specific task for which it was trained. To achieve the
best performance, we can identify the optimal combi-
nation of hyperparameters with grid search. Therefore,
these techniques are critical in ensuring that machine
learning models can effectively apply to real-world prob-
lems. Additional information about the processing time,
best hyperparameters for each model, and performance
metrics are available in [20].

5. RESULTS

In this section, we will present the results of our study,
which focused on testing various hypotheses related
to predicting air pollutant concentrations using virtual
sensors and artificial intelligence models. In subsec-
tions 5.1, 5.2, 5.3, 5.4, and 5.5, we show the results of
our proposed hypotheses. We will also discuss the Shap-
ley values metric in Subsection 5.6, used to determine
the feature importance of the artificial intelligence mod-
els. This metric helps us identify the most significant
variables for predicting each pollutant. We will discuss
how it contributes to understanding the relationships
between pollutants and meteorological variables. Over-
all, this section will provide a comprehensive overview of
our study’s findings and contribute to the broader field
of air quality research.

5.1 Hypothesis 1: Sao Paulo hourly regression
model

In this subsection, we unveil the outcomes derived from
utilizing hourly data sourced from the Qualar system,
an archive of historical air quality information made
available by the Sdo Paulo government. We developed
a virtual sensing model harnessing this hourly dataset,
establishing the foundational model for our research en-
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deavors. The principal objective underlying the creation
of this model was to validate the viability of crafting a
virtual sensor for air pollution through the deployment
of hourly data.

After creating the base model for hourly data, we cre-
ated a simple virtual sensor. Hence, we utilized Ma-
chine Learning (ML) and Deep Learning (DL) models
to identify the most effective models for predicting a
single city’s air quality with hourly granularity. Fig-
ures 2 and 3 present the RMSE for each pollutant and
the scatter plot of these results for the boosted trees
model, which had the lowest RMSE. We also note that
Fig. 2 only displays the best-performing ML and DL
models, and Fig. 3 only shows the best model, the
boosted trees. This approach allowed us to identify
the most effective models for predicting air quality with
hourly granularity, providing a valuable tool for air qual-
ity management and monitoring.
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Figure 2 — Sao Paulo hourly regression model RMSE.
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Figure 3 — Sao Paulo hourly regression boosted trees scatter
plot.

Our analysis validated the first hypothesis as the virtual
sensor generated consistently produced accurate results,
as shown in the scatter plot. Each data point in the
scatter plot represents testing data, and the closer it is
to the central line, the more accurate the model is. We
observed that the variation of the results is low, and
there are no significant outliers. Although the air pol-
lution concentration can vary up to 175, the root mean
squared error for the boosted trees model was low, in-
dicating good performance with RMSE values of 1.11,
10.91, and 6.7 for the pollutants CO, PM, 5 and PM,,
respectively. Therefore, we can confidently conclude
that the virtual sensor produced reliable and accurate
results in this first hypothesis.

5.2 Hyphotesis 2: Specific cities daily regres-
sion model

In the second hypothesis, we investigated further by di-
viding the dataset into training and testing data. We
used all cities in the training data and the last 180 days
of a specific town for testing. This allowed us to as-
sess the performance of the virtual sensing models in
different cities. Building on the success of the previous
hypothesis, we aimed to create a better model for Sao
Paulo City and other major cities worldwide. However,
to achieve consistency in the data granularity, we used
daily data instead of hourly data, as the former was
more readily available.

In this model, our objective is to evaluate the perfor-
mance of various ML and DL models to determine if
the boosted trees method remains the most effective in
producing accurate and precise results. To validate this
hypothesis, we aim to obtain results similar to our pre-
vious analysis, confirming that the virtual sensor model
has a low RMSE, high accuracy and precision, and min-
imal variation without significant outliers. By achieving
these benchmarks, we can confirm that the virtual sen-
sor model is reliable and consistent, providing accurate
air pollution predictions for various cities worldwide.

Due to the increased scope of our analysis, which in-
volves multiple cities and a significant amount of data,
we created separate plots for each pollutant. We present
the scatter plot and the RMSE plot for each pollutant,
providing a detailed analysis of the results. In figures 4,
5,6, 7, 8 and 9, we can observe these plots for each of
the pollutants. This approach allows us to understand
better each model’s performance in predicting different
pollutants in various cities.

After analyzing the second hypothesis, we have con-
firmed that it holds. The results from the virtual sen-
sor using daily data were even better than the previous
model with hourly granularity. For each city, there were
no outliers detected in the scatter plot, and the mean
RMSE across all cities was approximately 5.12, 5.92,
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Figure 5 — Multiple cities daily CO model scatter plot.

and 7.98 for CO, PM,,, and PM, 5, respectively. Once
again, the Boosted Trees model produced the most ac-
curate results compared to other models, and there was
lower variation between the cities. This result demon-
strates the robustness of using data from other towns
to predict air pollution concentrations daily. Addition-
ally, since the results for the hourly and daily models
for Sdo Paulo were similar, it is possible to assume that
the model would exhibit similar robustness if sufficient
hourly data were available for other cities.

5.3 Hypothesis 3:
model

Generic daily regression

In the third hypothesis, we aimed to further test the
robustness of the virtual sensor model by randomizing
both the training and testing data. Unlike the previ-
ous theory, where we used specific data for training and
testing, we aimed to test whether the model could still
produce accurate results regardless of the data set. By
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Figure 7 — Multiple cities daily PM;; model scatter plot.

randomizing the data, we tested the model’s ability to
predict air pollution concentrations in any given city
with any given collection of data. Suppose the model
can still generate accurate results with random data. In
that case, the dataset is robust, and the model can pre-
dict air pollution concentrations in various situations.
This hypothesis is the final step in testing the effective-
ness of the virtual sensor in predicting air pollution in
typical cases.

As previously discussed, the performance of the models
will be evaluated using the RMSE metric, which mea-
sures the average distance between predicted and actual
values. The results are presented in figures 10 and 11,
which portray the best models for each pollutant. It is
evident that the boosted trees method consistently out-
performs the other models for all air contaminants in
terms of RMSE. This behavior suggests that the boosted
trees algorithm is more accurate and reliable for predict-
ing air pollution concentration.
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Deep and Machinel Learning models RMSE
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Figure 9 — Multiple cities daily PM, 5 model scatter plot.

In this hypothesis, we confirmed the robustness of the
virtual sensor by randomly selecting training and test-
ing data from multiple cities for each pollutant. We
were able to confirm this hypothesis as the results were
consistently close to the specific cities models, with no
signs of outliers, low variation, and a gopod RMSE. These
findings further support the notion that virtual sensors
can provide accurate and reliable data for air pollution
monitoring.

After analyzing the third hypothesis, we demonstrated
the reliability of using virtual sensors in air pollution
monitoring. We created a variety of virtual sensors for
both hourly and daily granularity. In all of them, we
continued to seek more evidence that proves the relia-
bility of using virtual sensors in air pollution.
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Figure 10 — Generic daily regression model RMSE.
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Figure 11 — Generic daily regression model scatter plot.

5.4 Hypothesis 4: Pandemic Sao Paulo hourly
regression model

As the COVID-19 pandemic continues to affect the
world, various measures have been implemented to mit-
igate its spread. One of the most significant measures
is the lockdown, where people must stay inside their
homes and only leave for essential purposes. This de-
cision has significantly reduced industrial activities and
transportation, leading to a noticeable improvement in
air quality in many cities worldwide. In this hypothesis,
we tested the effectiveness of using air pollution virtual
sensors in a changing context inside towns. The aim was
to determine if the virtual sensors could accurately pre-
dict air pollution concentrations during the lockdown,
which saw a significant change in the air quality of most
cities.

In this fourth hypothesis, we aimed to test the usage of
air pollution virtual sensors in a changed context within
cities during the COVID-19 pandemic. We focused on
the hourly granularity data of Sao Paulo city as it pro-
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vided a real-world scenario with a lower data granularity.
However, we believe the results obtained can be gener-
alized to other cities, given the robustness of the virtual
sensor replication. We used the model trained in the first
hypothesis to test the fourth hypothesis, which included
only the Sao Paulo hourly data. Then, we applied this
same model to March and July, the peak months of the
COVID-19 lockdown in Brazil.

S&o Paulo RMSE with Pandemic Data
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Figure 12 — Pandemic hourly regression model RMSE.
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Figure 13 — Pandemic hourly regression model scatter plot.

After analyzing the fourth hypothesis, we observed, in
figures 12 and 13, that the virtual sensor results were
still reliable even with a change in context inside the
cities, specifically during the COVID-19 lockdown when
air quality improved due to decreased traffic and indus-
trial activities. The RMSE values were 1.12, 5.96, and
10.03 for CO, PM,,, and PM, 5, respectively. Some out-
liers were observed, especially for PM, 5, but the RMSE
was still as good as in the first theory for the boosted
trees model. Despite the presence of outliers, the hy-
pothesis was confirmed due to the good RMSE and low
variation of PM;, and CO. Additionally, the model can

retroactively learn, meaning that the actual lockdown
data could be used to remove outliers and produce good
results with just a few lockdown data points.

5.5 Hypothesis 5: Sao Paulo hourly forecast-
ing model

In the fifth hypothesis, we addressed the issue of net-
work loss in air pollution stations. When the entire net-
work goes down, it becomes impossible for the virtual
sensor to produce any results. To address this issue, we
proposed a virtual forecasting sensor that only relies on
historical data of the desired pollutant. However, the
accuracy and precision of such a sensor heavily depend
on the presence of seasonality in the data. To test the
forecasting model of the hourly granularity data of Sdo
Paulo, we employed the Facebook Prophet model, a tool
for time series forecasting. The goal was to determine
if a significant seasonality was present in the data that
could be used to generate more accurate and precise
predictions.

Figures 14, 15, and 16 display the results of applying
the Facebook Prophet model to the hourly granularity
data of Sao Paulo to verify the presence of seasonality in
the data. The figures depict the predicted values of each
data point in the dataset and future predictions of the
pollutant. The Prophet model uses a cross-validation
method where 10% of the data is used for testing and
repeatedly changed until all the data has been used as
a test once. Each figure shows a set of black dots rep-
resenting the real data and blue dots representing the
predicted values obtained using the forecasting model.
It is important to note that the lack of seasonality in
the data resulted in the model being unable to predict
values that deviated significantly from the mean values
observed in the historical data. The model relies solely
on past observations and is not designed to predict rare
or uncommon events, such as air pollutants with high
concentrations. Therefore, these events are not part of
the historical data and are difficult for the model to cap-
ture. As a result, the model is more suited for predicting
values within the range of historical data and may not
perform as well when attempting to predict extreme or
unusual events.

The virtual forecasting sensor was proposed in the fifth
hypothesis to address the problem of network loss, which
makes it unsuitable for virtual sensors to produce any
results. This sensor would use only historical data of the
wanted pollutant to make predictions. However, the re-
sults of the Facebook Prophet model showed a lack of
seasonality in the data, making it challenging to create
an accurate forecasting model. This lack of seasonality
was a significant problem because forecasting models re-
quire significant seasonality to produce more precise and
accurate data. Therefore, we refuted the final hypothe-
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Time Series Cross Validation with Prophet for CO Virtual Sensor
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Figure 14 — Carbon monoxide forecasting using Prophet.

Time Series Cross Validation with Prophet for PM25 Virtual Sensor
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Figure 15 — PM, 5 forecasting using Prophet.

sis due to this problem. However, if there were a more
restrictive granularity, such as every minute, it could
generate better results than the ones shown in this sub-
section.

5.6 Most important variables with Shapley
values

To evaluate the most important features for creating
the air pollutant virtual sensor, we used Shapley val-
ues. This statistical method determines the importance
of each variable in predicting the ground truth. This
method allowed us to create a more explainable Al
model, which is an essential factor in environmental
pollution prediction, where stakeholders need to under-
stand the contributing factors and sources of pollution
to take practical actions to mitigate it.

To apply the Shapley values method, we used the
boosted trees model trained on the hourly granularity
data of Sao Paulo city. The results of the most impor-
tant features for CO are presented in Fig. 17. We tested
with the pollutants PM25 and PM10, but since they
showed the same results as CO, we opted not to show
the plots in the results. The magnitude of these values
reflects the relative importance of each variable in the
model’s prediction. The magnitude of each variable in
Shapley values depends on how much it contributes to

Time Series Cross Validation with Prophet for PM10 Virtual Sensor
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Figure 16 — PM,, forecasting using Prophet.

the model’s prediction for a given instance. The con-
tribution is measured by comparing the model’s output
with and without the variable’s value for that instance.
The difference in the model’s production is attributed
to that variable’s contribution, and the Shapley value
is the average of all such differences across all possible
permutations of variables. The feature importance can
be positive or negative, indicating whether its value in-
creases or decreases the model’s prediction for that in-
stance.
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Figure 17 — Carbon monoxide Shapley values in specific cities
daily regression model.

The analysis of the Shapley values showed that for car-
bon monoxide virtual sensors, meteorological variables
were the principal features that impacted the model’s
correct prediction. This result signifies that these vari-
ables must be considered in the virtual sensor creation
process. As for PM,;, and PM, ;5 virtual sensors, the
most crucial variable was found to be the pollutants
themselves, indicating the presence of a strong correla-
tion between them. Other air pollutants such as SO,
and NO, were also found to be essential features for
these virtual sensors.

In summary, the Shapley values analysis provided in-
sights into the most important variables for each virtual
pollutant sensor, which can be used to improve the ac-
curacy and performance of the models.
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6. CONCLUSION AND FUTURE DI-
RECTIONS

This study presented virtual sensing models’ effective-
ness in monitoring carbon monoxide air pollutants in ur-
ban environments. The research demonstrated the capa-
bility of these models to supplement existing monitoring
networks, offering a cost-effective and practical method
to analyze various pollutants. Our findings revealed the
similarity in pollutant behaviors across diverse urban
centers, indicating the transferability of virtual sensing
models to unexplored areas without significant loss of
accuracy.

The assessment of virtual sensor model performance
highlighted the superiority of the boosted trees model
in accuracy and processing time. However, the study
also revealed limitations in forecasting accuracy due to
the variability in environmental factors and the absence
of seasonality in historical data.

Overall, this work confirmed the viability of virtual sen-
sors as reliable, accurate, and precise tools for measur-
ing air pollutants in urban settings, providing crucial
support for cities lacking extensive monitoring infras-
tructure. These virtual sensors have the potential to
contribute valuable data for Smart Health Communi-
ties (SHC), aiding in monitoring air pollution’s impact
on public health and guiding appropriate interventions.

Future research should focus on developing virtual sen-
sor models that can operate effectively even with missing
or incomplete data. Understanding the critical variables
for accurate predictions when physical sensors become
inoperative is essential. Investigating the creation of vir-
tual sensors in scenarios with incomplete data is crucial
for practical applicability and efficiency.

Additionally, exploring the integration of deep learning
techniques, like deep belief networks, holds promise in
enhancing the precision and resilience of virtual sensor
models. These advanced models have the potential to
capture more intricate relationships between pollutants
and environmental factors, leading to more accurate pre-
dictions and a more comprehensive understanding of air
quality. Such advancements can significantly contribute
to improving environmental monitoring and the devel-
opment of smarter and healthier cities.
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