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ABSTRACT

Breathable air is the single most essential element for life on earth. Polluted air,
contaminated by particulate matter and harmful gases, poses numerous risks to health and
the environment, especially in urban areas with large populations and many active sources
of air pollution. Therefore, researchers from a wide range of disciplines have been
working on mitigating the impact of air pollution. Monitoring ambient air pollution is one
of the means to ensure public health safety, raise public awareness and build a sustainable
urban environment. However, conventional air quality monitoring stations are mostly
confined to a few locations due to their costly equipment and large sizes. As a result,
although these monitoring stations provide accurate air pollution data, they can only offer
a low-fidelity picture of air quality in a large city, leading to a poor spatial resolution of
urban pollution data. Low-cost sensor (LCS) technologies aim to address this challenge
and intend to make it possible to monitor air quality at a high spatio-temporal resolution.
The pollutant data captured by these LCSs are less accurate than their conventional
counterparts and thus require calibration techniques to improve their accuracy and
reliability. Researchers have proposed different calibration methods and techniques to
improve the accuracy of the LCSs, including machine learning based calibration models.
This thesis investigates and proposes several machine learning-based techniques for
calibrating low-cost ambient gas sensors and rigorously benchmarks their performance
using a robust training, validation and testing method. Based on the findings, One
Dimensional Convolutional Neural Network (1DCNN) and Gradient Boosting
Regression (GBR) based calibration techniques provide consistently accurate
performance. Both of these machine learning techniques, which have not been widely
used or evaluated for low-cost ambient gas sensor calibration, can improve the state of
the art. This research also demonstrates that readily available and previously unemployed
co-variate data, namely the number of days the sensor has been deployed and the time of
day at which the reading is taken, can significantly improve the accuracy of Machine

Learning based calibration algorithms.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Air pollution in urban areas adversely affects public health, environment, and
quality of life. A large part of the world's population currently lives in regions where air
pollution levels have exceeded the specified limits of the World Health Organization
(WHO) [1, 2]. Ambient air pollution has been associated with many serious health issues,
including cancer, respiratory infections and cardiopulmonary diseases [3-6]. Monitoring
ambient air pollution can be an effective tool for governments, policymakers and

scientists working to alleviate this issue.

Conventional air quality monitoring systems are expensive, bulky and stationary,
confining monitoring to only a select number of spots [7]. However, the pollutant
concentration in ambient air can vary significantly within a few hundred meters.
Therefore, the sparse coverage provided by conventional monitoring systems results in a
lower spatial resolution, which fails to provide sufficient real-time data to quantify air
pollution in a large area [8]. While the data from these stations are accurate, the poor
spatial resolution hinders the generation of robust, city-wide air quality data. Therefore,
monitoring air pollution levels over a large area using traditional monitoring systems is
very difficult to accomplish [9]. Low-Cost Sensors (LCS) have been identified as an
option to supplement the information captured by conventional air quality monitoring
systems [10-14]. Researchers have proposed to interpolate the information gaps between
these sparsely distributed air quality monitoring stations with LCS to increase the spatio-
temporal resolution [9, 15]. Thus, researchers have started proposing an extensive
network of sensor nodes consisting of inexpensive instrumentation to increase the spatio-
temporal resolution of the present air quality monitoring [10, 16, 17]. Many countries
worldwide have started to adopt this approach to monitor urban pollutants at high spatial
resolution [10, 14, 18].

Real-time data of air pollution at a large number of locations may also raise the
general public's awareness regarding their health and could lead to the uptake of



sustainable living and green technology, better driving approaches and reduced air
pollution [10, 19]. Researchers have developed LCS and other relevant supporting
technologies in the past few decades that can be used to gather real-time air pollution data
[18, 20-27]. Such sensors have been used for pollutant measurements in various scenarios
such as road-side pollution measurement [25, 28, 29], rural and urban air pollution
measurement [30-37], mobile vehicular pollution measurement [38-40], source
attribution [41], monitoring personal exposure [11, 42], etc. Several review reports have
addressed many aspects of LCS technologies in the last decade and summarized the
development of the LCS hardware, network, and calibration techniques [9, 11, 21, 43-
47].

One of the main drawbacks of the LCS is that they are usually influenced by
ambient factors more than the conventional sensors [9, 35, 45, 46] and as a result, they
are comparatively less accurate. The accuracy of these sensors seems to vary significantly
due to many factors including the calibration methods used [18, 48-50]. Although,
previous studies indicate that LCS are not a replacement for conventional monitoring
equipment and may be suitable for screening and measuring pollution patterns through
small areas [9], sophisticated calibration may allow us to accomplish more than this.
Calibration can facilitate the deployment of the LCS by ensuring that the gap between the
results from LCS and expensive sensors is narrowed down [34, 51, 52]. Research is
ongoing regarding the real-world implementation of low-cost air quality monitoring
sensors [14, 16, 18, 31, 53]. However, many aspects and features are yet to be determined
for calibrating LCS to higher accuracy.

Many innovative methods have been proposed to improve the accuracy and the
operability of the LCS and researchers have been working to develop calibration
strategies and techniques [21, 43, 44] . These sensors can be calibrated by co-locating
them with accurate sensors so that the calibrated measurements of the LCS closely agree
with the co-located accurate reference sensor [21]. The co-located measurements are
often performed during “field deployment” as it is difficult to emulate the inherently
complex nature of the ambient conditions in a controlled lab setup [43, 54]. The key
aspect of the calibration is the training of regression models to capture the complex, often
non-linear, relationship between the raw sensor output and the ground truth provided by
the accurate, reference sensor. Different calibration methods have been proposed by

researchers, with recent literature showing a growing popularity of machine learning



based techniques. However, there is no ‘one-for-all” machine learning technique that can

calibrated the LCS up to the highest level of performance for every real-world scenario.

While research on low-cost air pollution monitoring sensors dates back to many
years, recent advancements in the field of wireless communication, calibration techniques
and internet based applications have managed to attract the interest of many researchers
[21-24]. Spinelle et al. [30, 31, 46, 55, 56] and Esposito et al. [50, 57, 58] studied different
setups and methods to calibrate LCS nodes with multiple pollutant and meteorological
sensors and found a strong correlation between the LCS response and meteorological
parameters such as temperature and relative humidity as well as cross-sensitive gases. De
Vito et al. [10, 16, 17] reported similar correlations and used different calibration
techniques to overcome the errors caused by them. Many research groups have proposed
different computational approaches of calibration to improve the accuracy of LCS in the
past. Among these, classic statistical regressions such as Linear Regression (LR) and
Multiple Linear Regression (MLR) are still being employed in recent works [10, 14, 18,
19, 53, 59-64]. State of the art calibration methods include supervised Machine Learning
(ML) techniques such as Support Vector Regression (SVR) [17, 57, 58, 65-67], ensemble
ML techniques like Random Forest Regression (RFR) [34, 65, 67-73] and Neural
Networks (NN) such as Multilayer Perceptron (MLP) [10, 16, 17, 50, 53, 57, 58, 71, 74])
and Recurrent Neural Networks (RNN) [17, 57, 58, 68, 75-77] also have been proposed
by various researchers. However, many of the low-cost air pollution monitoring systems
reported in the literature do not follow a rigorous method for selecting suitable calibration
processes for their developed LCS prototypes. With a few exceptions [17, 18], most of
these studies typically utilize only one set of data to demonstrate the calibration
performance, making it difficult to ascertain the generalizability of the techniques. With
the rapid adoption of Internet of Things (loT) technology [78] taking place in many
sectors, it is high time to understand the opportunities of low-cost air quality monitoring
systems in modern technology and challenges to overcome towards the next generation

air quality monitoring system.



1.2 Problem Statement

Literature review on air quality monitors, LCS and next generation air quality

monitoring systems bring forth the following questions to attention:

1. Canadvanced machine learning techniques improve the performance of LCS?

2. Which algorithms provide good accuracy on a consistent basis for LCS
calibration?

3. What inputs or co-variate factors need to be considered to improve the
performance of the algorithms during low-cost air pollutant sensor
calibration?

By answering these research questions, this research aims to suggest suitable

calibration models and guidelines for low-cost air quality sensors.

1.3 Scope of Work

This work utilizes existing datasets from research groups working with field
deployment of low-cost air quality monitoring. The LCS used in these field deployments
were assembled by the research groups using commercially available components. The
said research groups also collected the pollutant data. Only datasets reported in high-
impact journal articles were selected in this PhD work to ensure the quality of the data.
These datasets included ground truth data from co-located reference sensor to develop
and evaluate different calibration techniques. Existing machine learning techniques have
been adopted and modified through a rigorous training-validation-testing process using
these collected datasets to make recommendations for low-cost air quality sensor

calibration.

1.4 Organization of the Thesis

This thesis has been compiled with six chapters. The first chapter is introduction
where the overall work is briefly introduced followed by problem statements and scope
of this work. Chapter 2 presents the literature review relevant to this research covering
the details of air pollution, low-cost sensors, sensor calibration and summary of prior
works reported by researchers. The next chapter (Chapter 3) describes the methodology
employed for this research. The various aspects of the gas pollutant datasets that were



utilized for the study are described in this chapter. This is followed by a detailed, step by
step description of the calibration process. The proposed calibration algorithms and
performance metrics that are used to evaluate the efficacy of the various algorithms are
also described in this chapter. The results are presented in Chapters 4 and 5. Chapter 4
focuses on benchmarking various ML-based calibration techniques and identification of
the algorithms that can provide consistently good accuracy for LCS calibrations. Chapter
5 introduces co-variate factors that can be exploited to improve the performance of the
algorithms. Chapter 6 concludes this thesis and provides some suggestions for future

work.



CHAPTER 2

LITERATURE REVIEW

This chapter introduces air pollutants, different terminologies relevant to air
pollution, commonly used sensors for measuring ambient pollutants, modern air quality

monitoring systems, and different calibration methods.

2.1 Air Pollutants

The ambient air is a combination of mainly oxygen and nitrogen. However,
smaller amounts of other components can be found in the air surrounding us, some of
which are considered harmful pollutants. Table 2.1 shows the composition of a typical
sample of dry air. However it should be mentioned that the presented composition slightly
varies in ambient air with location and wind speed [7]. However, even if the approximate
atmospheric concentrations show no noticeable changes, a moderate increase in pollutant
concentration levels can compromise human health. For example, a CO concentration of
800 ppm in the air causes a headache, dizziness and nausea, while an increased
concentration of 12800 ppm causes death within three minutes of exposure [79]. Another
significant air pollutant is NO2 and breathing in NO2 can be associated with a range of
health impacts including increased susceptibility to asthma and respiratory illness.
Inhaling a higher level of NO, (over 100 ppb) for a long period of time can also increase
the risk of premature death [80].

Another significant air pollutant is the Particulate Matter (PM); the PM
concentration is considered a common indicator of air pollution [81]. PM is the
combination of a complex mixture of solid and liquid particles of organic and inorganic
substances including sulphate, sodium chloride, ammonia, black carbon, nitrates, mineral
dust, and water [81, 82]. Chronic exposure to PM can lead to respiratory and
cardiovascular diseases, and lung cancer [83, 84]. PMs are typically classified into three
general categories by their size in diameter. PM1o describes the solid and fluid air particles
with a diameter smaller than 10 um, PM2s diameter is smaller than 2.5 um and ultrafine

particles (PMo.1) are nano-particles with diameters below 0.1 um [21, 82, 85, 86].



However, the PM measurement and low-cost PM sensor calibration take a slightly
different route from the low-cost gas sensors. As this research focuses on the latter, PM

sensor calibration is not explored in this thesis.

Table 2.1: Composition of dry air.

Substance Proportion by volume (%)

Nitrogen (N2) 78.1
Oxygen (O2) 20.9
Argon (Ar) 0.93
Carbon dioxide (CO>) 0.035
Neon (Ne) 0.0018
Ozone (O3) 0.0008
Helium (He) 0.00052
Methane (CH,) 0.00017
Hydrogen (H.) 0.000053
Nitrous oxide (N20) 0.000031
Carbon monoxide (CO) 0.000025
Sulfur dioxide (SO,) 0.00001

Xenon (Xe) 0.0000087

Nitrogen dioxide (NO2) 0.000002
Ammonia (NHs) 0.0000003

Particulate Matter (PM)

\4 v \4
Coarse Particulate Fine Particulate Matter Ultrafine Particulate
Matter (PMo) (PM2s) Matter (PMo.1)

Figure 2.1: Classification of PM according to their sizes.

The five major pollutants typically reported to specify air quality are PM, ground-
level O3, CO, SOz and NO; [81, 85, 87-90]. WHO has released thresholds for health-



harmful pollution levels (as an annual or hours-based mean concentration) for these

pollutants as guideline values [81]. Table 2.2 describes the principal sources and health

effects of these pollutants along with their guideline values provided by WHO [1, 80, 91].

Although, all these air pollutants have adverse effect to the human health, some are more

dangerous than others depending on factors like chances of getting exposed to these

pollutants, duration of exposer, quantity of pollutant during exposer [80] etc.

Table 2.2: Sources, health effects and guideline values for major air pollutants.

Pollutant

Principle Sources

Health Effects

Guideline Values

Particulate
Matter (PM)

Microscopic metals,
compounds, mineral

dust, water etc.

PMjg can penetrate and stay
inside the lungs and PM2s can
further penetrate the lung barrier
and enter the human blood
system. Both causes
cardiovascular diseases,
respiratory failure and lung

cancer.

50 pg/m?® (24 hours) for
PM1p and 25 pg/m® (24
hours) for PMz s

20 pg/m?® (1 year) for
PMio and 10 pg/m? (1
year) for PMzs

Ozone (0Os)

Formed by the
photochemical
reaction of nitrogen
oxides and volatile
organic compounds
(VOCs) from vehicle
and industry
emissions

Causes breathing problems like
asthma and reduces lung
functionality leading towards

many lung diseases

100 pg/m? (~ 50 ppb) for
8 hours

Carbon
monoxide
(CO)

Fuel combustion,
heating, tobacco
smoke, chimneys

and furnaces etc.

Triggers fatigue and chest pain in
low concentrations, and causes
headaches, dizziness, impaired

vision, nausea in high
concentrations. Also can be fatal
at very high level of

concentrations.

10 mg/m? (~ 8.7 ppm)
for 8 hours, 30 mg/m?3 (~
26.2 ppm) for 1 hour, 60
mg/m? (~ 52.4 ppm) for

30 minutes and 100
mg/m3 (~ 87.3 ppm) for

15 minutes

Sulphur
dioxide
(SO2)

Produced from the
burning of fossil
fuels and sulphur-

containing minerals

Causes respiratory infections,
coughing, mucus secretion,

asthma and chronic bronchitis

500 pg/m?® (~ 190 ppb)
for 10 minutes and 20 (~
8 ppb) ug/m? for 24
hours




Emitted from
. . o 200 pg/m? (~ 106 ppb)
Nitrogen combustion, power Reduces lung functionality and
o . . . for 1 hour and 40
dioxide generation, and increases chances of bronchitis in
o L ng/m® (~ 21 ppb) for 1
(NOy) engines in vehicles asthmatic children
) year
and ships

2.2 Air Pollutant Concentration Measurement Units

Generally, two different concentration unit sets are used, namely, volumetric units
and gravimetric units [7]. Volumetric units state the ratio of the number of pollutant gas
molecules to the total number of air molecules which is equivalent to the mixing ratio
between the volume of the pollutant and the original air. Gravimetric units specify the
mass of the pollutant material per unit volume of air. Volumetric units are invariant with
changing temperature and pressure. Therefore, volumetric units like ppm (parts per
million, 10°), ppb (parts per billion, 10~°) and ppt (parts per trillion, 107'?) have been
used by most of the researchers. However, both gravimetric and volumetric systems are
in use while measuring pollutant concentrations and, it is reasonably simple to convert
one-unit system to another. This conversion factor is based on the gas's molecular weight
(M). For example, the gas concentration in X (mg/m3) and Y (ppm) at STP (Standard

Temperature and Pressure) will be:
X (mg/m3) = 0.0409 X Y (ppm) X M 2.1
Y (ppm) = 24.45 x X(mg/m3) + M 2.2

The relationship for the typical concentrations for ambient pollutants between

these two unit sets is summarized in Table 2.3.

Table 2.3: Relationship between volumetric and gravimetric units.

Volumetric Gravimetric
Expression Order Expression SI Expression
ppm (parts per million) 10°° mg m3 pmol mol*
ppb (parts per billion) 10°° pg m3 nmol mol?
ppt (parts per trillion) 1022 ng m3 pmol mol?




2.3 Low-Cost Sensors (LCS)

At present, ambient air quality monitoring systems are mainly confined to only a
small number of locations due to their high cost, resulting in a limited observation of real-
time air quality index over a larger area [92]. An intuitive approach to tackle this issue
could be to increase the spatiotemporal resolution of available air pollution monitoring
equipment. A driving factor that enables the increased monitoring efforts is the

development of air pollution sensors with lower cost [9, 46, 47, 93].

2.3.1 Properties of Air Quality Sensors

Suitability of the sensors for measuring the concentration of pollutants in the air
depends on a few important properties such as specificity [94], sensitivity [95], reliability
[96], reproducibility [95], stability [97], response time [17], accuracy and precision [98],
and cost [35, 46]. Table 2.4 describes these properties along with the corresponding
features of both accurate but expensive sensors and LCS.

LCS tend to be affected by environmental factors and may suffer from relatively
low sensitivity and specificity [20, 45, 94, 95]. For obvious reasons, LCS use cheaper
hardware than their more accurate counterparts. As a result, environmental factors such
as temperature and relative humidity can easily affect the LCS response towards a
pollutant [30, 31]. Also, these cheap components efficiently respond to a range of gases
instead of being specific towards a target pollutant gas [99]. LCS can also drift over time
and have poor reliability and stability [100-103]. The low-cost components have a short
usable lifespan and thus LCS are well known for responding much differently to an air

pollutant after some time in their deployment [100-103].

Some research groups are focusing on developing affordable but accurate LCS
and pollutant measurement systems while other research groups are trying to develop new
calibration techniques to improve the accuracy of currently available LCS [44, 45, 47,
104]. Our focus of this research work is on the calibration techniques for available LCS.
A condensed summary of LCS hardware and pollutant measuring technologies is

compiled in Section 2.3.2 before we describe the calibration techniques in detail.
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Table 2.4: Properties of a sensor that needs to be balanced when choosing a sensor.

Sensor

Properties

Description

Expensive Sensors

Features of

Features of Low-Cost

Sensors

Specificity

Ability to measure only the
gas of interest and not have a

response to other gases

Very specific

Cross-sensitivity with
other gases is a major

concern

Sensitivity

Measuring the expected
highest and lowest gas

concentrations

Reasonable scaling of

sensitivity

Unable to maintain noise-
free measurements at one
end while adjusting the

highest or lowest points

Reliability

Property of the instrument to

be used continuously

Highly reliable and
usually requires less
frequent maintenance

Visits

Less reliable

Reproducibility

Keeping the measured sample
gas unaltered in chemical and
physical composition after the

measurement is taken

Usually reproducible

Show problems with
reproducibility in many

cases

Stability

Ability to generate accurate
responses in longer
unattended measurement

periods

Can be calibrated and

then left to operate

unattended for a

longer time

Errors get introduced in
the measurements with

passing time

Response time

The time for sampling over
which measurement samples

are taken

Usually lower (with

exceptions)

Usually higher (with

exceptions)

Accuracy and

precision

Closeness of the measured
values to the actual value and

to each other

Highly accurate and

very precise

Lower accuracy and

precision

Cost

Cost of the sensor equipment,
setup, energy consumption,

and operation

Very expensive

Lower overall cost
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2.3.2 Classification of Low-Cost Sensors

Researchers have reported several types of cost-effective gas sensing technologies
in the last two decades [45-47, 104]. Some of the most commonly used methods for gas
concentration measurements are often based on electrical variation with different
materials and standard methods and techniques including metal oxide (MOX)
semiconductor [95, 105-113], polymer [100-102], carbon nanotube [114, 115], moisture
absorbing materials [116, 117] and electrochemical (EC) gas sensing [25, 49, 94, 100,
118-120] etc. Many methods based on other non-electrical variations have been also
reported for gas sensing such as optical methods [121-126], acoustic methods [127-129],
gas chromatography [130-132], calorimetric methods [133-135], etc.

The LCS technology can be roughly categorised into four different categories

[104] as shown in Figure 2.2.

Low-cost Gas Sensor Technology

A4 A4

Resistive/Metal Electrochemical Infrared Radiation Photo lonization
Oxide Sensors Sensors Absorption Sensors Detector Sensor

Figure 2.2: Classification of available LCS technologies.

Table 2.5 shows the various advantages and disadvantages of these four types of
LCS technologies. Two of the most widely reported low-cost gas sensors to measure the
ambient air pollution are Metal-oxide-semiconductor (MOS) or Metal Oxide (MOX)
sensors [56, 79, 95, 113, 136-138] and Electrochemical (EC) gas sensors [9, 25, 28, 49,
94,100, 118, 119]. Although, MOX sensors are light-weight (a few grams), small in size
(few millimetres) and also have wide commercial availability at low-cost (~$10) [42,
104], these sensors have a non-linear response concerning both the target and the
interfering gases [139] and the sensitivity suffers from both long and short term drift [56,
137]. MOX sensor response is reported to become slower when recovering to the baseline
[140] and shows difficulty with reproducibility [104]. Also such sensors suffer from
cross-sensitivity to other (interfering) gases and changes in environmental conditions [9,

56]. Although MOX sensors are widely used as LCS to monitor air pollution, the EC
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sensors, on the other hand, have been recognised as better suited for real-time ambient air

quality monitoring in some research [9, 94, 120].

The EC sensors employ an electrochemical reactions with the target gas and a
current is generated in the electrolyte that depends on the gas concentration [9, 141]. This
current is the measurement for the concentration of gas as the EC sensor response is
usually linear or logarithmic [104]. EC sensors also suffer from non-linear responses,
cross-sensitivity to other (interfering) gases. EC sensors are about few tens of millimetres
in size and costs around ~$100 [42, 104].

Table 2.5: Properties of different low-cost gas sensing technologies.

Low-Cost Gas
Advantages Disadvantages
Sensors
e Response to a wide range of o Need high temperature to increase
concentrations (from ppb to ppm) the rate of reactions [104]
[142, 143] e Response time tends to be slow
e Small size (around a dozen (around a few minutes) [143]
millimetres) and weight is about a o Highly cross-sensitive [79]
Metal Oxide few grams [104] e Stability is the least among all types
Sensors e Can operate at a higher temperature of sensors [95]
and have longer lifetime compared to | ¢ Need to be recalibrated from time
other LCS with similar cost [144] to time due to drift [95, 104] and
require additional resources
o Difficulties with reproducibility
[79]
e Small size (about 20 millimetres) e Ambient temperature and humidity
[104] have an influence on the sensor
e Low power consumption [9, 144] response [14, 49]
e Low detection limit (LOD) of gas o Affected by wind speed in the
concentration [143] outdoor environment [28, 120]
e Error tends to be similar in all sensors | ® High sensitivity [144]
Electrochemical and show smaller deviation from o Cross-sensitivity can cause error in
Sensors Iinearity_ [118] re_sponse _[14] _
o Show slightly better long term o Signal drift can be an issue for
stability [28] long-term deployment [145]
e Sensor response is usually linear or
logarithmic [25]
o Cross-sensitivity can be fine-tuned by
selection of different electrode
materials [94]
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o Very small size (a few millimetres) o Noise is high for sensing

[104] hydrocarbons [104, 146]
e Power consumption is low (L00mW) | e Cross-sensitive for hydrocarbon
Infrared .
o [104] gases as they share similar
Radiation e Very fast response time ( <10s) [146] absorption band [104]
Absorption e Large detection range; especially for
Sensors hydrocarbon gases and CO- [146]

e Very good CO; sensor for having a
very characteristic absorption band

[147]
e Power consumption in low (10mW) | e Slightly larger and heavier
[104] instrument compared to other
o e Very good sensors for volatile sensor types [104]
Photo lonization - -
organic compounds (VOCs) and e Temperature and humidity affect
Detector Benzene gas [46] the sensor response [46]
Sensors e Low deviation from the linear e Require very frequent calibration
response for lower gas concentrations [104]
[46]

e Fast response time ( ~3s) [104]

Both MOX and EC sensors inherently suffer from low selectivity and poor
specificity [99]. As a result, these sensors are cross-sensitive to different interfering
components that exist in the air and thus do not exclusively measure their target gases
[20]. This is exacerbated while measuring gaseous pollutants (e.g., Oz, NO2, CO, SO») in
outdoor environment [95, 97]. Such errors in LCS are mainly caused by various physical
properties of the sensor and pure chemical interferences, and require sophisticated

calibration approaches [21].

As mentioned earlier, the common drawback of these LCS is that their responses
change with changing environmental conditions [36, 148]. Reports from different
laboratory and field tests suggest that LCS performance is significantly worse in real-
world deployment compared with controlled lab environments [21]. Temperature and
relative humidity can change the sensor measurements significantly [28, 120].
Dependency on ambient conditions such as temperature, causes non-linear responses in
LCS [28] as well as any large changes in relative humidity causes change in the sensitivity
of commonly used MOX and EC sensors [51, 95, 119].
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2.3.3 Common Errorsin LCS

One of the main reasons of LCS not being able to replace costly equipment and
instruments (reference sensors) for air quality monitoring is comparatively lower
accuracy [11, 18]. Although it is not expected from LCS to generate the same results of
an expensive device while measuring air pollutant concentrations, it should exhibit a

strong correlation.

The effects of ambient conditions and interference from other pollutants cause a
combination of different types of errors in LCS, namely, dynamic boundaries [9, 21],
systematic errors [11, 18], non-linear response [149, 150] etc. These errors are usually
related to the working principle of the sensor, used hardware, measurement technique etc.

[21]. A brief description of these errors is given in Table 2.6.

According to many reports, systematic errors and signal drift are the two most
commonly found errors in commercially available sensors for ambient air quality
monitoring [99, 103]. EC and MOX gas sensors generally exhibit dynamic boundary
errors and non-linear response respectively [79, 120]. Ambient conditions and cross-
sensitivity can directly cause these errors. However, pin pointing an error to a particular
reason especially for LCS is very hard as the errors are the product of multiple inherent
properties of LCS.

A commonly used approach to minimize the errors or the combination of errors
in these pollution monitoring LCS is calibration. Several different calibrations methods
have been reported by researchers to reduce the effect of sensor errors which are discussed

in the next section.

15



Table 2.6: Different types of errors in LCS.

Errors Source of Error Effects Major Concern
Range of a pollutant LCS are significantly
Dynamic concentration in which a Getting affected by affected by low SNR
Boundary sensor is sensitive to; e.g., high noises [21] (signal to noise ratio) at
limit of detection (LOD) [151] low concentrations [9, 49]

A constant offset over

. o whole concentration
Due to imperfect calibration
. range or an ]
Systematic | parameters and are usually not o Factory calibrated sensors
) L over/under-estimation
Error related to the sensing principle o [21]

of concentration in
[21]

certain range [11, 30,
31]

Over/under-estimation

Caused by dependency on

) ) o of sensor responses LCS are well known for
Non-linear | environmental conditions and o ) o ]
) ) ) with increasing or delivering a non-linear
Response internal signal processing of .
decreasing sensor response [149, 150, 152]

the sensor [28] outputs [17]

Causes a slow drift of
] ] . . o Most common and
) Aging and impurity affecting the sensor sensitivity . .
Signal hampering error with low-
. the sensor performance over a and as a result the .
Drift ) cost sensors in long-term
long time [153] sensor measurements
) deployments [154]
changes over time [96]

2.4 Sensor Calibration

As discussed in the previous section, the data provided by LCS have accuracy
issues while measuring ambient air quality. Researchers are working to develop
appropriate sensor calibration methods in order to improve the accuracy of existing and
future air quality monitoring deployments [21]. Through calibration, measurements of
LCS are transformed in a way so that the calibrated measurements closely agree with the
“reference” measurements from a reliable high quality sensor. Although sensor
calibration work has been going on for many years, recent developments in the low-cost
air quality monitoring sensors along with the introduction of using Internet of Things
(1oT) protocols in environmental monitoring [90, 155, 156] has significantly intensified
the interest of researchers. Sensor calibration can potentially play a huge role in the
deployment of the LCS by ensuring that the gap between the results from LCS and an

16



expensive high quality sensor is reduced down to tolerable level [34, 51, 52]. Calibration
models are the fundamental keys to overcome the major shortcomings of low-cost
sensors. In the following sections, calibration setups, models and strategies for low-cost

air pollution sensor deployment found in literature are reported.

2.4.1 Calibration Setup

Calibration models for air quality LCS are strategies followed to compare its raw
measurement readings with that from a reliable reference sensor and transforming them
to more accurate calibrated values. These calibration models vary depending on the type
and number of sensors used in the measurement [15], source of the error [50], placement
and lifetime of the sensor [37], and availability of the reference sensor or setup with
accurate measurements [68]. The calibration setup can be classified into two general
groups (Figure 2.3): laboratory setup under a controlled environment and field setup
under an observed environment (sensor co-located at reference monitoring site) [21, 51,
153].

Sensor Calibration Setup

A 4

A\ 4
Lab Setup Calibration Field Setup Calibration

(Controlled environment) (Observed environment)

Figure 2.3: Classification of calibration models on the basis of setup environment.

Although lab setups are faster and convenient, many researchers recommend field
setups for calibration [37, 42, 99, 150, 157]. While lab based calibration allows stringent
control over the concentration ratios and ranges of pollutants [51, 152, 158], field
calibration takes into account the inherently complex nature of the ambient conditions
[34, 45, 50, 148]. In order to properly characterize sensor responses to which the sensors
are subjected to, the calibration approach should consider the number of pollutants
present in the surrounding and their interference concentrations [50, 94, 100]. It is

difficult to emulate the actual ambient conditions in the lab setup because there are too
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many parameters to control [51, 119, 152]. On the other hand, sensors are exposed to
situations with realistic environmental conditions during field testing setups [30, 31].
Calibration that involves more than one ambient factor with on-field data are being
currently reported as an efficient tool for improved performance regarding real-time air
quality monitoring [17, 36, 50, 57, 159].

2.4.2 Different Types of Sensor Calibration

Researchers have been working to develop calibration techniques to improve the
accuracy of LCS. As discussed, such sensors can be calibrated by co-locating them with
accurate sensors so that the calibrated measurements of the low-cost sensor closely agree
with the co-located accurate reference sensor [21] and the co-located measurements are
often performed during “field deployment”. The key component of the calibration is the
training of regression models to capture the complex, often nonlinear, relationship
between the raw sensor output and the ground truth provided by the accurate reference
sensor. Three types of corrections have been widely reported in the literature for

calibrating LCS measuring air pollutants:
e Offset and Gain Correction
e Temperature and Humidity Correction

e Cross Sensitivity Correction

2.4.2.1 Offset and Gain Correction

Offset and gain correction maps the raw measurements of sensing to a target
pollutant concentration [21]. It also deals with the errors associated with dynamic
boundaries, systematic errors and some potential non-linear responses [21, 160].
Calibration models for the offset and gain correction can be derived in both field and lab
setups [161] by co-locating with a (reliable) reference sensor that provides actual
measurement of the target pollutant concentration (ground truth). Offset and gain

correction is a univariate regression problem so that the calibrated gas sensor output is:

Xcoaciibrated = @% {Xraw} 2.3
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@°¢  is derived solely based on the raw gas sensor input (Xraw) from the LCS to
minimize the difference between calibrated sensor output X25., ..., and the ground truth

provided by the co-located reference sensor.

Commercially available LCS typically come with an initial laboratory calibration
for offset and gain correction. Manufacturers usually provide the sensor responses over a
range of target pollutant concentrations or calibration curves recorded in a lab setup [21].
Researchers have favoured linear regression methods for linearly correlated sensor data

[21] and non-linear curve fitting for exponential or power law gain terms [149, 152].

2.4.2.2 Temperature and Humidity Correction

Sensor response or sensitivity of LCS can be affected by changes in the ambient
temperature and relative humidity (RH) [120]. EC sensors are typically configured so that
the reactions are diffusion-limited, and the diffusion coefficient is affected by temperature
[68, 162]. Similarly, relative humidity (RH) also affect the measurements, especially with
higher values (RH>75%), significant error can be observed [120, 150]. Long term
observation using EC sensors have revealed that changes in temperature affects the sensor
response [28]. Literature also reports sensitivity losses due to the change in ambient
temperature [9]. Similar loss of sensitivity was experienced under changing relative
humidity (RH). For example, Wang et al. observed the effect of relative humidity on
sensitivity of a MOX sensor and reported significant reduction in sensitivity when placed
at extreme relative humidity of 95% from dry air conditions [51]. Likewise, Pang et al.
observed a noticeable drop in sensitivity (~20%) when the relative humidity was increased
to 85% from 15% [119]. Therefore it is highly recommended to perform temperature and

humidity correction for low-cost sensors [120].

The process of correcting temperature and humidity is facilitated by the
availability of inexpensive but reliable temperature and humidity sensors on board the
gas sensor unit. Many calibration approaches leverage these additional measurements and
convert the single-variate models of offset and gain calibration to multi-variate models so

that Equation 2.3 (from offset & gain) can be updated to following Equation 2.4:

OG,T/H
calibrated

X = @OCT/H (X T H} 2.4
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The regressor @°%T/H js now derived from three input variables, raw sensor data,

temperature (T) and humidity (H), to minimize the difference between the calibrated

OG,T/H
calibrated

output X and the ground truth.

Multiple linear regression has been used in the past to approximate a linear
combination of raw air pollutant concentration, temperature and humidity measurements
that best fits the target reference concentration for low-cost sensors [15, 18, 42, 49, 98,
103, 148, 163]. Some other strategies include non-linear curve fitting [138, 150], in which
a detailed model of the physical effects of ambient temperature is derived for the sensors.
Popoola et al. reported a correction algorithm for temperature baseline in EC sensors [28].
They observed that, while CO had a linear relationship to its reference, the NO sensor
showed a strong exponential relationship. Therefore their proposed model used a linear
line fitting for the CO sensor and an exponential curve fitting for the NO sensor to correct
temperature effects on the measurement [28]. Similar exponential curve fitting for
temperature and humidity correction has been reported in other studies [138, 164].
However, modern machine learning techniques have started to become popular for

correcting temperature and humidity effects on the LCS [68].

2.4.2.3 Cross Sensitivity Correction

Low-cost gas sensors are particularly sensitive towards other gases in the
atmosphere and their responses are required to be corrected for this cross-sensitivity [21].
To do so, a sensor node (often termed sensor array) with multiple gas sensors measuring
multiple pollutant concentrations is assembled [17, 18, 21, 37, 49, 68]. The calibration

model can now be written by updating the previous Equation 2.4 as:

XOG,T/H,CS
calibrated

— QOGIT/H'CS {XT'CI.W’ T, H} XCT055} 25

In Equation 2.5, X_,.,ss represents other pollutant data measured by the sensor
array alongside the raw target pollutant measurement Xraw, T and H that are used to derive

POCT/HCS 0G,T/H,CS

the regression model calibrated *

that produces the calibrated output X

Popular sensor array calibration methods are linear regressions [30, 31, 37, 99,

119] and machine learning algorithms [17, 57], a list of which can be found in Table 2.7.
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One of the most common examples of cross-sensitivity in EC sensors is between
NOx and O3 [30, 36, 97, 99, 119]. Pang et al. reported the compensation for the influences
of NOx concentrations on ambient Oz measurements in EC sensors by applying linear
regression [119]. Similar approach was also performed by Maag et al. where Os
concentrations were compensated for NO, measurements in an EC sensor [99]. Similarly,
the cross-sensitivity errors of NO2 sensor were reduced in low-cost MOX sensors by

incorporating measurements of an additional Oz sensor in the calibration process [21].

Sensor array calibrations facilitated by field co-location have provided the best
performance regarding stability, accuracy and precision [15, 17, 68, 94]. However, this
requires a large-scale analysis of concurrent data from multiple sensors [15, 21]. In
addition, cross-sensitivity becomes more complex as different factors in the environment
also affect the sensor responses [15, 45, 160]. More sophisticated training models are
needed to manage this complexity in order to calibrate the LCS for real-world
deployments. Thus, different machine learning methods are becoming more and more
popular for calibration to compensate for the errors caused by cross-sensitivity,
temperature and humidity effects present in LCS. In spite of recent developments in the
calibration of air quality monitoring sensor arrays, selecting the optimal sensor array
calibration to tackle all types of errors in outdoor environment remains a challenge. Table
2.7 summarizes different calibration setups and methods used by research groups for

various sensor types and pollutants.

Table 2.7: Different calibration techniques used by various research groups as reported in the literature.

Sensor
Pollutant Setup Method Reference
Type
) ) ) Carotta et al. 2001
CO, NOx Field MOX Linear Regression (LR/MLR)
[157]
Field ) ) Tsujita et al. 2005
NO; MOX Linear Regression (LR/MLR)
and Lab [138]
Kamionka et al.
O3, NO; Lab MOX Neural Networks (MLP)
2006 [165]
] De Vito et al. 2008
CeHe Field MOX Neural Networks (MLP)
(48]
CO, NO, ) De Vito et al. 2009
Field MOX Neural Networks (MLP)
NOx [36]
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Eugster et al. 2012

CH4 Field MOX Linear Regression (LR/MLR)
[163]
. . Hasenfratz et al.
O3 Lab MOX Linear Regression (LR/MLR)
2012 [166]
) Gaussian Processes Regressors Monroy et al. 2012
C,HsOH Field MOX
(GPR) [136]
CO, NO,, ) De Vito et al. 2012
Field MOX Neural Networks (MLP)
NOx [167]
NO, NO,, . ] Nieto et al. 2013
Field EC, MOX Support Vector Regression (SVR)
CO, SO,,0s [168]
Field . . Mead et al. 2013
CO, NO, NO; EC Linear Regression (LR/MLR)
and Lab [25]
. Gaussian Processes Regressors Monroy et al. 2013
CoHsOH Field MOX
(GPR) [137]
Field ) ) Piedrahita et al.
CO, NO; MOX Linear Regression (LR/MLR)
and Lab 2014 [42]
C2HsOH, Recurrent Neural Networks (RNN- Sheik et al. 2014
Lab MOX
C2Ha, C3H6O RC) [169]
CO,, CO, Os, Field ) ) Piedrahita et al.
MOX Linear Regression (LR/MLR)
NO- and Lab 2014 [42]
Recurrent Neural Networks (RNN- Fonollosa et al.
CO, CyH, Lab MOX
RC) 2015 [76]
. . ] Saukh et al. 2015
0s, CO Field MOX, EC Linear Regression (LR/MLR) [170]
Lin et al. 2015
O3, NO; Field MOX Linear Regression (LR/MLR)
[171]
) ) ) Spinelle et al. 2015
03, NO, Field EC Linear Regression (LR/MLR) [55]
Field ) ) Masson et al. 2015
CO MOX Linear Regression (LR/MLR)
and Lab [150]
CO, NO, Field ) ) Gerboles et al.
EC Linear Regression (LR/MLR)
NO;, O3 and Lab 2015 [172]
. Linear Regression (LR/MLR), Spinelle et al. 2015
03, NO; Field MOX, EC
Neural Networks (MLP) [30]
. ) ) Maag et al. 2016
NO,, Os, CO Field MOX, EC Linear Regression (LR/MLR) [99]
Field ) ) Popoola et al. 2016
CO, NO, NO; EC Linear Regression (LR/MLR)
and Lab [28]
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CO, SOy, NO,

Field Gaussian Processes Regressors Lewis et al. 2016
03, NO,, COo, EC
and Lab (GPR) [100]
H
) ) Spinelle et al. 2016
O3 Lab MOX Linear Regression (LR/MLR) [56]
03, CO, NO, ) Neural Networks (MLP), Random | Borrego et al. 2016
Field EC, MOX )
SO, Forest Regression (RFR) [34]
NO, NO2, ) Esposito et al. 2016
Field EC Neural Networks (MLP)
03,COo [50]
Field . . Sun et al. 2016
CO, NO2, 03 EC Linear Regression (LR/MLR)
and Lab [33]
O3, NO2, NO, . . ] Jiao et al. 2016
Field EC, MOX Linear Regression (LR/MLR)
CO, SO, [18]
CO, NO, O3, Field ) ) Castell et al. 2017
EC Linear Regression (LR/MLR)
NO; and Lab [11]
Linear Regression (LR/MLR),
CO, NO, ) ) ) ) Cross et al. 2017
Field EC High-Dimensional Model
NOz, O3 . [94]
Representation (HDMR)
. . ] Mijling et al. 2017
NO2 Field EC Linear Regression (LR/MLR)
[173]
. . . Fang et al. 2017
NO; Field MOX Linear Regression (LR/MLR) [37]
Field . . Sun et al. 2017
O3, NO; EC Linear Regression (LR/MLR)
and Lab [103]
) Linear Regression (LR/MLR), Spinelle et al. 2017
NO, CO, CO, Field MOX, EC
Neural Networks (MLP) [31]
Field ) ) Pang et al. 2017
O3 EC Linear Regression (LR/MLR)
and Lab [119]
) Barakeh et al. 2017
NO, NO,, CO Field MOX Neural Networks (MLP)
[174]
. . . Mueller et al. 2017
O3, NO; Field EC Linear Regression (LR/MLR) [96]
Linear Regression (LR/MLR),
Neural Networks (MLP), Gaussian
CO, NO, ]
) Processes Regressors (GPR), Esposito et al. 2017
NO2, NOx, Field EC
Support Vector Regressor (SVR), [58]
03, SO,
Recurrent Neural Networks (RNN-
RC)
CO, NO, Os, Field . ] Wei et al. 2018
EC Linear Regression (LR/MLR)
NO; and Lab [120]
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Field

Linear Regression (LR/MLR),

Maag et al. 2018

03, CO; MOX, EC
and Lab Neural Networks (MLP) [175]
03, CO, NOg, . Neural Networks (MLP), Random | Borrego et al. 2018
Field EC, MOX )
SO, Forest Regression (RFR) [26]
) ) ) Barcelo-Ordinas et
O3 Field MOX Linear Regression (LR/MLR)
al. 2018 [15]
) ) ) Hagan et al. 2018
SO, Field EC Linear Regression (LR/MLR) [49]
Linear Regression (LR/MLR),
Gaussian Processes, Neural .
) Esposito et al. 2018
CO, NO; Field EC Networks (MLP), Support Vector [57]
Regressor (SVR), Recurrent Neural
Networks (RNN-RC)
Linear Regression (LR/MLR),
) Radom Forest, Support Vector Cordero et al. 2018
NO, Field EC
Regressor (SVR), Neural Networks [65]
(MLP)
CO, NOg, Lab and EC Linear Regression (LR/MLR), Zimmerman et al.
CO,, O3 Field Random Forest Regression (RFR) 2018 [68]
Linear Regression (LR/MLR),
Gaussian Processes Regressors, ]
) De Vito et al. 2018
NO,, CO Field MOX, EC Support Vector Regressors (SVR), [17]
Neural Networks (MLP), Recurrent
Neural Networks (RNN-RC)
) Linear Regression (LR/MLR), K- Hagan et al. 2018
SO; Field EC )
Nearest Neighbors (KNN) [49]
Linear Regression (LR/MLR), o
) Bigi et al. 2018
NO, NO; Field EC Support Vector Regressors (SVR), [67]
Random Forest Regression (RFR)
) Linear Regression (LR/MLR), Topalovi¢ et al.
CO, O3 Field EC
Neural Networks (MLP) 2019 [53]
. . . Munir et al. 2019
CO, NO, NO; Field EC Linear Regression (LR/MLR)
[176]
Linear Regression (LR/MLR),
CO, Field EC Gaussian process Regression, Malings et al. 2019
ie
NO, NO», O3 Neural Networks (MLP), Random [71]
Forest Regression (RFR)
CO, NO, . ) ) Karagulian et al.
Field EC Linear Regression (LR/MLR)
NO, Os, 2020 [177]
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Neural Networks (MLP), Support

Wang et al. 2020

CO Lab MOX Vector Regressors (SVR), Recurrent [176]
Neural Networks (RNN-GRU)
) De Vito et al. 2020
CO, NOy, O3 Field EC Neural Networks (MLP) [16]
Djedidi et al. 2021
CO, NOy, O3 Lab MOX Support Vector Regressors (SVR) [66]
Lab and Linear Regression (LR/MLR), De Vito et al. 2021
CO, NO; . EC
Field Neural Networks (MLP) [10]
. Convolution Neural Network Vajs et al. 2021
NO; Field EC . .
(CNN), Linear Regression [179]
CO, NO, . . . Zuidema et al.
Field EC Linear Regression (LR/MLR)
NO2, O3 2021 [61]
. . . Liang et al. 2021
CO, NOy, O3 Field EC Linear Regression (LR/MLR) [14]
) ) ) Laref et al. 2021
NO; Field EC Linear Regression (LR/MLR)
[145]
NO, NO, ) ) ) Wahlborg et al.
Field EC Linear Regression (LR/MLR)
PM10 2021 [180]
CO, NOg, ) Han et al. 2021
Field EC Neural Networks (RNN-LSTM)
SO, Os [77]
Random Forest Regression (RFR),
) Gradient Boosting Regression Bagkis et al. 2022
O3 Field EC ] .
(GBR), Extreme Gradient Boosting [69]
(EGB)
) ) ) Rogulski et al.
NO; Field EC Linear Regression (LR/MLR)
2022 [60]
K-Nearest Neighbors (KNN),
Random Forest Regression (RFR),
Ox, NO, NO,, Field EC High-Dimensional Model Bittner et al. 2022
ie
CO Representation (HDMR), Quadratic [70]
Regression (QR), Linear Regression
(LR/MLR)
. . . Hofman et al. 2022
NO; Field EC Linear Regression (LR/MLR) [19]
) ) ) Badura et al. 2022
Os Field EC, MOX Linear Regression (LR/MLR) [50]
co Lab and EC Bayesian Linear Regression (BLR), | Tancev et al. 2022
Field Neural Networks (MLP) [181]
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Linear Regression

CO, NOg, Field EC (LR/MLR), Random Forest Martin-Baos et al.
ie
SOy, O3 Regression (RFR), Gaussian 2022 [73]
Process Regression (GPR)
CO, NOg, ) ) ) Daepp et al. 2022
Field EC Linear Regression (LR/MLR)
SOz, O3 [182]
CO, CO,, ) ) ) Jabbar et al. 2022
Field EC Linear Regression (LR/MLR)
NO, SO [183]
. Ganji et al. 2023
NO;, O3 Field EC Neural Networks (MLP)
[184]
. Linear Regression (LR/MLR), Wang et al. 2023
NO; Field EC ]
Random Forest Regression (RFR) [72]

Linear Regression (LR/MLR),
Neural Networks (MLP), Gradient
O3 Field EC Boosting Regression (GBR), Saetal. 2023 [74]
Adaptive Boosting (AB), Extreme

Gradient Boosting (EGB)

Lab and . . Rivero et al. 2023
SO . EC Linear Regression (LR/MLR)
Field [62]
. . . Kappelt et al. 2023
COg, Field EC Linear Regression (LR/MLR) [64]

Linear Regression (LR/MLR),
CO, NOy, O3 Field EC Polynomial Regression (PR),
Random Forest Regression (RFR)

Hasan et al. 2023
[185]

The pie chart in Figure 2.4 summarizes the information presented in Table 2.7
where different calibration methods are shown with their overall percentage of use. It can
be observed that almost half of the used calibration methods in the literature are linear
regressions (or multiple linear regressions). MLP has been also frequently used in the
previous works, just over 17%. RFR, SVR and RNN (including RC, GRU and LSTM)
are the only other calibration methods that have been utilized over 5%. All other
mentioned algorithms (e.g., GBR and CNN) have been utilized only on a few occasions.
The literature review shows that among the NN-based techniques, CNN or more
specifically, One Dimensional Convolutional Neural Network (LDCNN) has not been
well investigated for LCS calibration. LDCNN has demonstrated excellent performance
for a variety of applications (e.g., indoor localisation [186], human activity recognition

[187], time series forecasting [188]). However, there are only two reports [179, 189] of
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1DCNN being utilized for the calibration of air pollution monitoring. Kureshi et al. [189]
employed it for the calibration of Particulate Matter (PM) sensors. In a recent publication
that investigated the impact of the pandemic on the air quality, Vajs et al. [179] employed
1DCNN to calibrate low-cost NO, and PM sensors. However, they did not benchmark its
performance against any other ML techniques; therefore, it is difficult to ascertain its
(comparative) efficacy. Similarly, GBR, an ensemble learning technique, has also not
been widely utilized for ambient gas pollutant sensor calibration although it has shown
good performance in other applications (e.g., PM sensor calibration [190], and prediction
and forecasting [191, 192]). While Bagkis et al. [69] and Sa et al. [74] employed GBR
for gas sensor calibration, their works mainly focused on temporal drift correction and

the performance of GBR was not benchmarked against sophisticated techniques like NNs.

RNN-LSTM KNN 1.61

0.81 \

RNN-GRU 0.81

RNN-RC 4.03
= HDMR 1.61
= BLR 0.81
= PRO.81
= QR0.81
= AB 0.81
= EGB 1.61
= GBR 1.61
= GPR 3.23

MLP 17.74

= CNN0.81

" LR 48.39

RFR 8.06
= SVR 6.45

Figure 2.4: Summary of used calibration methods found in the literature. The numbers beside the

calibration methods show the percentage of being utilized overall.

27



CHAPTER 3

METHODOLOGY

This chapter describes the methodology employed for this research. The various

aspects of the gas pollutant datasets that were utilized for the study are described in this

chapter. This is followed by a detailed, step by step description of the calibration process.

The proposed calibration algorithms and performance metrics that are used to evaluate

the efficacy of the various algorithms are also described in this chapter.

3.1 Dataset Utilized

For this study, three different datasets were used to develop and test novel

machine learning based calibration algorithms. The datasets were acquired from

published online open sources or via a direct request to the corresponding research

groups. Table 3.1 provides an initial summary of the datasets. Figure 3.1 shows an

approximate map of the deployment of these LCS across the globe.

Table 3.1: Summary of the datasets.

Target LCS ) )
Dataset Collection Source Location Reference
Pollutant | array
. . [17, 36, 48,
Dataset 1 | CO, NO; | MOX Online open source Lombardy Region, Italy 167]
Dataset 2 | CO, NO- EC Acquired through request Naples, Italy [10, 16]
Dataset 3 | CO, NO; EC Acquired through request Guangzhou, China [14]

B

o - Dataset 3

Figure 3.1: Locations of the LCS used in this study.
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3.2 Dataset Description

The focus was on the calibration of CO and NO: sensors. As discussed in Chapter
2, these gases are important components of the Air Quality Index (AQI) [156]. Both the
reference (ground truth) data from a co-located accurate sensor and raw (unchanged
electrode data from LCS) data were available for all three deployments (Dataset 1, 2 and
3) [10, 14, 16, 36, 48, 167] for both pollutants. These deployments also collected other
pollutant data using LCS. This will allow us to address cross-sensitivity. Temperature and
relative humidity data are available for all three setups, allowing us to mitigate the
temperature and relative humidity effects. A more detailed description of the datasets can
be found in Table 3.2. Also, Figures 3.2, 3.3 and 3.4 illustrate the distribution (histogram)
of the collected reference and LCS data along with box and whisker plots of temperature
and relative humidity. These tables and figures clearly show the diversity of the utilized

datasets and different of scales between the ground truth and the LCS responses.

Table 3.2: Details of the datasets.

Time Span LCS

Dataset Location pollutants measured Reference Sensor
(Days) array
Lombardy CO, NO2, O3, NMHC, NOx |Air pollution analyzer, operated by,
1[17] 391 Region, MOX | (only working electrode [we] the regional environmental
Italy data) protection agency (ARPA)
Naol CO, NO3y, O3 (both working | Teledyne™ 300 CO analyzer and
aples, N
2 [16] 965 tal EC [[we] & auxiliary [ae] electrode Teledyne™ T200 NO;
a
Y data) chemiluminescence analyzer
CO data were collected by a gas
analyzer based on infrared
. absorption (Model 48i-TLE,
CO, NO2, O3 (both working o
Guangzhou, o Thermo Scientific, Waltham, MA,
3[14] 152 i EC |[we] & auxiliary [ae] electrode
China USA). NO; was measured by a

data)
chemiluminescence analyzer

(Model 42i-TL, Thermo Scientific,
Waltham, MA, USA)
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3.2.1 Dataset 1

The dataset was recorded by a multi-sensor device [17] containing an array of five
low-cost MOX sensors that measure CO, NO2, Oz, Non-methanic Hydrocarbons
(NMHC), and NOx along with temperature (T) and relative humidity (RH). It includes
9357 samples of hourly averaged responses recorded between March 10, 2004, to April
04, 2005, Lombardy Region, Italy.
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Figure 3.2: Distribution (histogram) of the reference and raw LCS data, box plots of temperature and
relative humidity from dataset 1.
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3.2.2 Dataset 2

This dataset includes the responses of a MONICA multi-sensor device [16]
deployed in the Italian city of Naples. The gas sensor hardware consists of an array of
electrochemical gas sensors to measure CO, NO2, Oz, and T and RH. The 31 months’
deployment collected a total of 13595 samples of hourly average from April 2018 to
November 2020.
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Figure 3.3: Distribution (histogram) of the reference and raw LCS data, box plots of temperature and
relative humidity from dataset 2.
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3.2.3 Dataset 3

This dataset was recorded by a multi-sensor device [14] deployed in the Chinese
city of Guangzhou. The array of EC gas sensors measures CO, NO2 and Oz along with T
and RH. Total of 4368 samples of hourly average data were collected over a span of six
months between October 1, 2018, and March 1, 2019. More details of the dataset can be

found in [14]. Please note that this dataset is also available at a higher per-minute,
sampling rate.
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Figure 3.4: Distribution (histogram) of the reference and raw LCS data, box plots of temperature and
relative humidity from dataset 3.
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3.3 Dataset Cleaning

It was found that the data collected by the LCS and reference sensors have missing
samples. Also, as discussed, having other pollutant data and temperature and relative
humidity data are important for addressing the dependency to these co-variates in the gas
measurements. Therefore, for any given instant, all pollutant (and temperature and
relative humidity) data need to be available from the cost-effective sensor alongside the
reference data for multivariate calibration. As a result, readings of selected time instants
were removed from each dataset if any pollutant data (and temperature and relative

humidity data) from the cost-effective sensors or the ground truth data were missing.

These datasets contained some extreme values in their samples which are outside
the expected range or unlike the other samples. Performance can be improved in machine
learning modelling by removing these outliers. The standard deviation of the sample can
be used as a cut-off for identifying outliers if the distribution of values is a Gaussian or
Gaussian-like distribution. Three standard deviations from the mean is a common cut-off
in practice for removing outliers from the samples [193, 194]. In this case, the mean and
standard deviation of the samples are calculated, and samples having more than three
standard deviations from the mean are identified as outliers and removed from the dataset.
The final sample numbers after data cleaning are given in Table 3.3.

Table 3.3: Number of samples used in the datasets after data cleaning.

Dataset Target Pollutant Number of samples

Cco 6941
Dataset 1

NO; 6743

Cco 12982
Dataset 2

NO: 12123

Cco 3639
Dataset 3

NO; 3412
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3.4  Feature Scaling

Feature scaling is the process of changing all the features in dataset into a similar
range of values. It is one of the most important data pre-processing stages in machine
learning as it helps algorithms to train and converge faster. A single dataset may have
multiple features that may range in different values, and this can affect the algorithm
training in unexpected ways. Hyperparameters or weights in the trained model can be
particularly biased towards larger values. Thus, feature scaling is applied before the
model training by fitting the scaler on the training data and then again using it to transform

the testing data back to the original values.

The most commonly used feature scaling techniques are Normalization (or Min-
Max Scaling) and Standardization (or Z-Score Normalization) [195]. However, there is
no hard and fast rule that says when to apply Normalization or Standardization of the
dataset; the best practice would be to fit the trained models to normalized and

standardized data and then compare their performances for the best results.

Normalization transforms features to a similar scale. The transformed value X,,.,,

is calculated as:

Xnew = (X — Xmin) / Xmax — Xmin) 3.1
where, X is the actual value, X,,,4, is the maximum value of the feature and X,,i,,

is the minimum value of the feature. This scales the range to [0, 1].

Standardization transforms the features by subtracting from mean and then
dividing the result by standard deviation of the feature. The transformed value X,,.,, can

be presented as:

Xnew = (X - Xmean)/Xstd 3.2

Where, X is the actual value, X,,,.4»N is the mean of all the values in the feature,

and X4 is the standard deviation of the feature.

Our initial testing showed that standardization provided slightly better
performance (lower RMSE). Therefore, standardization feature scaling was used before

training the dataset for all the algorithms in this study.
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35 Calibration Process

The calibration was framed as a supervised regression problem such that

Xcalibrated = (D{XLCS' K} 3.3

Here X qiiprateq 1S the calibrated reading computed from the raw or pre-processed
reading of the LCS (X,¢s) and X, that comprises of co-variate factors like T, RH,
timestamped information and pollutant readings from the sensor array (e.g., other
uncalibrated readings from the LCS array). @ is the regression model whose parameters
are derived from the training data to minimize the Mean Square Error (MSE) between the

calibrated output and the ground truth received from the reference sensor.

For this study, we have considered two different Train Test Split (TTS)
conditions. Here, the training set is a subset of the dataset. In TTS1, each of the datasets
is split so that 90% of the data is used to train (and validate as discussed later) the
calibration model while the remaining 10% data is used for evaluating the performance
of the trained model. This 90/10 split represents the scenario where a co-located LCS are
being used as a backup in case the reference grade monitor is out of commission for a
short period due to fault or maintenance. In TTS2, the train/test split is 20/80. In TTS2,
20% of the data is used to train and validate the calibration model while the remaining
80% data is used for evaluating the performance of the trained model. This emulates a
scenario when a low-cost sensor is co-located with a reference sensor for a set period for
calibration and afterwards deployed in the field for monitoring pollutants at locations
where there is no AQM station is available.

3.5.1 Training and Validation

As mentioned in the previous section, the regression model needs to be
determined. Three types of calibration models have been prepared for this study, namely,
MLR (or LR), Ensemble techniques and NN techniques. Although the MLR training and
testing is fairly straightforward, a rigorous training, validation and testing method has
been followed in this work for training and validating the regressors that construct the
Ensemble and especially the NN based calibration models. The details of the calibration

process are given here:
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3.5.1.1 Calibration Steps for MLR Method
The following steps are conducted for the MLR method:

Step 1: The dataset is split into two parts: training and testing datasets.

Step 2: MLR (or LR) is performed on the training datasets by fitting a regressor model ®
between the LCS and reference sensors' training data.

Step 3: The regressor model @ is used on the LCS testing dataset to get the calibrated
(predicted) values for pollutant concentration.

Step 4: The final output is evaluated on the (unseen) testing dataset i.e., reference data,
by computing the performance metrics.

3.5.1.2 Calibration Steps for Ensemble Method

The calibration models are prepared through training and validation process
before testing them on the unseen testing dataset. All the regressors have hyperparameters
that have been tuned on the relevant training datasets and tested on the corresponding
testing sets. One way to make sure that the parameters are more generalized is through
validation [196]. A k-fold (k =10) cross-validation has been implemented in this work.
The following steps and Figure 3.5 provide a detailed description of this process:

Step 1: The dataset is split into two parts: training and testing datasets.

Step 2: The training is conducted using a ten-fold cross-validation, where the training
dataset is divided into ten equal-sized parts. Each time nine out of the ten parts are
used to perform grid search for hyperparameters tuning and then evaluated against
the remainder 10th part (validation). The MSE (Mean Squared Error) is calculated
on this holdout fold. This process is repeated ten times and the overall MSE is
observed by averaging the ten MSE values from all the 10 folds. The best
hyperparameter combination is found across all ten evaluations by selecting the
one with the lowest overall MSE. Table 3.4 lists the hyperparameters that were
tuned for the ensemble based algorithms.

Step 3: The best-performing model is now further trained using the entirety of the training
dataset and a regressor model @ is trained.

Step 4: The regressor model @ is used on the LCS testing dataset to get the calibrated

(predicted) values for pollutant concentration.
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Step 5: The final output is evaluated on the (unseen) testing dataset by computing the

performance metrics.

Table 3.4: List of hyperparameters that were tuned for ensemble based algorithms.

Algorithm List of hyperparameters
RER maximum depth of the tree, maximum number of leaf nodes,
number of trees in the forest
maximum depth of the individual regression estimators,
GBR minimum number of samples required to be at a leaf node,
minimum number of samples required to split an internal node
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Figure 3.5: Details of k-fold cross-validation hyperparameter training.

3.5.1.3 Calibration Steps for NN Method

The NN methods have a grid search on top of the ten-fold cross-validation
hyperparameter tuning. Each grid based on the combination of different model parameters
has individual ten-fold cross-validation performed to tune the hyperparameters. The
overall process is mostly similar to the ensemble methods in the first and the last three

steps mentioned in section 3.5.1.2. However, the last step to select the final output for NN

37



based calibration also has an additional step compared to the ensemble ones. This
calibration process is described below:

Step 1: The dataset is split into two parts: training and testing datasets.
Step 2: A grid search was performed on Neural Network based algorithms, namely MLP,
LSTM and 1DCNN for the parameters presented in Table 3.5.

Table 3.5: Parameters for the grid search on Neural Network based algorithms.

Algorithm Parameters for grid search
MLP Number of hidden layers (1, 2, 3)
LSTM Number of LSTM layers (1, 2, 3), number of time steps (1, 3, 5)
1DCNN Number of 1D Convolution layers (1, 2, 3), lookback (1, 3, 5)

Step 3: For each grid, the training is conducted using a ten-fold cross-validation, where
the training dataset is divided into ten equal-sized parts. Each time nine out of the
ten parts are used to perform grid search for hyperparameters tuning and then
evaluated against the remainder 10th part (validation). The MSE (Mean Squared
Error) is calculated on this holdout fold. This process is repeated ten times and the
overall MSE is observed by averaging the ten MSE values from all the 10 folds.
The best hyperparameter combination is found across all ten evaluations by
selecting the one with the lowest overall MSE. Table 3.6 lists the hyperparameters
that were tuned for the neural network (NN) based algorithms. Similar process
mentioned in Figure 3.5 at section 3.5.1.2 has been followed for calibration.
However, instead of letting the training datasets to run for a set number of epochs,
an early stopping method has been used during the training-validating stage. This
method allowed the training to end once the model performance stopped
improving on the validation set. MSE of the validation sets were monitored for
each epoch and the training would stop when the MSE ceased to decrease by a
certain tolerance threshold for a select number of epochs (patience). The model
weights with the minimum MSE within that patience was taken as the final weight
for that validation set.
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Table 3.6: List of hyperparameters that were tuned for each NN based algorithm.

Algorithm List of hyperparameters

number of neurons in the hidden layer, activation function in the hidden layer,

MLP
dropout rate in dropout layer, learning rate of the optimizer, batch size
LSTM number of units in the LSTM layers, activation function, dropout rate in
dropout layers, learning rate of the optimizer, batch size
number of filters in the convolution layer, activation function in the
convolution layer, kernel size, pool size in maxpooling layer, dropout rate in
1DCNN

dropout layer, number of neurons in the dense layer, activation function in the

dense layer, learning rate of the optimizer, batch size

Step 4: The best-performing model is now further trained using the entirety of the training
dataset and a regressor model @ is trained for each grid.

Step 5: The regressor model @ is used on the LCS testing dataset to get the calibrated
(predicted) values for pollutant concentration for each grid.

Step 6: RMSE values for each grid are compared between all grids (based on the number
of parameters on the grid search). The grid parameter and model hyperparameter
values with the lowest RMSE in the grid search based on top of a ten-fold cross-

validation are selected as the final output.

3.6 List of Algorithms Applied

Six different algorithms have been used in this work, namely, LR/MLR (Multiple
Linear Regression), RFR (Random Forest Regression), GBR (Gradient Boosting
Regression), MLP (Multi-Layer Perceptron), LSTM (Long Short-Term Memory) and
1DCNN (One Dimensional Convolutional Neural Networks). Among these mentioned
six algorithms, LR/MLR and MLP are the two most commonly used ones found from the
extensive literature review (Chapter 2). Also, RFR, which is a type of ensemble machine
learning technique, has been used on many occasions and was reported to be a good
option for LCS calibration. Different types of RNN has been also used on some studies
of LCS calibration. LSTM is a type of RNN and has been used in this study. The other
two used algorithms in this work are GBR and 1DCNN. GBR is a type of ensemble
technique similar to RFR and 1DCNN (like MLP and LSTM) falls under the category of
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Neural Networks. Our investigations show that GBR and 1DCNN are have been rarely
used in the previous studies and have not been properly explored for LCS. In addition,
these previous studies lack performance benchmarking against other frequently used
algorithms, making it impossible to compare their efficiency. Chapter 2 provides a

detailed literature review of relevant algorithms summarized in Table 2.7.

Thus, these six applied algorithms cover the broader category of different machine
learning techniques mentioned in the literature, where some of them being frequently
used while others need more investigations. All these algorithms are briefly described in

the following sections.

3.6.1 LR/MLR

Linear regression (LR) or multiple linear regression (MLR) is the single most
commonly used technique to calibrate LCS (see Section 2.4.2 and Table 2.7). The
regression method is used for finding the linear relationship between target and one or
more variables [30, 31]. This calibration technique is popular due to its simplicity. Two
types of linear regression are found in the literature for calibrating air pollutant LCS —

simple (or ordinary) [11, 161] and multiple linear regression [18, 49, 65, 148, 163].

Linear regression provides a linear model @, e.g., a model that assumes a linear
relationship between the input variables (x1, X..., Xn) and the single output variable (y).
More specifically, that y can be calculated from a linear combination of the input variables
(X1, X2..., Xn). When there is only one input variable (x) e.g., raw response from a LCS,
the method is referred to as simple linear regression. On the other hand, when there
are multiple input variables e.g. temperature, humidity, other gas pollutant values, the
literature often refers to the method as multiple linear regression (MLR) [65]. Of the
different techniques that can be used to train a linear regression equation from data, the
most common of which is called Ordinary Least Squares [11, 30, 31]. It is common to
therefore refer to a model prepared this way as Ordinary Least Squares Linear Regression
or just Least Squares Regression. The expression of the regression model @ in a multiple

linear regression calibration model would be:
y = BO + lel + Bzxz + ...+ B‘l’lel 34

where, B, is the slope and, B4, B, ... , B, represent specific values used for the

coefficients of each input parameter (x;, x,..., x,). The input parameters for LCS
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calibration can represent raw LCS data (working and/or auxiliary electrode data),
temperature and relative humidity etc. These coefficients are calculated by minimizing
the Mean Squared Error (MSE) between the values of the variable being observed in the
input dataset observed (dependent variables x;, x,..., x;;) and the output of the (linear)

function of the independent variable y.

3.6.2 RFR

Random Forest Regression (RFR) algorithm is a supervised learning ensemble
learning method for regression [197]. Ensemble learning method is powerful and accurate
as it combines predictions using multiple machine learning algorithms to predict more
accurately than by using a single learning model. As seen in Chapter 2, RFR is a popular
calibration model for LCS and RFR based calibration techniques have performed well for
LCSs. For example, Borrego et al. implemented calibration technique on LCS that
measures gas and particulate matter (PM) sensors [26, 34]. Also, Cordero et al. [65] used
RFR to improve the accuracy of NO2 sensors for field deployment. Similarly, Bigi et al.
[67], Bagkis et al. [69] and Malings et al. [71] also implemented RFR on field deployed
electrochemical gas sensors and found satisfactory performance. All these performance
improvements were claimed to be better in terms of lower RMSE values than just using
a simple MLR as calibration algorithm. However, the accuracy improvements were not
benchmarked with respect to other commonly used methods. Zimmerman et al. [68]
benchmarked RFR and MLR on multiple gas sensors for both lab and field deployments
and found that the RFR performance was better than MLR. One of the main reasons for
RFR being a suitable candidate in all these examples is its ability to account for the
pollutant cross-sensitivity [68]. Therefore, we decided to utilize RFR as one of the ML-
based calibration techniques.

Although RFR performs well with non-linear relationships, overfitting (machine
learning model giving accurate prediction for training data but not for new data [198])
may easily occur [199, 200]. To overcome this, a rigorous training and validation process
is followed for these algorithms as mentioned in Section 3.5.1.2. Figure 3.6 shows the

typical example of an Ensemble learning model for RFR.

We have used the sklearn module for training our RFR model by using

RandomForestRegressor function. Following the steps mentioned earlier for calibrating
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ensemble models (Section 3.5.1.2), we have tuned the following parameters during the
training-validation process using MSE as loss function:

3.6.2.1 n_estimator

This represents the number of decision trees running in the regression model. A
large number of trees can sometime reduce overfitting in RFR as increasing the number
of trees generally reduces model error at the cost of a longer training time and higher

computational power.

3.6.2.2 max_depth

This parameter sets the maximum depth of each tree. More information about the
data is taken into account with larger depth of the tree. Thus possible number of feature
or value combinations can be increased by increasing the tree depth. In an individual tree
this increase can cause overfitting, however in RFR, it is harder to overfit due to the way
the ensemble is built. But it is still possible to overfit for a very large depth value. So this
parameter should be set to a reasonable value depending on the number of features of

your tree.

3.6.2.3 max_leaf _nodes

This parameter controls the growth of the trees by limiting the maximum number
of leaf nodes. If not defined, then unlimited number of leaf nodes can be produced in the

training.
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Figure 3.6: General structure of ensemble type algorithms (RFR and GBR).

3.6.3 GBR

Gradient Boosting Regression (GBR) is based on boosting algorithms and is
considered to be more efficient as the algorithm deals with bias variance trade-off by
controlling both aspects (bias & variance) [201]. GBR is a sequential technique which
uses the principles of ensemble models. Improved prediction accuracy has been obtained
using boosting based regression [202]. Figure 3.6 shows the typical example of an

Ensemble learning model for GBR.

GBR has also not been widely utilized for gas sensor calibration and the
performance of GBR was not benchmarked against sophisticated techniques like NNs
(see Section 2.4.2 and Table 2.7). Training and validation process mentioned in Section
3.5.1.2 has been used to calibrate the LCS data and the following parameters have been

tuned in this study for GBR during the training and validation stage:

3.6.3.1 max_depth

This represents the maximum depth of a tree. A higher depth can allow model to

learn relations very specific to a particular sample and thus control over-fitting.
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3.6.3.2 min_sample_split

It is the minimum number of observations (or samples) that are required in a node
to be considered for splitting. This parameter is for controlling the model over-fitting. A
higher value can prevent the model from learning relations which might be highly specific
to a particular sample selected for a tree. However, too high values can lead to under-
fitting of the model.

3.6.3.3 min_sample_leaf

This represents the minimum observations (or samples) required in a terminal

node or leaf. It is used to control over-fitting similar to min_samples_split.

3.6.4 MLP

Anrtificial neural networks (ANN) are often just called neural networks (NN) or
multi-layer perceptron (MLP). MLP is the most commonly used NN-based calibration
technique found in the literature (see Section 2.4.2 and Table 2.7). The learning capability
of MLPs comes from the multi-layered structure of the networks [203]. The building
block of a neural network is the artificial neuron. It is a simple computational unit which
has weighted input signal and produce an output signal by using an activation function
[204]. This activation function governs the threshold at which the neuron is activated and
strength of the output signal. In terms of LCS, the neurons in the MLP learn the
representation of different input variables in training data and relate it to the output
variable i.e., the ground truth reference data [17, 48, 50, 57, 58, 174]. Figure 3.7 represents
a simple illustration of one of the MLP structures used in this study. Here, the LCS data
such as raw gas concentrations, temperature, relative humidity is used as the input
parameters and the reference gas concentration from the ground truth sensor is used as
the target output to train the weights in the hidden layers. Different MLP structures have
been studied in this work by changing the number of neurons in the hidden layer,
activation function in the hidden layer, dropout rate in dropout layer, learning rate of the
optimizer, batch size etc. Table 3.7 represents the grid search table used for MLP
algorithms. Each grid for different number of hidden layers was tuned for
hyperparameters according to the calibration process for this algorithm is mentioned in
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Section 3.5.1.3. The hidden layer and hyperparameters with the lowest RMSE was
selected as the final results for MLP algorithms.

Input Q Hidden Layer 1
Layer :
Hidden Layer 2

O
O
O
O

LCS Data

Output
Layer

O
5
O O
O

QOQOOOOO
O

Figure 3.7: Example of a MLP architecture. Please note that the structure will vary depending on the

many parameters are determined through grid search and tuning.

Table 3.7: Grid search used in addition to the k-fold cross-validation for MLP.

Number of hidden Hyperparameters selected after RMSE from the unseen
layers the k-fold cross-validation testing dataset
1 Hyperparameters A RMSE value A
2 Hyperparameters B RMSE value B
3 Hyperparameters C RMSE value C
3.6,5 LSTM

Many researchers have used Recurrent Neural Networks to calibrate LCS data
(see Table 2.7). Unlike other NNs that mostly use current data, Recurrent Neural
Networks (RNN) model the historical time series behaviour present in the dataset.
Recurrent Neural Networks (RNN) have been used by Sheik et al. [169] Wang et al. [178]
and Fonollosa et al. [76] for calibrating MOX-based LCSs under laboratory conditions.
Esposito et al. [57, 58] studied multiple calibration techniques including RNN on
different EC-based LCSs and compared their performance. It should be noted that RNN
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models face two issues during calibration: firstly, time lag must be determined in advance
which requires a considerable number of experiments to identify them, and secondly,
these RNNSs fail to capture long time dependencies in the training dataset. Thus Long
Short-Term Memory networks (LSTMs) are introduced [77]. LSTMs are basically an
extension for RNN which extends the memory to learn from important changes that have
large time gaps in between [77, 205]. Thus, LSTM is able to process longer time series
information than RNN in terms of data processing, error correction and forecasting [75,
206-208]. As a result, it has been used for forecasting and predicting air quality gas sensor
data by different research groups [75, 86, 206, 207, 209]. Apart from gas pollutant
prediction and calibration, RNN as Long Short-Term Memory (LSTM) was also used by
Li et al. [206] and Athira et al. [75] to improve the accuracy of the field deployed PM
sensors. All these studies have found LSTM to generate better in predicting sensor outputs
given that the training datasets are large enough to capture the time dependent
relationships among the input parameters if they are there. Section 3.5.1.3 have the details
of calibration method for LSTM in this study. Table 3.8 represents the grid search table
used for LSTM algorithm. This grid is based on the number of LSTM layers used in the

model and the number of lag observations as time steps between 1, 3 and 5.

Each grid for different number of LSTM layers and lag observations was tuned
for hyperparameters according to the calibration process for this algorithm is mentioned
in Section 3.5.1.3. The grid with the lowest RMSE was selected as the final results for
LSTM algorithms.

Table 3.8: Grid search table used in addition to the k-fold cross-validation for LSTM.

Number of lag Number of LSTM layers
observations 1 5 3
1 RMSE value RMSE value RMSE value
3 RMSE value RMSE value RMSE value
5 RMSE value RMSE value RMSE value
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3.6.6 1DCNN

Convolutional Neural Networks (CNNs) have become the most popular machine
learning technique during the last decade [210]. Deep CNNs can be generally defined as
feed forward Artificial Neural Networks (ANNSs) with many hidden layers that provides
them the ability to learn complex relationships from the training data [211]. The
conventional CNNs (a.k.a. 2DCNNSs) are mainly designed to process two dimensional
(2D) data e.qg., videos and images [211]. This structure can be modified and developed as
1DCNN to deal with one dimensional signals [212-214]. The 1DCNN algorithms have
less computational complexity, compact structure (1-2 hidden CNN layers), less time
consuming to train and thus suitable for real-time low-cost applications to their 2D
counterparts [211]. IDCNN are mainly constructed using two parts: in the first part, 1D
convolutions, activation function and pooling occur, and in the second part, fully
connected dense layer e.g., MLP are inserted [211]. Literature review from Chapter 2
shows that among the NN-based techniques, 1IDCNN has not been well investigated for

low-cost gas sensor calibration.

Table 3.9 represents the grid search table used for LDCNN algorithm. This grid is
based on the number of 1IDCNN layers used in the model and the lookback observations
as considering previous observations steps between 1, 3 and 5. Each grid for different
number of 1DCNN layers and lookback observations was tuned for hyperparameters
according to the calibration process for this algorithm is mentioned in Section 3.5.1.3.
The lowest RMSE value was selected as the final results for LDCNN algorithms from this
grid search performed over the k-fold cross-validation. Figure 3.8 shows an example of
the IDCNN structure used in this study.

Table 3.9: Grid search used in addition to the k-fold cross-validation for LIDCNN.

Feedback Number of 1IDCNN layers
observations 1 9 3
1 RMSE value RMSE value RMSE value
3 RMSE value RMSE value RMSE value
5 RMSE value RMSE value RMSE value
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Figure 3.8: An example of a IDCNN model developed for this study. Please note that many parameters
are determined through grid search and tuning. Therefore, they vary depending on the data set, scenario

(input variables used), and time split.

3.6.7 Parameters Tuned for NN-based Algorithms

The following parameters have been tuned for the three Neural Network based
deep learning algorithms (MLP, LSTM and 1DCNN):

3.6.7.1 Number of Hidden Layers

The hidden layer is the layer between the input and output layers. This
fundamental structure makes deep learning networks often referred as a “black box™ as
their predictions in each step of the network are not traceable normally. There is no final
number on how many nodes (hidden neurons) or hidden layers one should use in a NN.
So this number may vary from one type of problem to other. Generally, one hidden layer
will work with most simple problems while two layers are suitable for more non-linear
ones. Large number of nodes within a layer can increase accuracy and fewer number of
nodes may cause underfitting, however, too many nodes may cause over-fitting of the

model.
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3.6.7.2 Number of Nodes

In ahidden layer each neuron receives input from all neurons in the previous layer.
Number of nodes or units in a hidden layer dictates the computational power of a network.
Large number of nodes within a layer can increase accuracy and fewer number of nodes
may cause under-fitting, however, too many nodes may cause over-fitting of the model.
Increasing nodes in these layers or adding a greater number of hidden layers may result
in poor validation accuracy. However, this can be resolved by the next parameter i.e.,

dropout.

3.6.7.3 Dropout Rate

Dropout layer helps to avoid overfitting in training by bypassing randomly
selected neurons. Thus, the sensitivity to specific weights of the individual neurons can
be reduced to a certain level. It is usually used with the input layer or hidden layers. The
dropout layer shouldn’t be used with the output layer as this may mess up the output from
the model. Sometime overfitting in a complex structure can be addressed by adding

dropout layers. The rate of the dropout should be tuned in the training-validation stage.

3.6.7.4 Activation Function

Activation functions are used to introduce non-linearity to models. The choice of
activation function depends on the application. For regression type problems with non-
linear relationship present in the samples, relu or tanh activation functions are most

popular and have been used in this study.

3.6.7.5 Learning Rate

Learning rate defines how quickly the network changes its parameters. It has a
small positive value, mostly between 0.0 and 0.1. A higher learning rate accelerates the
learning, but the model may not converge (it is the state during training stage where the
loss value settles to within an error range around the expected value), or even diverge.
Conversely, a lower rate can slow down the learning drastically but will allow the model

to converge smoothly.
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3.7 Performance Metrics

Several performance metrics have been used in this study to benchmark and
evaluate the different calibration models. These metrics in various ways measure the
residuals or errors i.e., deviations of calibrated output of the LCS (X qiiprateq) from the
ground truth (X,¢ference) for the test data (10% or 80% of every dataset, depending on

the split) that has never been used for training.

Root Mean Squared Error (RMSE) which is the standard deviation of the residuals
and commonly used as a performance metric for sensor calibration [14, 215-218] were

used where

1 _ 2
RMSE = \/E Zlivzol[Xcalibrated - Xreference] 3.6

Here N is the number of samples in the relevant test data set.

Another metrics utilized is the Coefficient of Determination (R?) which is the

goodness of fit in a regression analysis [7, 209, 219]. It is computed as

N-1 2
RZ =1— Zi:o [Xcalibrated_Xreference] 37

Eﬁ?)l[xreference_mean(xreference)]z
While the appropriateness of R? to determine the efficacy of non-linear regressors

has been questioned, it is still commonly used within the discipline of air pollutant
measurement (e.g., see [30, 31, 68, 218, 219]).

In some instances, we have also plotted Cumulative Distribution Function (CDF)

[220] of absolute errors, abs [Xca”bmted — Xe ference], for more detailed investigation.

Target diagrams [31, 68] were constructed for visualizing the calibration models
(please see Figure 3.9). The y axis represents the Mean Bias Error (MBE) normalized by

the standard deviation of the ground truth so that

MBE = mean(Xcalibrated) - mean(Xreference) 3.8
Normalised MBE = aﬂ 3.9
reference

50



Here, oy¢ference 1S the standard deviation of the ground truth for the relevant test

data set. The x axis of the diagram represents the normalized unbiased estimate of the
RMSE, the Centered RMSE (CRMSE) where

CRMSE = VRMSE? — MBE?

Normalised CRMSE =

CRMSE

Oreference

3.10

3.11

Please note that the normalized CRMSE is multiplied by Sign{ffcaubmted —

arefmnce} to produce the target diagrams with o,41ipratea 0€ING the standard deviation

of the calibrated data for the relevant test data set. The general description of a target

diagram (see Figure 3.9) is given below:
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Figure 3.9: General description of a target diagram.
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1. When points lie within the unit circle (radius = 1), it indicates that the variance of the

residuals is smaller than the variance of the reference measurements. It is an essential

characteristic of a functional calibration model [31], indicating that the variability of

the dependent variable (calibrated output) is explained by the independent variable

(the reference data) and not the residual [53].
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2. The distance from the origin to a particular point measures the normalized RMSE
(RMSE/0y¢ference) for that regressor. Therefore, points closer to the origin a point is
more accurate the corresponding model is.

3. Left and right planes of the y-axis show the difference of Standard Deviation (SD)
between calibrated and reference samples. Points on the right side of the y-axis mean
that the SD of the calibrated data is larger than the SD of the reference data and vice
versa [31, 53].

4. Above and below x-axis show over or underestimation of the calibration; where,
points above the x-axis will be overestimating and points below the x-axis will be

underestimating [31, 53].
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CHAPTER 4

RESULTS & DISCUSSIONS: ALGORITHM BENCHMARKING

This chapter presents a comprehensive benchmarking of several machine-learning
algorithms with respect to their performance for calibrating LCS. We demonstrate that
algorithms like LDCNN and GBR which have not been extensively used for low-cost gas
sensor calibration provide consistently accurate results and thus should be considered as

viable alternatives.

4.1 CO and NO2 Results

The algorithms are used for both CO and NO: gas calibration for the three
Datasets introduced in Chapter 3. Both CO and NO; are important components of the Air
Quality Index (AQI) [156], and both the raw (unchanged electrode data from the LCS)
and reference data (from high-end accurate sensors) are available for all three
deployments. In the previous chapter, we have already established the importance of
temperature and humidity correction as well as the need to mitigate cross-sensitivity from
the LCS raw responses. These deployments include additional pollutant data that enable
us to address the cross-sensitivity issues of LCS. Furthermore, both temperature and
relative humidity data are available for all three setups, allowing us to mitigate the effects
of temperature and relative humidity. However, the multisensory LCS devices and
reference sensors have missing samples and readings of select time instants from each
dataset. If any pollutant data from the LCSs or the ground truth data were missing, they

have been removed before training the models.

4.2 Calibration Scenarios

Based on the literature, it can be summarized that the calibration of LCS has been
done roughly in three ways regardless of the algorithm used. One, by only using the raw
LCS data to calibrate with respect to the reference sensor [11, 30, 31, 157]. This is
essentially performing an offset and gain calibration along with trying to model some

non-linearity in the LCS response. Secondly, by introducing temperature and relative
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humidity values with the raw data during calibration to correct their effects on the sensor
response [18, 49, 68, 103, 120]. Lastly, including other gas concentrations as input
parameters on top of the existing scenario two to account the cross-sensitivity issue [17,
36, 48, 50, 58, 94]. In this work, all three scenarios were thoroughly investigated for all
three datasets for both gases, CO and NO». We have named these scenarios (one, two and
three) as SC1, SC2 and SC3, respectively. The same calibration method has been used
for all six algorithms in these three scenarios, the details of which have been discussed in
the previous chapter. All three datasets have been processed through data cleaning,
feature engineering, feature scaling, and the training and validation process as outlined in
Chapter 3. Different input features have been selected for different scenarios for the three
datasets illustrated in Table 4.1 — 4.6.

Table 4.1: Input feature selection for scenarios in Dataset 1 for CO.

Scenario Selected Input Features
SC1 CO (raw)
sc2 CO (raw), T, RH
SC3 CO (raw), NO; (raw), NOx (raw), Os (raw), NMHC (raw), T, RH

Table 4.2: Input feature selection for scenarios in Dataset 1 for NO.

Scenario Selected Input Features
SC1 NO; (raw), NOx (raw)
SC2 NO; (raw), NOx (raw), T, RH
SC3 NO; (raw), NOx (raw), CO (raw), Oz (raw), NMHC (raw)

Table 4.3: Input feature selection for scenarios in Dataset 2 for CO.

Scenario Selected Input Features
SC1 CO_we (raw), CO_ae (raw)
SC2 CO_we (raw), CO_ae (raw), T, RH

CO_we (raw), NO,_we (raw), OsNO2_we (raw), CO_ae (raw), NO,_ae (raw), OsNO;_ae

SC3 (raw), T, RH

54




Table 4.4: Input feature selection for scenarios in Dataset 2 for NO,.

Scenario Selected Input Features
SC1 NO_we (raw), NO,_ae (raw)
SC2 NO,_we (raw), NO,_ae (raw), T, RH
sc3 NO,_we (raw), CO _we (raw), OsNO,_we (raw), NO,_ae (raw), CO _ae (raw),
O3NO,_ae (raw), T, RH
Table 4.5: Input feature selection for scenarios in Dataset 3 for CO.
Scenario Selected Input Features
SC1 CO_we (raw), CO_ae (raw)
SC2 CO_we (raw), CO_ae (raw), T, RH
CO_we (raw), NO,_we (raw), Ox_we (raw), CO_ae (raw), NO,_ae (raw), Ox_ae (raw),
SC3
T,RH
Table 4.6: Input feature selection for scenarios in Dataset 3 for NO..
Scenario Selected Input Features
SC1 NO,_we (raw), NO;_ae (raw)
SC2 NO,_we (raw), NO_ae (raw), T, RH
SC3 NO,_we (raw), CO_we (raw), Oy_we (raw), NO,_ae (raw), CO _ae (raw), Ox_ae (raw)

EC sensors are based on electrochemical cells that generate current in proportion

to target gas concentration [221]. The driver circuit that facilities the measurement of the

target gas consists of two major electrodes, namely working electrode (we) and auxiliary

electrode (ae) [222]. Depending on the hardware of the EC sensor, the target gas

concentration information may come from one or both electrodes [14]. In this study, both

electrode datasets were available for datasets 1 and 2 and were utilized for calibration.
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4.3 Performance Comparison

Tables 4.7 — 4.12 show the performance of various algorithms for CO and NO:
for the three datasets. Please note the top three performances have been marked based on
RMSE values: First Second Third. Figures 4.1 — 4.12 illustrate the comparison of RMSE
values between different scenarios for all algorithms.

Table 4.7: The accuracy of CO calibration algorithms in terms of R? and RMSE (in ppm) for Dataset 1.

Performance Algorithm
TTS Scenario Metric
LR/MLR | RFR GBR MLP | LSTM | 1DCNN
R? 0.803 0.806 | 0.805 0.810 0.808 0.811
SC1
RMSE 0.554 0.554 | 0.556 0.551 0.545 0.541
R? 0.812 0.837 | 0.838 0.833 0.838 0.841
TTS1 SC2
RMSE 0.543 0.508 | 0.506 0.526 0.501 0.502
R? 0.905 0.924 | 0.923 0.923 0.925 0.924
SC3
RMSE 0.384 0.346 | 0.349 0.350 0.344 0.344
R? 0.767 0.770 | 0.771 0.768 0.780 0.781
SC1
RMSE 0.613 0.609 | 0.609 0.613 0.600 0.598
R? 0.779 0.781 | 0.781 0.786 0.798 0.805
TTS2 SC2
RMSE 0.597 0.594 | 0.594 | 0.588 0.572 0.564
R? 0.882 0.899 | 0.897 0.896 0.900 0.904
SC3
RMSE 0.437 0.404 | 0.409 0.415 0.405 0.396

The top three performances have been marked based on RMSE values: First Second Third

Table 4.8: The accuracy of NO; calibration algorithms in terms of R? and RMSE (in ppb) for Dataset 1.

Performan Algorithm
TTS Scenario € l\/Ioetriacl: ce
LR/MLR RFR GBR MLP LSTM | 1IDCNN
R? 0.484 0.633 0.628 0.620 0.631 0.633
SC1
RMSE 17.786 14996 | 15.086 | 15.476 | 15.187 | 15.025
TTS1 R? 0.710 0.820 0.813 0.785 0.825 0.835
SC2
RMSE 13.327 10.502 | 10.709 | 11.587 | 10.366 | 10.059
SC3 R? 0.785 0.871 0.865 0.855 0.869 0.886
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RMSE 11.486 8.886 | 9.069 | 9.459 | 8.968 8.445
R? 0.489 0.601 | 0.597 | 0.617 | 0.607 0.623
SC1
RMSE 17.206 15.201 | 15.281 | 14.933 | 15.155 | 14.874
R? 0.677 0.763 | 0.760 | 0.758 | 0.779 0.790
TTS2 SC2
RMSE 13.681 11.711 | 11.776 | 12.189 | 11.371 | 11.123
R? 0.744 0.817 | 0.806 | 0.825 | 0.811 0.831
SC3
RMSE 12.187 10.291 | 10.593 | 10.082 | 10.516 | 9.894

The top three performances have been marked based on RMSE values: Eirst Second Third

Table 4.9: The accuracy of CO calibration algorithms in terms of R? and RMSE (in ppm) for Dataset 2.

Performance Algorithm
TTS Scenario Metric
LR/MLR | RFR GBR MLP | LSTM | 1DCNN
R? 0.507 0.837 | 0.842 0.713 0.837 0.841
SC1
RMSE 0.305 0.175 | 0.172 0.252 0.175 0.173
R? 0.658 0.907 | 0.914 | 0.755 0.909 0.918
TTS1 SC2
RMSE 0.254 0.132 | 0.127 0.219 0.130 0.124
R? 0.710 0.910 | 0.923 0.868 0.924 0.927
SC3
RMSE 0.234 0.129 | 0.120 | 0.204 0.119 0.117
R? 0.443 0.784 | 0.795 0.675 0.792 0.789
SC1
RMSE 0.300 0.187 | 0.182 0.238 0.183 0.185
R? 0.616 0.865 | 0.869 0.713 0.870 0.871
TTS2 SC2
RMSE 0.249 0.147 | 0.145 | 0.217 0.147 0.145
R? 0.674 0.873 | 0.877 0.842 0.890 0.887
SC3
RMSE 0.229 0.143 | 0.141 0.188 0.134 0.136

The top three performances have been marked based on RMSE values: Eirst Second Third
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Table 4.10: The accuracy of NO; calibration algorithms in terms of R? and RMSE (in ppb) for Dataset 2.

Performance Algorithm
TTS Scenario Metric

LR/MLR | RFR GBR MLP | LSTM | 1DCNN
R? 0.495 0.518 | 0.526 0.514 0.525 0.527

SC1
RMSE 8.612 8.415 | 8.343 | 8.447 8.357 8.351
R? 0.559 0.658 | 0.678 0.617 0.662 0.661

TTS1 SC2
RMSE 8.044 7.089 | 6.879 | 7.594 7.080 7.045
R? 0.649 0.741 | 0.798 0.733 0.763 0.762

SC3
RMSE 7.183 6.193 | 5453 | 6.432 5.896 6.030
R? 0.499 0.506 | 0.507 0.521 0.522 0.518

SC1
RMSE 8.480 8.434 | 8.427 8.462 8.301 8.360
R? 0.550 0.618 | 0.618 0.612 0.624 0.625

TTS2 SC2
RMSE 8.037 7.419 7.412 7.523 7.366 7.338
R? 0.633 0.723 | 0.735 0.710 0.724 0.730

SC3
RMSE 7.256 6.303 | 6.184 | 6.489 6.340 6.242

The top three performances have been marked based on RMSE values: First Second Third

Table 4.11: The accuracy of CO calibration algorithms in terms of R? and RMSE (in ppm) for Dataset 3.

Performan Algorithm
TTS Scenario € I\/Ioetriac ce

LR/MLR RFR GBR MLP LSTM | 1DCNN
R? 0.920 0.919 | 0.926 | 0.926 0.922 0.926

SC1
RMSE 0.075 0.075 | 0.072 | 0.073 0.074 0.072
R? 0.948 0.970 | 0.972 | 0.965 0.971 0.973

TTS1 SC2
RMSE 0.060 0.046 | 0.044 | 0.049 0.045 0.044
R? 0.958 0.974 | 0.980 | 0.971 0.978 0.979

SC3
RMSE 0.054 0.043 | 0.088 | 0.049 0.039 0.038
R? 0.895 0.890 | 0.890 | 0.897 0.894 0.901

SC1
TTS2 RMSE 0.080 0.082 | 0.082 | 0.082 0.080 0.079
SC2 R? 0.927 0.933 | 0.936 | 0.936 0.937 0.937
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RMSE 0.067 0.064 | 0.063 | 0.063 | 0.062 0.062

R? 0.941 0.941 | 0.954 | 0.957 0.954 0.967

SC3
RMSE 0.060 0.060 | 0.053 | 0.056 | 0.053 0.049

The top three performances have been marked based on RMSE values: Eirst Second Third

Table 4.12. The accuracy of NO; calibration algorithms in terms of R? and RMSE (in ppb) for Dataset 3.

Performance Algorithm
TTS Scenario Metric
LR/MLR | RFR GBR MLP | LSTM | 1DCNN
R? 0.734 0.762 | 0.761 0.750 0.765 0.761
SC1
RMSE 7.015 6.634 | 6.644 | 6.898 6.635 6.768
R? 0.792 0.873 | 0.877 0.853 0.886 0.891
TTS1 SC2
RMSE 6.206 4849 | 4.776 5.517 4711 4567
R? 0.806 0.889 | 0.910 0.873 0.943 0.947
SC3
RMSE 5.995 4549 | 4.079 | 4.916 3.317 3.219
R? 0.779 0.787 | 0.778 0.756 0.797 0.803
SC1
RMSE 6.433 6.323 6.453 7.493 6.181 6.128
R? 0.822 0.867 | 0.857 0.857 0.874 0.888
TTS2 SC2
RMSE 5.766 4,982 5.168 5.399 5.073 4,585
R? 0.828 0.881 | 0.890 0.852 0.914 0.919
SC3
RMSE 5.685 4,737 | 4.541 5.5682 4.134 3.930

The top three performances have been marked based on RMSE values: First Second Third
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Figure 4.1: RMSE comparison between different scenarios and algorithms for CO Dataset 1 in TTS1.
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Figure 4.2: RMSE comparison between different scenarios and algorithms for CO Dataset 1 in TTS2.
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Figure 4.3: RMSE comparison between different scenarios and algorithms for NO, Dataset 1 in TTS1.
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Figure 4.4: RMSE comparison between different scenarios and algorithms for NO, Dataset 1 in TTS2.
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Figure 4.5: RMSE comparison between different scenarios and algorithms for CO Dataset 2 in TTS1.
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Figure 4.6: RMSE comparison between different scenarios and algorithms for CO Dataset 2 in TTS2.
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RMSE for NO, Dataset 2 in TTS1
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Figure 4.7: RMSE comparison between different scenarios and algorithms for NO, Dataset 2 in TTS1.
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Figure 4.8: RMSE comparison between different scenarios and algorithms for NO, Dataset 2 in TTS2.
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Figure 4.9: RMSE comparison between different scenarios and algorithms for CO Dataset 3 in TTS1.
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Figure 4.10: RMSE comparison between different scenarios and algorithms for CO Dataset 3 in TTS2.
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Figure 4.11: RMSE comparison between different scenarios and algorithms for NO;, Dataset 3 in TTS1.
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Figure 4.12: RMSE comparison between different scenarios and algorithms for NO, Dataset 3 in TTS2.
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4.4  Summary of Results

The accuracy of every calibration algorithm improves (lower RMSE, higher R?)
from SC1 to SC3. The accuracy improves when the temperature (T) and humidity (RH)
are included (SC2) alongside the raw target pollutant (CO or NO) data. Similarly, better
accuracy can be observed when other pollutant information is introduced to exploit the
dependencies arising from cross-sensitivity. However, the scale of improvement in SC2
and SC3 from the SC1 scenario differs across the datasets and across the two pollutant
(CO and NO3) gases.

For the CO gas calibration, the accuracy improvement in SC3 is far more
prominent than the improvement in SC2 from SC1 in Dataset 1. While the improvements
of accuracy in SC3 from SC1 do not show a similar jump in Dataset 2 and 3. However,
the improvement in SC2 from SC1 is more noteworthy for both Datasets 2 and 3 than that
of Dataset 1. This clearly shows that the impact of cross-sensitive gases on LCS response
is more than temperature and relative humidity in Dataset 1 than the other two datasets
for CO. Similarly, it can be said that the impact of temperature and relative humidity on
the LCS data was more in Datasets 2 and 3 than Dataset 1. On the other hand, for NO2,
SC2 is noted to get a significant improvement from SC1 in Dataset 1 and then a very
modest improvement in SC3, showing the effect of temperature and relative humidity on
the LCS response was more than cross-sensitive gases (quite the opposite of what has

been observed for CO in Dataset 1).

For both pollutants (CO and NOy), there is a clear additional improvement in
accuracy when all other pollutant raw data are included alongside temperature (T) and
humidity (RH) (SC3). This improvement clearly emphasizes the importance of deploying
LCS as multi-sensor platforms. Not only that allows for monitoring multiple pollutants
with a single unit, but the accuracy of the measured data also improves through mitigation

of cross-sensitivity.

All algorithms have outperformed the linear regression-based calibration methods
for all scenarios. In almost every instance, 1IDCNN is the best-performing algorithm.
These results show that IDCNN could significantly improve the accuracy of low-cost
multi-sensor air pollutant monitors. LSTM, GBR, and RFR are the next most accurate
algorithms, and their performances are quite close in many instances. While LSTM and

RFR have gained much traction for gas sensor calibration, 1DCNN and GBR-based
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calibrations appear to have received far less attention and therefore warrant strong

consideration from researchers.

4.4.1 Effects of different TTS and Scenarios

The accuracy of any given algorithm is better for the 90/10 split (TTS1) compared
to the 20/80 split (TTS2). Interestingly, the accuracy improvement from going from SC1
to SC3 and from SC2 to SC3 is more noticeable than going from TTS2 to TTS1. The co-
variate factors seem to have more impact than longer training/co-location time for CO.
For example, consider the RMSE of the top three performing algorithms for all three
datasets in CO calibration (Tables 4.7, 4.9 and 4.11). Overall, the RMSE improves more
when going from SC1 to SC3 than from TTS2 to TTS1 in all cases. Similarly, the
covariate factors also appear more important than longer training/co-location time for
NO.. The RMSE improvement from SC1 to SC3 for TTS1 and improvement from TTS2
to TTS1 for SC1 of the top three performing algorithms in CO and NO: calibration for
all three datasets are illustrated in Table 4.13 and 4.14 as examples. The following

observations can be made from these two tables:

1. In CO calibration (Table 4.13), RMSE improvements in TTS1 from TTS2 (for
SC1) in all three datasets are mostly less than 10%, whereas RMSE improvements
in SC3 from SC1 (for TTS1) are over 30% for Dataset 1 and 2 and more than 40%
in Dataset 3.

2. Similarly, in NO calibration (Table 4.14), the RMSE improvements in SC3
scenario in TTS1 is significant (30% - 50%). While introducing more training data
for SC1 has little to no impact (when compared between TTS1 and TTS2).

3. However, above perspective changes for both CO and NO: calibrations in the
RMSE improvements from TTS2 to TTS1 for SC3 scenario. The RMSE
improvements in TTS1 from TTS2 for SC3 are several times better than that of
SC1. Interestingly, the RMSE improvements in SC3 from SC1 (for TTS1) are still
higher than them.
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Table 4.13: RMSE improvement in CO for the top three performing algorithms.

Improvement from Improvement from Improvement from
Dataset Algorithm SC1 to SC3 (for TTS2 to TTS1 (for TTS2 to TTSL1 (for
TTS1) SC1) SC3)

1DCNN 36.54% 9.53% 13.34%
Dataset 1 LSTM 36.92% 9.17% 15.17%
RFR 37.64% 9.03% 14.33%
1DCNN 32.16% 6.49% 13.66%
Dataset 2 LSTM 32.12% 4.37% 11.12%
GBR 30.30% 5.49% 15.01%
1DCNN 46.95% 8.86% 21.31%
Dataset 3 LSTM 47.92% 7.50% 26.65%
GBR 47.90% 12.20% 28.82%

Table 4.14: RMSE improvement in NO> for the top three performing algorithms.

Improvement from Improvement from
] Improvement from
Dataset Algorithm TTS2 to TTS1 (for TTS2 to TTSL1 (for
SC1to SC3 (TTS1)
SC1) SC3)
1DCNN 43.79% -1.01% 14.65%
Dataset 1 GBR 39.88% 1.28% 14.39%
RFR 40.74% 1.35% 13.65%
1DCNN 27.79% 0.10% 3.39%
Dataset 2 LSTM 29.45% -0.67% 7.01%
GBR 34.64% 0.99% 11.82%
Dataset 3 1DCNN 52.44% -1.04% 18.09%
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LSTM 50.01% -7.34 19.76%

GBR 38.60% -2.96% 10.16%

The impact on RMSE improvement for having temperature, relative humidity,
and other cross pollutant gas data as input parameters is quite vital. The accuracy of the
models derived and evaluated with TTS2 is not significantly worse than those for TTS1.
This seems to suggest that with sophisticated calibration models like the ones presented
in this chapter, not only the LCS platforms could be utilized as a backup for a reference
grade monitor (TTS1), but they can also be deployed for reasonably accurate CO and NO>
monitoring for a long duration after a short co-location (TTS2). It should be noted that
the accuracy of the calibration models could be further improved by further periodic co-
location and recalibration (please see [16]).

4.4.2 Empirical CDFs

Figure 4.13 shows the empirical CDF (E-CDF) of absolute errors for 1IDCNN
calibration techniques (other figures for the top three calibration techniques are added in
the Appendix). In all cases, SC3 has demonstrated better performance than SC2, where

both cross-sensitivity and T and RH correction are dealt with.

The previously mentioned comparison of improvement in RMSE values for all
scenarios from TTS2 to TTS1 can also be observed in the E-CDFs (all E-CDF figures can
be found in the Appendix). Figure 4.13 is an example of that comparison for 1IDCNN.
From these figures also, it can be established that the co-variate factors are quite

important, and it is not just about ensuring longer training/co-location time.
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Figure 4.13: Empirical CDFs of absolute errors for LDCNN calibration.

4.4.3 Target Diagrams

Target diagrams for the used calibration models have been observed, and the

target diagrams for LDCNN are shown in Figure 4.14 and 4.15 as examples (please see

all target diagrams in the Appendix). The following observations are made from the target

diagrams:

1. All points lie within the unit circle (radius = 1); therefore, the variance of the

residuals is smaller than the variance of the reference measurements. It is an
essential characteristic of a functional calibration model [31], indicating that the

variability of the dependent variable (calibrated output) is explained by the
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noted that all calibration algorithms presented in this work fulfil this criterion.
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Figure 4.15: Target diagrams of LDCNN algorithm for NO».
The distance from the origin, which measures the normalized RMSE

2.

(RMSE/0y¢ference) Clearly show that the SC3 regressors are more accurate than

the other scenario regressors. This accuracy once again demonstrates the

importance of the availability of co-variate factors like temperature, relative
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humidity, other gas pollutants, and time variables. The normalized CRMSE
(nCRMSE), normalized MBE (nMBE), and normalized RMSE (nRMSE) values
for the algorithms from all three datasets are attached in the Appendix.

Most of the points lie on the left, indicating that the standard deviation of the
calibrated sensor data for most models is smaller than the ground truth standard
deviation.

For TTS1, the points lie above the x-axis, indicating that the models, on average,
slightly overestimate both gas concentrations. For TTS2, a few models also

slightly underestimate both gas concentrations.
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CHAPTER 5

RESULTS & DISCUSSIONS: CO-VARIATES

This chapter proposes the utilization of new input parameters or co-variates to
improve the calibration performance. These input parameters were feature engineered
from the readily available timestamp data that came with all LCS and reference sensor
data. This unique approach had a positive impact on the performance of the algorithms
and such method has never been thoroughly explored in the literature to the best of our

knowledge.

5.1 Introduction

As discussed earlier, the response of the LCS are highly susceptible to cross-
sensitivity from other ambient gases [14, 57] and temperature and relative humidity [14,
53]. Therefore, temperature, relative humidity and cross pollutant data are used as
regressor co-variates to calibrate the LCS output. Chapter 4 presents a thorough

investigation of the impact of these parameters on various calibration algorithms.

It is well known that the performance of the LCS drifts and degrade over time [10,
103, 167]. We hypothesize that the number of days a sensor is in operation can be used
as a co-variate enabling the ML algorithms to model and address the gradual degradation.
Many gas pollutants are directly produced from human activities (e.g., CO, NO2 resulting
from automobile emissions) [12, 17]. Therefore, it is reasonable to assume that the time
(or hour) of the day that influences the relevant human activities will also impact the
pollutant concentration and should be used as a co-variate factor. However, the literature
does not show evidence of utilizing these factors, which are readily available without any
additional cost, for multi-variate calibration of LCS. Our investigation, as discussed in
this chapter, showed that including these parameters as input, features can significantly

improve the accuracy of the sensor calibration.
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5.2 Feature Engineering

Feature engineering is the process of selecting, manipulating, and transforming
raw samples or existing features into new features that can be used to make supervised
machine learning perform better [223, 224]. The datasets used in this work are time series
datasets; all the samples come with additional information of the time they were recorded.
However, this feature has yet to be fully used in any of the previous studies of LCS
calibration. In this work, the information of time presented in the datasets was
transformed to multiple new features and added as new features for the supervised
machine learning techniques used to calibrate the gas sensors. The new features generated
from the timestamped information are the hour of the timestamp (Hour) and number of

days deployed (Ngqy). The exact values of the hour were extracted from the already
existing timestamped information and number of days deployed (Ngq,,) was calculated

based on the length of days the sensor was deployed to collect data.

5.3  Experimental Scenarios

Based on the summary from the previous section, we have looked into four more
scenarios (S1, S2, S3 and S4) to understand the effect of the number of days in operation

and time (hour) of the day values on the calibration accuracy.

5.3.1 Scenario 1 (S1)

This involves deriving regressors or calibration models so that

pst = @5 {P.,,,,T,RH, GAS,4,,} 5.1

calibrated —

The regressor, @, is derived solely based on the raw pollutant sensor input
(working electrode data and/or auxiliary electrode data) along with temperature and
relative humidity readings to minimize the MSE between Pz, qareq @0d the ground truth.

This is the identical to SC3 from Chapter 4. For the ease of further comparison, we have
renamed it to S1 for this section.
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5.3.2 Scenario 2 (S2)

The second case uses the number of days the sensor has been in deployment,

Ngqy , as another input so that
Pgazlibrated = % {Praw' T,RH, GASyqw, Nday} 5.2

The regressor, @2, is now using number of days of deployment as an input
variable in addition to the inputs for S1 to minimize the MSE between P32, .04 and the

ground truth.

5.3.3 Scenario 3 (S3)

Scenario 3 replaces Ny, With time of the day (Hour) as input while keeping the
other inputs (temperature, relative humidity, and cross pollutant) the same as Scenario 2.
Therefore, the regressor, @>3, is now using the time of the day that each sample was
collected along with other inputs to minimize the MSE between P33, ...q and the

ground truth.

Psg d = @53 {PTan Tl RH; GAS‘raw, HOUT} 5_3

calibrate

5.3.4 Scenario 4 (S4)

Both N4, and Hour are included as input parameters in scenario 4 along with

the other inputs. Therefore, the regressor, @5* can be written as

Piaiibratea = @°* {Praw, T, RH, GASy 4y, Nyay, Hour} 5.4

calibrate

We have used four algorithms for each dataset from the previous chapter to
investigate the effects of time-related variables Ng,, and Hour. 1DCNN has been
selected due to its consistently excellent performance. LSTM and GBR algorithms
represent RNN and ensemble ML techniques respectively. MLR, the most commonly
reported algorithm, was employed to benchmark the performance of the ML-based
methods. The same rigorous training, validation, and testing method, outlined in Chapter
3, has been followed during this work, where the hyperparameters have been tuned on the
relevant training datasets and tested on the corresponding testing sets for the regressors.
The following results represent the 90/10 split of the training and testing data (TTS1).
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5.4 Results and Observations

Table 5.1 — 5.6 illustrates the performance improvements in the above mentioned

scenarios for the three best overall performing algorithms from last chapter, namely,
1DCNN, LSTM and GBR, and benchmarked them with respect to MLR. The following

observations can be made from these results:

1. Overall, the use of N4, and Hour has improved the calibration accuracy in
both pollutants for all three datasets significantly. In all cases, S4 showed the
best RMSE scores.

2. For both pollutants (CO and NO2), MLR has failed to capture the essence of
the time variables and did not show any noticeable changes to the RMSE or
broadly saying on the algorithm’s accuracy. MLR showed some impact in
Dataset 3 of NO> gas, compared to other results, especially in S2 and S4.

3. Other algorithms have shown a large improvement in accuracy regarding
lower RMSE values. Especially 1IDCNN and GBR have considerably
improved scores in S2 and S4 scenarios from S1 for both CO and NO:..

Table 5.1: Performance improvement of CO in dataset 1 for TTS1.
Algorithm Scenario S1 S2 S3 S4
RMSE 0.344 0.298 0.314 0.264
(ppm)
Improvement
TN o RmsE 13.17 8.53 23.05
from S1 (in ' ' '
%)
RMSE 0.344 0.335 0.326 0.322
(ppm)
Improvement
T of RMSE 0 2.63 5.17 6.44
from S1 (in ' ' '
%)
RMSE 0.349 0.306 0.333 0.295
(ppm)
Improvement
B | ofRmsE 12.20 459 15.33
from S1 (in ' ' '
%)
RMSE 0.38 0.37 0.39 0.37
(ppm)
Improvement
MLR
of RMSE
from S1. (in 3.03 -0.42 2.78
%)
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Table 5.2: Performance improvement of CO in dataset 2 for TTS1.

Algorithm

Scenario

S1

S2

S3

S4

1DCNN

RMSE
(ppm)

0.117

0.105

0.111

0.093

Improvement
of RMSE
from S1 (in
%)

10.59

5.14

20.29

LSTM

RMSE
(ppm)

0.119

0.110

0.117

0.109

Improvement
of RMSE
from S1 (in
%)

7.54

1.58

8.66

GBR

RMSE
(ppm)

0.120

0.106

0.110

0.093

Improvement
of RMSE
from S1 (in
%)

11.22

7.96

22.18

MLR

RMSE
(ppm)

0.234

0.227

0.233

0.226

Improvement
of RMSE
from S1 (in
%)

2.68

0.10

3.02

Table 5.3: Performance improvement of CO in dataset 3 for TTS1.

Algorithm

Scenario

S1

S2

S3

S4

1DCNN

RMSE
(ppm)

0.038

0.026

0.038

0.026

Improvement
of RMSE
from S1 (in
%)

32.78

1.50

32.86

LSTM

RMSE
(ppm)

0.039

0.029

0.038

0.027

Improvement
of RMSE
from S1 (in
%)

2491

2.97

30.89

GBR

RMSE
(ppm)

0.038

0.025

0.038

0.025

Improvement
of RMSE
from S1 (in
%)

33.79

0.29

32.66

MLR

RMSE
(ppm)

0.054

0.054

0.054

0.054

Improvement
of RMSE
from S1 (in
%)

0.53

0.10

0.60
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Table 5.4: Performance improvement of NO in dataset 1 for TTS1.

Algorithm

Scenario

Sl

S2

S3

S4

1DCNN

RMSE
(ppb)

8.445

7.355

8.400

6.888

Improvement
of RMSE
from S1 (in
%)

12.91

0.53

18.44

LSTM

RMSE
(ppb)

8.968

8.560

8.836

8.476

Improvement
of RMSE
from S1 (in
%)

4.55

1.47

5.49

GBR

RMSE
(ppb)

9.069

7.368

8.472

6.871

Improvement
of RMSE
from S1 (in
%)

18.76

6.58

24.24

MLR

RMSE
(Ppb)

11.486

11.496

11.338

11.354

Improvement
of RMSE
from S1 (in
%)

-0.09

1.28

1.15

Table 5.5

: Performance improvement of NO; in dataset 2 for TTSL.

Algorithm

Scenario

S1

S2

S3

S4

1DCNN

RMSE
(ppb)

6.030

5.136

5.114

4.535

Improvement
of RMSE
from S1 (in
%)

14.83

15.20

24.80

LSTM

RMSE
(ppb)

5.896

5.603

5.736

5.342

Improvement
of RMSE
from S1 (in
%)

4.97

2.71

9.39

GBR

RMSE
(ppb)

5.453

5.066

4.938

4.374

Improvement
of RMSE
from S1 (in
%)

7.09

9.45

19.79

MLR

RMSE
(ppb)

7.183

7.187

7.184

7.190

Improvement
of RMSE
from S1 (in
%)

-0.06

-0.02

-0.09
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Table 5.6: Performance improvement of NO; in dataset 3 for TTS1.

Algorithm

Scenario S1 S2 S3 S4

1DCNN

RMSE
(ppb)
Improvement
of RMSE
from S1 (in
%)

3.219 3.116 3.200 3.141

3.18 0.56 241

LSTM

RMSE
(ppb)
Improvement
of RMSE
from S1 (in
%)

3.317 3.084 3.207 2.958

0 7.02 3.32 10.80

GBR

RMSE
(Ppb)
Improvement
of RMSE
from S1 (in
%)

4.079 3.383 3.896 3.408

17.08 4.50 16.46

MLR

RMSE
(ppb)
Improvement
of RMSE
from S1 (in
%)

5.995 5.546 5.989 5.537

7.48 0.09 7.64

Generally, more improvement has been observed in S2 than S3 throughout all
these experiments. The effects of the use of Ny, is more impactful than Hour
as an additional input parameter. A combination of both in S4 has illustrated
a further improved RMSE. The improvement of accuracy in S4 is clearly not
a linear addition of the improvements seen in S2 and S3. Thus, a sophisticated
ML algorithm (e.g., 1IDCNN) is much needed to calculate this improved
accuracy in S4.

For CO, the maximum improvements can be seen in dataset 3 in S2 and S4
scenarios, where the improvements are over 30% for 1DCNN and GBR.
LSTM also showed a noticeable improvement, close to 25% in S2 and just
over 30% in S4 for dataset 3. The RMSE improvements in S2 and S4 are
around 10% and 20% respectively for both LDCNN and GBR in Dataset 1 and
2 for CO. Improvement for LSTM in these two datasets is slightly lower than
1DCNN and GBR.

For NO2, both 1IDCNN and GBR showed better improvement scores in S2 and
S4 than other algorithms. The percentage of improvement was around 20% in
Datasets 1 and 2 for IDCNN and GBR. RMSE improvement in S3 was
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noticeably bigger in Dataset 2 for NO> than in other scenarios. Also, Dataset
3 showed the least improvement of the three datasets for NOz. In Dataset 3,
RMSE improvements (for NO2) were mostly below 10% in most cases, except
GBR for S2 and S4.

The previous results show the RMSE scores for TTS1 where the training datasets
were larger. Similar experiments were conducted for TTS2 (20/80 split of the training
and testing data) with a smaller training dataset. Tables 5.7 and 5.8 show the improvement
from S1 to S4 (using both variables Ny4, and Hour) for TTS2 for CO and NO
respectively. TTS2 also showed noticeable accuracy improvements for IDCNN, GBR
and LSTM in S4 for both gases. However, the improvements in TTS2 are more modest
than its TTS1 counterpart. A smaller training dataset, meaning less temporal information,
is the likely reason behind this decrease. Regardless, for both cases (TTS1 and TTS2),
the incorporation of N4, and Hour have demonstrably improved the accuracy of the
ML-based calibration algorithms. The empirical CDF plots of calibration error for
1DCNN in Figure 5.1 show a clear improvement in S4 from S1 in both TTS1 and TTS2,
further underscoring the importance of using both N, and Hour data as input features.
Similar to the observations made in Chapter 4, the algorithms in TTS1 have performed
better than those in TTS2. Also, the best-performing scenario is the TTS1 and S4 in all
cases for both gases.

Table 5.7: Performance improvement of CO for TTS2.

Algorithm Improvement of CO RMSE in $4 from S1 (in %)
g Dataset 1 Dataset 2 Dataset 3
1DCNN 7.83 13.97 12.24
LSTM 6.34 4.13 19.24
GBR 5.87 15.60 5.66
MLR 2.97 2.18 0.14
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Table 5.8: Performance improvement of NO; for TTS2.

Algorithm Improvement of NO2 RMSE in S4 from S1 (in %)
g Dataset 1 Dataset 2 Dataset 3
1DCNN 13.26 13.10 8.55
LSTM 4.49 3.55 2.36
GBR 18.24 13.50 9.05
MLR 1.39 -0.04 6.79
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Figure 5.1: Empirical CDF plots of calibration error for LIDCNN for all datasets.
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The target diagrams for the 1DCNN calibration are presented in Figure 5.2. All
the points lie inside the unit circle (radius = 1). Thus, the variance of the residuals is
smaller than that of the reference measurements, and the variability of the calibrated
output (dependent variable) is explained by the reference data (independent variable) and
not the residual. The distance of these points from the origin, i.e., the normalised RMSE
show that S4 calibrations are more accurate than S1. This again proves the importance of
adding Ngq, and Hour data as input features. It is also observed that the standard
deviation of the calibrated data is mostly smaller than the standard deviation of the ground
truth as the majority of the points lie on the left plane. Also, it can be seen that the points
for CO reside on the positive y-axis while they are on the negative side of the y-axis for
NOs>. It means the results for CO 1DCNN are slightly overestimated while all the NO>
results for LIDCNN are slightly underestimated.
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Figure 5.2: Target diagrams for the 1DCNN calibration of (a) CO and (b) NO; for all datasets.
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55 Observations

Many low-cost air quality sensors measure only one target pollutant. Temperature
and relative humidity sensors are usually on board with the pollutant sensor as these two
ambient sensors are cheap. Thus, additional information on the temperature and relative
humidity are gathered at a low-cost along with the pollutant data. However, in many field
deployments, several gas pollutant sensors are put together in the form of a sensor array
to acquire multiple pollutant concentrations. For example, all three datasets used in this
study utilized array of sensors to measure other ambient pollutants along with the target
gas, temperature, and relative humidity. There are two main advantages of assembling a
sensor array like this.

Firstly, multiple pollutant gases can be measured using the same setup or

deployment thus, broadening the sensor array’s utility.

Also, low-cost gas sensors are susceptible to cross-sensitivity to other ambient
gases. Having additional data on other pollutant gases can significantly improve
calibration accuracy. This has been well investigated in the literature and systematically

verified in the results described in the previous chapter.

However, these benefits come with the additional cost of multiple sensors. Based
on the efficacy of the temporal co-variates established in this chapter, we propose a cost-

effective alternative: utilizing the number of days deployed (Ng4q,) and time of

day ( Hour) data as input for the calibration algorithms. Consider the case of utilizing
these two readily available co-variates alongside T and RH (termed SC2T). We have used
similar methodology to train and validate the algorithms. Results for IDCNN and GBR,
the two most consistent algorithms found in this study and not utilized in the literature,
are shown in Table 5.9. All the results show a noticeable improvement in RMSE after
calibration. It is obvious that the accuracy of the calibration can be significantly improved
even without deploying a sensor array of multiple pollutants and therefore without

increasing the cost.

The accuracy of the calibration improves on both occasions, SC3 and SC2T. We
have compared these results between SC3 and SC2T. For this, the improvement of RMSE
scores in SC3 and SC2T from SC2 for TTS1 are calculated and shown in Table 5.10 and

5.11. Overall, the improvements for SC2T are substantial and not far behind the
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improvements observed in SC3 for most cases and for a few instances, SC2T seems on

par or even slightly outperform SC3.

Table 5.9: Improvement of RMSE in SC2T (raw + temperature + humidity + Ngq,, + Hour) from SC2

(raw + temperature + humidity) for IDCNN and GBR for TTS1.

Target

Improvement of RMSE in SC2T from SC2 (in %)

Pollutant Algorithm Dataset 1 Dataset 2 Dataset 3
1DCNN 16.57 3.96 16.38
CcO
GBR 16.99 421 12.01
1DCNN 1.91 6.16 25.16
NO2
GBR 5.55 2.99 16.54

Table 5.10: Improvement of RMSE in SC3 (raw + temperature + humidity + other gases) and SC2T (raw

+ temperature + humidity + Ng,,, + Hour) from SC2 (raw + temperature + humidity) for CO in TTS1.

Algorithm

Scenario

Improvement of CO RMSE in SC3 or SC2T from SC2 (in %) for TTS1

Dataset 1 Dataset 2 Dataset 3

SC3 29.20 7.88 10.02

MLR
SC2T 10.50 6.00 10.06
SC3 31.89 1.83 6.78

RFR
SC2T 15.73 0.91 10.36
SC3 31.03 5.34 14.93

GBR
SC2T 16.99 421 12.01
SC3 33.38 6.77 0.77

MLP
SC2T 15.24 18.30 0.70
SC3 3141 8.58 14.48

LSTM
SC2T 15.53 2.74 11.95
SC3 31.58 5.77 12.39

1DCNN

SC2T 16.57 3.96 16.38
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Table 5.11: Improvement of RMSE in SC3 (raw + temperature + humidity + other gases) and SC2T (raw

+ temperature + humidity + Ngq,, + Hour) from SC2 (raw + temperature + humidity) for NO in TTS1.

Improvement of NO2 RMSE in SC3 and SC2T from SC2 (in %) for
Algorithm | Scenario TTS1
Dataset 1 Dataset 2 Dataset 3

SC3 13.81 10.71 3.40
MLR

SC2T 3.07 1.35 5.32

SC3 15.38 12.63 6.18
RFR

SC2T 3.12 5.36 10.08

SC3 15.31 20.73 14.58
GBR

SC2T 5.55 3.00 16.53

SC3 18.36 15.31 10.89
MLP

SC2T 7.04 9.71 10.09

SC3 13.49 16.73 29.59
LSTM

SC2T 1.85 5.21 20.89

SC3 16.04 14.40 29.53

1DCNN
SC2T 1.91 6.16 25.15

Table 5.12 and 5.13 show the similar results from 1DCNN and GBR for TTS2;

the improvement pattern presented here is similar to TTS1 from the previous tables.

Table 5.12: Improvement of RMSE in SC3 (raw + temperature + humidity + other gases) and SC2T (raw

+ temperature + humidity + Nyq,, + Hour) from SC2 (raw + temperature + humidity) for CO in TTS2.

Improvement of CO RMSE in SC3 and SC2T from SC2 (in %) for
Algorithm | Scenario TTS2
Dataset 1 Dataset 2 Dataset 3
SC3 29.74 6.15 21.35
1DCNN
sca2T 17.15 2.30 24.69
SC3 31.19 2.97 15.45
GBR
SCa2T 16.44 1.55 17.85
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Table 5.13: Improvement of RMSE in SC3 (raw + temperature + humidity + other gases) and SC2T (raw

+ temperature + humidity + Ngq,, + Hour) from SC2 (raw + temperature + humidity) for NO2 in TTS2.

Improvement of NO2 RMSE in SC3 and SC2T from SC2 (in %) for
Algorithm | Scenario TTS2
Dataset 1 Dataset 2 Dataset 3
SC3 11.05 14.94 14.23
1DCNN
SC2T 1.99 5.25 11.56
SC3 10.04 16.56 12.14
GBR
SC2T 4.65 5.68 15.25
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Figure 5.3: Empirical CDF plots for LIDCNN comparing SC2 (raw + temperature + humidity), SC3 (raw
+ temperature + humidity + other gases) and SC2T (raw + temperature + humidity + N, + Hour) errors

for both TTS1 and TTS2 for all datasets.
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The empirical CDF plots are illustrated in Figure 5.3 for 1DCNN. It can be

observed that the SC2T performance is quite close to SC3 generally. The target diagrams

of the SC3 and SC2T presented in Figure 5.4 for IDCNN show similar improvement

patterns.
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Figure 5.4: Target diagrams comparing SC3 (raw + temperature + humidity + other gases) and SC2T (raw
+ temperature + humidity + Ny,,, + Hour) for IDCNN calibration of (a) CO and (b) NO; in TTS1 for all

datasets.
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CHAPTER 6

CONCLUSIONS AND FUTURE WORK

6.1 Conclusions

This research work proposes and develops novel machine learning-based
algorithms for the calibration of low-cost ambient gas pollutant sensors. A robust
calibration methodology was established to study and benchmark the proposed algorithms
with their counterparts reported in the literature. The two most important findings of this

work were:

1) The importance of leveraging the temporal information, e.g., time of
deployment and time of day. This information is readily available and has so far has not

been utilized in the reported literature for Low-Cost Sensors (LCS) calibration.

2) The potential benefit of using One Dimensional Convolutional Neural
Network (LDCNN) and Gradient Boosting Regression (GBR) for the calibration of low-
cost ambient gas pollutant sensors. Both the algorithms have so far been largely
overlooked in the literature and in our investigation show consistently effective

performance across a variety of scenarios.

The investigation conducted in this thesis has directly resulted in the publication
of the following journal articles:
i. S.Al, F. Alam, K. Arif, and J. Potgieter, “Leveraging Temporal Information
to Improve Machine Learning-Based Calibration Techniques for Low-Cost
Air Quality Sensors”, Sensors, May 2024. (Q1, IF 3.9)

ii. S.Ali, F. Alam, K. Arif, and J. Potgieter, “Low-Cost CO Sensor Calibration
Using One Dimensional Convolutional Neural Network™, Sensors, January
2023. (Q1, IF 3.9)

iii.  S.Ali, T. Glass, B. Parr, J. Potgieter and F. Alam, “Low Cost Sensor with 10T
LoRaWAN Connectivity and Machine Learning Based Calibration for Air
Pollution Monitoring,” |EEE Transactions on Instrumentation &
Measurement, October 2020. (Q1, IF 5.6)
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points:

The presented results and discussions can be summarized in the following key

. Three field deployment scenarios are found in the reported literature for LCS

calibration. First scenario (SC1) only considers the raw LCS data that targets the
pollutant gas measurement. Second scenario (SC2) includes temperature and
relative humidity along with the raw LCS data. The third scenario (SC3) adds
other cross-sensitive gas data collected by a LCS sensor array with the second
scenario. Out of these three scenarios found in the literature, SC3 is typically
preferred (sensor array) for calibration as this leads to higher accuracy. However,
depending on the hardware utilized in the sensors, this improvement in SC3 from
SC2 may not always be substantial. another point that should be kept in mind
while using a sensor array for SC3 is that utilizing a sensor array will increase the
overall cost and complexity of the LCS. However, this will also significantly
improve the potential usability of the LCS as the sensor array can now be used to

measure multiple pollutants.

Development and evaluation of machine learning-based calibration methods
require training (and validation) and testing sets. In this thesis, two different train-
test splitting ratios were used, namely TTS1 and TTS2. TTS1 used 90% of the
entire dataset as training and 10% for testing, whereas TTS2 used a much smaller
training set (20% of the dataset) and a larger testing set (80% of the dataset). From
this study it was found that having more deployment data to train the algorithms
was always better than having less. The performance for TTS1 was more accurate
than that for TTS2 for every algorithm. Based on this, we can surmise that a co-
located low-cost sensor can potentially be used as a backup in case the reference
grade monitor is out of commission for a short period due to fault or maintenance
However, TTS2 results were still reasonably when the algorithms were
appropriately trained. Therefore, it might be possible to deploy LCS for ambient
pollutant monitoring after co-locating with a reference sensor for a set period for

calibration.

1DCNN-based multi-variate regressors are proposed for the calibration of LCS.
This calibration algorithm was benchmarked against other ML-based calibration
techniques and linear regression and was found to be the most accurate. GBR-

based calibration models also, in general, perform better than many of the popular
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ML techniques for all three datasets. Both of these algorithms have not been
utilized and explored in the literature and can potentially improve the performance

of low-cost sensors that monitor ambient gas pollutants.

Using temporal parameters as input for the algorithms improved the performance

of the calibration. It can be concluded that using temporal variables like time in

deployment (Ngq,) and time of the day (Hour) can improve calibration accuracy

significantly. This is noteworthy since this can be achieved without increasing the cost.

These temporal data are available regardless. As discussed earlier, incorporating other

cross-sensitive gas sensors in the LCS can always achieve more accuracy. Even in such

a case, the calibration accuracy can be improved further by including the readily available

information in the form of the temporal variables as input co-variates.

6.2

Future Work

The following works can be pursued to explore this research work further:

The continual progress in deep learning and big data analysis present the
opportunity to use new and advanced ML algorithms that have not been used in

this research.

It is not clear how the ML models behave when the trained model from one LCS
Is used to calibrate another LCS with similar hardware and configuration. It will
be worthwhile to investigate how a transfer calibration approach can be used to
migrate such scenario. The idea would be to train one calibration model using the
data from one co-located LCS and then test the accuracy of the model with the
data collected by another LCS. The calibrated model can be a baseline that will
then be further trained (transfer calibration) to work well for another LCS.
Unfortunately, the three datasets used in this thesis came from the field
deployment of three different sensor arrays and therefore did not allow us to test
the efficacy of transfer calibration. In order to perform this study, multiple LCS
with similar hardware needs be deployed together. Transfer calibration approach

has not been investigated very well in the literature and needs be studied in future.

Our investigation with the three datasets showed that the time of deployment and

time of the day have significant impact on the accuracy of the algorithms when
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used as input parameters. However, there are other available temporal parameters
such as number of years in deployment, month of the year, date of the month,
whether the day is a weekday or weekend etc. The impact of these parameters
may vary depending on the length of the deployment, and some may have more
influence than others due to a change in pollution patterns caused by human and
industrial activities at different times and locations. While these mentioned
temporal parameters were found to have no noticeable impact for the three
datasets in this work, a future study with other datasets may show them to be

useful co-variates.

. A suite of LCS can be developed and deployed for further data collection to
validate/verify the findings. Several low-cost sensor arrays were constructed at
the very initial stage of this study with this aim. Three CO sensor nodes were
deployed with a co-located reference sensor in Auckland, New Zealand for a short
period [222]. However, due to the COVID-19 pandemic and lockdowns, no
further investigations were possible. A fresh attempt can be taken with the
findings and guidelines from this study to further investigate real-time and long-

term LCS deployments.
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CO Dataset 1 results for TTS1 (90:10) SC1 (raw LCS)

Appendix

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.803 0.554 -0.444 0.029 0.445 0.411
RFR 0.806 0.554 -0.444 0.035 0.446 0.405
GBR 0.805 0.556 -0.445 0.036 0.447 0.405
MLP 0.810 0.551 -0.441 0.041 0.442 0.406
LSTM 0.808 0.545 -0.437 0.026 0.438 0.405
1DCNN 0.811 0.541 -0.435 0.020 0.435 0.397
CO Dataset 1 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(Ppm) (ppm)
LR/MLR 0.812 0.543 -0.435 0.026 0.436 0.402
RFR 0.837 0.508 -0.407 0.024 0.408 0.372
GBR 0.838 0.506 -0.406 0.023 0.407 0.368
MLP 0.833 0.526 0.422 0.029 0.423 0.388
LSTM 0.838 0.501 -0.403 0.017 0.403 0.375
1DCNN 0.841 0.502 -0.398 0.066 0.404 0.371
CO Dataset 1 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.905 0.384 -0.308 0.021 0.309 0.274
RFR 0.924 0.346 -0.276 0.028 0.278 0.226
GBR 0.923 0.349 -0.279 0.028 0.280 0.233
MLP 0.923 0.350 -0.281 -0.018 0.282 0.232
LSTM 0.925 0.344 -0.276 0.007 0.276 0.227
1DCNN 0.924 0.344 -0.276 0.017 0.276 0.231
CO Dataset 1 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.911 0.373 -0.299 0.020 0.299 0.258
RFR 0.931 0.332 -0.265 0.031 0.266 0.219
GBR 0.941 0.306 -0.245 0.029 0.246 0.213
LSTM 0.929 0.335 -0.267 0.032 0.269 0.229
1DCNN 0.944 0.298 -0.238 0.025 0.240 0.204
CO Dataset 1 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.905 0.386 -0.310 0.018 0.310 0.275
RFR 0.933 0.326 -0.261 0.026 0.262 0.211
GBR 0.929 0.333 -0.267 0.020 0.268 0.212
LSTM 0.932 0.326 -0.261 0.017 0.262 0.210
1DCNN 0.937 0.314 -0.252 0.018 0.253 0.207
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Appendix

CO Dataset 1 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.910 0.373 -0.300 0.017 0.300 0.259
RFR 0.938 0.314 -0.251 0.029 0.252 0.203
GBR 0.945 0.295 -0.236 0.022 0.237 0.195
LSTM 0.934 0.322 -0.257 0.025 0.259 0.214
1DCNN 0.956 0.264 0.211 0.025 0.212 0.180

CO Dataset 1 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.851 0.486 -0.388 0.044 0.390 0.361
RFR 0.883 0.428 -0.342 0.031 0.344 0.309
GBR 0.888 0.420 -0.336 0.036 0.338 0.300
MLP 0.872 0.446 -0.357 0.028 0.358 0.322
LSTM 0.886 0.423 -0.339 0.035 0.340 0.300
1DCNN 0.889 0.419 -0.335 0.037 0.337 0.297

CO Dataset 1 results for TTS1 (90:10) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.901 0.393 -0.315 0.025 0.316 0.279
RFR 0.916 0.363 -0.290 0.032 0.292 0.251
GBR 0.918 0.361 0.289 0.029 0.290 0.242
MLP 0.918 0.364 0.290 0.033 0.292 0.248
LSTM 0.919 0.359 -0.288 0.022 0.289 0.244
1DCNN 0.919 0.354 -0.284 0.008 0.285 0.233

CO Dataset 1 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.915 0.366 -0.293 0.024 0.294 0.256
RFR 0.940 0.308 -0.246 0.028 0.247 0.207
GBR 0.939 0.309 -0.247 0.023 0.248 0.206
MLP 0.937 0.333 0.262 0.055 0.268 0.224
LSTM 0.937 0.314 -0.251 0.019 0.252 0.212
1DCNN 0.938 0.314 -0.250 0.030 0.251 0.208
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CO Dataset 1 results for TTS2 (20:80) SC1 (raw LCS)

Appendix

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(Ppm) (ppm)
LR/MLR 0.767 0.613 -0.482 0.003 0.482 0.442
RFR 0.770 0.609 -0.479 0.005 0.479 0.437
GBR 0.771 0.609 -0.479 0.004 0.479 0.437
MLP 0.768 0.613 -0.482 0.006 0.482 0.437
LSTM 0.780 0.600 -0.471 0.034 0.472 0.438
1DCNN 0.781 0.598 -0.471 -0.001 0.471 0.430
CO Dataset 1 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.779 0.597 -0.470 0.004 0.470 0.428
RFR 0.781 0.594 -0.468 -0.005 0.468 0.419
GBR 0.781 0.594 -0.467 -0.002 0.467 0.415
MLP 0.786 0.588 -0.463 0.003 0.463 0.417
LSTM 0.798 0.572 -0.450 -0.003 0.450 0.404
1DCNN 0.805 0.564 -0.442 0.043 0.444 0.405
CO Dataset 1 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.882 0.437 -0.344 -0.005 0.344 0.292
RFR 0.899 0.404 -0.318 -0.003 0.318 0.262
GBR 0.897 0.409 -0.322 0.001 0.322 0.266
MLP 0.896 0.415 -0.325 0.033 0.326 0.275
LSTM 0.900 0.405 -0.318 -0.024 0.319 0.257
1DCNN 0.904 0.396 -0.312 -0.014 0.312 0.252
CO Dataset 1 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
RFR 0.903 0.396 -0.311 -0.001 0.311 0.255
LSTM 0.901 0.400 -0.315 0.004 0.315 0.264
CO Dataset 1 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
RFR 0.905 0.392 -0.309 -0.005 0.309 0.250
LSTM 0.904 0.395 -0.311 0.002 0.311 0.249
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CO Dataset 1 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE | ncrmse | nMBE NRMSE MAE
(Ppm) (ppm)
LR/MLR 0.889 0.424 -0.334 -0.004 0.334 0.278
RFR 0.908 0.385 -0.303 -0.003 0.303 0.246
GBR 0.909 0.385 -0.303 -0.002 0.303 0.245
LSTM 0.911 0.380 -0.299 0.000 0.299 0.246
1DCNN 0.918 0.365 -0.287 0.004 0.287 0.236

CO Dataset 1 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.832 0.521 -0.410 0.007 0.410 0.375
RFR 0.851 0.491 -0.387 0.004 0.387 0.340
GBR 0.848 0.496 -0.390 0.012 0.391 0.344
MLP 0.843 0.506 -0.398 0.009 0.398 0.359
LSTM 0.859 0.479 -0.377 0.010 0.377 0.338
1DCNN 0.865 0.467 -0.368 0.013 0.368 0.324

CO Dataset 1 results for TTS2 (20:80) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.876 0.449 -0.353 -0.003 0.353 0.301
RFR 0.891 0.419 -0.330 -0.005 0.330 0.276
GBR 0.887 0.427 -0.336 0.000 0.336 0.282
MLP 0.891 0.429 -0.333 0.054 0.337 0.281
LSTM 0.893 0.418 -0.328 0.018 0.329 0.266
1DCNN 0.898 0.407 -0.320 0.026 0.321 0.262

CO Dataset 1 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.894 0.413 -0.325 -0.002 0.325 0.277
RFR 0.910 0.382 -0.300 -0.002 0.300 0.246
GBR 0.909 0.384 -0.302 -0.003 0.302 0.246
MLP 0.900 0.407 -0.319 0.029 0.320 0.271
LSTM 0.915 0.372 -0.293 -0.004 0.293 0.243
1DCNN 0.920 0.363 -0.286 -0.001 0.286 0.236
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NO; Dataset 1 results for TTS1 (90:10) SC1 (raw LCS)

Appendix

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.484 17.786 -0.718 0.027 0.719 14.257
RFR 0.633 14.996 -0.606 0.012 0.606 11.704
GBR 0.628 15.086 -0.609 0.015 0.610 11.703
MLP 0.620 15.476 -0.619 0.087 0.625 12.214
LSTM 0.631 15.187 -0.614 0.006 0.614 11.844
1DCNN 0.633 15.025 -0.606 0.040 0.607 11.737
NO; Dataset 1 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(ppb) (ppb)
LR/MLR 0.710 13.327 -0.538 0.011 0.539 10.236
RFR 0.820 10.502 -0.424 0.008 0.424 8.056
GBR 0.813 10.709 -0.433 0.005 0.433 8.129
MLP 0.785 11.587 -0.464 0.059 0.468 9.030
LSTM 0.825 10.366 -0.418 0.020 0.419 8.038
1DCNN 0.835 10.059 -0.406 0.007 0.407 7.718
NO; Dataset 1 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.785 11.486 -0.464 0.003 0.464 8.930
RFR 0.871 8.886 -0.359 0.006 0.359 6.622
GBR 0.865 9.069 -0.367 0.002 0.367 6.806
MLP 0.855 9.459 -0.382 -0.016 0.382 7.282
LSTM 0.869 8.968 -0.362 0.007 0.362 6.861
1DCNN 0.886 8.445 -0.339 -0.042 0.341 6.343
NO; Dataset 1 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.785 11.496 -0.465 0.004 0.465 8.912
RFR 0.909 7.497 15.64 -0.303 -0.005 0.303
GBR 0.911 7.368 -0.298 -0.006 0.298 5.630
LSTM 0.880 8.560 -0.346 0.011 0.346 6.577
1DCNN 0.912 7.355 -0.297 -0.008 0.297 5.626
NO; Dataset 1 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.790 11.338 -0.458 0.001 0.458 8.852
RFR 0.884 8.456 -0.342 0.007 0.342 6.346
GBR 0.883 8.472 -0.342 0.012 0.342 6.348
LSTM 0.872 8.836 -0.357 0.011 0.357 6.873
1DCNN 0.885 8.401 0.53 -0.339 0.010 0.339
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NO; Dataset 1 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.790 11.354 -0.459 0.002 0.459 8.836
RFR 0.915 7.236 -0.292 -0.007 0.292 5.514
GBR 0.923 6.871 -0.278 -0.003 0.278 5.313
LSTM 0.883 8.476 -0.342 0.011 0.343 6.499
1DCNN 0.923 6.888 -0.278 -0.004 0.278 5.342
NO; Dataset 1 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ngays + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.728 12.917 -0.522 0.005 0.522 10.069
RFR 0.835 10.174 -0.411 0.003 0.411 8.080
GBR 0.837 10.115 -0.409 0.009 0.409 7.852
MLP 0.817 10.771 -0.435 0.003 0.435 8.279
LSTM 12.917 10.174 -0.411 0.002 0.411 8.065
1DCNN 0.845 9.867 -0.399 0.009 0.399 7.654
NO; Dataset 1 results for TTS1 (90:10) SC-G (raw LCS + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.757 12.203 -0.493 0.004 0.493 9.279
RFR 0.844 9.796 -0.396 -0.006 0.396 7.237
GBR 0.842 9.832 -0.397 -0.009 0.397 7.284
MLP 0.817 10.598 -0.428 0.005 0.428 8.106
LSTM 0.828 10.260 -0.415 0.011 0.415 7.836
1DCNN 0.843 9.913 -0.399 -0.031 0.401 7.380

NO; Dataset 1 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays +

Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.802 11.007 -0.445 -0.006 0.445 8.558
RFR 0.919 7.100 -0.287 -0.006 0.287 5.381
GBR 0.919 7.024 -0.284 -0.005 0.284 5.371
MLP 0.885 8.499 -0.341 0.038 0.343 6.437
LSTM 0.887 8.362 -0.337 0.027 0.338 6.391
1DCNN 0.918 7.073 -0.286 0.003 0.286 5.400
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NO; Dataset 1 results for TTS2 (20:80) SC1 (raw LCS)

Appendix

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(4) (ppb)
LR/MLR 0.489 17.206 -0.715 -0.042 0.716 13.512
RFR 0.601 15.201 -0.632 -0.038 0.633 11.816
GBR 0.597 15.281 -0.635 -0.038 0.636 11.902
MLP 0.617 14.933 -0.621 -0.023 0.622 11.630
LSTM 0.607 15.155 -0.630 -0.040 0.631 11.881
1DCNN 0.623 14.874 -0.618 -0.037 0.619 11.564
NO; Dataset 1 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(ppb) (ppb)
LR/MLR 0.677 13.681 -0.569 -0.033 0.569 10.278
RFR 0.763 11.711 -0.487 -0.017 0.487 8.821
GBR 0.760 11.776 -0.490 -0.021 0.490 8.874
MLP 0.758 12.189 -0.493 -0.121 0.507 9.008
LSTM 0.779 11.371 -0.471 -0.048 0.473 8.541
1DCNN 0.790 11.123 -0.462 -0.033 0.463 8.321
NO; Dataset 1 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.744 12.187 -0.506 -0.034 0.507 9.122
RFR 0.817 10.291 -0.428 -0.021 0.428 7.613
GBR 0.806 10.593 -0.440 -0.023 0.441 7.899
MLP 0.825 10.082 -0.419 -0.029 0.420 7.359
LSTM 0.811 10.516 -0.437 -0.030 0.438 7.764
1DCNN 0.831 9.894 -0.412 -0.012 0.412 7.192
NO; Dataset 1 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(Ppb) (Ppb)
RFR 0.854 9.207 -0.383 -0.020 0.383 6.871
LSTM 0.823 10.125 -0.421 -0.025 0.421 7.546
NO; Dataset 1 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
RFR 0.831 9.922 -0.412 -0.024 0.413 7.306
LSTM 0.819 10.240 -0.425 -0.025 0.426 7.639
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NO; Dataset 1 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.751 12.017 -0.499 -0.038 0.500 8.903
RFR 0.863 8.933 -0.371 -0.022 0.372 6.636
GBR 0.870 8.661 -0.360 -0.016 0.361 6.514
LSTM 0.826 10.043 -0.417 -0.023 0.418 7514
1DCNN 0.873 8.582 -0.357 -0.020 0.357 6.442

NO; Dataset 1 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.699 13.215 -0.549 -0.037 0.550 9.978
RFR 0.788 11.325 -0.471 -0.027 0.471 8.556
GBR 0.786 11.229 -0.467 -0.026 0.467 8.407
MLP 0.760 11.967 -0.497 -0.029 0.498 8.980
LSTM 0.791 11.423 -0.462 0.006 0.462 9.077
1DCNN 0.799 10.902 -0.453 -0.026 0.454 8.140

NO; Dataset 1 results for TTS2 (20:80) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.721 12.724 -0.529 -0.034 0.530 9.512
RFR 0.780 11.264 -0.468 -0.020 0.469 8.288
GBR 0.774 11.466 -0.477 -0.009 0.477 8.506
MLP 0.779 11577 -0.472 -0.096 0.482 8.516
LSTM 0.771 11574 -0.480 -0.041 0.482 8.548
1DCNN 0.803 10.655 -0.443 0.009 0.444 7.875

NO; Dataset 1 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays +
Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.769 11.595 -0.481 -0.040 0.483 8.565
RFR 0.866 8.854 -0.368 -0.021 0.369 6.582
GBR 0.873 8.586 -0.357 -0.016 0.357 6.432
MLP 0.852 9.420 -0.390 -0.039 0.392 6.944
LSTM 0.836 9.795 -0.406 -0.041 0.408 7.205
1DCNN 0.867 8.807 -0.365 -0.038 0.367 6.468
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Appendix

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(ppm) (ppm)
LR/MLR 0.507 0.305 -0.705 -0.019 0.706 0.232
RFR 0.837 0.175 -0.404 0.018 0.405 0.117
GBR 0.842 0.172 -0.397 0.019 0.398 0.116
MLP 0.713 0.252 -0.568 -0.133 0.583 0.183
LSTM 0.837 0.175 -0.405 0.029 0.406 0.120
1DCNN 0.841 0.173 -0.399 0.014 0.399 0.116
CO Dataset 2 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.658 0.254 -0.586 -0.015 0.586 0.196
RFR 0.907 0.132 -0.304 0.017 0.305 0.082
GBR 0.914 0.127 -0.293 0.016 0.293 0.082
MLP 0.755 0.219 -0.501 0.080 0.507 0.168
LSTM 0.909 0.130 -0.301 -0.007 0.301 0.091
1DCNN 0.918 0.124 -0.287 0.016 0.288 0.080
CO Dataset 2 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.710 0.234 -0.540 -0.011 0.540 0.174
RFR 0.910 0.129 -0.299 0.008 0.299 0.076
GBR 0.923 0.120 -0.277 0.009 0.277 0.076
MLP 0.868 0.204 0.459 0.115 0.473 0.139
LSTM 0.924 0.119 -0.275 0.017 0.275 0.083
1DCNN 0.927 0.117 -0.271 0.008 0.271 0.073
CO Dataset 2 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.725 0.227 -0.525 -0.009 0.526 0.168
RFR 0.935 0.110 -0.254 0.011 0.254 0.063
GBR 0.939 0.106 -0.246 0.010 0.246 0.063
LSTM 0.935 0.110 -0.254 0.007 0.255 0.066
1DCNN 0.941 0.105 -0.242 0.011 0.242 0.062
CO Dataset 2 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.710 0.233 -0.539 -0.010 0.539 0.174
RFR 0.917 0.125 -0.288 0.006 0.288 0.073
GBR 0.935 0.110 -0.255 0.010 0.255 0.069
LSTM 0.927 0.117 -0.271 0.007 0.271 0.074
1DCNN 0.934 0.111 -0.257 0.010 0.257 0.068
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CO Dataset 2 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.727 0.226 -0.524 -0.008 0.524 0.167
RFR 0.942 0.104 -0.240 0.007 0.240 0.058
GBR 0.953 0.093 -0.216 0.007 0.216 0.054
LSTM 0.937 0.109 -0.251 0.004 0.251 0.070
1DCNN 0.953 0.093 -0.216 0.007 0.216 0.054

CO Dataset 2 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.698 0.238 -0.551 -0.013 0.551 0.179
RFR 0.909 0.131 -0.302 0.008 0.302 0.090
GBR 0.922 0.121 -0.281 0.002 0.281 0.079
MLP 0.831 0.179 -0.414 0.002 0.414 0.117
LSTM 0.823 0.127 -0.422 -0.021 0.423 0.085
1DCNN 0.925 0.119 -0.276 0.001 0.276 0.079

CO Dataset 2 results for TTS1 (90:10) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.604 0.273 -0.631 -0.011 0.631 0.197
RFR 0.879 0.150 -0.347 0.010 0.348 0.095
GBR 0.889 0.144 -0.334 0.015 0.334 0.096
MLP 0.758 0.261 -0.495 -0.346 0.604 0.199
LSTM 0.882 0.150 -0.344 0.038 0.346 0.105
1DCNN 0.893 0.142 -0.328 0.000 0.328 0.098

CO Dataset 2 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.728 0.226 -0.522 -0.004 0.522 0.167
RFR 0.945 0.102 -0.235 0.008 0.235 0.064
GBR 0.947 0.100 -0.231 0.002 0.231 0.062
MLP 0.895 0.154 -0.354 -0.024 0.355 0.109
LSTM 0.943 0.108 0.250 0.002 0.250 0.070
1DCNN 0.952 0.095 -0.219 0.015 0.220 0.061
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CO Dataset 2 results for TTS2 (20:80) SC1 (raw LCS)

Appendix

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(Ppm) (ppm)
LR/MLR 0.443 0.300 -0.746 -0.025 0.747 0.225
RFR 0.784 0.187 -0.466 -0.009 0.466 0.122
GBR 0.795 0.182 -0.454 -0.011 0.454 0.119
MLP 0.675 0.238 -0.574 0.142 0.592 0.181
LSTM 0.792 0.183 -0.457 0.014 0.457 0.124
1DCNN 0.789 0.185 -0.462 -0.010 0.462 0.121
CO Dataset 2 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.616 0.249 -0.620 -0.012 0.620 0.190
RFR 0.865 0.147 -0.367 0.002 0.367 0.094
GBR 0.869 0.145 -0.362 0.005 0.362 0.095
MLP 0.713 0.217 -0.538 -0.057 0.541 0.160
LSTM 0.870 0.147 -0.365 0.030 0.366 0.106
1DCNN 0.871 0.145 -0.360 0.003 0.360 0.094
CO Dataset 2 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.674 0.229 -0.571 -0.004 0.571 0.170
RFR 0.873 0.143 -0.357 0.008 0.357 0.091
GBR 0.877 0.141 -0.351 0.000 0.351 0.090
MLP 0.842 0.188 0.459 0.090 0.468 0.127
LSTM 0.890 0.134 -0.332 0.032 0.334 0.093
1DCNN 0.887 0.136 -0.336 0.035 0.338 0.094
CO Dataset 2 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
RFR 0.899 0.128 -0.318 0.008 0.319 0.076
LSTM 0.901 0.127 -0.315 0.005 0.315 0.077
CO Dataset 2 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
RFR 0.879 0.140 -0.348 0.009 0.348 0.087
LSTM 0.883 0.138 -0.343 0.002 0.343 0.088
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CO Dataset 2 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.690 0.224 -0.557 0.002 0.557 0.163
RFR 0.901 0.126 -0.314 0.007 0.314 0.074
GBR 0.912 0.119 -0.296 0.008 0.296 0.071
LSTM 0.898 0.128 -0.320 0.000 0.320 0.080
1DCNN 0.915 0.117 -0.292 0.006 0.292 0.069

CO Dataset 2 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.653 0.237 -0.589 -0.006 0.589 0.176
RFR 0.867 0.147 -0.366 -0.004 0.366 0.098
GBR 0.774 0.143 -0.477 -0.025 0.478 0.098
MLP 0.797 0.182 -0.454 -0.001 0.454 0.119
LSTM 0.864 0.148 -0.369 -0.002 0.369 0.098
1DCNN 0.876 0.141 -0.352 -0.002 0.352 0.091

CO Dataset 2 results for TTS2 (20:80) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.558 0.267 -0.665 -0.010 0.665 0.194
RFR 0.843 0.159 -0.396 0.001 0.396 0.105
GBR 0.845 0.158 -0.394 0.000 0.394 0.106
MLP 0.681 0.231 0.575 0.042 0.577 0.175
LSTM 0.836 0.164 -0.406 -0.052 0.409 0.115
1DCNN 0.856 0.153 -0.380 -0.020 0.381 0.108

CO Dataset 2 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.694 0.222 -0.553 0.002 0.553 0.163
RFR 0.907 0.122 -0.305 0.008 0.305 0.073
GBR 0.913 0.118 -0.294 0.005 0.294 0.071
MLP 0.862 0.158 -0.377 -0.115 0.394 0.111
LSTM 0.906 0.124 -0.309 -0.002 0.309 0.084
1DCNN 0.918 0.115 -0.286 0.022 0.287 0.075
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NO, Dataset 2 results for TTS1 (90:10) SC1 (raw LCS)

Appendix

Performance Metrics

Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.495 8.612 -0.710 -0.029 0.711 6.668
RFR 0.518 8.415 -0.694 -0.034 0.695 6.495
GBR 0.526 8.343 -0.688 -0.029 0.689 6.445
MLP 0.514 8.447 -0.697 -0.009 0.698 6.544
LSTM 0.525 8.357 -0.689 -0.031 0.690 6.455
1DCNN 0.527 8.351 -0.689 -0.023 0.690 6.480
NO; Dataset 2 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(ppb) (ppb)
LR/MLR 0.559 8.044 -0.664 -0.029 0.664 6.214
RFR 0.658 7.089 -0.585 -0.031 0.585 5.297
GBR 0.678 6.879 -0.568 -0.023 0.568 5.085
MLP 0.617 7.594 -0.627 -0.009 0.627 5.665
LSTM 0.662 7.080 -0.583 -0.039 0.585 5.361
1DCNN 0.661 7.045 -0.582 0.000 0.582 5.318
NO; Dataset 2 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.649 7.183 -0.592 -0.038 0.593 5.411
RFR 0.741 6.193 -0.511 -0.027 0.511 4.561
GBR 0.798 5.453 -0.450 -0.020 0.450 3.858
MLP 0.733 6.432 -0.525 -0.077 0.531 4.809
LSTM 0.763 5.896 -0.487 -0.004 0.487 4.275
1DCNN 0.762 6.030 -0.488 -0.097 0.498 4.365
NO; Dataset 2 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.649 7.187 -0.592 -0.038 0.593 5.414
RFR 0.764 5.930 -0.489 -0.030 0.490 4311
GBR 0.826 5.066 -0.418 -0.023 0.418 3.545
LSTM 0.789 5.603 -0.462 -0.027 0.463 4.065
1DCNN 0.821 5.136 -0.423 -0.023 0.424 3.591
NO; Dataset 2 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.649 7.184 -0.592 -0.038 0.593 5.420
RFR 0.750 6.088 -0.502 -0.019 0.503 4.489
GBR 0.834 4,938 -0.408 -0.011 0.408 3.542
LSTM 0.778 5.736 -0.473 -0.025 0.474 4.227
1DCNN 0.822 5.114 -0.422 -0.014 0.422 3.660
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NO; Dataset 2 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.649 7.190 -0.592 -0.039 0.594 5.425
RFR 0.772 5.836 -0.481 -0.023 0.482 4.255
GBR 0.870 4.374 -0.361 -0.011 0.361 3.142
LSTM 0.809 5.342 -0.440 -0.027 0.441 3.904
1DCNN 0.861 4.535 -0.374 -0.016 0.374 3.250

NO; Dataset 2 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.572 7.936 -0.655 -0.031 0.655 6.086
RFR 0.697 6.709 -0.553 -0.026 0.554 4.992
GBR 0.701 6.673 -0.551 -0.023 0.551 4.989
MLP 0.688 6.857 -0.566 -0.018 0.566 5.234
LSTM 0.697 6.711 -0.554 -0.026 0.554 4.994
1DCNN 0.707 6.611 -0.545 -0.024 0.546 4.932

NO; Dataset 2 results for TTS1 (90:10) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.637 7.314 -0.603 -0.039 0.604 5.514
RFR 0.735 6.259 -0.516 -0.031 0.517 4.604
GBR 0.757 5.991 -0.493 -0.038 0.495 4.328
MLP 0.700 6.720 -0.552 0.059 0.555 5.170
LSTM 0.735 6.269 -0.515 -0.050 0.518 4.539
1DCNN 0.741 6.192 -0.511 -0.027 0.511 4.504

NO, Dataset 2 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays +
Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.666 7.015 -0.578 -0.037 0.579 5.240
RFR 0.784 5.683 -0.469 -0.022 0.469 4.119
GBR 0.868 4.410 -0.364 -0.011 0.364 3.155
MLP 0.778 6.100 -0.478 -0.160 0.504 4.447
LSTM 0.823 5.180 -0.422 -0.071 0.428 3.711
1DCNN 0.857 4.608 -0.380 0.022 0.380 3.330
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Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.499 8.480 -0.708 0.016 0.708 6.584
RFR 0.506 8.434 -0.704 0.004 0.704 6.503
GBR 0.507 8.427 -0.704 0.007 0.704 6.503
MLP 0.521 8.462 -0.706 -0.013 0.706 6.580
LSTM 0.522 8.301 -0.694 0.008 0.694 6.448
1DCNN 0.518 8.360 -0.694 0.073 0.698 6.569
NO, Dataset 2 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(ppb) (ppb)
LR/MLR 0.550 8.037 -0.671 0.017 0.671 6.287
RFR 0.618 7.419 -0.619 0.006 0.619 5.547
GBR 0.618 7.412 -0.619 0.003 0.619 5.617
MLP 0.612 7.523 -0.623 0.078 0.628 5.780
LSTM 0.624 7.366 -0.614 0.035 0.615 5.609
1DCNN 0.625 7.338 -0.613 -0.014 0.613 5.537
NO; Dataset 2 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.633 7.256 -0.606 0.011 0.606 5.515
RFR 0.723 6.303 -0.526 0.008 0.526 4.627
GBR 0.735 6.184 -0.516 0.011 0.516 4.488
MLP 0.710 6.489 -0.542 -0.017 0.542 4.879
LSTM 0.724 6.340 -0.526 0.061 0.529 4,721
1DCNN 0.730 6.242 -0.521 -0.017 0.521 4.589
NO; Dataset 2 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
RFR 0.729 6.234 -0.520 0.004 0.520 4.597
LSTM 0.739 6.125 -0.511 0.009 0.511 4.487
NO; Dataset 2 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
RFR 0.729 6.238 -0.521 0.004 0.521 4.652
LSTM 0.723 6.309 -0.527 0.013 0.527 4.733
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NO; Dataset 2 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.633 7.259 -0.606 0.010 0.606 5.527
RFR 0.745 6.055 -0.506 0.002 0.506 4.506
GBR 0.801 5.349 -0.446 0.013 0.447 3.878
LSTM 0.739 6.115 -0.510 0.011 0.511 4.549
1DCNN 0.795 5.424 -0.453 0.011 0.453 3.942

NO; Dataset 2 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.565 7.906 -0.660 0.015 0.660 6.158
RFR 0.651 7.084 -0.591 0.009 0.591 5.405
GBR 0.660 6.991 -0.583 0.019 0.584 5.357
MLP 0.615 7.439 -0.621 0.013 0.621 5.738
LSTM 0.660 7.018 -0.586 0.020 0.586 5.405
1DCNN 0.664 6.953 -0.580 0.017 0.580 5.308

NO; Dataset 2 results for TTS2 (20:80) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.623 7.361 -0.614 0.010 0.615 5.582
RFR 0.705 6.511 -0.544 0.001 0.544 4.803
GBR 0.705 6.510 -0.543 0.008 0.543 4.806
MLP 0.675 6.845 -0.571 -0.006 0571 5.114
LSTM 0.688 6.690 -0.558 -0.019 0.559 4.964
1DCNN 0.699 6.582 -0.549 -0.026 0.549 4.864

NO; Dataset 2 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays +
Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.648 7.110 -0.594 0.009 0.594 5.383
RFR 0.763 5.837 -0.487 0.006 0.487 4.281
GBR 0.803 5.323 -0.444 0.012 0.444 3.862
MLP 0.737 6.156 -0.514 0.016 0.514 4.618
LSTM 0.742 6.103 -0.509 0.022 0.509 4.430
1DCNN 0.783 5.658 -0.466 -0.075 0.472 4.114
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Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.920 0.075 -0.283 0.039 0.285 0.056
RFR 0.919 0.075 -0.284 0.041 0.287 0.058
GBR 0.926 0.072 -0.274 -0.025 0.275 0.055
MLP 0.926 0.073 -0.273 0.039 0.276 0.056
LSTM 0.922 0.074 -0.280 0.040 0.283 0.057
1DCNN 0.926 0.072 -0.272 0.036 0.274 0.056
CO Dataset 3 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.948 0.060 -0.228 0.023 0.229 0.048
RFR 0.970 0.046 -0.173 0.023 0.175 0.033
GBR 0.972 0.044 -0.167 0.017 0.168 0.033
MLP 0.965 0.049 -0.186 -0.018 0.187 0.039
LSTM 0.971 0.045 -0.171 0.023 0.172 0.033
1DCNN 0.973 0.044 -0.165 0.015 0.166 0.032
CO Dataset 3 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.958 0.054 -0.206 0.009 0.206 0.042
RFR 0.974 0.043 -0.163 0.012 0.163 0.029
GBR 0.980 0.038 0.143 0.005 0.143 0.026
MLP 0.971 0.049 0.186 0.001 0.186 0.037
LSTM 0.978 0.039 -0.147 0.003 0.147 0.026
1DCNN 0.979 0.038 -0.146 0.001 0.146 0.026
CO Dataset 3 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.958 0.054 -0.205 0.009 0.205 0.042
RFR 0.983 0.034 -0.131 0.005 0.131 0.022
GBR 0.991 0.025 0.095 0.003 0.095 0.016
LSTM 0.988 0.029 0.110 0.002 0.111 0.017
1DCNN 0.990 0.026 0.098 -0.003 0.098 0.017
CO Dataset 3 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.958 0.054 -0.206 0.009 0.206 0.042
RFR 0.974 0.042 -0.161 0.013 0.161 0.028
GBR 0.980 0.038 -0.143 0.002 0.143 0.026
LSTM 0.980 0.038 -0.143 0.002 0.143 0.027
1DCNN 0.979 0.038 -0.143 0.002 0.143 0.026
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CO Dataset 3 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.958 0.054 -0.205 0.009 0.205 0.042
RFR 0.983 0.034 -0.130 0.007 0.130 0.022
GBR 0.991 0.025 0.096 0.000 0.096 0.016
LSTM 0.990 0.027 0.102 -0.002 0.102 0.019
1DCNN 0.991 0.026 0.098 0.002 0.098 0.017

CO Dataset 3 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.958 0.054 -0.205 0.019 0.206 0.042
RFR 0.976 0.041 -0.155 0.021 0.157 0.030
GBR 0.979 0.039 -0.148 -0.001 0.148 0.019
MLP 0.967 0.049 -0.186 -0.001 0.186 0.022
LSTM 0.978 0.040 -0.152 -0.002 0.152 0.019
1DCNN 0.981 0.037 -0.139 0.000 0.139 0.018

CO Dataset 3 results for TTS1 (90:10) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.939 0.065 -0.246 0.017 0.247 0.050
RFR 0.947 0.061 -0.231 0.019 0.231 0.045
GBR 0.961 0.052 -0.198 0.003 0.198 0.039
MLP 0.951 0.059 -0.223 0.019 0.223 0.045
LSTM 0.975 0.047 0.159 0.084 0.179 0.036
1DCNN 0.974 0.043 0.165 0.006 0.165 0.033

CO Dataset 3 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.963 0.051 -0.193 0.011 0.193 0.040
RFR 0.987 0.030 0.114 0.012 0.114 0.019
GBR 0.992 0.024 0.092 0.001 0.092 0.015
MLP 0.983 0.041 -0.133 0.085 0.158 0.034
LSTM 0.992 0.026 -0.087 -0.050 0.100 0.020
1DCNN 0.993 0.023 0.085 -0.022 0.088 0.017
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Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(Ppm) (ppm)
LR/MLR 0.895 0.080 -0.324 0.005 0.324 0.060
RFR 0.890 0.082 -0.332 0.007 0.332 0.061
GBR 0.890 0.082 -0.332 0.005 0.332 0.061
MLP 0.897 0.082 0.325 0.070 0.332 0.064
LSTM 0.894 0.080 -0.326 0.009 0.326 0.060
1DCNN 0.901 0.079 -0.317 0.041 0.320 0.062
CO Dataset 3 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.927 0.067 -0.271 0.005 0.271 0.051
RFR 0.933 0.064 -0.259 0.011 0.259 0.045
GBR 0.936 0.063 -0.253 0.010 0.254 0.046
MLP 0.936 0.063 -0.254 0.012 0.254 0.047
LSTM 0.937 0.062 -0.251 0.009 0.251 0.045
1DCNN 0.937 0.062 -0.250 0.010 0.251 0.045
CO Dataset 3 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.941 0.060 -0.243 -0.001 0.243 0.046
RFR 0.941 0.060 -0.243 0.004 0.243 0.042
GBR 0.954 0.053 -0.214 0.004 0.214 0.039
MLP 0.957 0.056 0.221 -0.054 0.227 0.043
LSTM 0.954 0.053 -0.214 0.003 0.214 0.038
1DCNN 0.967 0.049 0.194 -0.035 0.197 0.036
CO Dataset 3 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
RFR 0.952 0.054 -0.219 0.006 0.219 0.037
LSTM 0.967 0.045 -0.183 0.007 0.183 0.028
CO Dataset 3 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
RFR 0.942 0.060 -0.242 0.008 0.242 0.042
LSTM 0.952 0.054 -0.220 0.002 0.220 0.039
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CO Dataset 3 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.941 0.060 -0.243 -0.001 0.243 0.046
RFR 0.951 0.055 -0.221 0.008 0.221 0.038
GBR 0.959 0.050 -0.203 0.000 0.203 0.029
LSTM 0.970 0.043 -0.173 0.007 0.173 0.028
1DCNN 0.969 0.043 -0.175 0.006 0.175 0.028

CO Dataset 3 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.941 0.060 -0.243 0.004 0.243 0.045
RFR 0.957 0.050 -0.206 0.015 0.207 0.034
GBR 0.957 0.051 -0.208 0.010 0.208 0.027
MLP 0.956 0.052 -0.210 0.011 0.210 0.028
LSTM 0.961 0.049 -0.198 0.009 0.198 0.027
1DCNN 0.965 0.047 -0.188 0.014 0.189 0.027

CO Dataset 3 results for TTS2 (20:80) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.920 0.070 -0.284 -0.005 0.284 0.054
RFR 0.929 0.066 -0.266 0.003 0.266 0.047
GBR 0.925 0.068 -0.274 0.005 0.274 0.049
MLP 0.929 0.068 -0.272 0.050 0.277 0.055
LSTM 0.940 0.065 -0.253 0.073 0.263 0.051
1DCNN 0.942 0.063 0.250 0.043 0.254 0.049

CO Dataset 3 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppm) (ppm)
LR/MLR 0.952 0.054 -0.220 0.000 0.220 0.042
RFR 0.958 0.051 -0.206 0.013 0.206 0.033
GBR 0.964 0.047 -0.189 0.005 0.189 0.026
MLP 0.970 0.048 0.176 -0.081 0.194 0.039
LSTM 0.979 0.036 0.146 -0.014 0.146 0.026
1DCNN 0.986 0.031 0.118 -0.043 0.126 0.023
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NO, Dataset 3 results for TTS1 (90:10) SC1 (raw LCS)

Appendix

Performance Metrics

Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(ppb) (ppb)
LR/MLR 0.734 7.015 -0.515 -0.014 0.515 5.136
RFR 0.762 6.634 -0.487 -0.017 0.487 4.693
GBR 0.761 6.644 -0.488 -0.022 0.488 4.678
MLP 0.750 6.898 -0.500 -0.082 0.507 4.908
LSTM 0.765 6.635 -0.488 -0.003 0.488 4,719
1DCNN 0.761 6.768 -0.493 -0.068 0.497 4.759
NO, Dataset 3 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(Ppb) (Ppb)
LR/MLR 0.792 6.206 -0.455 -0.025 0.456 4.484
RFR 0.873 4.849 -0.356 -0.021 0.356 3.266
GBR 0.877 4,776 -0.351 -0.018 0.351 3.169
MLP 0.853 5.517 -0.388 -0.118 0.405 3.977
LSTM 0.886 4711 0.342 -0.052 0.346 3.345
1DCNN 0.891 4.567 -0.336 -0.007 0.336 3.039
NO; Dataset 3 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.806 5.995 -0.440 -0.022 0.441 4.293
RFR 0.889 4.549 -0.334 -0.020 0.334 3.132
GBR 0.910 4.079 -0.299 -0.017 0.300 2.714
MLP 0.873 4.916 -0.359 -0.038 0.361 3.602
LSTM 0.943 3.317 0.240 0.040 0.244 2.312
1DCNN 0.947 3.219 -0.230 -0.057 0.237 2.278
NO; Dataset 3 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE nCRMSE nMBE nRMSE MAE
(ppb) (ppb)
LR/MLR 0.834 5.546 -0.407 -0.014 0.408 3.961
RFR 0.901 4.305 -0.316 -0.017 0.316 2.920
GBR 0.938 3.383 -0.248 -0.015 0.249 2.232
LSTM 0.952 3.084 -0.221 0.051 0.227 2.315
1DCNN 0.947 3.116 -0.229 -0.001 0.229 2.022
NO; Dataset 3 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE nCRMSE nMBE nRMSE MAE
(Ppb) (Ppb)
LR/MLR 0.806 5.989 -0.440 -0.021 0.440 4.269
RFR 0.893 4.474 -0.328 -0.020 0.329 3.060
GBR 0.918 3.896 -0.286 -0.011 0.286 2.620
LSTM 0.947 3.207 -0.232 0.042 0.236 2.343
1DCNN 0.945 3.200 -0.235 0.001 0.235 2.092
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NO; Dataset 3 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.834 5.537 -0.407 -0.013 0.407 3.915
RFR 0.903 4.277 -0.314 -0.018 0.314 2.888
GBR 0.937 3.408 -0.250 -0.011 0.250 2.202
LSTM 0.960 2.958 -0.202 0.081 0.217 2.282
IDCNN 0.947 3.141 -0.231 0.000 0.231 2.039

NO; Dataset 3 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE NMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.814 5.876 -0.431 -0.018 0.432 4217
RFR 0.899 4.360 -0.320 -0.019 0.320 2.962
GBR 0.915 3.986 -0.292 -0.017 0.293 2.755
MLP 0.869 4.960 -0.364 -0.025 0.364 3.479
LSTM 0.925 3.726 -0.273 -0.016 0.274 2.514
1DCNN 0.937 3.418 -0.251 -0.014 0.251 2.304

NO; Dataset 3 results for TTS1 (90:10) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.768 6.546 -0.481 -0.010 0.481 4.626
RFR 0.835 5.523 -0.406 -0.004 0.406 3.774
GBR 0.836 5.504 -0.404 -0.018 0.404 3.698
MLP 0.823 5.980 -0.426 -0.106 0.439 4.220
LSTM 0.861 5.364 0.385 0.086 0.394 3.744
1DCNN 0.862 5.059 -0.372 -0.006 0.372 3.429

NO; Dataset 3 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays +
Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.834 5.559 -0.408 -0.018 0.409 3.928
RFR 0.906 4.198 -0.308 -0.015 0.308 2.840
GBR 0.933 3.531 -0.259 -0.014 0.259 2.372
MLP 0.921 4.459 0.312 -0.099 0.328 3.413
LSTM 0.958 2.796 -0.204 -0.022 0.205 2.030
1DCNN 0.966 2.521 -0.184 0.020 0.185 1.854

131



NO, Dataset 3 results for TTS2 (20:80) SC1 (raw LCS)

Appendix

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE nRMSE MAE
(ppb) (ppb)
LR/MLR 0.779 6.433 -0.470 -0.029 0.471 4,787
RFR 0.787 6.323 -0.462 -0.028 0.463 4.704
GBR 0.778 6.453 -0.471 -0.027 0.472 4.825
MLP 0.756 7.493 -0.502 -0.221 0.548 5.598
LSTM 0.797 6.181 -0.452 -0.018 0.452 4.542
1DCNN 0.803 6.128 -0.444 -0.065 0.448 4.484
NO, Dataset 3 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.822 5.766 -0.421 -0.025 0.422 4.269
RFR 0.867 4,982 -0.364 -0.020 0.365 3.557
GBR 0.857 5.168 -0.378 -0.014 0.378 3.713
MLP 0.857 5.399 -0.378 -0.114 0.395 3.947
LSTM 0.874 5.073 -0.369 -0.039 0.371 3.653
1DCNN 0.888 4.585 -0.336 0.004 0.336 3.297
NO; Dataset 3 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.828 5.685 -0.415 -0.028 0.416 4.174
RFR 0.881 4.737 -0.346 -0.023 0.347 3.357
GBR 0.890 4.541 -0.332 -0.012 0.332 3.191
MLP 0.852 5.582 -0.385 0.136 0.409 4.187
LSTM 0.914 4.134 -0.294 0.072 0.303 2.889
1DCNN 0.919 3.930 -0.284 -0.044 0.288 2.816
NO; Dataset 3 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Nays)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
RFR 0.888 4.606 -0.336 -0.025 0.337 3.241
LSTM 0.913 4.033 -0.295 -0.015 0.295 2.819
NO; Dataset 3 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour)
Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
RFR 0.882 4,716 -0.344 -0.022 0.345 3.323
LSTM 0.909 4.130 -0.302 -0.014 0.302 2.937
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Appendix

NO; Dataset 3 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.850 5.299 -0.387 -0.019 0.388 3.879
RFR 0.888 4.607 -0.336 -0.023 0.337 3.228
GBR 0.909 4.130 -0.302 -0.014 0.302 2.937
LSTM 0.913 4.036 -0.295 -0.013 0.295 2.834
1DCNN 0.935 3.594 -0.255 0.064 0.263 2.600

NO; Dataset 3 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ngays + Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.846 5.356 -0.392 -0.011 0.392 3.940
RFR 0.888 4.607 -0.337 -0.020 0.337 3.285
GBR 0.898 4.380 -0.320 -0.012 0.321 3.074
MLP 0.877 4.802 -0.351 0.001 0.351 3.322
LSTM 0.901 4.298 -0.315 -0.003 0.315 3.020
1DCNN 0.912 4.055 -0.297 -0.005 0.297 2.868

NO; Dataset 3 results for TTS2 (20:80) SC-G (raw LCS + other gases)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.795 6.205 -0.453 -0.036 0.454 4,557
RFR 0.825 5.740 -0.419 -0.033 0.420 4.108
GBR 0.816 5.872 -0.429 -0.021 0.430 4.252
MLP 0.816 6.121 -0.429 -0.129 0.448 4517
LSTM 0.844 5.469 -0.396 -0.057 0.400 3.841
1DCNN 0.859 5.132 -0.375 -0.023 0.376 3.678

NO; Dataset 3 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ngays +
Hour)

Performance Metrics
Algorithm R? RMSE NCRMSE nMBE NRMSE MAE
(ppb) (ppb)
LR/MLR 0.856 5.183 -0.379 -0.017 0.379 3.821
RFR 0.892 4.530 -0.331 -0.022 0.332 3.187
GBR 0.908 4.150 -0.304 -0.011 0.304 2.931
MLP 0.893 4.784 -0.329 -0.120 0.350 3.499
LSTM 0.928 3.754 0.273 -0.032 0.275 2.636
1DCNN 0.935 3.594 -0.255 0.064 0.263 2.600
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Appendix

E-CDFs of CO Dataset 1 for different algorithms, scenarios (SC1 — raw LCS, SC2 —raw LCS + Temp +
Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of NO; Dataset 1 for different algorithms, scenarios (SC1 — raw LCS, SC2 —raw LCS + Temp +
Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of CO Dataset 2 for different algorithms, scenarios (SC1 — raw LCS, SC2 — raw LCS + Temp +
Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of NO; Dataset 2 for different algorithms, scenarios (SC1 — raw LCS, SC2 —raw LCS + Temp +
Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of CO Dataset 3 for different algorithms, scenarios (SC1 — raw LCS, SC2 — raw LCS + Temp +
Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of NO, Dataset 3 for different algorithms, scenarios (SC1 — raw LCS, SC2 —raw LCS + Temp +
Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of CO Dataset 1 for different algorithms, between scenarios: S1 (same as SC3) —raw LCS +
Temp + Hum + other gases), S4 — raw LCS + Temp + Hum + other gases + Ngays + Hour, and train test

splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of NO, Dataset 1 for different algorithms, between scenarios: S1 (same as SC3) —raw LCS +
Temp + Hum + other gases), S4 — raw LCS + Temp + Hum + other gases + Ngays + Hour, and train test
splits (TTS1 —90:10, TTS2 — 20:80)
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Appendix

E-CDFs of CO Dataset 2 for different algorithms, between scenarios: S1 (same as SC3) —raw LCS +
Temp + Hum + other gases), S4 — raw LCS + Temp + Hum + other gases + Ngays + Hour, and train test
splits (TTS1 —90:10, TTS2 — 20:80)
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Appendix

E-CDFs of NO, Dataset 2 for different algorithms, between scenarios: S1 (same as SC3) —raw LCS +
Temp + Hum + other gases), S4 — raw LCS + Temp + Hum + other gases + Ngays + Hour, and train test

splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of CO Dataset 3 for different algorithms, between scenarios: S1 (same as SC3) —raw LCS +
Temp + Hum + other gases), S4 — raw LCS + Temp + Hum + other gases + Ngays + Hour, and train test
splits (TTS1 —90:10, TTS2 — 20:80)
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Appendix

E-CDFs of NO, Dataset 3 for different algorithms, between scenarios: S1 (same as SC3) —raw LCS +
Temp + Hum + other gases), S4 — raw LCS + Temp + Hum + other gases + Ngays + Hour, and train test
splits (TTS1 —90:10, TTS2 — 20:80)

NO> Dataset-3 1DCNN

10| A ———————
0.8
& 0.6
Q
w
0.4
-—— TTS181
------ TTS2 S1
0.2
« --- TTs1s4
- I e A B TTS2 S4
0.0’
00 25 50 75 100 125 150 175 200

Error NO> (ppb)

NO; Dataset-3 GBR

——— TTS1 81
------ TTS2 S1
-== TTS184
------ TTs2 s4

“0.0 25 5.0 7.5 100 125 150 175 20.0
Error NO> (ppb)

NO, Dataset-3 LSTM

N - _:_;;;;::-:-.-.—...r
(f”:"'
0.3 goralt
r ,l“@
E 0.6 e
Q b
w I
Ir
0.4 f’:’:
"Il -—- TTS1 851
...... TTS2 S
0.2 :_ o
S A e TTS2 84
00"
0.0 25 5.0 7.5 10.0 12.5 15.0 17.5 20.0

Error NO> (ppb)

NO; Dataset-3 LR/MLR

1.0 o emaaEEmem———

——— TTS181
------ TTs2 s1
-—- TTS184
------ TTS2 54

“0.0 25 5.0 7.5 100 125 150 175 20.0
Error NO3 (ppb)

145



Appendix

E-CDFs of CO Dataset 1 for different algorithms, between scenarios SC2 (raw LCS + Temp + Hum),
SC2T (raw LCS + Temp + Hum+ Ngays + Hour) and SC3 (same as S1 —raw LCS + Temp + Hum + other

gases), and train test splits (TTS1 — 90:10, TTS2 — 20:80)

CO Dataset-1 1DCNN

TTS1 SC3

CO Dataset-1 GBR

1.0

0.8

TTS1 SC3

- TTS2sSC3 - TTS2sSC3
TTS1 SC2T TTS1 SC2T
- TTS2 scC2T - TTS2 scC2T
TTS18C2 TTS18C2
- TTS2SC2 - TTS2SC2
0.0 0.2 0.4 0.6 0.8 1.0 1.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2
Error CO (ppm) Error CO (ppm)
CO Dataset-1 LSTM CO Dataset-1 MLP
1.0 1.0
0.8 0.8
& 0.6 & 0.6
Q Q
w -—- TTS1SC3 w TTS1SC3
- TTS2sSC3 - TTS2sSC3
TTS1 SC2T TTS1 SC2T
- TTS2 scC2T - TTS2 scC2T
- TTS18C2 TTS18C2
- TTS2SC2 - TTS2SC2
0.4 0.6 0.8 1.0 1.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2
Error CO (ppm) Error CO (ppm)
CO Dataset-1 LR/MLR CO Dataset-1 RFR
1.0 1.0
0.8
& %06
Q Q
w TTS1 SC3 w TTS1SC3
- TTS2SC3 04 - TTS2SC3
TTS1 SC2T 2 TTS1 SC2T
- TTsSz2 scC2T 02 r - TTsSz2 scC2T
TTS1 SC2 i ‘[ 3 TTS1 SC2
- TTS2sC2 L - TTS2sC2
0.0 ’
0.0 0.2 0.4 0.6 0.8 1.0 1.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2

Error CO (ppm)

146

Error CO (ppm)



Appendix

E-CDFs of NO, Dataset 1 for different algorithms, between scenarios SC2 (raw LCS + Temp + Hum),
SC2T (raw LCS + Temp + Hum+ Ngays + Hour) and SC3 (same as S1 — raw LCS + Temp + Hum + other
gases), and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of CO Dataset 2 for different algorithms, between scenarios SC2 (raw LCS + Temp + Hum),
SC2T (raw LCS + Temp + Hum+ Ngays + Hour) and SC3 (same as S1 —raw LCS + Temp + Hum + other

gases), and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of NO, Dataset 2 for different algorithms, between scenarios SC2 (raw LCS + Temp + Hum),
SC2T (raw LCS + Temp + Hum+ Ngays + Hour) and SC3 (same as S1 —raw LCS + Temp + Hum + other

gases), and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of CO Dataset 3 for different algorithms, between scenarios SC2 (raw LCS + Temp + Hum),

SC2T (raw LCS + Temp + Hum+ Ngays + Hour) and SC3 (same as S1 —raw LCS + Temp + Hum + other

gases), and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

E-CDFs of NO, Dataset 3 for different algorithms, between scenarios SC2 (raw LCS + Temp + Hum),
SC2T (raw LCS + Temp + Hum+ Ngays + Hour) and SC3 (same as S1 —raw LCS + Temp + Hum + other

gases), and train test splits (TTS1 — 90:10, TTS2 — 20:80)
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Appendix

Target diagrams of CO from all three datasets for different algorithms, scenarios (SC1 —raw LCS, SC2 —
raw LCS + Temp + Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 —

90:10, TTS2 - 20:80)
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Appendix

Target diagrams of CO from all three datasets for different algorithms, scenarios (SC1 —raw LCS, SC2 —
raw LCS + Temp + Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 —
90:10, TTS2 - 20:80)
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Appendix

Target diagrams of NO; from all three datasets for different algorithms, scenarios (SC1 — raw LCS, SC2 —
raw LCS + Temp + Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 —90:10,
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Appendix

Target diagrams of NO; from all three datasets for different algorithms, scenarios (SC1 — raw LCS, SC2 —
raw LCS + Temp + Hum, SC3 — raw LCS + Temp + Hum + other gases) and train test splits (TTS1 —90:10,
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Appendix

Target diagrams of CO from all three datasets for different algorithms, scenarios: S1 (same as SC3) — raw
LCS + Temp + Hum + other gases, S4 — raw LCS + Temp + Hum + other gases + Ngays + Hour, and train
test splits (TTS1 —90:10, TTS2 — 20:80)
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Appendix

Target diagrams of NO, from all three datasets for different algorithms, scenarios: S1 (same as SC3) — raw
LCS + Temp + Hum + other gases, S4 — raw LCS + Temp + Hum + other gases + Ngays + Hour, and train
test splits (TTS1 —90:10, TTS2 — 20:80)
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Appendix

Target diagrams of CO from all three datasets for different algorithms, scenarios: SC3 (same as S1) — raw
LCS + Temp + Hum + other gases, SC2T — raw LCS + Temp + Hum + Ngays + Hour, and train test splits
(TTS1-90:10, TTS2 — 20:80)
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Appendix

Target diagrams of NO, from all three datasets for different algorithms, scenarios: SC3 (same as S1) — raw
LCS + Temp + Hum + other gases, SC2T — raw LCS + Temp + Hum + Ngays + Hour, and train test splits
(TTS1-90:10, TTS2 — 20:80)
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