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Abstract
In an attempt to expand the current spatial resolution of and capacity for detecting
nitrogen dioxide (NO2), a calibration model is developed for Alphasense’s NO2-A43F
and NO2-AE electrochemical sensors while on board a DJI Matrice 100 quadcopter.
This is done in a third calibration phase after calibrating the sensors with traditional
procedures using outdoor and indoor methods. The outdoor procedure (Phase 1) places
the sensors next to another already-calibrated sensor on a rooftop at a measuring
station in Amsterdam Vondelpark, and the indoor method (Phase 2) places the sensors
in a controlled environment, where known concentrations of different gasses,
including NO2, are pumped into a chamber that houses the sensors. Simple
multivariable regression, polynomial regression, and logarithmic regression
calculations are used to calibrate sensor readings for each sensor by using the raw
output readings, temperature, and relative humidity of each sensor as independent
variables throughout each of these phases, which further builds upon previous
experiments by adding an additional variable in the third phase that accounts for
interferences that might be coming from the UAV: rotor speed. After executing Phase
1 and Phase 2, the best performing model of the NO2-A43F and NO2-AE sensors were
both during Phase 2 and have a predictive r-squared of 0.8346 and 0.9744,
respectively, indicating that the outdoor calibration method is less suitable for
calibrating these sensors as compared to the indoor calibration method. Coefficients
derived from this calibration phase are used in order to obtain ground truth* readings
for Phase 3, which calibrate the sensors while on board an UAV. This research found
the statistical significance of adding rotor speed to the calibration model in order to
derive more accurate NO2 concentrations in ppm. During the UAV calibration phase
where this is implemented, the best performing model for the NO2-A43F has a
predictive r-squared of 0.4991, and 0.7961 for the NO2-AE sensor. Upon integrating
these calibrated sensors on an UAV in an additional experiment to validate these
results, NO2 is detected in patterns that reflect the performance of these models. Future
research should improve this study by using machine learning algorithms and other
improvements throughout the methodological approach in order to derive more
reliable measurements of detecting NO2 with electrochemical sensors on board an
UAV, thereby further enhancing the spatial resolution of and capacity for detecting
toxic gases.
Keywords: Air quality monitoring network, Alphasense, electrochemical sensor, nitrogen dioxide,
spatial resolution, UAV, unmanned aerial vehicle

* = “Ground truth” is the dependent variable used in the calibration models; the true reading of NO2 is
unknown except in the indoor calibration phase.
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1
1.1

Introduction

Background and Context
Current air quality networks are meticulously distributed across the planet, which is
determined by different land-use characteristics. However, due to high cost and routine
maintenance, the distribution of these networks can be scarce (Rotatori et al., 2011).
This is a spatial concern. Electrochemical sensors offer a unique opportunity that can
measure toxic gases like nitrogen dioxide (NO2) – one of the most harmful gases to
human health – in a wide range of environments due to their low power usage,
affordability, accuracy, and reliability (Mead et al., 2013; Spinelle et al., 2015; Mijling
et al., 2018). Importantly, their compact design enables them to be placed on board
unmanned aerial vehicle’s (UAV’s), which can be used to detect these gases not just
in a fixed location like at an air quality network, but in an active and dynamic way
capable of measuring 3D-planes on land and at sea or in areas that do not have data
about air quality in a specific region (Villa et al., 2016). Accordingly, integrating
electrochemical sensors with UAV’s may help solve the spatial concern of air quality
detection thereby expanding the resolution of and capacity for detecting toxic gases.
In only a limited number of experiments, electrochemical sensors have been used for
NO2 detection while mounted on an UAV, and while there are different ways to
calibrate sensors ensuring their accuracy and reliability, new experiments have yet to
offer a new calibration procedure that more appropriately reflect their integration with
UAV’s (Mijling et al., 2018). Like all measuring devices, they must be calibrated to
ensure accurate and precise measurements over extended periods of time. In the case
of electrochemical sensors, calibration refers to a comparison of one device to a known
standard or ground truth. These comparisons can be done either in an indoor or outdoor
environment. A mathematical computation or model, such as regression, artificial
neural networks or other machine learning techniques, can then be implemented to
correct for external factors that might be interfering with the sensor reading.
1.1.1

Nitrogen Dioxide – A Global Concern
While the atmosphere and several other Earth systems produce NO2 naturally, the
persistent burning of fossil fuels makes it one of the most dangerous toxic gases
concerning human and environmental health (Australian Government, 2005). For
some, NO2 is considered a “respiratory sensitizer”, and chemically interacts with other
nitrogen oxides (NOx) and chemicals to create acid rain, consequently harming
waterways and forests on a global scale (Calvert & Stockwell, 1983; Kampa &
Castanas, 2008; Mead et al., 2013). It is created by a reaction between nitric oxide
(NO) and ozone (O3), where weather and traffic volume influence this concentration
considerably (RIVM, n.d.).
For only half a century, private organizations and governments have taken initiatives
to closely monitor the behavior of the systems responsible for urban air pollution and
to reduce the overall amount of emitted toxic gases like NO2 in the environment
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(Mosley, 2014). In the Netherlands, for example, the measurement of air quality is
conducted between local authorities and the National Institute for Public Health and
the Environment (RVIM, n.d.). In addition to annual reports, the concentration of all
fourteen pollutants that they study, including NO2, is updated daily through their airmonitoring network, which can be seen on their interactive webpage: luchtmeetnet.nl
(Figure 1).

Figure 1: Air Quality Measuring Stations in Amsterdam (Source: Luchtmeet.nl).

According to the site, the Netherlands’ legal annual average for NO2 is 40 micrograms
per cubic meter (µg/m3). For this air quality monitoring network, stations are
positioned in four different environments: regional, city, traffic, and industry at over
80 different locations around the country. This type of monitoring is done in other
parts of the world such as in the United States, where national trends of NO2 levels
have had an impressive 60% decrease in its National Average between: 1980 – 2017
(EPA, 2017). For other countries however, it has been extremely challenging to
overcome the byproducts of their mid-20th century surge in industrial development
(Tsujita et al., 2005). As a result of such instances, fostering reliable monitoring
programs for NO2 detection should be aggressively implemented, retrofitted, and
maintained in areas that have the means to do so if healthy and sustainable
environments are desired.
1.1.2

Measuring NO2 with Electrochemical Sensors
It is clear that air quality measuring stations can systematically provide dependable
and accurate measurements for target gases. Nonetheless, they can also be very
expensive to install and maintain, so their distribution is widely spaced. Conventional
measuring instruments that monitor NO2 also come at a high price, where equipment
may cost tens of thousands of euros for relatively normal-sized installations as they
often require an abundance of power and demand strict calibration and maintenance
procedures, which may even yield limited spatial and temporal resolutions (Borghi et
al., 2017; Hasenfratz et al., 2012; Mooney, 2006; Williams et al., 2009). There are
interpolation methods that have been tested to estimate the concentrations of pollutants
away from such stations, though research suggests that results of these techniques are
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still affected by the inherent spatial distribution of the stations and the temporal
resolution of the data (Kizel et al., 2018). As a result, the demand for reliable and
accurate air quality data is very high in areas that are not within the range of measuring
stations (Bigi et al., 2018; Spinelle et al., 2015a; Mijling et al., 2018). Integrating a
low-cost system is therefore appealing for minimizing future NO2 detection
expenditures that are operating at the local or regional levels where larger spatial
coverage and even remote areas can be addressed (Spinelle et al., 2015a). In this
context, “low-cost” refers to sensors less than $500 (Mueller et al. 2017).
Electrochemical sensors, one of the most investigated of all microsensors, operate by
chemical reactions taking place inside the sensor chamber with the gas of interest,
which generates electrical signals – in volts – proportional to the gas concentration
(Mead et al., 2013). These sensors are usually chosen above other sensors when
detecting NO2, which can be due to their relatively low cost and low-power usage,
robustness, and ability to operate at room temperatures, while other types of sensors
like metal oxide semiconductors suffer from lower precision and accuracy, much
higher rates of power consumption, and gaseous interferences to the final sensor
reading (Dejous et al., 2017; Deshmukh et al., 2015; Mijling et al., 2018; Price, 2018;
Spinelle et al., 2017). Another important aspect of electrochemical sensors is their
simplicity and ability to integrate into automatic systems (Antuña-Jiménez et al.,
2012). For example, an E-Nose system, or “electronic nose”, can be used with
electrochemical sensors as it acts like the human nasal system; instead of sniffing,
using olfactory receptors, neurons, and an olfactory cortex, a symmetrical process
takes place where an E-Nose will detect a sampling unit, utilize a sensor array, acquire
data, and then recognize a pattern with an algorithm that then provides detailed
information such as gas at the parts-per-million (ppm) level and odor concentration
(Deshmukh et al., 2015).
Their compact size also enables them to be integrated with UAV experiments, which
provides more detailed insight into the distribution and effects of pollution over threedimensional planes in a safer way, as compared to other types of experiments, and
allows such research to be conducted over a wider range of environments whether
urban, rural, or even maritime (Villa et al., 2016). This introduces the difference
between passive and active sampling – also referred to static and mobile sensing,
respectively – where static sensors monitor air quality over a fixed and extended period
of time, whereas active sensing can take place at different altitudes and scales but in a
shorter period of time. UAV’s fall into the active/mobile sensing category, where air
quality measurements are taken over the duration of its charge, which is typically only
around fifteen to twenty minutes depending on the device. Aircraft such as larger
drones or planes will last longer but inherently cover a larger area at a higher altitude
and will therefore not be considered throughout this study. Preference to which air
monitoring platform is therefore dependent on project requirements. While mobile
sensors might not provide as precise and accurate readings as static sensors, they are
still known to deliver useful insight about local air quality and compliment data from
reference stations (Velasco et al., 2016; Mijling et al., 2018). The compatibility
between sensors and UAV’s is therefore a basic component of this thesis research.

12

1.1.3

Introduction to Calibration
Sensors are inherently manufactured to meet performance standards. However, like all
variable-measuring devices, they must be calibrated to ensure that they are
continuously accurate and measurements can be repeatable over extended periods of
time. In this sense, calibration refers to a comparison of one device to a known standard
and its routine modification using a mathematical computation or predictive modeling
in order for readings to be as close to each other as possible. These comparisons can
be done either in an indoor or outdoor environment, which will be discussed in further
detail in Chapter 2.

1.2

Problem Definition
Two NO2 Alphasense sensors, namely the NO2-A43F and NO2–AE sensors, have not
been properly calibrated since their use in a recent project that involved UAV’s. As of
now, a signal-to-noise ratio is the only information that can be gathered from the
sensors, which does not provide a concentration in ppm or accurately reflect the actual
concentration of NO2. Therefore, these sensors must be calibrated in order to gather
correct output measurements in ppm for use on UAV experiments. It is known that
different calibration parameters are set as a reflection of different environments, and
having more information on these environments, such as indoor and outdoor
environments, will help obtain more accurate measurements for the sensors. Therefore,
the main objective of this thesis is to utilize indoor and outdoor calibration
methodologies to measure NO2 as accurately and reliably as possible in preparation
for planned UAV experiments. Upon calibrating these sensors using these two
methodologies, a third calibration process needs to take place in order to account for
external UAV factors not yet seen in traditional indoor and outdoor calibration
procedures, namely the interference of wind generated by UAV quadcopter propellers.

1.3

Research Objective and Questions
The objective of this research is to execute and evaluate indoor and outdoor calibration
methodologies to convert signals from the Alphasense NO2-A43F and NO2-AE
electrochemical sensors into ppm concentrations and create a new model for UAV
applications, which will in turn expand the spatial resolution of and capacity for
detecting NO2. The methodology of this research is broken down into three phases that
reflect how each calibration model performs in outdoor (Phase 1), indoor (Phase 2),
and UAV (Phase 3) environments.
The following questions will be taken into consideration to help guide this research:
Phase 1:
Q 1: How does the calibration model perform in an uncontrolled environment?
Q 2: How reliable are these measurements?
Phase 2:
Q 3: How does the calibration model perform in a controlled environment?
Q 4: How reliable are these measurements?
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Phase 3:
Q 5: How does the calibration model perform in an uncontrolled environment taking
into consideration both UAV height and rotor speed?
Q 6: How reliable are these measurements?
Upon the completion of Phase 3, the following question will also be asked:
Q 7: How do the calibration procedures compare with one another?

1.4

Research Outline

Figure 2: Methodological overview for the calibration of electrochemical sensors for NO2 gas detection.

Chapter 1 has provided the purpose and need of calibrating electrochemical sensors
for NO2 gas detection in UAV applications. Chapter 2 follows with a more
comprehensive literature study on electrochemistry and how calibration model
calculations are orchestrated. It also reviews former experiments conducted with the
sensors in question, which provides a proper transition into the proceeding chapter.
Chapter 3 provides the methodological framework of how the calibration procedures
are conducted, which is outlined in Figure 2 above. Chapter 4 presents the results of
the research conducted and Chapter 5 discusses these results more in detail along with
all research questions. Chapter 6 finally concludes this research and includes
recommendations for future research.
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2

Literature Study: Electrochemical Sensors for NO2 Gas
Detection

The aim of this chapter is to explore available literature concerning the current
practices in calibrating electrochemical sensors with special attention given to the
Alphasense A4 NO2 series, which is a four-electrode system that differs from
traditional three-electrode systems, and measures low concentrations of NO2 at the
parts-per-million level. This research also uses the Alphasense AE NO2 series (not to
be confused with the auxiliary electrode, or “AE” found later on), which operates with
the traditional three-electrode system design and is made for detecting much higher
concentrations of NO2. Despite being a newer sensor type, literature on the NO2-AE
sensor is not plentiful and is therefore not discussed with detail in this chapter.
Throughout the rest of this research, “UAV” is used synonymously with “drone” and
small low-cost installations such as quadcopters.
The first section of this chapter introduces electrochemical sensors with an emphasis
on its reliability, cost-effectiveness, and interdisciplinary scientific use. As part of the
introduction, the subsection that follows provides a brief overview of some of the
experiments that have been done with electrochemical sensors and which calibration
procedures were conducted. The second section of this chapter then explains how
electrochemical sensors function as part of the calibration process and how this process
is formulated. The subsections that proceed reviews experiments in closer detail as
they refer to the functioning of electrochemical sensors in indoor and outdoor
calibration settings including the use of UAV’s. Finally, this chapter concludes with a
summary of all calibration processes and the use of electrochemical sensors in current
studies and its potential in future experiments.

2.1

Introduction to Electrochemical Sensors
Following over 150 dense years of sensing electrochemical phenomena, detecting gas
with electrochemical sensors was finally born into the world with Leland C. Clarke
Jr.’s mid-20th century investigative efforts in biochemistry (Brett & Oliveria-Brett,
2011; Lembit, 2007). Known as the “father of biosensors”, he had created the Clark
Oxygen Sensor, which was the first sensor to measure glucose levels in blood and is
still used in medicine and even water quality control to this day (Lembit, 2007;
Trolander, 2007). In a sensitive way, Clark explained his invention as “a symphony of
chemistry”, which still resonates with the scientific community (Ritter, 2005). Over
the next several decades, electrochemical sensors became smaller and much more
accessible for detecting different toxic gases (Thongplang, 2018).
Durability, accuracy, and consistency have since been essential components to any gas
sensing system (Brett & Oliveria-Brett, 2011; Yunusa et al., 2014). Such systems
include reactive sensors – like electrochemical sensors or solid-state semiconductor
sensors – physical property sensors – like spectroscopic sensors – or sorption sensors,
where a physical and chemical process takes place for one substance to become
attached to another and includes systems like fiber-optic or conductive polymer
sensors (Lee & Lee, 2001; Liu et al., 2012, Korotcenkov, 2007). While they tend to be
the cheapest, reactive sensors are still complex and exist in a variety of disciplines,
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namely electrochemistry, mechanical engineering, physical chemistry, and
nanotechnology (Bigi et al., 2018; Spinelle et al., 2015a; Yunusa et al., 2014). It is
clear that developing these devices requires tremendous precision and accuracy.
Despite their vulnerability to temperature, relative humidity, and interfering gases like
O3, electrochemical sensors, where NO2 sensors are included, offer cost-effective and
reliable opportunities for measuring air pollution in a variety of environments
(Abraham & Li, 2014; Thongplang, 2018). Yet like all sensors, they still require the
application of a calibration method in order to achieve reliable results.
2.1.1

Overview of Studies Concerning the Calibration of Electrochemical
Sensors
Despite their proven strengths, sensor readings from electrochemical sensors like the
Alphasense NO2 series are still vulnerable to the cross sensitivity of O3 and fluctuations
in exogenous variables like temperature, relative humidity, and even wind, which can
be accounted for throughout the system’s calibration process (Cross et al., 2017;
Spinelle et al., 2015a; Mijling et al., 2018). The goal of calibration is to translate a
sensor measurement to a concentration as accurately as possible, which can be done
by incorporating an algorithm that accounts for such environmental characteristics
where data is attained from a ground truth or reference measurement that takes place
concurrently at the same location.
There are many studies that have described this process with electrochemical sensors.
For example, Mead et al. (2013) explored the sensitivity of carbon monoxide (CO),
nitrous oxide (NO), and NO2 measurements at the parts-per-billion (ppb) level in air
quality networks and calibrated the sensors using known gas concentrations in a
laboratory setting. In support of influencing EU policy, Spinelle et al. (2017) evaluated
the performances of ten sets of O3, NO, NO2, and CO Alphasense and Membrapor
(another manufacturing company) sensors. Importantly, their study focused on
identifying which parameters should be considered when performing an outdoor
calibration with the aim of giving guidance to new users. Given the fact that sensors
like the Alphasense NO2 series are especially sensitive to O3, temperature, relative
humidity, and other gases like NO and CO, various models can also be applied to
validate the data such as using linear least square-based method for calibration and
data conversion (Abraham & Li, 2014; Mijing et al., 2018). Spinelle et al. (2015a) used
both metal oxide and electrochemical sensors and compared different calibration
techniques using regression and artificial neural networks. Other methods include
more models using artificial neural networks or other non-linear algorithms and
supervised learning techniques (Bigi et al., 2018; Deepak et al., 2016; Esposito et al.,
2016; Yamamoto et al., 2017). While complex measurements are taking place and
there is much room for error, such techniques can be very useful for reporting local air
quality so long as appropriate and careful administration of these models are
conducted.

2.2

Calibration
Calibrations are done by placing the sensors next to a ground truth either indoors or
outdoors, both requiring an area where the surrounding air is relatively clean to the
best judgment of the operator and depending on the project and results desired (Chou,
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2000). An indoor calibration typically refers to using a compressed air system with
meters, regulators, and pumps that flow into and out of a controlled container holding
the sensor (Abraham & Li, 2014). For an outdoor calibration, a sensor can be placed
side-by-side an air quality station, which measures the same gas of interest, for a
predetermined amount of time (Mijling et al., 2018). Depending on the accuracy
desired, sensors only need to be calibrated using manufacturer’s factory-supplied
constants and therefore do not need to be taken to an indoor or outdoor facility.
However, this does not always yield the most reliable results because these constants
do not always account for all external factors that influence electrochemical sensors
(Mijling et al., 2018). This is discussed with more in detail in Chapter 2.2.3. It is
therefore important to consider alternatives to a manufacturer’s calibration process
paying thorough attention to project specifications.
Following the practice of using indoor and outdoor calibration methods and after the
sensors have been placed next to a ground truth where measurements have been
gathered, another step needs to take place in order to correct the sensor readings to the
calibrated output. Depending on the values that the sensor is depicting, the sensor can
either be taken back to the manufacturing facility for physical adjustments if readings
are too far off for project requirements or the user can apply a mathematical
computation or predictive model to the readings to adjust for exogenous variables.
Such mathematical computations refer to using regression or machine learning
algorithms.
Sensors also experience what is known as drift, which refers to the amount of time that
passes by before the sensors need to be calibrated again. Every single sensor, even if
it is the same exact model, will start to drift from its calibrated setting at different
moments in time since each sensor is not identical to one another. Identifying the exact
moment when a sensor begins to drift is therefore not easy to determine, though the
manufacturer does provide an estimate as to when this takes place. Drift in sensitivity
over time has a so-called second-order of effects when it comes to measuring gas
concentrations, as compared to temperature and relative humidity interferences, which
are considered more of a first order of effects (Mead et al., 2013; Cross et al., 2017).
This means that temperature and relative humidity is more important than drift when
optimizing the calibration. Utilizing a calibration model that accounts for temperature,
relative humidity, and drift in sensitivity is therefore essential for projects that are
expected to last between one to three years. However, drift will not be included during
this project’s calibration process since a recalibration is needed and this is a timely
procedure that cannot be conducted within timeframe of this research.
Despite the use of indoor and/or outdoor calibration procedures in conjunction to using
a mathematical computation, obtaining an accurate and reliable calibration of
electrochemical sensors, and any other small, low-cost sensor, still remains a big
challenge (Spinelle et al., 2015a; Mijling et al. 2018). Bigi et al., (2018) explains that
its complexity lies in the fact that since there is a multitude of sensing applications and
each application requires specific tools and parameters, and that without concrete
physical or chemical working principles set for each sensor, it would be demanding,
to say the least, to meet optimal performances of all devices. In other words, calibrating
a sensor is unique for every individual sensor and requires, at the very least, a slightly
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different calibration model for each individual sensing application. Even so, as more
experiments are conducted, it is likely that algorithms will be generated in order to
account for more of these unique circumstances while lessening the need for complex
calibration procedures.
In the literature review that follows, especially when using a four-electrode sensor such
as the Alphasense A43F series, calibration models vary between using the
manufacturer’s suggested calibration model or developing a new model more suitable
for their application. Before attending to the calibration of an electrochemical cell, an
understanding of the hardware is essential.
2.2.1

The Working, Reference, and Counter Electrodes of an Electrochemical
Sensor
Unlike older conductimetric or potentiometric electrochemical sensors that use two
electrodes, a voltammetric sensor, also known as an amperometric sensor, usually uses
three, which enables the device to achieve lower detection limits and identify more
than one chemical compound (Brett & Oliveria-Brett, 2011; Cross et al., 2017; Jensen,
2016). These electrodes are known as the working (or sensing) electrode (WE), counter
electrode (CE), and a reference electrode (RE). Figure 3 is a graphic representation of
the internal structure of what one of these electrochemical sensors look like from
Alphasesne, one of the many gas sensor-manufacturing companies.

Figure 3: Schematic diagram of electrochemical toxic gas sensor. Three metal strips connect each
electrode to the three pins outside of the sensor body (Alphasense: Application Note AAN 104, 2013).

These electrodes are all stacked parallel to each other and ionized by special electrolyte
filters that allow electrochemical reactions to take place once the target gas moves
through a permeable membrane (Mead et al., 2013). The WE is the first electrode that
the gas will come in contact with, which produces an oxidation (CO, H2S, NO, SO2)
or reduction (NO2, Cl2) reaction, depending on the gas, that generates an electric
current linearly proportional to the gas concentration present in the air (Alphasense,
2013a). If the reaction is oxidized, the current will flow from the WE to the CE,
whereas if the reaction is reduced, the current will flow in the opposite direction; this
process represents a transfer of electrons (Mead et al., 2013). For detecting NO2, these
gases therefore encounter a reduction in the electrochemical cell where electrons are
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flowing into the sensing electrode and finally results in a negative voltage or polarity
(Sensortech, 2016). The RE that rests just below the working electrode helps preserve
the WE’s sensitivity and linearity while providing minimum sensitivity to other gases.
Finally, the CE completes the circuitry by balancing the WE reaction by either
oxidizing or reducing (depending if initial reaction is oxidation or reduction) other
molecules to generate a complementary current (Alphasense, 2013b; Texas
Instruments, 2013).

Figure 4: Potentiostat Circuit traditionally used for Alphasense sensors (Alphasense: Application Note
AAN 105, 2013b).

In order for this process to be controlled, a potentiostatic circuit is used, which is also
dependent on the amplifiers chosen (Figure 4). A trans-impedance amplifier is then
used to convert the current, which is in nanoamperes (nA), to voltages, which is in
millivolts (mV) (Sensortech, 2016). These sensor measurements are then provided as
counts from the analogue-to-digital converter (ADC) and, also shown in Figure 4,
generate the final output signal that is received (Mijling et al., 2018).
2.2.2

Correcting for Background Currents with a Fourth Electrode
In addition to these three electrodes, a fourth is introduced by Alphasense known as
the auxiliary electrode (AE), which attempts to balance background currents that tend
to interfere with low-range sensor readings (Cross et al., 2017; Jensen, 2016). The AE
is designed especially for electrochemical sensors to detect low gas concentrations (for
this research, both three and four electrode systems are used). The AE has the same
mechanical composition as the WE, but because it rests inside the electrolyte reservoir
it does not come in contact with the target gas and therefore only detects background
currents (Figure 3). It is presumably “blind” to the target gas (Cross et al., 2017, p.
3579). Since the WE also detects these currents, the AE current can be subtracted from
the total WE current “to give a corrected WE current corresponding solely to the
electrochemical reaction of the sampled gas” (Alphasense, 2017, p.1). This is
considered to be Alphasense’s calibration (manufacturer’s calibration) procedure for
optimal performance. Importantly, this manufacturer calibration does not recommend
users to place sensors next to a ground truth or reference station and encourages them
to solely apply standard-factory settings. Each of the three calibration procedures that
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follow either refers to the traditional three electrode system or Alphasense’s four
electrode system in which the manufacturers calibration model is or is not used.
2.2.3

Outdoor Calibration
Performing electrochemical tests in an outdoor environment, particularly those
concerning the calibration of sensors, exposes the system to exogenous factors like
wind, pressure, temperature, humidity, rain, other gases, and other confounding
variables that cannot generally be controlled by the experiment. This makes such tests
inherently more challenging than those conducted in a controlled environment such as
in a laboratory. While the calibration of sensors in an outdoor environment are still
being compared to sensors with known ppm concentrations, this uncontrolled
environment concept is considered throughout the analysis.
One of the most recent research projects concerning the outdoor calibration of
electrochemical sensors was done by the Urban AirQ Project, where citizens from
Amsterdam were invited to participate by having them place toxic gas sensors in areas
that they believed would be beneficial for them (Mijling et al. 2018). The NO2 sensors
used were of the B4 series, almost identical to the A4 series used in this thesis research
except with a slightly wider sensitivity range and a more compact design. Alphasense
explains on their webpage that the B4 sensors are intended for use in urban areas like
the site of an air quality network such as RIVM, whereas A4 sensors are meant for
portable use – such as being integrated on an UAV (Alphasense, n.d.). They are both
four-electrode systems. It is therefore clear for Urban AirQ to have used the B4 sensors
and for this research to use the A4 sensors.
The 16 electrochemical sensors that Urban AirQ used were calibrated by placing them
at an air quality station administered by the Public Health Service of Amsterdam
(GGD) two separate times in order to account for drift. Both sessions left the sensors
for a duration of eight to nine days. Prior to applying a calculated model to adjust the
sensor readings, the raw dataset from the B4 sensors were hourly averaged and filtered
based on two important factors: filtering out the top 10% and lower 10% of all data to
remove any outliers and removing all records corresponding to a sensor reading above
30 oC.
The Urban AirQ calibration calculation that follows also influences this thesis research
and is of key importance. The study mentions that using the manufacturer’s calibration
(Equation 1) does “not result in realistic values of NO2” (p. 1303). Alphasense
provides the SWE,0 and SAE,0 factory-generated constants that the user normally
implements in addition to applying a sensitivity constant (s) in order to obtain the
concentration of NO2 in parts-per-billion. However, this calibration procedure does not
account for exogenous variables like temperature or relative humidity, which are said
to influence the sensor readings.
NO2 (ppb) =

(*+, - *+,,/) - ( *0, - *0,,/)
1

(1)
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Cross et al. (2017), who also used a set of B4 sensors but for carbon monoxide (CO),
further explains that when the temperature goes beyond 25 °C, the mechanism that is
intended by the manufacturer to calibrate the sensor actually becomes less and less
reliable and can lead “to an increasingly negative concentration error” (p. 3580). It
shows that the AE current and WE current are inversely related as temperature rises.
In other words, the readings become less linear outside of its suggested operational
range. Relative humidity also creates a similar reaction that negatively affects the
sensor readings.
In order to account for these effects, Mijling et al. (2018) proposes five different
models, where the first is a linear combination of the WE and the AE, the second is
the same but includes a correction for relative humidity, the third is identical to the
second but instead corrects for temperature, the fourth accounts for both temperature
and relative humidity, and the fifth accounts for temperature, relative humidity, and
ozone. Despite the fact that this research did not obtain ozone sensors, the fourth model
(Equation 2) provides a foundation to the calculations administered later on in this
study.
NO2 [ppm] = c0 + (c1 · SWE) + (c2 · SAE) + (c3 · T) + (c4 · RH)

(2)

With the implementation of this model, Mijling et al. (2018) explains that the ranges
of the coefficient of determination (R2) increases when performing a linear
combination of NO2, O3, temperature and relative humidity from 0.3 - 0.7 (when no
combination was performed) to 0.6 - 0.9. This increase in the coefficient of
determination is why this calibration calculation is performed for both outdoor and
indoor calibrations of this thesis research and used for the final calibration of
electrochemical sensors on board an UAV with the addition of another variable linked
specifically to drone use.
In a study that is further developed by this research, Man (2018) used such calibration
procedures to identify whether or not electrochemical sensors can be integrated with
UAV’s to detect NO2. As part of Man (2018)’s concluding remarks, there were three
important problems when trying to calibrate sensors in an outdoor and indoor
environment: measurement location had a low to no NO2 emission; measurements
were taken during a very warm period; and measurements were taken during a period
with high humidity. These complications hindered the production of reliable results,
but paved a way for this research to think about how these calibrations should take
place and make improvements for better results. One noteworthy aspect of Man
(2018)’s results are that the influence of wind has a significant effect on measurements
detecting NO2. Both Man (2018) and Mijling et al. (2018)’s calibration parameters are
key aspects to how this thesis research is designed.
2.2.4

Indoor Calibration
As mentioned in the previous subsection, performing electrochemical calibration tests
in an indoor environment should lead to more reliable results due to the ability to
control exogenous factors like pressure, temperature, relative humidity, or other gases
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since specific concentrations of these variables are known at exact moments in time.
This controlled environment concept is considered throughout the analysis.
In Spinelle et al. (2017), the research supported the AirSensEUR platform, which is an
open-source multi-sensor program started by the Joint Research Centre, the EU’s
science and knowledge service, and the Italian-based structure mapping engine
LiberaIntentio, and together work to monitor air quality using low-cost sensors in
compliance with the INSPIRE Directive (Gerboles et al., 2016). Their indoor
calibration procedure was conducted at the Joint Research Centre in Belgium, where
the sensors were placed inside an exposure chamber (Figure 5).

Figure 5: Exposure Chamber used for testing various gases and exogenous variables in support of the
AirSensEUR platform (Gerobles et al., 2016).

This insulated, O-shaped system can be used to study electrochemical sensor responses
by placing the sensors directly inside where they are exposed to different variables:
test gases, temperature, relative humidity, and even wind velocity. Labview software
was applied to control each one of the variables once the sensors were inside, and an
Access database was used for collecting and further managing the data (Gerboles et
al., 2016).
Their research found that each sensor, including the NO2 Alphasense sensor (of the B
series) was highly linear with its corresponding gas. Mead et al. (2013) instead used a
chamber fortified by acrylic sheets, but the idea of injecting concentrated levels of
specific target gases and exposing sensors to those gases inside of the chamber remains
the same. A similar process to this setup was used for this thesis research and is further
discussed in Chapter 3.
2.2.5

UAV Calibration
All literature reviewed concerning the use of electrochemical sensors with UAV’s has
been published within the last two years, which signals that this type of research is

22

growing in popularity and with stronger interest in the UAV and sensing communities.
Conducted for similar purposes that this research is focused on, Villa et al. (2016)
performed small UAV tests to not only evaluate optimal sensor placements on the
hexacopter used but also identified the use of toxic gas sensors to assess their
efficiency and performance on board an UAV. The research had found that the optimal
location of a gas sensor while mounted on an UAV is for it to be as close to the gas
being analyzed and being as far away from the propellers as possible. Like Mijling et
al. (2018), the NO2 sensors used were also of the B4 series. However, the calibration
model that was used for Villa et al. (2016)’s study relied entirely on the manufacturer’s
calibration. For reasons explained in the previous subsection, it is clear that the results
may have not been as accurate as they could have been.
In another study, which highlights how low-cost UAV’s are complimenting regional
gas readings by supporting local gas detection, Rüdiger et al., (2018) uses a quadcopter
and an electrochemical sensor, among other types of sensors, for monitoring sulfur
dioxide, among other gases, at different active volcanoes. Their system also used a
sampling unit known as a denuder, which siphons desired gases through an intake
valve that connects to the sensor. Prior to deployments, the sulfur dioxide sensor was
calibrated using test gas standards and a regression function that accounts for errors,
where it was exposed to different known gas mixtures into the system. As Rüdiger et
al. (2018) explains, this calibration procedure accounts for standard errors, but does
not include variables like temperature or pressure, which is used for other sensors that
they calibrate, as a result of these variables having no influence on the final output
concentration. While calibrating their sensors are introduced, as done in any
experiment using any sensing measurement, this calibration procedure does not
account for other variables like rotor speed from a drone that might be influencing the
final output concentration.
Given the fact that calibrating electrochemical sensors with UAV’s is also an outdoor
calibration procedure, the concept of an uncontrolled environment is also applied
throughout this phase’s analysis. Gas, for example, is a variable that consistently
changes in outdoor settings due to perpetual shifts in environmental factors such as
wind and pressure, which therefore makes it hard to track without error, especially if
the gas is at low concentrations (Beychok, 1994). Other than environmental sources of
wind, changes can also come from the object measuring air quality itself, such as from
a drone. Despite these two sources of wind: from environmental factors or the drone
itself, the influence of wind has not yet been considered throughout any calibration
process of electrochemical sensors in any reviewed literature. Throughout this study,
only a focus on the UAV’s rotor speed is considered due to the complex parameters
that have to take place if environmental factors are also considered (Beychok, 1994).
2.2.6

Summary of Calibrations
Calibrating electrochemical sensors is essential in order to obtain reliable and accurate
readings and can be done by comparing the raw values of the sensor that needs to be
calibrated with a reliable standard or known concentration. An outdoor calibration
refers to placing the sensors side-by-side other sensors at an air quality station, whereas
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an indoor calibration refers to placing sensors inside a controlled chamber with known
atmospheric concentrations. Calibration procedures including variables from UAV’s
that might interfere with the sensor reading have not been conducted in any reviewed
research. As a result, wind generated by rotor speed from an UAV is therefore a
variable that is considered.
The main difference between outdoor and indoor calibration procedures is the ability
to control or not control the influences of exogenous factors like temperature,
humidity, other gases, or other variables. While being able to control these factors
makes the process easier, the reliability and accuracy of each calibration should be the
same since the values are ultimately corrected through a specific correction model. In
practice, however, this is not the case. These models can reflect the use of factorygenerated constants or the calculation of an entirely different calibration model
altogether – such as using artificial neural networks or other non-linear supervised
learning techniques. Choosing which model and applying the correct variables is
therefore very important and dependent on project specifications.

2.3

Chapter Summary
This chapter explored the available literature concerning the current practices in
calibrating electrochemical sensors with an emphasis on the Alphasense A4 NO2
series. Despite the fact that the NO2-AE sensor has not been used in literature, an indepth review was not conduced here. An introduction of electrochemical sensors was
given with an emphasis on its reliability, cost-effectiveness, and interdisciplinary
scientific use. This chapter also provided an explanation to how electrochemical
sensors function as part of the calibration process and how this process is formulated.
Outdoor and indoor experiments for calibrating electrochemical sensors have proved
to be extensive, though few exist for its implementation with UAV’s. Proven by its
efficiency of calibrating electrochemical sensors, the calibration model proposed by
Mijling et al. (2018) is used in the first two phases of this thesis research, which
correspond to outdoor and indoor calibration methods. While there are some studies
that have incorporated calibration procedures for electrochemical sensors in
conjunction with UAV’s, no experiments have actually considered a calibration model
that incorporates additional variables such as the rotor speed of a drone. The model
proposed by Mijling et al. (2018) therefore serves as a foundation for the final phase
of this research, which incorporates rotor speed as an independent variable for
calibrating electrochemical sensors using an UAV.
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3

Methodology

This chapter provides the methodology of calibrating electrochemical sensors for
using on board an UAV, which is first done by exploring current practices. As
mentioned in Chapter 1, the methodology of this research is broken down into three
phases, where each occurs in succession to one another: calibration at an official
station outdoors, calibration at an official station indoors, and calibration outdoors
using an UAV. The calibration of each phase is reliant on ground truth data. For a
calibration at the official station, the sensor data is calibrated to the data from
Luchtmeetnet.nl. In the second phase, the ground truth data is derived from the known
concentrations of an indoor gas source from GGD Amsterdam. For the final phase,
there are two stages, one that calibrates the sensors using the already-calibrated sensors
from the previous phases and including rotor speed in the calibration model, and a
second stage that validates the calibration through an experiment where the UAV is
flown along a flight path dependent on the wind direction near the emission source.
Careful filtering of raw data is essential and startup time must be considered for each
phase. Chapter 5 analyzes the final concentration ppm of gases and corresponding
error attributed to each model.
The first section of this chapter reviews the materials and instrumentation used in this
research, which briefly describes what is needed for each phase. The second section of
this chapter discusses each phase step-by-step. The third section then reviews data
preprocessing, with includes how the raw data is averaged and filtered prior to
calibration. This preprocessing section also introduces specific calculations that are
used for the NO2-AE sensor in deriving ppm concentrations before calibration. The
fourth section explains how calibration calculations and regressions are performed,
including data analysis methods. Finally, the last section summarizes the chapter.
Each of the three phases use a simple multivariable regression model suggested in the
literature in order to calibrate the sensors. Other methods for calibration include
polynomial and logarithmic functions in order to better account for possible non-linear
changes in the sensor reading. In order to answer the research questions, this study
explores each of these regression methods, which are described more in detail in
Section 2 of this chapter. Importantly, it is likely that using temperature and/or relative
humidity as independent variables are not statistically significant additions to these
regression models. As such, a variable that does not have a statistically significant
value should not be part of the best performing model for calibrating the sensor/s.
The best performing model is considered as the one where all variables associated to
the model are statistically significant that also has the highest predictive r-squared. The
multiple r-squared will never decrease in a model, so adding variables to it will always
improve the multiple r-squared. This does not provide good insight when comparing
models, especially those that are more complex. Moreover, the adjusted r-squared
adjusts only when new terms add to the model, so it does not react like the r-squared.
Predominantly, a predictive r-squared is instead used to decide how well a model can
make future predictions. In order to calculate this, the predicted residual sums of
squares must be determined. Using predictive r-squared instead of multiple r-squared
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or adjusted r-squared helps prevent overfitting a model. In addition to these statistics,
the model’s p-value and F-statistic are also considered when choosing the best model.

Figure 6: No correlation (left) and correlation (right) between GGD Amsterdam ground truth values and
filtered NO2-AE sensor values from different data splits during the indoor calibration phase.

In addition to applying these models to each of the sensors for all experiments, the
datasets are split in order to minimize lingering effects from external factors that might
be influencing the sensor reading. For example, during the indoor calibration phase,
sensors are exposed to other gases prior to being exposed to just NO2, and then
different levels of NO2. Similar events may occur during the outdoor calibration phase,
where there might be higher traffic during earlier parts of the week or no traffic at
night, yielding a variety of different levels of NO2 thereby affecting the models’
performance.
Cumbersomely, applying this split to the indoor calibration phase where only two
ground truth values are present throughout the entire calibration phase poses a critical
problem when using regression. As seen in Figure 6, when splitting the data at an
earlier stage during the experiment, there is only one GGD Amsterdam concentration
value available for the entire NO2-AE dataset, thereby making no correlation between
the two variables. Using another split where the two values in the entire experiment
are present – which by general observations appears to have a stronger relationship
than using the entire dataset – does in fact show a correlation between the GGD
Amsterdam concentration and the raw sensor concentration. These relationships must
also be considered when choosing the best model.
Calibrations for the outdoor and indoor phases use the whole dataset and split the data
into four equal sections. The data split does not occur during the UAV calibration
phase in order to preserve the amount of available data.

3.1

Materials and Instrumentation
The Alphasense NO2-A43F and Alphasense NO2-AE sensors are used throughout all
three phases: outdoor calibration, indoor calibration, and outdoor calibration with an
UAV. As mentioned in Chapter 2, the Alphasense NO2-A43F sensor is a four-electrode
system used specifically for lower gas concentrations, whereas the Alphasense NO2-
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AE sensor is a standard three-electrode system developed for high gas concentrations.
Both of these sensors typically operate between 5 – 30 oC. As mentioned in the
literature study, sensor readings outside of this range slowly become less linear and
harder to correct. They have a warmup (startup time) of about two hours and record
data approximately every two seconds. More detailed information on each of these
sensors can be found in the datasheet of Appendix A, B, and C.

Figure 7: Hardware for both NO2-A43F and NO2-AE sensor data acquisition. Both sensors use the LongRange BT FLIR LCD touch remote controller (left) for wireless data acquisition. An antenna (right) is
used to enhance the distance cover for the NO2-AE sensor.

Both sensors use the Long-Range BT FLIR LCD touch remote controller (Figure 7a)
for wireless data acquisition. The NO2-AE sensor also uses an antenna (Figure 7b) to
enhance the distance cover, which is not needed for the NO2-A43F sensor. Each sensor
utilizes a separate software for data collection. The NO2-A43F sensor uses the
RealTerm: Serial/Transmission Control Protocol Terminal Capture Program version
2.0.0.70 for instrument control and data logging, whereas the NO2-AE sensor uses
StrokeReader ActiveX. Both software programs send the data directly to Microsoft
Excel. The data is then read into RStudio software, which is used for averaging,
filtering, and analysis.

27

Figure 8: UAV mounts designed by Robor Electronics for the NO2-A43F system setup (a) and the NO2AE system setup (b & c). dfsdfksdnlkdsflsdflksflsjflksdjfdsflkkslfjdslkfjslfslkflsjflksjflsjfljflskdkksdfss

The black plastic structures that each of the NO2 sensors are mounted on are designed
explicitly for UAV use, which attaches directly below the drone (Figure 8). These
designs are made by Robor Electronics, a company specialized in developing wireless
sensors, who used 3D printers to build the plastic mount. In addition to the NO2-A43F
sensor mounted to the platform, there are also H2S, CL2, and SO2 sensors of the fourelectrode type from Alphasense (Figure 7a). However, these additional sensors are not
considered throughout the rest of this research. The NO2-AE system setup also has
H2S, HCL, CO-AF, CH-D3, NO-A1, CL2-A1, CO-AF, NH3, and SO2 sensors, though
these other sensors will also not be considered throughout this study (Figure 8b & 8c).
In addition to the intricate placement of each sensor and electronic systems on these
structures, the NO2-AE system setup also has tubes attached to different intake values
on one end and to small bags on the other, which are designed to siphon and contain
desired gases – similar to the denuder used in Rüdiger et al (2018)’s study. While this
inlet system is not used in this, it can be a part of future research that aims to capture
specific gases.

28

3.1.1

Phase 1: Outdoor Calibration

Figure 9: Rain shelter housing for electrochemical sensors during outdoor calibration.

For Phase 1, the NO2 sensors are taken to the National Institute for Public Health and
the Environment (RIVM) Vondelpark air quality measurement station. Since the
sensors are placed in an outdoor environment for an extended period of time (over one
week), it is necessary to construct a housing for the sensors to protect them from rain
or any debris that might harm the sensors (Figure 9). A series of 3cm diameter holes
were drilled on each side of the container: 12 on each of the long faces and 10 on both
of the short faces. The calibration models do not take this design into account so it is
therefore assumed that gases flow freely through the container holes and to the sensor
module just as they would if the container was not present.
3.1.2

Phase 2: Indoor Calibration
For calibrating the NO2 sensors indoors, the Public Health Service of Amsterdam
(GGD Amsterdam) use the Environment S.A. AC32 E-series particulate analyzer,
which is a micro sensor designed specifically for controlling NO, NO2, and NOx. gases.
Tubes, pumps, and regulators such as an automated mass flow controller are used to
administer constant gas flows within the chamber.
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3.1.3

Phase 3: UAV Calibration

Figure 10: DJI M100 UAV

The drone used in this research is the DJI Matrice 100, which is owned by the food
safety division at Wageningen University & Research (Figure 10). The system weighs
approximately 2400g with a max takeoff weight of 3600g. The unit also comes with a
wireless communication network that can be connected and flown via a computer with
a transmission distance of 3.5km (CE) and 5km (FCC). A .txt file is written by the
device at the time of data collection, and has to be converted into a .csv file in order to
be read. This can be done at phantomhelp.com/LogViewer/Upload.

Figure 11: Foton FL936F

The 2005 Foton FL936F as seen in Figure 11 above is provided by the Twente Safety
Campus as the emission source, and is a 10,200 kg wheel loader with a Deutz engine
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that operates at 91.9kW. It is expected that the exhaust from this machine provides a
suitable enough emission for the drone to capture NO2.

3.2

Experiment Set-Up
3.2.1

Phase 1: Calibration at an Outdoor Official Station: Uncontrolled
Environment
This phase is initiated by contacting a series of measurement network managers to ask
for permission to place the NO2-A43F and NO2-AE sensors at one of their official
measuring stations. Thanks to the RIVM, the Netherlands has dozens of measurement
stations that can be chosen. Possible measuring stations to begin this calibration
process include: Amsterdam Einsteinstraat, Amsterdam Jan van Galen straat,
Rotterdam Stratenweg, Rotterdan Overschie A 13, and Ridderkerk A16. Earliest
possible availability determined that the Amsterdam Vondelpark measuring station
would be the site of the first calibration phase (Figure 12). It is important for this to be
conducted at a site and time where NO2 readings are high enough to be registered by
the sensors, otherwise there would not be enough data to have confidence in the
calibration. According to Luchtmeet.nl, this site has about 15,000 vehicles that pass
by every day, so it is clear that having the sensors next to a road makes this a good
site.

Figure 12: Location of Amsterdam Vondelpark Air Quality Measuring Station administered by GGD
Amsterdam. This is classified as an “urban background station” and lies approximately 60 meters away
from the main road to the north, which encounters around 15,000 vehicles per day (Source:
Luchtmeetnet.nl).
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On Monday, November 26, 2018, the electrochemical sensors were taken to the
Vondelpark air quality station and placed on the rooftop next to other sensors
measuring NO2. Both the NO2-A43F and the NO2-AE sensors started recording at
11:22 and stopped recording at 10:44 on Tuesday, December 4, 2018 for a total
calibration duration of eight days, with the exception of the NO2-A43F sensor, which
stopped recording after 19 hours for unknown reasons. The sensors were placed under
the designed housing so that they would not be exposed to rain or other debris during
this calibration process.
The ground truth data provided in this phase is in mass per volume (µg/m3) and is
converted into a unit of gas concentration for further analysis. According to the
European Commission’s assessment on the effectiveness of European air quality
policies and measures (2005), the general equation for converting micrograms per
cubic meter into PPM assumes an ambient pressure of 1 atmosphere, considers
multiple constants, and includes the molecular weight of the pollutant, which in the
case of NO2 is 46.0055 g/mol. This is represented in Equation 3:
PPM of NO2 =
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The graphs in Appendix D represent the raw, unfiltered, and hourly averaged data for
the NO2-A43F and NO2-AE sensors during the entire outdoor calibration period, which
provides a useful representation of the sensor readings against the ground truth
(Figures D.A, D.B, D.C, & D.D). Figures D.A and D.C have three y-axes, two of which
depict the auxiliary and working (signal) electrode for the one NO2-A43F sensor, and
the auxiliary electrode and a calculated signal for the NO2-AE sensor. For both graphs,
the third axis on the right depicts the ground truth in ppm. The calculated value for the
NO2-AE sensor is also in ppm. However, to derive these values for the NO2-AE sensor
requires further explanation and is covered in Section 3.2 of this chapter. It should be
noted that both the NO2-A43F sensor readings are in counts and not ppm, so the figures
are not an accurate representation of what the raw ppm values look like prior to
calibration. For the NO2-A43F sensors, these raw ppm values are not acquired due to
complications during the conversion process. After approximately nineteen hours of
the initial startup time, the NO2-A43F sensor stopped working for unknown reasons
and did not start back up throughout the rest of the calibration period. As a result, a
calibration for this sensor is not conducted due to only acquiring 17 observations
throughout this whole period, which generates statistically inappropriate results.
Figures D.B and D.D depict the temperature and relative humidity readings of both
sensors during this phase.
Once these sensors have been collected, they are filtered and averaged according to
various parameters, which is discussed in the next section of this chapter since this
pertains to all calibrations. These readings can then be compared with the data of
Amsterdam Vondelpark from Luchtmeetnet.nl where the raw sensor readings can be
converted to ppm concentrations using a multivariable regression model. In addition
to this model, polynomial and logarithmic regression models are used in order to
account for potential non-linear occurrences in sensor readings.
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NO2 [ppm] = c0 + (c1 · SWE) + (c2 · SAE) + (c3 · T) + (c4 · RH)

(2)

NO2 [ppm] = c0 + (c1 · CS) + (c2 · T) + (c3 · RH)

(4)

As conducted by Mijling et al. (2018), a linear combination of the NO2 signal can be
derived from the sensor using Equation 2 for the NO2-A43F sensor, where SWE is the
working electrode, SAE is the auxiliary electrode, and the coefficients are derived from
the calibration data using ordinary least squares (OLS) regression. Equation 4 above
pertains to a multivariable regression model performed for the NO2-AE sensor where
CS is the calculated signal in ppm, since it is of the three-electrode system and does
not have an extra auxiliary electrode like the NO2-A43F sensor. It would be redundant
to include the NO2-AE’s raw count readings in this model because it shares a collinear
dependence with the calculated signal, and therefore unnecessarily complicates the
model. This is explained in further detail in Section 3.2 of this chapter.
For the polynomial regression model, polynomials are assigned to each variable
(sensor readings, temperature, and relative humidity) in increments of one power. This
creates a new variable in the regression model and is done for each variable until – or
unless – a new variable is no longer statistically significant to the model, which is
determined by a p-value above 0.05 and used as a statistic for each of the three
regression models. A logarithmic regression simply applies a logarithm function to
each variable so long as the result is statistically significant to the model’s output. As
mentioned earlier in this chapter, it is likely that not all variables will be statistically
significant and would therefore not be incorporated in the best performing model.
These principals are considered throughout all three phases.
3.2.2

Phase 2: Calibration at an Indoor Official Station: Controlled Environment
The second phase of this research is performed indoors, which is intended to be under
a more controlled environment. The main idea of this phase is that sensors should be
calibrated in such a controlled environment before being tested in the field and to
identify differences in each of the calibration models.
Approximately two hours after the first calibration phase ended, the sensors were taken
to GGD Amsterdam’s indoor facility where they started Phase 2. All sensors, including
the NO2-A43F and NO2-AE sensors, were exposed to different gas concentrations
starting on December 4, 2018 at 13:00 and ending at 10:13 on December 12, 2018.
The sensors were left on throughout this entire duration. The period at which the
sensors were exposed only to NO2 was from 10:35 – 12:00 (85 minutes) on December
11, 2018 (Figure 13). Startup time is therefore not an issue during this phase. The data
split occurs at approximately 21-minute intervals between this start and end time.
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Figure 13: GGD Amsterdam NO2 during indoor calibration phase of electrochemical sensors on
December 11, 2018. The period at which the sensors were only exposed to NO2 was from 10:35 – 12:00
(85 minutes), which is when the sensors are calibrated. The data split occurs at approximately 21-minute
intervals between this start and end time.....................................................................................................

It can be seen in Figure 13 that while the ppm of the ground truth is producing an NO2
concentration of 0.045 ppm at the start of the NO2 experiment, the NO2 concentration
of GGD Amsterdam’s already calibrated sensors are slightly off from the ground truth
measurement (blue line), but a clear linear relationship can be realized. GGD
Amsterdam has provided this dataset in addition to the ground truth concentration, but
for the purposes of deriving optimal results, only the ground truth readings are to be
used. More specifically, the ground truth readings are 0.045ppm from 10:35 – 11:24
and 0.06 from 11:24 – 12:00, as seen in the notes of Figure 13. Depending how these
models perform, both datasets may be used. Specifics on how this is done is described
with more detail in the following subsection. The two-second data collection time of
the NO2-AE and NO2-A43F sensors are also averaged every ten seconds, which is the
same collection time as GGD Amsterdam’s sensors. Figures and data presented below
reflect this. Specifics on filtering is also delineated in the following section of this
chapter. Chapter 5 then reviews these results and considers whether or not influences
from other gases might have been a contributing factor to any possible inconsistencies.
It is important to note that prior to testing the NO2 sensors with exclusively NO2, the
sensors were also exposed to levels of CO and NO, both gases that NO2
electrochemical gas sensors are particularly sensitive to. Even though this test is in a
controlled environment, it is likely that some of the CO and NO remained in the
container from tests conducted just minutes before the NO2 test despite having the
Environment S.A. AC32 E-series particulate analyzer to mitigate this issue. This likely
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causes undesirable shifts for both sensor readings. Figure 14 illustrates the container
holding both of the NO2-A43F and NO2-AE sensor configurations, where tubes are
connected to a gas source and threaded through a small hole on one side so that
different gas concentrations can be controlled. Adjacent to this are tubes leading out
to a vacuum pump that removes the unwanted gases.
Despite the fact that this is done in a much more controlled environment, Phase 2 takes
a much shorter time to complete. While gases are pumped in and out of the container,
temperature and relative humidity are not controlled with a micro-control system like
the gases are. Instead, the room is sealed in a special way that favors experimental
conditions, so temperature and relative humidity are relatively consistent throughout
the entire calibration period (Figure E.A).
The graphs in Appendix E represent the raw, unfiltered, and ten-second averaged data
for the NO2-A43F and NO2-AE sensors during the entire indoor calibration period
from 8:00 – 12:00 on December 11, 2018 (Figures E.B, E.C, E.D, & E.E). Like the
previous phase, Figures E.B and E.D have three y-axes, two of which depict the
auxiliary and working (signal) electrode for the one NO2-A43F sensor, and the
auxiliary electrode and a calculated signal for the NO2-AE sensor. For both graphs, the
third axis on the right depicts the ground truth in ppm. Figures E.C and E.E depict the
temperature and relative humidity readings of both sensors during this phase at the
same timescale.

Figure 14: Setup for Indoor Calibration of Alphasense NO2-A43F and NO2-AE electrochemical sensors.

35

Like the previous phase, relative humidity and temperature are combined in a linear
combination of the NO2 signal derived from the sensor using the calibration models
identical to the ones considered in Phase 1 (Equations 2 and 3). This calibration is then
compared to Phase 1 and Phase 3 upon the completion of this methodology.
The results from each of the first two calibration phases determines which environment
and which model is optimal to calibrate the sensors. The coefficients derived from the
model with the environment that has the strongest predictive r-squared where all
variables are statistically significant additions to the model are used in order to
calibrate the sensors for Phase 3.
3.2.3

Phase 3: UAV Calibration: Uncontrolled Environment
Like the first phase, Phase 3 is also conducted in an uncontrolled environment but now
uses an electrochemical sensor attached to an UAV. Using an UAV and calibrating the
sensors helps determine accurate and reliable ppm concentrations of the sensors used
in previous studies while further developing an understanding of the transport of gas
to gas sensors in a way that will be useful for future work concerning integration of
UAV’s and electrochemical sensors. Several pre-processing steps are considered
throughout this phase, which are discussed in further detail in the next section of this
chapter. This phase is broken down into two stages: Stage 1 is meant for calibrating
the sensors, and Stage 2 is meant for validating the calibration. The NO2-AE and NO2A43F sensors both go through the same Stage 1-Stage 2 processes.
On July 16, 2019, the sensors were taken to the Twente Safety Campus in Enschede,
a facility that provides training simulations for the fire department, police, defense,
and medical assistance. It was necessary to travel to this location in order to use an
emission source that could release enough gas for the sensors to detect. Raw,
unfiltered, and averaged data for each of the sensors are not provided in this subchapter
in order to prioritize the methodology and conserve space for analysis.
Stage 1 – Calibration for Rotor Speed:
The sensors are first placed at three stationary positions next to the emission source
for 10 minutes, thus deriving concentrations that are recorded as ground truth readings.
One location is on the front of the truck next to the exhaust pipe, another location is
on top of the truck behind the exhaust, and the third is on another vehicle
approximately 2m behind the truck at about 2m above ground and in the wind direction
where the plume is expected to travel (Figure 15). The ground truth concentration is
obtained by taking the coefficients derived from previous calibration models for each
sensor, depending on the highest predictive r-squared where all variables are
statistically significant additions to the model, and apply them to the raw readings of
the sensors at each of these locations. This provides a calibrated ground truth NO2
concentration in ppm.
Depending on how the models respond to the coefficients, it is possible that other
models will have to be used in order to acquire precise ground truth readings. It is
likely that more complex models produce sensor readings that are inaccurate, such as
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negative readings or ppm concentrations in the millions. If this occurs, a more-simple
model to derive ppm concentrations should be used. If there are still problems with
applying the coefficients of a more-simple model during Phase 2 – still utilizing a
model that has statistically significant variables included – then GGD Amsterdam’s
calibrated sensor should be used instead of the ground truth, which might provide more
variance for the uncalibrated sensors to build a relationship. This workflow is outlined
in Figure 16.

Figure 15: Image showing the three locations (purple sensor) on the front of the truck next to the exhaust,
on top of the truck behind the exhaust, and about two meters away at a height of two meters on top of a
second vehicle.

The second part of this phase will attach each of the sensors to the UAV and flown at
each of these three locations measuring the same emission source. In other words, the
sensors are not being exposed to the same exogenous variables (external wind and/or
pressure, etc.) simultaneously during UAV data acquisition and ground truth reading
data acquisition, so the phrase ground truth reading must be taken lightly. In between
capturing ground truth readings and flying the UAV, the emission source does not stop
running.

Figure 16: Diagram of deriving ground truth concentrations based on best performing model
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Due to safety and concerns about damaging the UAV, sensors, and sensor housings, it
is not possible to turn the UAV on at these precise locations. Therefore, the UAV will
have to fly approximately 1 meter away from where the “ground truth” sensors were
located with the exception of the third location where the car can be moved. Each of
these locations are separated into three different data acquisition periods: “FOT”
(Front of Truck), “TOT” (Top of Truck), and “TOC” (Top of Car), all of which are
used to calibrate the sensors. Once these sensors have been calibrated, the associated
errors are presented.
NO2 [ppm] = c0 + (c1 · SWE) + (c2 · SAE) + (c3 · T) + (c4 · RH) + (c5 · RS) (5)
NO2 [ppm] = c0 + (c1 · CS) + (c2 · T) + (c3 · RH) + (c4 · RS)

(6)

Since there is now the necessity to measure the same source of exhaust but with slightly
different parameters, a new calibration model must be implemented. Rather than using
the manufacturer’s calibration values and equations, the regression model proposed by
Mijling et al. (2018) (Equations 2 and 4) is instead used in order to more accurately
account for temperature and relative humidity in an outdoor setting. Equations 5 and
6 above expand on Equations 2 and 4 by incorporating another variable that is relevant
for this particular experiment concerning both NO2-A43F and the NO2-AE sensors:
UAV rotor speed (RS). Equation 5 pertains to the NO2-A43F sensor and Equation 6
pertains to the NO2-AE sensor. Higher order polynomials or logarithmic regressions
are not used in this phase in order to simplify analysis. As mentioned before, further
explanation on the NO2-AE’s single sensor signal is reviewed in the following section.
The next stage then serves as a validation phase to see how well the calibration of rotor
speed works for the sensors.
Stage 2 – Validation for Rotor Speed Calibration:

Figure 17: Log viewer of first zigzag UAV flight pattern with the NO2-A43F mounted. The green “H”
marker represents home, which is the reference point where the drone takes off and lands. The red
marker represents the drone itself at the moment of the image capture, which is 8m and 22s into the
flight. The white arrow refers to the northeast wind direction. For details on the other components of
this module, refer to Phantomhelp.com.
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This stage requires the UAV to fly in a specific pattern with each of the NO2 sensors.
A zigzag flight pattern is utilized so that the sensors can measure NO2 over a wider
range of the plume by flying with and against the wind direction. In the case of these
experiments, the wind direction is northeast – as indicated by the white arrow in Figure
17. As the UAV is flying with one of the sensors, the same path is walked with the
other sensor at approximately the same altitude. For example, when the NO2-A43F
sensor is mounted on the UAV, the NO2-AE sensor is attached to a rucksack that is
walked approximately 1.5 meters behind the drone. Any closer and the rotors interfere
with the readings from the rucksack. In the same example, the sensor readings from
the NO2-AE attached to the rucksack are used as ground truth concentrations in order
to validate the calibration of the NO2-A43F sensor as it is attached to the UAV. In
other words, the sensors that are being used to validate the accuracy of the other sensor
are not of the same design – validating data this way might yield unfavorable results.
This will have to be taken into consideration during the analysis of the validation stage.
Nonetheless, the same flight pattern is completed twice for each sensor along the exact
same path in order to account for any errors during data collection in an attempt to
optimize data collection and comparison.

3.3

Data Preprocessing
3.3.1

Adding Time and Managing Raw Datasets
The following steps are taken prior to data analysis throughout each of the three
phases. The raw data that is gathered in the RealTerm and StrokeReader software’s are
directly sent into Excel and read by R. Unlike the NO2-AE sensor, the NO2-A43F
sensor does not have a timestamp to identify when data is recorded. Recalculating
times for the NO2-A43F sensor during each of the phases required making a script in
R that generates the precise time intervals. These timestamps also have to reflect the
start and end time of each experiment with careful attention to each of the data
acquisition periods in Phase 3. Once the timestamps are created appropriately for each
of the sensors, the columns that are not needed throughout the analysis are removed
from the dataset in order to optimize processing time and ensure cleanliness. At this
time, the UAV data has to be converted from the raw .txt file into another format that
can be read into R via the website indicated in Chapter 3.1.3. Rotor speed from the
UAV flight log can now be appended to the NO2-AE and NO2-A43F datasets
corresponding to the exact experiment.

3.3.2

Filtering and Averaging
The same filtering method for outliers is applied to both sensor measurements for all
three phases. Sensor readings that are 1.5 interquartile ranges (IQRs) below the first
quartile of the readings or 1.5 IQRs above the third quartile of the readings are
considered as outliers and eliminated prior to analysis.
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Data Filtering Process
Outdoor Calibration

Indoor Calibration

UAV Calibration

Remove first two hours of
sensor data to account for
startup time

Remove sensor data outside of
the 85-minute timeline
(between 10:35 - 12:00) on
Dec. 11, 2018

Remove first two hours of
sensor data to account for
startup time

Filter dataset based on
IQRs

Filter dataset based on
IQRs

Split each data acquisition
period (start & stop time)
based off of UAV flight log
Filter dataset based on
IQRs

Figure 18: Diagram of data filtering process of outdoor, indoor, and UAV calibration models.

Before filtering the datasets based on IQRs, filtering initially considers removing the
first two hours of the outdoor and UAV calibrations from Phase 1 and Phase 3. These
two hours reflect a two-hour startup time for the sensors, which may yield inaccuracies
during the regression methods if not removed. For the indoor calibration phase, startup
time does not need to be considered because NO2 tests started days after the sensors
were initially turned on. Nonetheless, the NO2 test was executed for only 85 minutes
between 10:35 and 12:00 on December 11, 2018, so the additional 2 hours and 35
minutes seen in the raw, unfiltered dataset needs to be removed in order to reflect this.
Since both sensors are placed at three different locations for the UAV calibration, it is
also necessary to split each of these locations into three different data acquisition
periods. This required filtering the NO2-AE and NO2-A43F sensor data based off of
the UAV flight log’s start and stop time. Figure 18 depicts these processes for all three
calibration phases.
In addition to sensor measurements, filtering and averaging temperature and relative
humidity must be done for each of the sensors. For the NO2-AE sensor using IQRs,
this filters out: 0% of data for the outdoor calibration and indoor calibration. For the
UAV calibration of the NO2-AE sensor, this filters out 0.28% at the FOT period, 0.56%
at the TOT period, and 1.18% at the TOC period. For the NO2-A43F sensor, this filters
out: 1.02% for the outdoor calibration and 4.77% for the indoor calibration. For the
UAV calibration of the NO2-A43F sensor, 3.9% is filtered at the FOT data acquisition
period, 3.47% at the TOT period, and 1.66% at the TOC period.
Once the datasets are filtered, they are averaged in order to reflect the ground truth
data: hourly averaged for the Amsterdam Vondelpark in Phase 1 and 10 seconds to
reflect GGD Amsterdam in Phase 2. Phase 3 does not filter the data in order to preserve
data for analysis. Once all datasets have been filtered and averaged accordingly, the
calibration models can be applied and more accurate concentrations of NO2 can be
determined for each phase.
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3.3.3

NO2-AE Sensor Calculations for Obtaining PPM Before Calibration
As explained in Chapter 2, the sensor measurements from the NO2-A43F sensor are
provided as counts from the ADC, which generates the final output signal that is
received for both the AE and WE. Unlike the NO2-A43F sensor, the NO2-AE sensor
is a three-electrode system, but still provides results in counts from its working
electrode. Two mathematical computations are provided below as an example of
calculating ppm concentrations from counts for the NO2-AE sensor prior to it being
calibrated, which is also meant to provide a foundation for understanding what sensor
readings really mean and how they are calculated. It is important to note that since the
raw sensor counts have a collinear relationship with the concentration of ppm, it would
be redundant to include both in the calibration model. Only the ppm that is derived
from the following equations are therefore be considered.
The ADC is measured with a 20Ω resister with a tolerance of 0.1%. The actual value
is therefore: 20Ω +/- (0.001 * 20Ω) = 20Ω +/- 0.02Ω, or simply 0.1% error in the
resistor’s resistance.
The device also uses a 4-20mA direct current loop, which is a standard system setup
based on the underlying equation in electrical engineering: Ohm’s Law (Equation 7),
where the voltage (V) is equal to the current (I) multiplied by the resistance (R):
lllllllllllllllllllllllllllllllllllllllllllllllllllV1 = I x R1

(7)

Much like the flow of water through a pipe system, the current always remains
constant, whereas the voltage (or pressure when concerning water) and resistance
fluctuate. This is indicated with “1” in the subscripts of V and R and is key to the 420mA loop used in this system. Since a 20Ω resistor is used, it can be determined that
4-20mA delivers 80-400mV. Therefore, 4mA = 80mV and 20mA = 400mV.
The sensors are plugged into a conductive layer known as a “shield,” which provides
a digital reading relative to the bit size of the ADC applied. In this case, a 15-bit ADC
is used, so the digital values read between 0 and 32767, where 0 is included as an
integer (215 total integers). These digital values are then converted to voltages. The full
range of the ADC is 512mV, so 512 divided by 32767 means that there is
approximately 0.015625mV per-bit. The final output reading that is provided in the
datasheet of the NO2-AE sensor are in counts, with a bit range from 5068–25600. So,
4mA = 80mV = a bit count of 5068 = NO2 at 0 ppm. In other words, if there is no NO2
present or 0.00% gas, then the raw sensor reading would theoretically have to be 5068.
This value is considered as the NO2-AE sensors “offset” when determining ppm
(Equation 8).
Calculated NO2 (ppm) =

`ab cde1fg `dahiej - kll1dm
V.no∗pfeqdg1ife rasmfg

(8)

The range between 4-20mA is equal to 16mA or 16000µA, and the number of bits is
determined by the range in counts: 5068-25600, which is 20532. In order to
communicate between the bit range and the microamperes, they are divided to get a
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value of 1.28. Finally, in order to communicate between the maximum reading of the
now converted microamperes (16000) to correspond to the maximum value in ppm
that the NO2-AE reads (200ppm), a conversion factor is applied. There is a linear
relationship between the sensor range of each individual sensor type and the
conversion factor used in order to obtain the concentration of the senor type (Table 1).
Since we are using the NO2-AE sensor, the value used is 80.
Table 1: Sensor and associated sensor range and concentration conversion factor.

Type of Sensor
CL2-A1
H2 S
SO2
NO2-AE
NO-A1
NH3
CO-AF

Sensor Range (ppm)
0- 20
0-50
0-100
0-200
0-250
0-1000
0-5000

PPM Conversion Factor
800
320
160
80
64
16
3.2

Upon the execution of these computations, the final result is a calculated value of NO2
in ppm, which can then be used for the calibration periods that follow. It is possible to
conduct similar calculations for the NO2-A43F sensor, though complications arose
when applying slightly different parameters. As a result, the NO2-A43F sensor uses
the raw counts from the auxiliary electrode and working electrode for calibration as
indicated in the mathematical equations. As mentioned, since the values in ppm and
the raw sensor output share a collinear relationship for the NO2-AE sensor, it would
be redundant to include both in the calibration model. Therefore, only the calculated
ppm will be used in addition to the other variables mentioned in equations from
previous sections of this chapter.
In another brief and similar example, ppm values can also be derived using a scaling
method with the linear equation y = mx + b, where y is ppm concentration, m is the
scale factor, x is the raw input in counts, and b is the offset (Equation 9). If the full
range of the NO2-AE sensor (0-200) is divided by the bit range (5068 – 25600), a value
of 0.00974 is calculated and can then be multiplied by the raw input in counts (x).
Since the output with the NO2-AE sensor starts at 5068, there is an offset. In this case,
the offset is calculated to be -49.366842. Equation 8 can then be tested for accuracy
by showing that 5068 counts should generate 0ppm, and 25600 counts should generate
200ppm.
cde1fg `aejd (ttu)

Calculated NO2 (ppm) = 6 vim `aejd (pfwem1) ∗ 𝑥: + 𝑂𝑓𝑓𝑠𝑒𝑡

(9)

It is clear that there are numerous ways of calculating ppm so long as sensor
specifications are provided. However, because the coefficient of determination is 1.0
and the root-mean-squared-error is 0 between the calculated NO2 concentrations of the
two previous calculation methods, it will not be necessary to use both in the calibration
procedure that follows. Only Equation 8 is utilized.
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3.4

Sensor Calibration and Data Analysis Methods
The raw data of each sensor is directly written into an Excel spreadsheet, which is then
read in RStudio to conduct the averaging and filtering methods previously described.
This software is then used in order to calculate the multivariable regression models for
calibrating the NO2-AE and NO2-A43F sensors: Equations 2 and 4 for the Phases 1
and 2, and Equations 5 and 6 for Phase 3. As indicated in the beginning of this chapter,
polynomial and logarithmic regressions are also calculated in order to better account
for non-linear changes in the sensor reading. In order to answer research questions,
models are assessed based off of the predictive r-squared and the statistical
significance of the variables within the model using the p-value and F-statistics. These
metrics provide insight into the efficiency of using these models for calibrating
electrochemical sensors using traditional methods and while on board an UAV.
In addition to these statistics, the Shapiro-Wilk Test for normality is used to assess the
normality of the data prior to analyzing the data. According to the test, a significance
value that is greater than 0.05 indicates that the data follows a normal distribution.
Upon identifying normality, the Pearson correlation test is also conducted to identify
correlations between all of the variables. These models will only be presented for the
best performing model, as presenting all models in this fashion is timely and does not
support final results.

3.5

Chapter Summary
This chapter has discussed three phases for calibrating electrochemical sensors in a
way that improves accuracy and reliability from the manufacturers’ suggested settings
and how a calibration can be implemented for UAV use. Each phase has specific
materials and instrumentation that are required and relies on ground truth data, which
is used in a series of regression models for calibrating the NO2-A43F and NO2-AE
sensors along with a linear combination of temperature, relative humidity, and in Phase
3, rotor speed. The first phase calibrates the sensors outdoors at the Vondelpark official
measuring station in Amsterdam, which uses calibrated data from Luchtmeetnet.nl as
a ground truth. The second phase calibrates the sensors in an indoor setting at GGD
Amsterdam and uses the Environment S.A. AC32 E-series micro sensor to control the
amount of NO2 within the chamber. The final phase is broken into two stages, one that
calibrates the sensors for UAV use and a second that validates the calibration based
off of the best performing models from Phase 1 or Phase 2.
Filtering of raw data is done by removing outliers, which this research considers are
sensor readings that are 1.5 interquartile ranges (IQRs) below the first quartile or above
the third quartile of the raw data for each calibration phase. It considers removing
sections of the datasets that do not correspond to the time that the sensors were exposed
to NO2 during the indoor calibration, and removing the first two hours of each dataset
during the outdoor and UAV calibration, which reflects startup time. Filtering also
splits each data acquisition period (start and stop time) based off of the UAV flight log
in Phase 3. During Phase 1 and Phase 2, the datasets are also split into four equal
sections for the purpose of eliminating lingering effects from external sources that
might be contributing to sensor interference.
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Methods for calculating ppm concentrations prior to calibrating the electrochemical
sensors are also introduced for the NO2-AE sensor, which can also be applied to the
NO2-A43F sensor or other sensors using the same mechanics or similar chemical
reactions in future research. Using these ppm concentrations for the raw NO2-AE
sensor readings does not affect the calibration models due to its collinear relationship
to raw count readings. As a result, only the calculated ppm concentrations are used.
The final section of this chapter explained how calibration calculations and regressions
are performed. It also explains how the following chapters will analyze the results
based on the final concentrations.
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4

Results

This chapter presents the results found in Phases 1, 2, and 3 for calibrating
electrochemical sensors. Specific details on how these models were chosen and
decisions made are presented in the following subchapters.

4.1

Outdoor Calibration
As previously explained, the NO2-A43F sensor is not calibrated during Phase 1
because the sensor stopped working approximately 19 hours after commencing this
phase. Upon splitting the dataset into four equal parts and applying the methodological
framework to each of these split datasets, the best model is the one that has the highest
predictive r-squared and all variables in the model as statistical contributions to the
final output. For the outdoor calibration phase of the NO2-AE sensor, this is the
multivariable regression used on the third data split, which lasted between November
30, 2018 at 07:00:00 and December 2, 2018 at 08:00, which can be seen in Appendix
F (Figure F.A). Moreover, the performance of this model only included the calculated
NO2-AE value as determined in Equation 8 and the relative humidity. No temperature
was included in this model, contrary to what was expected based on literature review.
The predictive r-squared is 0.7651. Table 2 provides more details on the statistics of
the model.
Table 2: Best performing models for the NO2-AE sensor that, if performing better than the indoor calibration
phase, are used to derive ground truth concentrations in Phase 3, where MR stands for multivariable regression
and RH stands for relative humidity. The NO2-A43F sensor stopped working early on in this phase and
therefore is not calibrated so no results are presented here.

Sensor

Split #

Model

NO2-AE

3

MR

Model
Components
Signal and RH

Model pValue
< 2.2e-16

Model FStatistic
88.22 on 2
and 47 DF

Predictive
R-Squared
0.7651

As depicted in Appendix F in Figure F.B (top), the associated Pearson correlation of
all variables during Split 3 shows a relatively weak correlation between the NO2-AE
calculated sensor reading and the ground truth (GT) and a very strong correlation
between relative humidity. This is determined by how full the pie chart is: a full blue
chart indicates 100% positive correlation, and a full red chart indicates 100% negative
correlation. Whether the correlation is negative or positive only relates to whether one
variable increases or decreases as the other increases or decreases and therefore does
not affect the strength of the correlation. The strong correlation in relative humidity
and the poor correlation in temperature reflects why the former has a p-value of less
than 0.05 indicating its statistical significance in the model and why the latter has a
much higher p-value and was therefore not included in the model. This figure also
depicts the correlation between all variables during Split 2 when the correlation
between the NO2-AE sensor was much higher (bottom right). However, when using a
multivariable regression model with the calculated sensor and temperature during Split
2, this produces unreliable results for calibration (bottom left). The F-statistic and p-
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value of Split-3’s multivariable model is also much higher than Split 2’s, indicating
more confidence in the former model over the latter despite the relatively low
correlation between the NO2-AE calculated values and the ground truth. Other models
during this calibration phase reflect an even less significant version of Split 2, hence
the decision to represent this section based off of Split 3’s performance. Despite this,
an even more significant model is expected to be developed in the following phase,
which would be used for calibrating the ground truth sensors in Phase 3.

4.2

Indoor Calibration
Like the previous phase, data is split into four equal parts to distribute the data across
a time series in order to prevent any potential interferences from one section of the
data and another. Two datasets are also considered during this phase for calibrating
the NO2-A43F and NO2-AE sensors: the ground truth provided by GGD Amsterdam
and their calibrated NO2 sensor. The goal is to be able to calibrate the sensors to the
Environment S.A. AC32 E-series ground truth since these readings are as precise and
accurate as can be during this experiment. They are in fact the definition of a ground
truth. As mentioned in the methodology, using the calibrated NO2 sensor is the second
option if problems arise when using coefficients from the best performing model to
obtain ppm concentrations for the ground truth sensors in Phase 3. Accordingly, results
for each dataset are presented in Appendix G.

Table 3: Best performing models for each sensor that, if performing better than the outdoor calibration phase, are used to derive ground
truth concentrations in Phase 3, where MR stands for multivariable regression, RH stands for relative humidity, T stands for temperature,
AUX stands for auxiliary electrode, WE stands for working electrode, and S stands for NO2-AE’s sensor concentration. GT refers to
the ground truth reading and sensor refers to GGD Amsterdam’s calibrated sensor reading used for calibrating the NO2-A43F and NO2AE sensors. The unit for RMSE is in ppm.

Sensor

Dataset

Split #

NO2A43F
NO2A43F
NO2-AE

GT
Sensor
GT

All
Data
All
Data
3

NO2-AE

Sensor

2

Model

Model
Components
MR
AUX, WE,
RH, T
Polynomial AUX, WE³, T²
Polynomial

S³, T

Polynomial

S³, RH², T²

Model
p-Value
< 2.2e16
< 2.2e16
< 2.2e16
< 2.2e16

Model FStatistic
321.6 on 7
and 422 DF

Predictive RMSE
R-Squared
0.8346
0.00301

168.3 on 6
and 423 DF

0.6940

0.01298

118.5 on 4
and 120 DF

0.7824

0.02816

740.9 on 7
and 117 DF

0.9744

0.00989

Table 3 presents the best performing models and their associated statistics. In Figures
G.A and G.B, the best performing models are presented when using the GGD
Amsterdam NO2 sensor for calibration for the NO2-A43F and NO2-AE sensors,
respectively. Figures G.C and G.D present the best performing model when using the
Environment S.A. AC32 E-series ground truth for the NO2-A43F and NO2-AE
sensors, respectively. Pearson correlations between all variables used in each of the
models can be seen in Figures G.E and G.F, which corresponds to the same correlation
used for the outdoor calibration. The best performing model for the NO2-AE sensor
uses polynomial regressions when calibrating based off of the Environment S.A. AC32
E-series ground truth and GGD Amsterdam NO2 sensor, where the former model has
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a third degree polynomial for the NO2-AE calculated value and a 0 order polynomial
for temperature, and the latter model has a third degree polynomial for the NO2-AE
calculated value, and a second order polynomial for both relative humidity and
temperature. For the NO2-A43F sensor, the best performing model uses multivariable
regressions when calibrating; temperature and relative humidity are included in both
models.

4.3

UAV Calibration
A quick overview of model performance in Phases 1 and 2 reveals that the
multivariable and polynomial regression always appears to have performed better than
the logarithmic regression. As expected, the indoor calibration phase also appeared to
produce better results than the outdoor calibration phase. Table 4 below presents an
overview of the best regression models during Phase 2 with the associated sensor and
statistics, where the coefficients derived from the model are used to calibrate the
sensors used as a ground truth in Stage 1 of Phase 3 in order to then calibrate sensors
for use on an UAV.

Table 4: Models used to derive ground truth concentrations in Phase 3, where MR stands for multivariable regression, RH stands
for relative humidity, T stands for temperature, AUX stands for auxiliary electrode, WE stands for working electrode, and S stands
for NO2-AE’s sensor concentration. The unit for RMSE is in ppm.

Sensor

Dataset

Split #

Model

NO2A43F
NO2AE

GT

All
Data
2

MR

Sensor

Polynomial

Model
Components
AUX, WE,
RH, T
S³, RH², T²

Model
p-Value
< 2.2e16
< 2.2e16

Model FStatistic
321.6 on 7
and 422 DF
740.9 on 7
and 117 DF

Predictive RMSE
R-Squared
0.8130
0.00312
0.9744

0.00989

As indicated in Chapter 3.2.3, problems indeed arose when using the best performing
model to derive ppm concentrations for the ground truth from Phase 2 during Stage 1.
For both the NO2-A43F and NO2-AE sensors, the optimal models, which used higher
order functions, did not produce precise results (i.e. some negative ppm concentrations
and other concentrations in the millions). Also mentioned, this is likely due to the
complexity of the model or due to improperly applied coefficients, which should be
reviewed further in future research. As part of the proposed Phase 3 diagram of
deriving ground truth concentrations based on the best performing model (Figure 25),
the NO2-A43F produced ppm concentrations after using a more-simple model and thus
is used to derive concentrations for the ground truth following this method. As for the
NO2-AE sensor, using a simple model with the ground truth dataset of Phase 2 was not
suitable enough to derive precise ppm concentrations for Stage 1 of Phase 3. It was
therefore decided, as part of the workflow, to utilize the calibrated concentration values
of GGD Amsterdam’s sensor instead of the ground truth to derive ground truth
measurements for the NO2-AE sensor. Upon using these methodologies, the
concentrations of the NO2-A43F and NO2-AE are derived and can be used as ground
truth readings to calibrate sensors on board a UAV for Stage 1 of Phase 3.
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4.3.1

Stage 1

Table 5 below indicates the error produced by each of the sensor readings, where FOT stands for front of truck, TOT is top of truck, TOC is
top of car, and RMSE is root mean square error. The unit for RMSE is in ppm.

Sensor

GT

NO2A43F
NO2A43F
NO2A43F
NO2AE
NO2AE
NO2AE

Calibrated
NO2-A43F
Calibrated
NO2-A43F
Calibrated
NO2-A43F
Calibrated
NO2-AE
Calibrated
NO2-AE
Calibrated
NO2-AE

Sensor
Placement
FOT

Model

TOT

MR

TOC

MR

FOT

MR

TOT

MR

TOC

MR

MR

Model
Components
AUX, WE,
RH, T, Speed
AUX, WE

Model pValue
< 2.2e-16
0.1951

AUX, WE,
RH, T
Calculated
Calculated,
RH
Calculated,
T, Speed

Model FStatistic

Predictive
R-Squared
0.4991

RMSE

1.687 on 2
and 52 DF

-0.0404

0.1092

1.057e-12

21.54 on 4
and 96 DF

0.4312

0.2217

2.889e-06

25.61 on 1
and 75 DF

0.2135

0.1962

< 2.2e-16

152.6 on 2
and 91 DF

0.7523

0.1194

< 2.2e-16

120.6 on 3
and 84 DF

0.7961

0.0624

39.15 on 4
and 128 DF

0.0507

As indicated in Table 5, the best location for calibrating electrochemical sensors while
on board an UAV for each sensor is the FOT for the NO2-A43F sensor and the TOC
for the NO2-AE sensor. These models have the lowest RMSE, and during each of these
locations, rotor speed is also a statistically significant addition to the model. Other
models performed very poorly, such as the TOT sensor placement for the NO2-A43F
sensor, which resulted in a very poor predictive r-squared. This is also the only model
where the any of the sensor signals are not statistically significant additions to a model.
4.3.2

Stage 2
In this second stage, the ground truth concentration is also derived from the best
performing model from Phases 1 and 2, which ended up being the models from the
indoor calibration phase. The ground truth here is the backpack and the intent is to
validate the plume map using the calibrated UAV sensors derived from the previous
stage. The calibrated UAV sensors are derived by applying the coefficients derived
from the best performing model in Stage 1. When the NO2-AE sensor is on board the
UAV, the NO2-A43F sensor is the ground truth, and vice-versa. Flight 3 had problems
processing the dataset, where the NO2-A43F sensor was mounted on the UAV and the
NO2-AE sensor was used as the ground truth.
Table 6: Validation phase for sensors, where the calibrated sensors are used as a ground truth for when
the other sensors are on board an UAV. The unit for RMSE is in ppm.

Flight #
4
5
6

UAV Sensor
NO2-A43F
NO2-AE
NO2-AE

GT Sensor
NO2-AE
NO2-A43F
NO2-A43F

RMSE
9.5584
0.7520
0.9384
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Table 6 above depicts the sensors that were used on board the UAV while the other
sensor was used as a validation sensor. The RMSE error is attributed to how well the
calibration of the first phase performs during a flight scenario detecting NO2 from an
emission source, taking into account rotor speed from the propellers as determined by
the best performing model from Stage 1. Figures 19, 20 and 21 present the mapped
plume during each of these zig zag flight experiments, where a calibrated NO2
concentration in ppm is presented in the bar graph on the right of each image and the
origin of the emission source is coming from the middle left corner of the graph. Each
of these flights also have the associated ground truth measurements for validation. In
these images, it can be seen that the NO2-A43F sensor detects much more NO2 than
the NO2-AE sensor. Also, when looking at a reading that is at 2ppm, it can be converted
to 2,000 parts-per-billion or approximately 3,720 µg/m3 for NO2, which is 94 times
the Netherlands’ national legal average.
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Concentration (ppm)
Figure 19: Flight 4 of Stage 2 during Phase 3 of calibration electrochemical sensors, where the NO2A43F sensor is mounted on the UAV. The bar on the far right (top) depicts NO2 concentration in partsper-million. The bottom graph shows the time series as compared to the ground truth dataset.
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Concentration (ppm)
Figure 20: Flight 4 of Stage 2 during Phase 3 of calibration electrochemical sensors, where the NO2A4E sensor is mounted on the UAV. The bar on the far right (top) depicts NO2 concentration in partsper-million. The bottom graph shows the time series as compared to the ground truth dataset.
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Concentration (ppm)
Figure 21: Flight 4 of Stage 2 during Phase 3 of calibration electrochemical sensors, where the NO2-AE
sensor is mounted on the UAV. The bar on the far right (top) depicts NO2 concentration in parts-permillion. The bottom graph shows the time series as compared to the ground truth dataset.
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4.4

Chapter Summary
This chapter has presented how calibrating electrochemical sensors can be
implemented in a geospatial context for producing reliable NO2 concentrations
through the use of UAV’s. The indoor calibration phase proved to be a far superior
calibration method, as originally presumed despite being in a controlled environment.
The NO2-AE sensor also appears to be more reliable when it comes to taking
measurements as opposed to the NO2-A43F sensor, which stopped recording for
unknown reasons during the outdoor calibration phase and generated problems during
Stage 2 of the UAV flight experiment in Phase 3. Importantly, the best performing
UAV calibration models are those where the UAV rotor speed is included in the model.
A further exploration on these results is provided in the next chapter.
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5
5.1

Discussion

Significance of Results for Calibrating Electrochemical Sensors on
Board an UAV
In a study that is further developed by this research, Man (2018) used such calibration
procedures to identify whether or not electrochemical sensors can be integrated with
UAV’s to detect NO2 and determined that wind has a significant effect on measuring
NO2. As part of Man (2018)’s concluding remarks, there were important problems
when trying to calibrate sensors in an outdoor and indoor environment. These
complications hindered the production of reliable results for Man (2018), but paved a
way for this research to think about how these calibrations should take place and can
use suggestions to make improvements for better results.
With the intent of expanding the spatial resolution of and capacity for detecting toxic
gases, this research has utilized a key calibration procedure provided by Mijling et al.
(2018) in outdoor and indoor experiments with an emphasis given to the integration of
using low-cost resources. It has also considered recommendations provided by Man
(2018), who faced problems when calibrating sensors in an outdoor and indoor
environment where measurements were taken at a location with very high temperature
and relative humidity and little to no NO2 emission. In each of the calibration phases
in this research, attention was given to each of these in order to optimize results. While
there are studies that have calibrated electrochemical sensors prior to their integration
in UAV experiments, none have considered using variables that account for potential
interference from UAV’s themselves.
As mentioned before, Bigi et al. (2018) has indicated that calibrating electrochemical
sensors is a unique process for every individual application. Villa et al. (2016) also
found that the optimal location of a gas sensor while mounted on an UAV is for it to
be as close to the gas being analyzed and being as far away from the propellers as
possible – suggesting the influence that rotor speed has on determining gas
concentrations. In response to these cases, this research has included rotor speed as an
independent variable to account for interference from a UAV when calibrating
electrochemical sensors for detecting NO2. Results show that this variable is a
statistically significant addition to the final model, indicating that rotor speed from an
UAV influences the overall concentration of NO2.
It should be noted here and explored further in the following chapter that while these
results help determine more accurate and reliable concentrations of NO2 while further
developing an understanding of the transport of gas to Alphasense sensors mounted on
the DJI Matrice 100 quadcopter, future research needs to be conducted in order to
optimize these results and to enable the integration of other types of gas sensors and
UAV’s. In other words, it is likely that the performance of the calibration models used
in these experiments would not perform well with other Alphasense sensors like the
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NO2-B43F sensor or using a different type of UAV where rotor speed would not
interfere with the sensor reading, which can be determined in future experiments.
5.1.1

UAV Calibration: Stage 1
The most significant finding of calibrating electrochemical sensors in the UAV
experiment is that the best performing calibration models for the NO2-AE and NO2A43F sensors are those that incorporate rotor speed. This provides some very useful
insight into the potential of adding other variables that might be interfering with the
sensor reading when using an UAV to detect gases with electrochemical sensors and
suggests that these models and calibration procedures should be further development
in order to optimize results. While this indicates that more accurate NO2 concentrations
can be determined by using rotor speed in a calibrated model when mounted on an
UAV, problems arose during the methodological procedure when utilizing the optimal
model of Phase 2 for calibrating the ground truth sensors in Phase 3 as indicated in the
previous chapter.
Not using the optimal model for calibrating the sensors in Phase 3 poses the other
problem of not having as accurate results as potentially possible. For example, as
indicated in the previous chapter, the NO2-A43F sensor derived ground truth
concentrations for Stage 1 using a simpler model which has a slightly higher error than
the optimal model and may be due to the complexity of the model or improperly
applied coefficients, which should be reviewed further in future research. In other
words, if the optimal model could be applied to the ground truth sensor reading, a
predictive r-squared might have been better than the 0.4991 seen in the optimal result
of Stage 1 in Phase 3.
As for the NO2-AE sensor, using a simple model with the ground truth dataset of Phase
2 was not suitable enough to derive precise ppm concentrations for Stage 1 of Phase
3. It was therefore decided, as part of the workflow, to utilize the calibrated
concentration values of GGD Amsterdam’s sensor instead of the ground truth to derive
ground truth measurements for the NO2-AE sensor. Moreover, calibrating the NO2AE sensor to GGD Amsterdam’s calibrated sensor poses a unique situation where the
ground truth in Phase 2 was not considered as a result of it producing a lower predictive
r-squared and a higher error, which is not the case for the NO2-A43F sensor. Indeed,
the only difference between the NO2-A43F and NO2-AE sensors are the range in which
they detect NO2. At this time, it can only be speculated that the cause of the NO2-AE
sensor not reacting to the ground truth as well as GGD Amsterdam’s calibrated sensor
is due to the NO2-AE sensor dependency on having higher readings than what the
ground truth provided.
Upon identifying the best testing location for calibrating electrochemical sensors while
on board an UAV (FOT, TOT, TOC), the final results show that the optimal models
are those where rotor speed is a statistically significant addition to the model. With the
results provided, it is not possible to see how these optimal models perform at their
respective locations without using rotor speed. For example, the best performing
model for the NO2-AE is at the TOC location with a predictive r-squared of 0.7961,
but the results do not show every other possible combination of variables – including
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those without rotor speed – at each and every location with their associated statistics
in order to emphasize optimal results and prevent lengthily discussion. For specifics
on each and every combination of variables at each location, please refer to the
associated scripts.
5.1.2

UAV Calibration: Stage 2
The goal of this stage is to validate the calibration conducted in the previous stage. It
is clear from the results that using the NO2-AE sensor as a ground truth presented a
very unreliable results with an error of 9.5584, though there is only one test conducted
in this manner to verify this. One argument for why this error is occurring can be due
to the NO2-AE sensor having a slightly higher error than that of the NO2-A43F during
the indoor and UAV calibration phases, which when used as a ground truth produces
results much further off than the NO2-A43F sensor.
However, when looking at the results more carefully, an average concentration of
around 11ppm for the NO2-A43F sensor during Flight 4 as compared to an average
concentration of around 2.2ppm for the NO2-AE sensor during Flights 5 and 6 when
using the same emission source and having ground truth sensors indicating a much
lower concentration than 11ppm reveals that the problem with the high error of 9.5584
might actually be due to problems calibrating NO2-A43F sensor for UAV experiments.
While the error is lower than that of the NO2-AE sensor in the results from Stage 1,
the NO2-A43F sensor also has a much lower predictive r-squared. This relatively low
predictive r-squared is also likely a result of the relatively low predictive r-squared
from the indoor calibration phase, which was used to calibrate the sensor in Stage 1.
Another indication for there being a concern with the NO2-A43F UAV calibration is
simply referring to each of the ground truth datasets for this stage and determining that
the average NO2 concentration is around 1.5ppm for each of the sensors.
Out of the three flights conducted in this stage, the results produced by Flight 5 are
particularly useful for reflecting on the importance of this research, where there is a
higher amount of detected NO2 closer to the emission source. While the other flight
patterns do not suggest that there were lower concentrations of NO2 closer to the
emission source due to what looks like evenly-spaced scattering, it makes sense to
have gas at higher concentrations near the emission source as indicated in Flight 5.
Simply detecting NO2 concentrations with these results further develops Man (2018)’s
research who sought to determine whether or not electrochemical sensors can be used
to detect gases while on board an UAV.
Other research such as Rüdiger et al., (2018) may also benefit from integrating these
calibration parameters in future experiments to detect volcanic gases. Even so, the
reason for Rüdiger et al., (2018) proclaiming that certain variables like temperature do
not have a dependence on the final output reading of the sensor is likely due to the type
of sensor being used and the type of gas that it is recording. As stated, this type of
research is in its infancy – where no other calibration for electrochemical sensors has
been done to account for interferences from an UAV – so more explorations must be
done on the type of electrochemical sensors (i.e. where they are manufactured) and
what types of gases they are sensing.
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5.2

Comparison Between Controlled and Uncontrolled Calibration
Environments
The main difference between outdoor and indoor calibration procedures is the ability
to control or not control the influences of exogenous factors like temperature,
humidity, other gases, or other variables. Despite these differences, the reliability and
accuracy of each calibration should produce the same results. In practice, however,
this is not the case. It has been shown in this research that conducting calibration
experiments in a more controlled environment produces results that are more reliable
than those conducted in a less controlled environment.
For example, as the experimental procedure has already indicated, the outdoor
calibration period had temperature ranging between 5-20 oC and relative humidity
ranging between 60% - 80%. While these readings are within the operational range of
each sensor, the continuous increase and degrease in temperature and relative humidity
likely had an influence in the overall performance of this calibration period. This may
have been the reason why the NO2-A43F stopped working under 24 hours into the
experiment. It is not known why this did not occur to the NO2-AE sensor, but it can be
speculated that its higher sensing range and slightly newer design are contributing
factors.
Furthermore, during the indoor calibration period and according to GGD Amsterdam’s
calibrated sensor, the temperature never changed more than 1 oC and the relative
humidity never changed more than 2%, both within the operational ranges of the NO2A43F and NO2-AE sensor readings. However, during a 14-minute period when the
relative humidity was at its highest, sensor readings for the NO2-A43F are considered
outliers as a result of being 1.5 IQRs below the first quartile of the readings or 1.5
IQRs above the third quartile of the readings, which further emphasizes the influence
that relative humidity has on the sensor readings. Also, this occurrence is within five
minutes of the adjusted NO2 concentration within the chamber, when the ppm was
raised from 0.045pp to 0.06ppm, which also suggests some correlation between
increasing relative humidity and raising the NO2 concentration within a calibration
chamber. This potential correlation should be inspected further.
The filtered temperature readings for the NO2-A43F sensor during this calibration
phase are between 31.5 oC and 31.6 oC, which is clearly higher than its suggested
operational range. However, unlike the outdoor calibration phase, temperature did not
change by much. While the sensor did not malfunction for unknown reasons as in the
outdoor calibration period, the results derived from the NO2-A43F sensor may not be
reliable and could have lead “to an increasingly negative concentration error” (p.3580)
when calibrating the sensors in Phase 3 as already mentioned by Cross et al. (2017)
who explained what happens when the temperature goes beyond 25 °C. Therefore, it
is likely that if an internal temperature reading of the NO2-A43F sensor were less than
30 degrees, the results from Phase 3 would be more reliable. The NO2-AE sensor
during this phase did not have such high readings, which may be a result of the internal
fan from the internal housing, thereby producing more reliable results than the NO2A43F sensor.
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While the UAV calibration phase encountered temperature and relative humidity
readings within the optimal range of operation for each of the sensors and the
experiments were only conducted within a day – much shorter than in Phase 1 leaving
out the possibility of problems with fluctuating temperature and relative humidity –
there are still external variables other than the UAV’s rotor speed that have not been
accounted for during this calibration procedure, making it another experiment
conducted in an uncontrolled environment. Like Phase 1, other external variables
include but are not limited to air pressure and wind. Future UAV calibration
experiments should therefore follow those conducted by Villa et al. (2016) with the
best performing models presented in this thesis research in order to have more control
of the environment.
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6

Conclusion

As part of fulfilling the main research objective, questions were asked to guide this
research, which are answered throughout the previous chapter and are outlined below.
The best models in each phase are considered throughout this reflection.
6.1

Phase 1 Questions
Q1: How does the calibration model perform in an uncontrolled environment?
Unfortunately, the NO2-A43F sensor stopped working for unknown reasons so a
reflection on its performance cannot be made during this calibration period. As for the
NO2-AE sensor, the optimal calibration model had a predictive r-squared of 0.7651
using a linear combination of only relative humidity, where adding temperature only
resulted in producing weaker statistics. It is expected that experiments conducted in an
uncontrolled environment may produce unreliable results, which can be a result of the
outdoor housing that was implemented or from the interference of other exogenous
variables.
Q2: How reliable are these measurements?
Firstly, the reliability of these measurements is as good as what is revealed by the
statistical outputs. From the results that it has produced, it is unlikely that using the
coefficients derived from this calibration model would produce reliable results, which
is the intent of calibration. Secondly, and more important, even if there are strong
statistical outputs for the model – such as a relatively high r-squared, p-value, and fstatistic – the reliability of these measurements is also only as good as how well these
sensors have been managed and whether or not other aspects of using electrochemical
sensors for gas detection have been considered. For example, as previously mentioned,
the housing or placement of the sensor next to the ground truth might be interfering
with the sensor reading. Further exploration on how to determine the overall reliability
of these sensor measurements within the Phase 1 calibration procedure can be done by
comparing the manufacturers calibration model to the best model used in this phase
and compare each value with a ground truth.

6.2

Phase 2 Questions
Q3: How does the calibration model perform in a controlled environment?
As a reiteration of what has already been discussed, the main difference between
outdoor and indoor calibration procedures is the ability to control or not control the
influences of exogenous factors like temperature, humidity, other gases, or other
variables. Prior to commencing this phase, it was expected that the indoor calibration
procedure would perform better than the outdoor calibration procedure due to this
ability to control the influences of exogenous factors that might be influencing the
sensor reading. It is clear from the results and discussion that many problems are
associated to the temperature and relative humidity, which is already known to have
significant effects on the sensor readings. Also, there were two data sources to calibrate
the sensors with, so the potential of a successful performance was increased.
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Q4: How reliable are these measurements?
Already mentioned, the reliability of these measurements is as good as what is revealed
by the statistical outputs. From the results that it has produced, it is likely that using
the coefficients derived from this calibration model would produce reliable results,
which is the intent of calibration. Also, even if there are stronger statistical outputs for
the model – such as a relatively high r-squared, p-value, and f-statistic – the reliability
of these measurements is also only as good as how well these sensors have been
managed and whether or not other aspects of using electrochemical sensors for gas
detection have been considered.
In the case of the indoor experiment, the reliability may have been significantly altered
due to exposing the sensors to other gases prior to calibrating them to NO2. Also
discussed is how high the internal temperature readings were for the NO2-A43F sensor,
which should have been lower and might be contributing to “an increasingly negative
concentration error” as explained by Cross et al. (2017, p. 3580). Further exploration
on how to determine the overall reliability of these sensor measurements within the
Phase 2 calibration procedure can be done by performing the exact same tests without
exposing these sensors to other gases in a cooler environment and identify whether or
not there is a correlation between the coefficients derived from a second experiment
and those derived from this experiment carried out in this research.
Despite having the potential of unconsciously influencing the sensor reading, this
phase still had calibration models that performed much better than Phase 1, which is
determined by the associated statistics. These results are therefore more reliable than
those in Phase 1 and was the reason for using the derived coefficients for calibrating
the sensors in Phase 3.
6.3

Phase 3 Questions
Q5: How does the calibration model perform in an uncontrolled environment taking
into consideration UAV rotor speed?
As already explored, the most significant finding of calibrating electrochemical
sensors in the UAV experiment is that the best performing calibration models for the
NO2-AE and NO2-A43F sensors are those that incorporate rotor speed. As a
comparison between the other models, this provides important insight into the addition
of variables like rotor speed when calibrating electrochemical sensors for use on board
UAV’s.
Q6: How reliable are these measurements?
Firstly, as previously indicated, the reliability of these measurements is as good as
what is revealed by the statistical outputs. From the results that it has produced, it is
unlikely that using the coefficients derived from this calibration model would produce
reliable results, which is the intent of calibration. Secondly, and more important, even
if there are strong statistical outputs for the model – such as a relatively high r-squared,
p-value, and f-statistic – the reliability of these measurements is also only as good as
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how well these sensors have been managed and whether or not other aspects of using
electrochemical sensors for gas detection have been considered.
For example, as previously presented by Mead et al. (2013) and Cross et al. (2017),
while temperature and relative humidity are considered to have a so-called first-order
of effects to the sensor reading when it comes to measuring gas concentrations, drift
in sensitivity over time has a so-called second-order of effects. This is a crucial
component to determining the reliability of the outputs for this phase and not so much
during the other calibration periods because Phase 1 and Phase 2 occurred immediately
after one another. Phase 3, however, occurred several months after Phase 2 occurred,
so the coefficients used to determine ground truth readings in Phase 3 are certainly not
as good as they could have been if either Phase 3 was conducted at an earlier date or a
recalibration phase was conducted in between Phase 2 and Phase 3.
While this phase also suggests that more accurate NO2 concentrations can be
determined by using rotor speed in a calibrated model when mounted on an UAV,
other problems arose during the methodological procedure when utilizing the optimal
model of Phase 2 for calibrating the ground truth sensors in Phase 3 as indicated in the
previous chapter. Not using the optimal model for calibrating the sensors in Phase 3
poses the other problem of not having as accurate results as potentially possible, which
has already been discussed in detail.
Q7: How do the calibration procedures compare with one another?
Chapter 5.2 answers this in detail, though the main point is that the first calibration
phase as compared to the indoor experiment reveals that calibrating sensors in a
controlled environment provides statistically significant models that can be used to
calibrate electrochemical sensors for integrating on board an UAV. Even so, it is
beneficial to calibrate sensors in each of these environments in order to account for
exogenous variables that might be interfering with the sensor reading that is normally
not picked up in traditional indoor calibration techniques. The reason for the outdoor
calibrations’ relatively weaker performance might have been due to the fact that the
sensors were not calibrated in an indoor environment first accounting for such
exogenous variables. Making this arrangement might improve future outdoor
calibrations, including those with UAV’s.

61

6.4

Main Research Question
As outlined in the introduction to this research, air quality networks are inherently
sparse due to various instances, which can be a concern for areas that are not within
their proximity. UAV’s offer a unique solution to this problem by being able to detect
harmful gases in areas that are not within this monitoring network. The objective of
this research was to therefore execute and evaluate indoor and outdoor calibration
methodologies to convert signals from the Alphasense NO2-A43F and NO2-AE
electrochemical sensors into ppm concentrations and create a new model for UAV
applications, indirectly expanding the spatial resolution of and capacity for detecting
NO2 in areas – like urban communities – that currently do not have the means to do
so. The methodology of this research was broken down into three phases that reflected
how each calibration model performs in outdoor (Phase 1), indoor (Phase 2), and UAV
(Phase 3) environments. The associated research question, beyond those previously
discussed, is whether or not this can be implemented.
In a reference to the results and discussions, it is clear that this objective has been met,
thereby answering this research question that it is in fact possible to execute and
evaluate indoor and outdoor calibration methodologies to convert signals from the
Alphasense NO2-A43F and NO2-AE electrochemical sensors into ppm concentrations
and create a new model for UAV applications, indirectly expanding the spatial
resolution of and capacity for detecting NO2.
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7

Recommendations

While these results help determine more accurate and reliable concentrations of NO2
while further developing an understanding of the transport of gas to Alphasense
sensors mounted on the DJI Matrice 100 quadcopter, future research needs to be
conducted in order to optimize these results and to enable the integration of other types
of gas sensors and UAV’s. For this to take place, there are several components that
need to be addressed. Before anything else, it is suggested that an in-depth review of
the data is conducted to identify any abnormalities in data analysis. For example,
problems arose during Stage 3 when using the best performing NO2-A43F model from
Stage 2. The final results for the NO2-A43F sensor presented here also appear to have
inconsistencies with what is depicted in the ground truth measurements of the other
sensor. These issues might simply be the result of improperly designated coefficients
for the final calibration model – a clerical error. Items like this or any other
underreported inconsistencies should be reviewed in further detail that may have been
overlooked.
For the purposes of this research, executing the outdoor and indoor calibration phases
in the order that they were conducted did not influence the results because Phase 1 and
Phase 2 acted as independent calibration procedures. However, a benefit would come
from executing the indoor calibration phase prior to the outdoor calibration phase
despite this having a greater reliability of calibrating these sensors. Another model can
then be created in order to combine the parameters set from the indoor calibration with
an outdoor calibration, thereby accounting for both controlled and uncontrolled
environments and theoretically enhancing the sensor reading as opposed to if they were
calibrated in only one environment.
While the intent of the Environment S.A. AC32 E-series particulate analyzer was to
mitigate the flow of gases in and out of the chamber in Phase 2, it is likely that some
gas that the sensors are particularly sensitive to was still left over in the container and
influenced these final readings. In the short term, future calibration procedures for an
indoor calibration experiment should only include the target gas. Indeed expensive,
long-term system setups for an indoor calibration procedure should incorporate similar
exposure chambers to those used in support of the AirSenEUR platform. The potential
positive correlation between relative humidity and NO2 should also be inspected
further in these indoor testing environments.
During the outdoor calibration phase, it is very likely that the outdoor housing used
had some level of influence on the recording of the sensors. Future experiments where
sensors are calibrated outdoors should either be done during a time when whether is
not going to be a problem, which is hard to predict, or another housing should be used
that appears to have a better setup.
For the UAV calibration phase, several suggestions can be applied. Firstly, UAV’s
wind speed is the only additional variable used to calibrate the sensors. Similarly to
what can be added in an outdoor calibration phase, other variables like wind and
pressure can be used to better account for external variables that might be influencing
the sensor reading. More importantly to this is the process by which the sensors are
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calibrated. For instance, there should be at least more than one day dedicated to
calibrating the sensors on board the UAV, where multiple flights can take place for
calibrating each sensor. Other experiments can test other locations around the emission
source and use the denuder for siphoning desired gases, which might favor results if
directly connected to the sensor as seen in Rüdiger et al., (2018). Upon following all
of these recommendations, other sensors or drones can be used in order to identify how
well each of these models perform between different sensing designs. Machine
learning techniques can also be used instead of regression models for calibration.
In order to optimize the calibration of electrochemical sensors, it is important to not
only consider drift as another component but also numerous recalibration phases
throughout the entire year. These numerous calibration phases, in addition to the
consideration of drift, will likely not only improve the model but also provide more
information for a time series analysis.
Despite all of these general recommendations, perhaps the most significant
recommendation of all that would serve as a next step for expanding the spatial
resolution and capacity for detecting toxic gases. After following these general
guidelines and validating results, it is suggested that future experiments are then
conducted in areas that require more information about local air quality, where
stationary sensors are lacking.
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9.1

Appendices

Appendix A – NO2-AE Sensor: Data Specification Sheet
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9.2

Appendix B – NO2-A43F Sensor: Data Specification Sheet
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9.3

Appendix C – More Sensor Specifications

Sensor Type
Serial Number
WE Electronic Offset, WE (mV)
WE Sensor Zero, WE (mV)
Total WE Zero offset, WE (mV)

Sensor 1
NO2 - A43F
212560057
279
-3
276

AE Electronic Offset, AE (mV)
AE Sensor Zero, AE (mV)
Total AE Zero offset, AE (mV)

289
-1
288

Sensitivity (nA/ppb)*
Sensitivity NO2 (nA/ppb)
PCB Gain (mV/mA)
Sensitivity (nV/ppb)
Sensitivity NO2 (mV/ppb)
* at 101 kPa, 23 (±2) °C, 40 (±15) %RH

-0.378
-0.378
-0.73
0.275
0.275

Sensor Type
Serial Number
WE Electronic Offset, WE (mV)
WE Sensor Zero, WE (mV)
Total WE Zero offset, WE (mV)

Sensor 2
NO2 – A43F
212090325
284
-8
276

AE Electronic Offset, AE (mV)
AE Sensor Zero, AE (mV)
Total AE Zero offset, AE (mV)

295
-1
294

Sensitivity (nA/ppb)*
Sensitivity NO2 (nA/ppb)
PCB Gain (mV/mA)
Sensitivity (nV/ppb)
Sensitivity NO2 (mV/ppb)
* at 101 kPa, 23 (±2) °C, 40 (±15) %RH

Sensor Type
Serial Number
WE Electronic Offset, WE (mV)

-0.302
-0.302
-0.73
0.220
0.220

Sensor 3
NO2 – A43F
212090326
290

74

WE Sensor Zero, WE (mV)
Total WE Zero offset, WE (mV)

-7
283

AE Electronic Offset, AE (mV)
AE Sensor Zero, AE (mV)
Total AE Zero offset, AE (mV)

391
-2
289

Sensitivity (nA/ppb)*
Sensitivity NO2 (nA/ppb)
PCB Gain (mV/mA)
Sensitivity (nV/ppb)
Sensitivity NO2 (mV/ppb)
* at 101 kPa, 23 (±2) °C, 40 (±15) %RH

9.4

-0.312
-0.312
-0.73
0.227
0.227

Appendix D – Outdoor Calibration: Raw, Unfiltered, Hourly
Averaged Data

Figure D.A: Raw, unfiltered, hourly averages of the auxiliary and working (signal) electrodes (left of
graph) for the four-electrode NO2-A43F sensor and the ground truth in ppm (right of graph) during the
first nineteen hours of the outdoor calibration phase.
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Figure D.B: Raw, unfiltered, hourly averages of temperature and relative humidity for the four-electrode
NO2-A43F sensor during the first nineteen hours of the outdoor calibration phase.

Figure D.C: Raw, unfiltered, hourly averages of the auxiliary electrode and a calculated ppm value (left
of graph) for the three-electrode NO2-AE sensor and the ground truth in ppm (right of graph) during the
outdoor calibration phase.
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Figure D.D: Raw, unfiltered, hourly averages of temperature and relative humidity for the threeelectrode NO2-AE sensor during the outdoor calibration phase.

9.5

Appendix E - Indoor Calibration: Raw, Unfiltered, Hourly
Averaged Data

Figure E.A: Temperature (T) and Relative humidity (RH) from GGD Amsterdam during indoor
calibration phase from 8:00 – 12:00 on December 11, 2018. It is clear that the T and RH was very stable
throughout the entire calibration phase.
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Figure E.B: Raw, unfiltered, ten second averages of the auxiliary and working (signal) electrodes (left
of graph) for the four-electrode NO2-A43F sensor and the ground truth in ppm (right of graph) during
the indoor calibration phase.

Figure E.C: Raw, unfiltered, ten second averages of temperature and relative humidity for the fourelectrode NO2-A43F sensor during the indoor calibration phase.
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Figure E.D: Raw, unfiltered, ten second averages of the auxiliary electrode and a calculated ppm value
(left of graph) for the three-electrode NO2-AE sensor and the ground truth in ppm (right of graph) during
the indoor calibration phase

Figure E.E: Raw, unfiltered, ten second averages of temperature and relative humidity for the threeelectrode NO2-AE sensor during the indoor calibration phase.
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9.6

Appendix F – Outdoor Calibration Results

Figure F.A: Results for the NO2-AE sensor during the outdoor calibration phase.
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Correlation

Correlation
Figure F.B: Pearson correlation of all variables during Split 3 (top) and during Split 2 (bottom right) of
Phase 1 where there is a stronger correlation between the calculated NO2-AE sensor reading and the
ground truth (GT) than during Split 3, though the associated predictive r-squared of Split 2 is much
lower and also produces calibrated values much further off than desired for calibrating electrochemical
sensors.
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9.7

Appendix G – Indoor Calibration Results

Figure G.A: Results for the NO2-A43F sensor during the entire calibration phase of the indoor
calibration phase using GGD Amsterdam’s NO2 sensor for calibration.

Figure G.B: Results for the NO2-AE sensor during Split 2 of the indoor calibration phase using GGD
Amsterdam’s NO2 sensor for calibration.
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Figure G.C: Results for the NO2-A43F sensor during entire calibration period for the indoor calibration
phase using the Environment S.A. AC32 E-series ground truth for calibration.

Figure G.D: Results for the NO2-AE sensor during Split 3 of the indoor calibration phase using the
Environment S.A. AC32 E-series ground truth for calibration.
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Correlation

Correlation

Correlation

Correlation

Figure G.E: Correlations between NO2-AE sensor variables when using Environment S.A. AC32 Eseries ground truth for calibration (left) and NO2-AE sensor variables when using GGD Amsterdam
NO2 sensor (right) for calibration.

Figure G.F: Correlations between NO2-A43F sensor variables when using Environment S.A. AC32 Eseries ground truth for calibration (left) and NO2-AE sensor variables when using GGD Amsterdam
NO2 sensor (right) for calibration.
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