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Preface

It is my pleasure to announce to the scientific community the launch of a new Special Issue of

Atmosphere, connected to the emerging research area of low-cost environmental sensors (LCSs). These

pocket-sized, lightweight devices are currently receiving growing interest and usage in atmospheric

research, due to their ease of use in field applications.

This Special Issue incorporates ten research papers, written by 37 authors working in various

countries (Belgium, Bosnia and Herzegovina, Brazil, Cuba, Hungary, Japan, Thailand, Uganda, and the

United States), located on five continents (Africa, Asia, Europe, North America, and South America).

This geographical broadness also indicates worldwide interest in research on LCSs in regions with

various urban environments and resources.

The topics discussed in this collection of articles address a couple of interesting and important

scientific issues, including high temporal resolution monitoring of aerosols (PM1, PM2.5, PM10, black

carbon) and a variety of gaseous air pollutants (CH2O, CO2, NO2, O3, SO2, and VOC), low-cost and

high-end laboratory and field calibration methods, the effects of environmental variables, such as

ambient T and RH on accuracy, assessment of the measurement error, correction procedures for bias,

drone-assisted sampling for mobile emission sources, development and use of LCSs in city-scale

networks for real-time spatial pollutant mapping utilizing user-friendly interfaces, and the monitoring

of indoor and outdoor air quality to identify emission sources in undisturbed and construction-related

urban environments. Some of the research papers demonstrate fruitful international cooperation

between developed and developing regions. There is no doubt that studies with LCSs are among

the flourishing areas of atmospheric research and will likely remain so in the future. I am pleased

to recommend this Special Issue to any scientist or engineer devoted to the R&D of environmental

sensors. I would like to take this opportunity to express my sincere gratitude to the authors for their

valuable scientific contributions, and to my co-workers (Anne Hu and Phoebe Ma) for their assistance

at the journal Atmosphere.

László Bencs

Guest Editor
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A Low-Cost Calibration Method for Temperature, Relative
Humidity, and Carbon Dioxide Sensors Used in Air Quality
Monitoring Systems

Rosa Amalia González Rivero 1, Luis Ernesto Morera Hernández 1, Olivier Schalm 2,*,

Erik Hernández Rodríguez 1, Daniellys Alejo Sánchez 1, Mayra C. Morales Pérez 1, Vladimir Nuñez Caraballo 3,

Werner Jacobs 2 and Alain Martinez Laguardia 1

1 Department of Chemistry, Universidad Central “Marta Abreu” de Las Villas, Road to Camajuaní Km 5.5,
Santa Clara 54830, Villa Clara, Cuba

2 Antwerp Maritime Academy, Noordkasteel Oost 6, 2030 Antwerpen, Belgium
3 Meteorological Center, Marta Abreu Street, Santa Clara 50100, Villa Clara, Cuba
* Correspondence: olivier.schalm@hzs.be

Abstract: Low-cost sensors provide an affordable alternative to monitor environmental parameters
with acceptable performance. There is a substantial amount of literature where low-cost sensors are
compared with high-end reference measurements. However, not all organizations have access to
such reference infrastructure. We propose low-cost calibration methods for temperature, relative
humidity, and CO2 to allow them to collect their own reliable data. These methods are based on
simple techniques and procedures that allow temperature calibration to be achieved in the range of 0
to 50 ◦C, relative humidity from 0 to 90%, and CO2 between 0 and 1100 ppm. The materials used to
create the calibration setups can be purchased online, at hardware stores, and in pharmacies. The
reliability of the calibration methods was evaluated using several indicators, such as the airtightness
of the calibration box, similarity with the factory calibration, similarity with the reference, similarity
between different sensors, replicability of the calibration method, and the similarity with a golden
standard. In addition, the results of the low-cost calibration methods were compared with the more
advanced calibration methods. A short measurement campaign in the city of Santa Clara, Cuba,
demonstrated that such calibrations transform in-house developed monitoring systems into valid
low-cost scientific instruments for decision-making. This work creates opportunities for institutions
and researchers hosted in low- and mid-income countries to build and validate their own equipment
to reliably solve local problems.

Keywords: low-cost sensors; low-cost calibration; temperature; relative humidity; carbon dioxide

1. Introduction

Due to the increase in anthropogenic emissions of pollutants into the atmosphere, the
evaluation of ambient air quality has become an important environmental concern during
the last decades [1–5]. Many countries have a network of reference monitoring stations
that measure air quality in real time. However, the high installation and maintenance
costs of these stations mean that low- and middle-income countries are less covered by
such stations. In those regions, alternative technologies such as low-cost monitoring
systems can be used instead [6–10]. Some define a low-cost sensor as <$100 and a low-
cost monitor consisting of one or more sensors and communication/data components as
<$1000 [11]. The need for low-cost monitoring devices also exists in specific sectors in high-
income countries. For example, temperature (T) and relative humidity (RH) monitoring
in museums, archives, or churches are critical to assess the aggressiveness of ambient air
toward heritage objects [12–15]. Unfortunately, investments in measuring instruments are
frequently limited by the available budgets [16]. Another example is the reduction of the
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risk of losing expensive instruments by attaching low-cost devices (e.g., the Ozonesonde) to
a weather balloon for measuring environmental parameters at high altitudes [17,18]. With
the low-cost open hardware technology that exists on the market, citizens and pupils can
build their own monitoring systems to measure the local air quality of their interest [19].
Several citizen science platforms such as Sensor. Community or PurpleAir are currently
used in research [20–23].

Scientific literature regarding the use of low-cost sensors is growing. A search in the
database of ScienceDirect resulted in around 500 hits for 2021 when using the keyword
“low-cost sensor”, including several reviews [24–29]. It is striking that quite a few pub-
lications emphasize the (calibration) limitations and the performance problems of such
sensors [30–32]. These studies demonstrate that such sensors do not achieve the same data
quality as obtained by reference methods, which is to be expected. In contrast to this
negative way of evaluating low-cost sensors, one can also evaluate the possibilities of such
technology and show how they can be used to build low-cost scientific instruments that
are good enough to evaluate air quality [33]. Sensors and calibrations are complementary
and equally important. The search for literature in ScienceDirect using the term “low-cost
calibration” resulted in only four hits for 2021, and only one was related to air quality [34].
This suggests that the popularity of comparing low-cost sensors with state-of-the-art tech-
nology is higher than the development of low-cost calibration methods for low-cost sensors.
This work aims to develop low-cost calibration methods so that institutes or areas without
access to high-end equipment can perform their own reliable measurement campaigns.

The calibration of low-cost sensors with state-of-the-art reference instruments and
the calibration of low-cost sensors with low-cost calibration methods correspond to the
distinction between maximizers and satisficers [35]. A maximizer is someone who wants
only the very best and who strives to make a choice that will give them the maximum benefit
later on. One evaluates all possible options before one makes a decision. A satisficer is
someone who makes a decision or takes action as soon as an option meets his criteria. Once
one has found the option that is good enough, one stops his quest for better alternatives. A
satisficer does not necessarily settle for mediocrity. His criteria can be very high, but as soon
as one finds a low-cost scientific instrument that has the qualities he wants, one is satisfied.
What he wants is an air quality monitoring system at a low-cost with high reliability that
provides data that can be used by decision-makers who are responsible for improving
the air quality. To obtain such a system, the satisficer can enhance the reliability of the
monitoring system with a restricted budget by suppressing noise or removing spikes in the
acquired data using data processing techniques. Another way to improve the data quality
is to calibrate the sensors with low-cost methods. However, such calibration methods have
been rarely mentioned in the literature.

A maximizer will only be satisfied when one can perform his analyses with the
best possible measuring instruments that are available on the market [36]. When one is
obliged to use low-cost sensors, one will strive for sensor calibration using state-of-the-art
technology. He will compare sensors with reference measurements in laboratory conditions
where environmental parameters are changed in a controlled way [37,38]. An alternative
comparative test is to perform co-location experiments near national air quality measuring
stations, where pollutants in the air are determined with sufficient accuracy [20,39,40].
Reference instruments can also be built inside a van to make them mobile so that co-
location experiments can be performed at any location that is needed [41,42]. Different
kinds of calibration procedures are applied to the parallel measurements performed in a
laboratory or in co-location [9,28,43]: simple linear regression, multi-linear regression [44],
or machine learning [10,45,46] methods. A drawback of the maximizer’s methods is that
his way of working is impossible when one has no access to high-end equipment. In
addition, the advantages of low-cost sensors decrease when expensive calibration methods
are required.

This contribution focuses on the satisficer’s way of thinking, where data quality
obtained by low-cost sensors is improved without the aid of expensive state-of-the art
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equipment. For example, the T inside a closed box can easily be manipulated using
a heater or a Peltier cooler, while a simple glass thermometer acts as the reference de-
vice. The RH in a sealed container can be changed in a controlled way using satu-
rated salt solutions [16,47–54]. An alternative method to control the RH is with glycerol
solutions [55–60], which appear to be more convenient because one product can generate
any kind of RH. For CO2, methods to generate small but known amounts of gas using
disposable medical equipment, such as plastic syringes, have been reported [61]. The
setup proposed in this contribution can also be used to generate NO2 and SO2 in small but
known amounts [62]. For gaseous pollutants, ambient air analyzed with classical methods
of wet chemistry analysis, such as titrations [63], turbidity [64], colorimetry [65–68], or
fluorimetry [69], can be used as a reference measurement. In addition, several indicators
(e.g., airtightness of the closed box) are defined, which gives an insight into the reliability
of the calibration methods. Further to the development of low-cost calibration methods
for T, RH, and CO2, the usefulness of the calibration methods is illustrated in a case study
where these parameters were monitored at several locations in the city of Santa Clara,
Cuba. The measurement campaigns illustrate that in-house developed monitoring systems
can be used to generate reliable and useful data without the need for expensive reference
measurement devices, even when the quality of the collected data is most probably lower
than that of reference instruments.

2. Materials and Methods

2.1. Sensors Used with the Low-Cost Monitoring System

The low-cost monitoring system that was used in the experiments consisted of an Ar-
duino MEGA2560 (provided by Tinytronics, Eindhoven, The Netherlands) as the computer
unit and interface board, a real-time clock, and an SD-card for data storage. The total price
of the monitoring system was below €200. More information about the monitoring system
can be found elsewhere [70–72]. Different sensors were coupled to the monitoring system
during the calibration experiments (see Table 1). To distinguish the five different AM2315
sensors (provided by Tinytronics, Eindhoven, The Netherlands) that were used, a number
was attributed to them.

Table 1. Overview of the sensors and calibration experiments performed in this work. The sensor
numbers (nr.) are used in Figures 7–13.

Nr. Sensor Parameter Calibration Method Experiment Location Calibration Data

1 AM2315 T Low-cost calibration Figure 7 Cuba 8 December 2020

2 AM2315 T Low-cost calibration Figure 7 Cuba 8 December 2020

3 AM2315 T Controlled climate chamber Figure 8 Belgium 28 October 2021–2
November 2021

4 AM2315 T Controlled climate chamber Figure 8 Belgium 28 October 2021–2
November 2021

5 AM2315 T Low-cost calibration, heating Figure 9 Belgium 22 November 2022

6 BME280 T Low-cost calibration, heating Figure 9 Belgium 22 November 2022

1 AM2315 RH Low-cost calibration Figure 10 Cuba 21 September 2020–24
September 2020

2 AM2315 RH Low-cost calibration Figure 10 Cuba 21 September 2020–24
September 2020

3 AM2315 RH Controlled climate chamber Figure 11 Belgium 28 October 2021–2
November 2021

4 AM2315 RH Controlled climate chamber Figure 11 Belgium 28 October 2021–2
November 2021
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Table 1. Cont.

Nr. Sensor Parameter Calibration Method Experiment Location Calibration Data

7 COZIR-A CO2 Low-cost calibration Figure 12 Cuba 28 October 2020

8 COZIR-A CO2 Low-cost calibration Figure 12 Cuba 28 October 2020

9 COZIR-A CO2 Low-cost calibration Figure 13 Cuba 27 April 2022

10 SCD30 CO2 Low-cost calibration Figure 13 Cuba 27 April 2022

2.2. Design of a Low-Calibration Laboratory

A low-cost calibration laboratory that can evaluate T, RH, and gas (i.e., CO2, but other
gasses such as NO2 or SO2 are also possible with the setup) requires an investment between
€1000 and €1500. The prices mentioned in Table 2 are per individual item, but in some
cases, the items can only be purchased in larger boxes (e.g., syringes). Other items such
as the plastic box can be used in other calibration setups. Medical disposables were also
reused several times. It should be noted that the low-cost calibration methods are more
labor-intensive. How the items were used to build the calibration setups are shown in
Figures 1–4.

Table 2. Components that are needed to build the calibration setups shown in Figures 1–4. Medical
disposables were locally purchased from a medical supplier.

Role Provider Description Amount Price (€)

General purpose

Amazon (München,
Germany)

Hot glue gun to close holes and attach components
and glue sticks 1 30

Amazon Gimlet drill set with a diameter of 2.5–5 mm to make
holes in the plastic box 1 10

VWR (Leuven, Belgium) Precision balance SE 422 with readability of 0.01 g
(inv. nr. 611-3299) 1 350

Temperature
calibration

Ikea (Antwerp, Belgium) Food container with lid, 5.2 l (inv. nr. 692.768.07) 1 8

Amazon Digital LED Thermostat Temperature Controller with
Sensor Probe, MH1210A Mini (12 VDC) 1 18

Amazon Axial fan SUNON 12 VDC, 0.58 W, 60 × 60 × 15 mm
(inv. nr. MF60151V31000UA99) 2 7

RS online (Brussels,
Belgium)

RS PRO Mica Heating Pad, 80 W, 230 V AC (inv. nr.
790-4842) 1 34

VWR Glass thermometer with range 0–70 ◦C (inv. nr.
620-0889) 1 56

Amazon WiMas Peltier TEC1-12706 Thermoelectric Cooler 1 23

Relative humidity
calibration

Sigma Aldrich
(Darmstadt, Germany)

Glycerol ReagentPlus, ≥99.0%, 1 L (inv. nr.
G7757-1L) 1 103

VWR Blaubrand Calibrated pycnometer of 10 mL (inv. nr.
614-0702) 1 53

VWR Petri dish in glass with a diameter of 150 mm 1 16

4
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Table 2. Cont.

Role Provider Description Amount Price (€)

Gas calibration

Pressure connection tube, 1.5 × 2.8 mm, Luer
lock connector 1 1

Amazon
Polytetrafluoroethylene (PTFE)/Teflon tube with an

outer diameter of 6 mm and an inner diameter
of 4 mm.

1 13

Amazon DEWIN Micro Vacuum Pump, Mini Motor for Air
Pump, DC 12 V 1 12

Mouser, Eindhoven,
Netherlands

DIN-Rail Power Supply of Traco power 88%, 12 V,
6.7 A, 80 W, Adjustable (inv. nr. TIB 080-112EX) 1 108

VWR Gas washing bottles, Drechsel pattern, VitraPOR®

(inv. nr. ROBU40100)
2 82

VWR U-shaped drying tube in glass with a length of
100 mm (inv. nr. LENZ05339010) 1 24

VWR Supelco silicagel of 1 kg in a glass bottle (inv. nr.:
717185-1KG) 1 93

Gas production

Amazon Terumo syringe, Luer lock, no needle, volume: 5 mL,
box of 100 1 14

3-Way Blue Sterile Stopcock for Intravenous Drips 2 1

Minimum volume extension tube, 180 cm, Luer Lock,
Dead Space = 1.2 mL 1 3

Figure 1. Schematic representation of the setup for the T calibration of the AM2315 sensor. (a) Cali-
bration of the lower temperatures relative to room T using a cooling process. (b) Calibration of the
higher temperatures using a heating process.

Figure 2. Schematic representation of the calibration setup for RH with AM2315 sensor.

5
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Figure 3. Setup to calibrate a CO2 sensor and the circuit to remove ambient CO2 inside the box.

Figure 4. The three critical steps in the production process of CO2 gas and the position of valves A
and B for each step.

2.3. Temperature Calibration

Several calibration experiments were performed in a laboratory located in Santa Clara,
Cuba. For these experiments, the average air T and RH were 27 ◦C and 64%. The calibration
of the T parameter of the AM2315 sensors was performed in two stages: (1) the cooling of
the ambient air inside a Styrofoam box filled with smaller pieces of Styrofoam, leaving only
a small volume for the sensors and the reference glass thermometer (Figure 1a) using a
Peltier cooler so that the T decreases from room T (26 ◦C) down to 0 ◦C; and (2) the heating
of ambient air in a closed plastic box (Figure 1b) by placing a mica heater inside the box that
is coupled to a thermostat so that the T rises from room T to 50 ◦C. A glass thermometer
acts as a reference device to measure the T inside the box. During the experiment, the
sensor readings were registered by the low-cost data logger. Meanwhile, the T of the
glass thermometer was visually determined and their values were written down with
the corresponding timestamp in a laboratory notebook. Both time series were merged
by selecting the sensor reading with the same timestamp as the measured value of the
glass thermometer. The calibration curves were determined by processing the data in
Microsoft Excel.

6
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2.4. Relative Humidity Calibration

Pure glycerol in a closed box generates a RH of 0%; pure water generates a RH of
100%. The density of the glycerol solution taken from the bottle (Sigma Aldrich, 99%) was
determined with a pycnometer (i.e., 1.25960 g/mL) and its density corresponded with a
RH of 12.73% (detailed information about the calculations of the corresponding RH can
be found in the Supplementary Material). This was the minimum RH in the calibration
experiment. Six solutions with glycerol concentrations of 99, 80, 70, 50, 40, and 0 vol% were
prepared to perform a series of experiments with increasing RH. The solutions with higher
glycerol concentrations resulted in a drying effect of the ambient RH conditions in the
calibration box (ambient conditions during the calibration session were about 60–95%); the
solution with high water content resulted in humidification. The pure glycerol solution took
about 6 h before the RH in the box reached its equilibrium. The time that the calibration
box reached equilibrium became shorted with the increasing water content in the mixture.

The experiments were carried out inside a plastic box of 6.27 L closed with a plastic
lid. A closed container with a volume larger than 1 L should contain a fan [53]. A Petri dish
of 15 cm diameter containing a glycerol solution of 380 mL was placed at the bottom of
the box. The Petri dish guarantees a large surface of the solution to allow free diffusion of
water. A grid was placed on top of the Petri dish. The sensor was placed on top of that grid.
The box also contained two PC chassis fans to assure the homogeneity inside the box and to
speed up the moisture exchange between air and glycerol solution so that equilibrium was
reached faster (Figure 2). For each experiment, the sensor signal was registered over time
and stopped once the signal remained constant for at least 1 h. For the six experiments,
the measured and theoretical concentrations determined from the density of the glycerol
solutions were brought together in Microsoft Excel to generate the calibration curve.

2.5. Calibration of Gas Sensors

The calibration of the gas sensors was performed inside the same plastic box as used
in the RH calibration experiment. The box contained two PC chassis fans to homogenize
the air inside the calibration box. For CO2, the box contained the appropriate sensor that
was coupled to the monitoring device. Before the calibration experiments started, the CO2
concentration in ambient air and also inside the closed box was measured. The box was
also coupled to a closed circuit that could remove the CO2 in the ambient air inside the box
(see Figure 3). That circuit contained (1) a pump, (2) a wash bottle with 80 mL of saturated
Ca(OH)2 solution plus 20 g of NaOH beads that removed CO2 from the air according to
reaction (1), (3) an empty wash bottle to trap the water droplets present in air, and (4) a
U-shaped glass tube containing 10 g of silica gel to dry the air. The CO2 inside the closed
box was removed by switching on the pump. After several minutes, zero air was obtained
and the pump was switched off.

Ca(OH)2 (aq) + CO2 (g) → CaCO3 (aq) + H2O (1)

The concept of gas calibration relies on the generation of small but known amounts of
gas using stoichiometric reactions [61,73–76]. The setup used to generate CO2 gas inside
a syringe is shown in Figure 4. It was built with low-cost medical disposables, such as
Luer Lock syringes, three-way sterile stopcocks, and an extension tube with Luer Lock to
create a U tube manometer (see Table 2). Two syringes were used to mix the two reagents
mentioned in reaction (2), while the third was used to collect the generated CO2 gas. The
volume of CO2 gas can be measured from the tick marks on syringe 3. The T of the gas is
equal to the room T and can be measured with a glass thermometer. The pressure of the
gas inside the syringe can be measured from the barometric pressure and the differential
pressure between the room and the syringe. The differential pressure can be measured
from the height difference between the two liquid columns. The calculation of the amount

7



Atmosphere 2023, 14, 191

of generated gas in the syringe is described in the Supplementary Material. The obtained
amount of gas was in accordance with the reaction stoichiometry.

Na2CO3 (aq) + 2HCl (aq)2NaCl(aq) + CO2 (g) + H2O (2)

The syringe filled with CO2 was closed off with a three-way stopcock. Syringe 3 and
stopcock B were disconnected from the setup and attached to the pressure connection
tube of 10 cm that was attached to the lid (see Figure 3). Then, the gas in the syringe was
transferred to the calibration box. The entire gas volume in the syringe was pushed into
the calibration box in consecutive steps to obtain a staircase curve. Since the total amount
of CO2 in the syringe expressed in mole was known (see Supplementary Material), it was
possible to calculate the CO2 concentration inside the box for every step.

2.6. Reliability of Low-Cost Calibration Methods

The calibration curve describes the relationship between the sensor and the reference
measurements. Since it must transform the sensor measurements into corrected values, the
parameter measured by the sensor has to be the independent variable. The contribution
of the random error on the experimental calibration points can be seen as a scattering of
the calibration points around the curve. This means that the occurrence of random errors
can easily be observed. The occurrence of systematic errors or erroneous trends is harder
to identify. However, several indicators were used that gave insight into the presence of
such errors. They are listed below. The first five methods in the list give indirect or weak
information about constant errors, but their combination is good enough for a satisficer to
evaluate the calibration method. A maximizer will only be satisfied with the last method.
Unfortunately, that option is only accessible to a limited group of researchers. However, in
this contribution, all methods were used to evaluate the low-cost calibration methods.

• Airtightness of the calibration box: When the calibration box is not completely air-
tight, the calibration conditions will gradually degrade over time. To evaluate the
importance of leakages, the tracer gas method was used. For this, the background
concentration of CO2 in ambient air was measured first. Then, about 5 mL of CO2
was introduced into the calibration box using a syringe so that the CO2 concentration
inside the box was substantially higher than outside the box. After some minutes, the
sensor reached a stable value. The exponential decay of the tracer gas in the box was
monitored for a period of about 20 h. The air exchange rate, which is expressed in air
change per hour (h−1), was calculated with the formulas given in the Supplementary
Material [77–82]. A calibration box that was sufficiently airtight throughout the cali-
bration experiment (<5% of the total volume) is an indication that the method used
was sufficiently valid;

• Similarity with the factory-calibration: Some sensors, such as the ones measuring T,
RH, or CO2, are often factory-calibrated. Although their calibration is often not well
documented and unreliable [83], the measurements can be expected to have at least
some similarity to the reference values. Therefore, the calibration curve is expected to
be linear with an intercept and a slope around 0 and 1, respectively. A strong deviation
from that expectation is an indication that something is wrong with the calibration (or
with the sensor). This test is only valid for new sensors because they age over time
and their calibration will change;

• Similarity with the reference: For some calibration methods, the parameter to be
measured is changed according to a predefined test program. A strong deviation of
the sensor from the imposed test program is an indication that something is wrong;

• Similarity between different sensors: If identical sensors or a set of factory-calibrated
sensors are simultaneously calibrated, then minor differences between the calibration
curves are expected;

• Replicability of the calibration method: When a calibration method is applied on dif-
ferent sensors of the same type using different calibration boxes, different equipment,
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and different regions (i.e., what is the effect of the high RH in a tropical climate?), the
calibration curves are expected to be similar. The occurrence of significant differences
between the experiments indicate a lack of replicability;

• Similarity with a golden standard: The calibration of the T/RH sensors was also
performed by VITO, Belgium, using a closed stainless-steel exposure test chamber
(Weiss Technik, Germany) with a total internal volume of the chamber at 1.0 m3.
During the performed tests, the exposure test chamber was supplied with a constant
and controlled flow of clean humidified air. The environmental conditions inside the
chamber were constantly controlled and changed according to a test program to realize
a consecutive series of T and RH levels. The homogeneity of the chamber’s inner
atmosphere was provided by an active mixer installed next to the inlet of the chamber.
The T and RH inside the exposure test chamber were continuously monitored and
recorded using integrated and calibrated T/RH monitors mounted near the exhaust of
the chamber. The reference monitoring devices are yearly calibrated by Weiss. During
the development stage of low-cost calibration methods, it is useful to compare low-cost
calibrations with reference calibrations that are considered as the golden standard.
The more resemblances there are between both calibration curves, the more reliable
the low-cost calibration method is.

2.7. Field Study

The air quality in Santa Clara, Cuba, had been already analyzed in previous stud-
ies [84]. That expertise was used to select the measuring locations summarized in Table 3.
The field study consisted of a short measurement campaign at three different locations
(Figure 5): (1) the Yabu site located northwest of the city in a rural region away from roads;
(2) the farm site located in a rural area where the wind blows the air towards the city; and (3)
the doctor’s office site in the center of the city where the air quality is affected by emissions
from traffic and industry in the vicinity (e.g., production of pneumatic tires). The devices
were placed at a height of 2.5 m above ground level, according to Cuban standard [85].
At the doctor’s office and at Yabu, the monitoring systems were hung in the window
openings. The window openings were located at least 1 m from buildings, trees, and/or
other obstructions. At the farm site, the monitoring system was hung underneath the porch.
The calibration of the raw data obtained by the monitoring systems was performed as
post-processing using Microsoft Excel. The two-step method had the advantage of allowing
others to check the calibration of the collected data and roll back when an error was made
in the calculations.

Figure 5. Map showing the three sampling sites in Santa Clara, Cuba.
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Table 3. Sampling sites and an organizational overview of the field test.

Code Site Position Sampling Period Sampling Rate Variables Sensor Nr.

Y Yabu 22◦45′58.23′′ N,
80◦02′21.15′′ W 14–29 February 2020 300 s T (◦C), RH (%) 1

F Farm 22◦42′63.74′′ N,
79◦96′38.64′′ W

4–6 March 2020 7 s
T (◦C), RH (%) 2

CO2 (ppm) 3

D Doctor’s office 22◦40′36.78′′ N,
79◦97′58.19′′ W

4–6 March 2020 7 s
T (◦C), RH (%) 1

CO2 (ppm) 4

3. Results and Discussion

3.1. Airtightness of the Calibration Boxes

Before calibration experiments were carried out, it was necessary to check how airtight
the calibration box was. The ambient CO2 concentration before the airtightness test was
376 ± 8 ppm. Then, the CO2 gas was injected. Once the CO2 concentration reached its
maximum value (i.e., 1267 ppm), the experiment was started. During a period of 17.5 h,
the CO2 concentration exponentially dropped to 935 ppm (see Figure 6). The calibration
box had an air exchange rate of 0.02674 h−1. Since the calibration experiments lasted no
more than 2 h, a loss of the entire air inside the box of about 5% could be considered as
sufficiently small. It can be concluded that the plastic box was sufficiently airtight to use in
calibration experiments.

Figure 6. Exponential decay of CO2 over time due to small leakages in the closed box. The experiment
was performed in Cuba (tropical climate). From this experiment, the air exchange rate can be
calculated.

3.2. Temperature Calibration

Figure 7 shows the results of two different sensors simultaneously calibrated in the
same box. The calibration consisted of a cooling and a heating process. The evolution of
the T could not be imposed by a predefined test program, but was monitored with a glass
thermometer (i.e., the reference measurement). The cooling process took about 17 min. The
heating process was determined by the T set by the thermostat, which was 65 ◦C. The T
raised from room T to the set T in about 5 min. The reference values in Figure 7b are shown
in the vertical axis so that regression functions directly give the correct formula to convert
measured values into the corrected ones. The following observations could be made:

• Calibration method: The uncontrolled test program could be monitored with a glass
thermometer. The calibration curve was obtained by plotting the sensor measure-
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ments with the corresponding glass thermometer measurements observed at the same
moment;

• Low impact of random errors: The scattering of the calibration points around the
linear regressions is small, suggesting that the method resulted in small random errors;

• Comparison between sensors: There is a good similarity between the calibration
curves of the two different sensors. Even when the calibration contains a constant
error, it is still possible to compensate for calibration differences between sensors;

• Comparison with factory-calibration: In the early stage of the lifetime of factory-
calibrated sensors, the low-cost calibration and factory-calibration should match. For
the cooling process, this was indeed the case, but not for the heating process;

• Comparison with the reference: During the heating process, there is no close similar-
ity between sensor and glass thermometer measurements (see Figure 7a). In principle,
a polynomial regression with order 3 can be used to describe the entire set of calibra-
tion points in Figure 7b covering the total range of 0–63 ◦C (i.e., correlation coefficient:
0.9979 and 0.9987 for sensors 1 and 2, respectively). However, the indicators used to
evaluate the calibration methods suggest that the reliability of the heating process
must be checked more closely.

Figure 7. Calibration curves obtained for two AM2315 sensors using a glass thermometer as a
reference device. The arrow illustrates the data processing process that converts the raw data into a
calibration curve. Visualizing that process helps to regenerate the calibration curve from the same
data by others (i.e., reproducibility). The experiments were performed in Cuba (tropical climate);
(a) raw data of the two sensors obtained during the cooling and heating experiment; (b) calibration
curves obtained from the raw data.

A similar calibration experiment was performed with a golden standard. Figure 8a
shows how the T changed over time according to a predefined program. For every transition
between consecutive plateaus (see moments between the black rectangles in Figure 8a),
some time was needed before the T reached a stable value. The following observations
could be made:

• Calibration method: Only a limited number of periods have a stable but known T.
These periods are numbered in Figure 8. The average temperatures were calculated
for the second half of the plateaus because the chamber and the sensors needed some
time to reach equilibrium;

• Comparison between sensors and with reference: The behavior of the sensors and
the test program as measured by the reference instrument show similar trends over
time. In addition, there is a similarity between the calibration curves of the two
different sensors (i.e., a linear trend, a slope of around 1). However, the intercepts are
clearly different from 0, suggesting that the quality of pre-calibrated sensors needs
to be improved before they can be used in the field tests. In addition, it shows that
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the calibration during the heating process shown in Figure 7 is incorrect. The other
indicators appear to be sensitive enough to identify the calibration error.

Figure 8. Calibration curves for two different AMS2325 sensors using a state-of-the-art calibration
chamber. The numbered rectangles in (a) are the areas that were used to calculate the average
temperatures shown in (b). The reference experiment was performed in Belgium (moderate marine
climate); (a) raw data as registered by the monitoring system with periods of constant T in the
rectangles; (b) calibration curve obtained by processing the raw data in the rectangles.

The T calibration experiment using the heating process was repeated at a lower heating
rate. In this experiment, the lid did not entirely close the box to allow better dissipation
of the heat. In addition, the fan was stopped if the set point was reached. The moment
that the T started to drop, the next set point was introduced in the thermostat and the fan
was switched on again. As a result, there was first a small drop followed by an increase
in T. There was no full control of the staircase function, but the increase in T appeared to
be sufficiently slow to obtain a calibration that was similar to the ones obtained with the
golden standard.

• Absolute calibration method: The calibration relies on the calculation of the average T
within the short periods where the T is stable. These periods are numbered in Figure 9.
The average temperatures are compared with the glass thermometer measurements;

• Relative calibration method: When sensors experience the same conditions during
the same calibration experiment, differences between them can be compensated. This
compensation is even possible when the low-cost calibration method is unable to
accurately determine the absolute values. Consequently, differences in trends from
two monitoring campaigns performed in parallel during the field study can be studied
in a reliable way;

• Comparison with the reference: The experiments suggest that the behavior of the sen-
sors in comparison with the reference show several small differences. The AM2315 fol-
lows the values obtained with the glass thermometer with some delay (see Figure 9a).
The BME280 sensor appears to be less sensitive to the changes in the calibration box;

• Comparison between sensors: The slopes of the calibration curves of the two factory-
calibrated sensors were close to 1 and the intercepts had a small deviation from 0. The
calibration curves also showed more similarities with the ones obtained with cooling
(see Figure 7). This indicates that cooling or heating rates should be sufficiently small
to obtain a correct calibration;

• Replicability of the calibration method: The same calibration method was used to
calibrate a set of low-cost sensors in different regions (Figure 7 in Cuba; Figure 9 in
Belgium) using different calibration boxes and with different equipment. Except for
the heating process shown in Figure 7, they all gave a linear regression with similarities
to the factory calibration. No obvious differences between the low-cost calibration
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and the golden standard (Figure 8 performed in Belgium) could be observed. This
means that the calibration method resulted in reproducible results and that factory
calibrations can be improved.

Figure 9. The heating experiment was repeated in Belgium (moderate marine climate) with two
different sensors; (a) raw data with periods in the rectangles where the glass thermometer shows
constant values; (b) calibration curve obtained by processing the raw data in the rectangles.

3.3. Relative Humidity Calibration

Figure 10 shows the behavior of two identical AM2315 sensors (the same sensors as
in Figure 7) during the RH calibration. To obtain a calibration curve that corrects the RH
readings measured by the sensors, a scatter plot was made between the theoretical RH
that was determined from the density of the glycerol solution and the sensor measurement
after the box reached equilibrium. Each calibration point in Figure 10b is a different
experiment that required time before a constant RH was obtained. The different calibration
experiments were concatenated into a single time series (see Figure 10a). The trend of series
1 in Figure 10a using the pure glycerol solution was truncated because it took about 14 h to
perform that experiment.

• Calibration method: The calibration experiments in Figure 10a were stopped once the
RH reached a stable value. The average value was calculated from the stable periods
shown in the numbered boxes and compared with the theoretical values that were
obtained with the glycerol solution. The results show that the calibration performed
by the manufacturer can be improved with low-cost calibration experiments (at least
in a relative way);

• Low random error: The calibration points follow a linear trend, suggesting that the
contribution of random errors is low;

• Comparison between sensors: The linear calibration functions of both sensors show
similarities. The slopes of the calibration curves are close to 1 as expected. The
intercepts are similar, but deviate from zero.
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Figure 10. Calibration curves obtained for RH using aqueous glycerol solutions and performed in
Cuba (tropical climate); (a) the raw data of the different experiments were concatenated into a single
time series but the trend of experiment 1 is not entirely shown; (b) calibration curve obtained from
the experiments.

The calibration experiment performed with a golden standard was also used to eval-
uate the RH measurements of the same AM2315 sensors as the ones used in Figure 8.
Figure 11a shows how the RH changed over time according to a predefined program.
Calibration points 1 to 4 were determined at a T of 50 ◦C to reach the lower values. For
points 5 to 9, the constant T is representative for tropical weather.

Figure 11. RH calibration of the same AM2315 sensors as in Figure 8 using a state-of-the-art calibration
chamber performed in Belgium (moderate marine climate); (a) raw data with the moments at the
constant T shown in grey; (b) calibration curve obtained by processing the numbered areas.

• Calibration method: Figure 11b shows the linear calibration of the sensors. The
calibration points show the relation between the average values of the numbered
plateaus in Figure 11a and the corresponding RH measured by the climate chamber.
Only the second half of the plateaus were considered because they were more stable;

• Comparison between sensors: The slope and intercept of both sensors are similar
but different enough to require additional calibration before they can be used in field
measurements. In addition, the slope and intercept are close to the ones determined
with the low-cost calibration methods. It should be remarked that the set of calibration
points determined at 30 ◦C and the set of 50 ◦C do not entirely match the linear
regression. There is a small impact of the T on the RH measurements;
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• Replicability of the calibration method: The calibration method has been tested on
several sensors of the same type. The same calibration box and equipment have
been used to independently perform the six experiments of Figure 10a. Calibration is
also performed with a golden standard. No obvious differences could be observed
between the linear regressions. The similarities show that the low-cost RH calibration
is sufficiently reliable and that factory calibrations of the sensors can be improved.

3.4. CO2 Calibration

The behavior of two identical COZIR-A CO2 sensors enduring the same calibration
process is shown in Figure 12a. Once the box was closed, the sensors measured the natural
background concentration of CO2 in ambient air. When the air was pumped through the
Ca(OH)2/NaOH solution, the CO2 concentration decreased below the detection limit of
the sensors (i.e., nearly zero). Then, the CO2 gas in the syringe was introduced in three
consecutive steps. At every CO2 injection, the sensor signal suddenly increased. The sensor
readout followed the jumps of a staircase function, while the room T and RH inside the box
remained constant (i.e., 27 ◦C and 65%).

Figure 12. (a) Concentration trends of CO2 during the calibration process for the two COZIR-A
sensors performed in Cuba; (b) calibration curves obtained for CO2 sensors.

• Calibration method: Because all CO2 inside the closed box was removed and because
known amounts of CO2 were injected into the box, the staircase function was fully
controlled. However, only the concentrations of the plateaus could be calculated from
the injected amounts and used for calibration. Consequently, the average values of the
numbered rectangles in Figure 12a were used for calibration;

• Limited random errors: The mathematical relation of the calibration points can be
described by linear regression (see Figure 12b). This suggests that the contribution of
random errors during the experiment is low;

• Comparison between sensors: Figure 12a shows that both sensors follow the same
trend, but that they respond slightly differently to the same environment.

A similar calibration experiment as in Figure 12 was performed without the cleaning of
the air. This means that known amounts of CO2 were introduced inside the closed box that
contained air with an unknown amount of CO2. However, it is known that the background
concentration in ambient air is around 412 ppm. The calibration was performed by the
standard addition method.

• Calibration method: The two factory-calibrated sensors measured a different back-
ground concentration (rectangle 0 in Figure 13a) in the closed box (COZIR-A: 476
ppm; Sensirion SCD30: 450 ppm). From the measured background concentrations and
the calculated concentrations that were introduced, the reference concentrations of
rectangles 1, 2, and 3 could be determined;
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• Comparison between sensors: Although the intercept of the calibration curves might
contain a small but constant error due to an error in the measurement of the back-
ground concentration, the slopes can be accurately determined;

• Replicability of the calibration method: Different kinds of factory-calibrated sensors
have been tested with two different calibration methods. The linear regressions given
in Figures 12 and 13 show sufficient similarities to conclude that the low-cost CO2
calibration methods are sufficiently reliable and that the factory calibration of the
sensors can be improved.

Figure 13. (a) Concentration trends of CO2 when calibration gas is introduced on top of the back-
ground concentration performed in Cuba; (b) calibration curve obtained by the standard addi-
tion method.

3.5. Results of the Field Study

Table 4 presents the descriptive statistics of the time series recorded during the field
study. The standard deviations from the two sites measured in parallel, the farm and
doctor’s office, show that environmental parameters fluctuate more at the farm. In addition,
the time series of the three parameters show different signs in the asymmetry coefficients.
The values of the coefficient indicate that the distribution of the data around their average is
not symmetric (i.e., the positive value means that the right tail is longer; the negative value
means a skewness to the left). The statistical overview of Table 4 gives a good overview of
the three sites and makes comparison easy, but a substantial amount of information that is
present in the dynamics of temporal trends is lost in the descriptive statistics. Therefore,
measurement campaigns with reliable low-cost monitoring systems are an important added
value. Unfortunately, this way of working was hampered by regular power cuts in the city.
In addition, additional efforts are needed in data post-processing to suppress noise and
remove spikes. For example, the CO2 measurements at the farm contained several spikes,
with a value of 0 or 2 ppm. They were removed by a simple filter: if the concentration was
below 100 ppm, then the data point was replaced by the average value of the previous and
next data point.

Figure 14a shows the calibrated results of T and RH during the field experiment at
the Yabu site. During that period, there was no precipitation. In this measuring campaign,
the trends clearly showed day-night cycles where T and RH were in an opposite phase.
For each day, between 5:30 and 7:00, the T dropped down to a minimum of 21–25 ◦C,
while the RH reached a maximum of 80–87%. Around 13:00 and 15:00, the T reached a
maximum of 26–28 ◦C, while the RH during that period was 53–70%. The period of the
day-night cycles varied around 24 h but, due to small random changes of the minima and
the maxima in the given periods, the cyclic pattern was quasi-periodic. In addition, the local
maxima and minima varied. This short measurement campaign suggests that in-house
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built monitoring systems can be used to generate useful information that is complementary
to the statistical data.

Table 4. Descriptive statistics for the time series registered over this field study.

Variable Measuring Point
Total Data

Points
Average Maximum Minimum

Standard
Deviation

Asymmetry
Coefficient

T (◦C)
Yabu 4869 27 32.4 12.9 3.1 −0.58
Farm 99,837 28 43.0 20.6 5.6 0.99

Doctor’s ofice 27,734 33 38.6 28.1 2.9 0.41

RH (%)
Yabu 4869 65 83.5 20.5 9.7 −0.73
Farm 99,837 43 78.9 21.7 17.3 −0.21

Doctor’s ofice 27,734 62 92.5 31.2 16.0 −0.03

CO2 (ppm) Farm 99,837 485 637.0 417.3 36.5 1.12
Doctor’s ofice 27,734 570 671.9 493.1 23.6 −0.44

Figure 14. Corrected sensor data for T and RH in the field test at the Yabu site during 14–29 February
2020, and the parallel measuring campaigns at the farm and the doctor’s office during 4–6 November
2020; (a) results of the campaign in Yabu; (b) CO2 trends at the farm and the doctor’s office with a
central moving average and a window width of 10 min; (c) superimposed temperate trends of the
farm and doctor’s office; (d) superimposed RH trends of the farm and doctor’s office.

Figure 14b–d shows the results of CO2, T, and RH measured in parallel at the farm
and the doctor’s office during the field tests during 4–6 March 2020. The calibration of
both sensors ensures that the differences between locations are only caused by the location
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and not by measuring errors. At both locations, T, RH, and CO2 show diurnal cycles. For
the farm, the minima and maxima of the T are somewhat more extreme. The RH at both
locations shows a similar trend, but the minima observed at the farm are somewhat lower.
This suggests that, at the farm, the nights are cooler and less humid. The CO2 trend at the
farm shows similar dynamics to the T, with maxima at around midnight. The CO2 trend
at the doctor’s office is more complex. What is striking is the noise in Figure 14b. The
noise was suppressed by using a centered moving window with a window size of 10 min.
The comparison demonstrates that calibrated low-cost monitoring systems can generate
valuable information from which conclusions can be drawn.

Calibration procedures and field tests allowed for reaching the maximum performance
reflected in the datasheets of the sensors. Therefore, the system is considered suitable as
a measurement instrument, as long as a resolution greater than 0.1 ◦C for T, 2% for RH,
and 30 ppm for CO2 is not required. Furthermore, when the maximum values exceed
80 ◦C or 2000 ppm of CO2, they will cause saturation of the outputs. It is important to
mention that the maximum operating temperature for Arduino Mega 2560 computing
unit is 85 ◦C; thus, it is not recommended to exceed this value. The system is not suitable
for obtaining measurement resolutions higher than those mentioned or more extreme
operating conditions.

4. Conclusions

There is abundant information available to build low-cost monitoring systems that
can measure parameters such as temperature, relative humidity, and CO2. However, appli-
cations using such devices rely on the calibration of the manufacturer. This means that the
accuracy of such devices is unclear. Some studies compare low-cost monitoring systems
with high-end reference instruments. Unfortunately, not everyone has access to such instru-
ments. This contribution proposes low-cost calibration methods for temperature, relative
humidity, and CO2 that can be performed in a laboratory situated in a tropical climate.
The calibration methods were used for several sensors using different calibration boxes,
equipment, and regions where the laboratory is located. All situations resulted in similar
calibration results. The air exchange rates suggested that the airtightness of the calibration
box was sufficient. In addition, the calibrations for temperature and relative humidity
obtained with the low-cost calibration methods were in line with the golden standard. The
experiments showed that factory calibrations can be improved and differences between
sensors can be compensated. The field campaigns demonstrated that the calibrated low-
cost monitoring systems could be used as a low-cost scientific instrument. The quality
of the data generated by that scientific instrument was perhaps not as good as that of
state-of-the-art reference instruments, but the field test showed that it was good enough to
draw conclusions from the measurement campaigns and that the dynamics in trends gave
valuable information that was complementary to a statistical analysis of larger periods.
By using the mindset of a satisficer, numerous institutions and researchers from low- and
mid-income countries gain access to research infrastructure to solve local problems in
a reliable way. This makes scientific research more inclusive. Moreover, technology is
systematically improving, so data quality generated by low-cost scientific instruments will
increase over time. The satisficer method will become more performant over time.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/atmos14020191/s1, Figure S1. Schematic overview illustrating
the pressure difference between the atmosphere and syringe.; Table S1. Overview of the symbols
used in the equations.; Equation (S1)–(S7).
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Abstract: The PurpleAir PA-II sensor provides low-cost in situ measurements of meteorological
variables including temperature and relative humidity (RH), as well as fine particulate matter (PM2.5)
in real time. The sensors have been used in several studies investigating intracity differences in
temperature and PM2.5. While the adoption and use of low-cost sensors has many benefits, care must
be taken to ensure proper calibration and testing. This is true not only for PM2.5 measurements but
also for temperature and RH given the synergistic health impacts from extreme heat and air pollution
exposure. Here, we compare continuous temperature and RH measurements from a PA-II sensor to
measurements from a Campbell Scientific 107 temperature probe and Vaisala HMP45C RH probe.
All three instruments were co-located from December 2021 to June 2023 in Asheville, North Carolina.
We found that the PA-II has an overall high temperature bias of 2.6 ◦C and root mean square error
(RMSE) of 2.8 ◦C. Applying a linear regression correction reduces RMSE to 1.0 ◦C, while applying
the constant 4.4 ◦C correction suggested by PurpleAir reduces RMSE to only 2.2 ◦C. Our PA-II RH
measurements have a low bias of −17.4% and uncorrected RMSE of 18.5%. A linear regression
correction improves the RH RMSE to 4.5%. Applying the constant 4% RH correction suggested by
PurpleAir reduces RMSE to only 14.8%. We present new correction factors that differ from those
suggested by PurpleAir, which overcorrect the high temperature bias and undercorrect the low RH
bias. We also show that our correction factors improve estimates of dewpoint temperature (RMSE of
0.6 ◦C and 0.9 ◦C) compared to the corrections suggested by PurpleAir.

Keywords: PurpleAir; low-cost sensor; air pollution; temperature; relative humidity

1. Introduction

Air pollution monitoring has enjoyed a notable surge in the popularity of low-cost
sensors, marking a shift in data availability and spatial coverage. The proliferation of
these sensors has been driven by advancements in technology and a growing need for
neighborhood-scale measurement data [1]. Characterized by affordability and ease of use,
low-cost sensors are democratizing air quality data collection and empowering commu-
nities to actively participate in monitoring efforts [2,3]. Several studies have investigated
possible uses from citizen science efforts to personal exposure monitoring [4–7], and sensor
data can supplement existing monitoring networks [8]. This is of particular importance
for pollutants—such as fine particulate matter (PM2.5)—with high spatiotemporal variabil-
ity [9–12].

Many low-cost sensors used for air pollution monitoring employ optical particle
counters that estimate mass concentration based on how particulates in the sample scatter
light. Several studies have described this technology in detail along with some of the
drawbacks and potential sources of error when compared to federal reference method
(FRM) or federal equivalent method (FEM) instruments [13–16]. The South Coast Air
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Quality Management District’s AQ-SPEC program has tested dozens of commercially
available low-cost PM2.5 sensors in laboratory and field settings [17]. Their results show a
wide range of sensor quality with some sensors, including the PurpleAir PA-II sensor used
in our study, exhibiting good precision and accuracy when compared to FRM and FEM
monitors. The US EPA, through conversations with multiple stakeholders [18], developed
guidance for testing PM2.5 sensors in ambient, non-regulatory settings [19], and the agency
also created an Air Sensor Toolbox [20] and Guidebook [21], which provides best practices
for using low-cost sensors. Additionally, the US EPA incorporates adjusted data from over
10,000 PurpleAir sensors on the AirNow Fire and Smoke map in recognition of that sensor’s
usefulness and popularity [22].

While it is well known that exposure to air pollutants and extreme heat are individually
hazardous, it is becoming clear that the negative health effects of poor air quality are
magnified by high temperatures. A study of 17 cities in France found that the risk of
mortality associated with a 10 μg/m3 increase in PM10 was 14.2% greater during a heat
wave [23]. Other studies of European cities reported similar findings [24,25]. Rahman
et al. [26], investigating the link between extreme heat and PM2.5 in California, found that
co-exposure had a greater effect on all-cause mortality (21.0% increase in risk) than the
sum of the individual effects (6.1% increase in risk for high temperature days and 5.0%
increase in risk for high PM2.5 days). The effect was magnified when looking specifically
at increased risk of cardiovascular mortality and respiratory mortality. Further, recent
reviews of the literature on human population health studies found compelling evidence
for synergistic effects of extreme heat and PM2.5 [27–29].

Populations living in urban areas are particularly vulnerable to extreme heat and
elevated PM2.5 concentrations. Individual risk is communicated via the well-known heat
index (HI), which integrates ambient temperature with relative humidity (RH), and air
quality index (AQI), which relies on ambient concentrations of pollutants such as PM2.5 and
ozone. Yet, there is no consistent method to communicate the combined risk. Fever et al. [30]
unified the HI and AQI for PM2.5 and ozone in a combined index using several different
models. They found that improved mortality predictions were possible with their combined
indices in Monterrey, Mexico, but cautioned that their results might not be generalizable to
regions with different air pollutant and weather patterns. Steeneveld et al. [31] developed
an urban climate index that combined PM10, ozone, and nitrogen dioxide concentrations
with urban heat island effects. Of relevance to low-cost sensor networks, they highlight the
importance of fine-scale measurement data when assessing the health risks of extreme heat
and air pollution. A third study took a different approach to investigating the combined
impact of extreme heat and PM2.5 exposure on urban communities. Sabrin et al. [32]
used neighborhood-scale data to assess the importance of underlying environmental and
social parameters and to communicate the risk to vulnerable populations. Each of these
investigations sought to integrate information about heat and air pollution exposure, which
indicates the need for high-quality measurements of both.

Several studies have examined the performance of PurpleAir sensors with respect
to PM2.5 [33–37]. To date, these efforts have occurred in several countries and under
a variety of ambient and laboratory conditions. Most often, PM2.5 measurements from
PurpleAir sensors are compared to nearby FRM or FEM instruments. While nearly all
attempts to correct the PM2.5 concentrations have recognized the importance of factoring in
temperature and/or RH values, very few studies have investigated bias and error in these
meteorological measurements from the PurpleAir sensors themselves. Holder et al. [38]
found strong correlations to reference measurements (r2 of 0.91 and 0.84 for temperature
and RH) over a range of ambient conditions in North Carolina. They reported a mean
temperature bias of 5.2 ◦C and a mean RH bias of −24.3%. Another study in Greece
found excellent inter-sensor agreement between eight different PurpleAir sensors and
strong correlations with reference temperature and RH [39]. Though specific values were
not provided, this study also noted persistent high and low biases for temperature and
RH, respectively. These biases are known by PurpleAir, and specific correction factors
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(−4.4 ◦C and +4%) are provided on the company’s community forum [40], though without
information about how those correction factors were determined. PurpleAir attributes
the measurement discrepancy to heat generated from the internal WiFi module and adds
a disclaimer that the on-board temperature and RH readings are not meant to reflect
actual ambient conditions. A third study reports yet another set of biases but blames the
near-infrared laser counters for the elevated temperature and lower RH values [41]. They
found a temperature difference of 4.4 ◦C and an RH difference of −15% without providing
any explanation other than to mention a long period of comparison to an indoor monitor.
Finally, Malings et al. [15] states that PurpleAir temperature and RH were 2.7 ◦C above
and 9.7% below average, though again, without a description of how the reference values
were obtained.

The current study provides the first long-term, systematic investigation of PurpleAir’s
on-board temperature and RH measurements. We compared data from the low-cost sensor
to co-located research-grade meteorological instruments and provide correction factors to
estimate ambient temperature and RH from values reported by PurpleAir. While it has
been noted elsewhere that reasonably accurate PurpleAir PM2.5 corrections are possible
even without knowing actual ambient conditions [42], our results enhance the capability of
the sensor by allowing the public health community to combine air quality information
with temperature and RH data.

2. Materials and Methods

2.1. PurpleAir PA-II Sensor

The PurpleAir PA-II sensor is a commercially available low-cost particulate matter
and temperature/RH/pressure measurement platform. It is most often used to obtain
ambient PM2.5 levels using a pair of Plantower PMS-5003 optical particle counters. Mass
concentrations are calculated using a proprietary algorithm. Descriptions of the PA-II’s
operating principles have been detailed elsewhere (for example, Ardon-Dryer et al. [33]).
Meteorological measurements are provided by a Bosch BME280 sensor.

The PA-II’s components are housed in a white plastic shell (85 mm × 85 mm × 125 mm)
to protect the electronics from the elements. The plastic housing is open on the bottom to
allow the sensors to measure ambient air. In addition to the two PMS-5003 particle counters
and the BME280 sensor, the PA-II platform contains a wireless data transmitter, microSD
card data logger, and programmable circuit board with a battery-powered real time clock.
Figure 1 shows the PA-II sensor and its internal components.

 
Figure 1. Images of the PurpleAir PA-II sensor labeled with the Plantower PMS-5003 optical particle
counters and Bosch BME280 temperature/relative humidity sensor. The lefthand image shows the
bottom of the PA-II, and the center image shows the top. The righthand image shows the internal
electronic components.
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A more recent version of the PurpleAir sensor, the PurpleAir Flex, is also available.
The operating principles are identical, though the optical particle counters have been
updated to the Plantower PMS-6003 model and the meteorological sensor was updated to
the Bosch BME688.

2.2. Measurement Site

All measurements were taken in Asheville, North Carolina, at a weather station
maintained by the Department of Atmospheric Sciences at the University of North Carolina
Asheville (UNCA). The station, which is part of the North Carolina Environment and
Climate Observing Network (ECONet) [43], is 2367 m above sea level and located at
35.62◦ N, 82.57◦ W. Temperature data were recorded using a Campbell Scientific 107 probe
2 m above the ground, and RH data were recorded using a Vaisala HMP45C probe also 2 m
above the ground. All data are publicly available at https://atms.unca.edu/datarequest/
(accessed on 1 February 2024). North Carolina ECONet stations undergo rigorous quality
control and maintenance procedures [44].

Continuous weather station measurements were taken at 1-min intervals for 553 days
from 15 December 2021 to 30 June 2023. Both temperature and RH records were more
than 99.9% complete. Upon inspection, some temperature data on 12 August 2022 had
anomalously low readings and were removed from this analysis. The affected times were
11:12 through 13:14 (local time); RH data were also removed during this interval. After
removing the anomalous data points, the 1-min data were aggregated to 5-min averages.

One PA-II sensor was installed on the UNCA weather tower at 3 m and measured
temperature and RH. No adjustments were made to the data to account for the 1-m height
difference between the PA-II sensor and the UNCA instruments. Continuous measurements
were taken at 2-min intervals from 15 December 2021 through 26 July 2022. Measurements
beginning on 27 July 2022 were taken at 5-min intervals. All data were aggregated to
5-min averages. Data completeness for the PA-II was 91.4%. Data were unavailable from
14:30 10 January 2023 through 08:35 23 January 2023 (local time), and several data points
were removed on 29 October 2022 because the PM2.5 measurements were greater than
500 μg/m3, indicating a possible data logging malfunction.

2.3. Dewpoint

We used the Python package MetPy version 1.5.1 [45] to calculate dewpoint tem-
peratures (DP) from temperature and RH measurements. While the Campbell scientific
107 probe was used to obtain reference temperatures for comparison to the PA-II’s tempera-
ture measurements, we relied on temperature from the Vaisala HMP45C probe to calculate
DP. It is recommended to use temperature and RH values from the same sensor when
calculating DP. Values were calculated for both the UNCA and PA-II data sets using the
metpy.calc.dewpoint_from_relative_humidity function.

2.4. Performance Metrics

To evaluate the reliability of the PA-II’s meteorological measurements, we calculated
mean bias (bias) and root mean square error (RMSE) to compare the UNCA and PA-II
data sets. All comparisons were made on time-paired data, so we excluded records where
only one data set had a valid measurement. Bias and RMSE were calculated using the
following equations:

Mean Bias =
1
n∑n

1 (x(i)− y(i)) (1)

RMSE =

√
1
n∑n

1 (x(i)− y(i))2 (2)

where x(i) and y(i) are time-paired measurements from PA-II and UNCA.
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3. Results and Discussion

This study compared temperature and RH measurements from one PurpleAir PA-II
low-cost sensor to UNCA’s research-grade instruments during a 553-day period extending
from 15 December 2021 through 30 June 2023. We performed a simple linear regression
correction on the PA-II’s values using the UNCA data as the reference. Our corrected
measurements were then compared to corrections suggested by PurpleAir [40]. Results are
presented separately for temperature, RH, and DP.

3.1. Temperature

Measurements from the PA-II are strongly correlated with the UNCA temperature
data. The Pearson correlation coefficient (r) between the two data sets is 0.99. Comparisons
between the PA-II and UNCA temperatures reveal a consistent and systematic high bias,
as shown in Figure 2. The uncorrected PA-II measurements, shown in blue, have a mean
bias of 2.6 ◦C and RMSE of 2.8 ◦C. A total of 148,230 pairs of 5-min data were analyzed.
The differences between the time-paired PA-II and UNCA values ranged from −2.7 ◦C to
9.1 ◦C, with 91.1% of the data points exhibiting a high bias. The maximum and minimum
temperatures recorded during the study period were 33.8 ◦C and −19.3 ◦C for UNCA and
39.2 ◦C and −17.8 ◦C for PA-II.

Figure 2. Comparisons of the time-paired 5-min PA-II and UNCA temperature measurements. In
both plots, the blue markers show the uncorrected data. Orange markers in the left-hand plot show
the PA-II data after applying a simple linear regression correction, and the green markers in the
right-hand plot show the PA-II data after applying PurpleAir’s suggested correction. The dotted line
drawn across each plot is the 1:1 line.

We performed a simple linear regression on the uncorrected PA-II data to remove
the high temperature bias. The left-hand side of Figure 2 compares the corrected data
(orange) to the uncorrected data (blue). The linear regression correction (slope = 1.07,
intercept = 1.60) reduces RMSE to 1.0 ◦C, and the range in differences between the data
sets is now −5.4 ◦C to 5.3 ◦C. PurpleAir is aware of the high temperature bias in the PA-II,
and they recommend a constant 4.4 ◦C correction to account for the heat generated by the
sensor’s WiFi module. We applied this suggestion to the uncorrected PA-II measurements,
and the result is shown on the right-hand side of Figure 2 in green. The suggested cor-
rection introduces a readily apparent low bias especially for temperatures below 20 ◦C.
Overall mean bias is −1.9 ◦C and RMSE is 2.2 ◦C, and the range in differences when
comparing PurpleAir’s suggested correction to the UNCA data set is −7.2 ◦C to 4.6 ◦C,
with 84.1% of all data pairs exhibiting a low bias. Thus, while the suggested correction
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does reduce the magnitude of the bias and RMSE, it performs worse than a simple linear
regression correction.

As a next step, we separated the measurement data into bins to determine whether
the PA-II’s bias is temperature-dependent. We chose five separate temperature bins using
UNCA temperature as the reference, as shown in Table 1. Both the bias and RMSE increase
monotonically with increasing temperature. Minimum bias (RMSE) is 1.8 ◦C (2.0 ◦C)
when temperatures are −5 ◦C or below; maximum bias (RMSE) is 4.2 ◦C (4.4 ◦C) when
temperatures are greater than 25 ◦C. Both conditions are rarely met occurring only about
8% of the time. The temperature dependence is reversed when considering the corrections
suggested by PurpleAir, which are also provided in Table 1. Here, the bias and RMSE
decreases from colder to warmer temperatures.

Table 1. Comparison of PA-II and UNCA temperature measurements.

Correction Type
Temperature

Bin
(◦C)

Mean Bias
(◦C)

RMSE
(◦C)

r Slope Intercept n

uncorrected

All 2.6 2.8 0.99 1.07 1.60 148,230
(−∞, −5] 1.8 2.0 0.98 1.01 1.89 2239

(−5, 5] 1.9 2.1 0.96 1.03 1.86 26,589
(5, 15] 2.2 2.3 0.96 1.04 1.71 52,162

(15, 25] 3.0 3.2 0.94 1.17 −0.31 57,574
(25, ∞] 4.2 4.4 0.80 1.07 2.36 9666

simple linear
regression
correction

All 0.0 1.0 0.99 1.00 0.00 148,230
(−∞, −5] 0.8 1.1 0.98 0.94 0.27 2239

(−5, 5] 0.2 0.8 0.96 0.96 0.24 26,589
(5, 15] −0.2 0.8 0.96 0.97 0.11 52,162

(15, 25] 0.0 1.0 0.94 1.09 −1.78 57,574
(25, ∞] 0.6 1.3 0.80 0.99 0.71 9666

PurpleAir
suggested
correction

All −1.9 2.2 0.99 1.07 −2.85 148,230
(−∞, −5] −2.6 2.8 0.98 1.01 −2.55 2239

(−5, 5] −2.6 2.7 0.96 1.03 −2.59 26,589
(5, 15] −2.3 2.4 0.96 1.04 −2.73 52,162

(15, 25] −1.4 1.9 0.94 1.17 −4.76 57,574
(25, ∞] −0.2 1.3 0.80 1.07 −2.08 9666

The high temperature bias presented here is less than previously reported (Table 2).
Holder et al. [38] found a bias of 5.2 ◦C. Their sensors were deployed for nine months in
North Carolina. A lower bias of 2.7 ◦C was found during a March–June field measurement
in Pennsylvania [15]. The third reported bias −4.4 ◦C, which is identical to the correction
suggested by PurpleAir—is from an indoor sensor [41].

Table 2. Comparison of temperature and RH bias to previous studies.

Study T (◦C) RH (%) Location Dates

This study 2.6 −17.4 Asheville, NC (USA) 15 Dec 2021–30 June 2023

Malings et al. [15] 1 2.7 −9.7 Pittsburgh, PA (USA) 30 Mar 2018–4 June 2018

Holder et al. [38] 1 5.2 −24.3 Research Triangle Park, NC (USA) 10 Aug 2018–30 Apr 2019

Wallace et al. [41] 1,2 4.4 −15 Santa Rosa, CA (USA) unknown

PurpleAir [40] 1 4.4 −4 Unknown unknown
1 These studies do not provide a clear methodology for determining the temperature and RH bias. 2 Temperature
and RH were measured indoors.
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3.2. Relative Humidity

PA-II RH, like temperature, has a consistent and systematic bias. Unlike temperature,
however, the RH bias is low as shown in Figure 3. This bias is the result of the excess heat
produced by the sensor’s electronics. The excess heat increases the local temperature inside
the sensor’s enclosure thereby lowering RH. Despite the bias, the RH measurements from
the PA-II are strongly correlated to the UNCA measurements illustrated by an r-value of
0.98. The overall RH bias and RMSE is −17.4% and 18.5%. The differences between the
time-paired PA-II and UNCA measurements ranged from −45.4% to 2.7%, with nearly all
measurements exhibiting a low bias (91.4% of all data points). The ranges of measured RH
during the study period are 9.6% to 99.6% for UNCA and 8.0% to 90.0% for PA-II.

Figure 3. Comparisons of the time-paired 5-min PA-II and UNCA RH measurements. In both plots,
the blue markers show the uncorrected data. Orange markers in the left-hand plot show the PA-II
data after applying a simple linear regression correction, and the green markers in the right-hand
plot show the PA-II data after applying PurpleAir’s suggested correction. The dotted line drawn
across each plot is the 1:1 line.

Applying a simple linear regression correction (slope = 0.75, intercept = 0.12) on
the PA-II removes the high temperature bias. The left-hand side of Figure 3 compares
the corrected data in orange to the uncorrected data in blue. RMSE decreases to 4.5%
and the range in differences between the sets of measurements is now −28.7% to 20.5%.
PurpleAir suggests a 4% correction to RH measurements from the sensor, and we applied
this to the uncorrected PA-II data set. The right-hand side of Figure 3 illustrates that the
suggested correction is not enough to overcome the persistent low RH bias; 89.0% of all
PA-II measurements after the 4% correction are still less than the UNCA values. Overall bias
and RMSE for the suggested correction are −13.4% and 14.8%, which is an improvement
over the uncorrected data. But, as with temperature, PurpleAir’s suggested RH correction
has worse performance than the simple linear regression correction.

We partitioned the RH data into separate bins to investigate how the PA-II’s bias
depends on RH. Table 3 summarizes these results using UNCA RH values as the reference
for determining each bin. Bias and RMSE are greater at higher RH. The largest bias (−22.0%)
and RMSE (22.3%) was calculated for RH values between 80% and 100. Since nearly half of
the data points come from this bin, the overall bias and RMSE are dominated by these values.
The uncorrected data in Figure 3 shows a marked increase in data points with a lower bias
starting around UNCA RH values of 40%. The picture is similar when considering the data
after applying PurpleAir’s suggested corrections. Worse RH performance occurs at higher
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RH values. Below 40% RH, however, the suggested correction has similar performance to
the simple linear regression correction.

Table 3. Comparison of PA-II and UNCA RH measurements.

Correction
Type

RH Bin
(%)

Mean Bias
(%)

RMSE
(%)

r Slope Intercept n

uncorrected

All −17.4 18.5 0.98 0.75 0.12 148,230
[0, 20] −2.1 2.5 0.84 0.74 2.21 1323
(20, 40] −6.0 6.4 0.92 0.74 2.01 16,506
(40, 60] −13.0 13.4 0.79 0.63 6.10 29,269
(60, 80] −18.6 19.0 0.79 0.78 −2.95 39,682
(80, 100] −22.0 22.3 0.82 0.92 −14.56 61,450

simple linear
regression
correction

All 0.00 4.5 0.98 1.00 0.00 148,230
[0, 20] 2.6 3.0 0.84 0.99 2.77 1323

(20, 40] 2.2 3.1 0.92 0.99 2.51 16,506
(40, 60] −0.6 3.8 0.79 0.83 7.96 29,269
(60, 80] −1.7 4.9 0.79 1.03 −4.09 39,682

(80, 100] 0.7 4.8 0.82 1.22 −19.5 61,450

PurpleAir
suggested
correction

All −13.4 14.8 0.98 0.75 4.12 148,230
[0, 20] 1.9 2.3 0.84 0.74 6.21 1323

(20, 40] −2.0 3.0 0.92 0.74 6.01 16,506
(40, 60] −9.0 9.6 0.79 0.63 10.10 29,269
(60, 80] −14.6 15.1 0.79 0.78 1.05 39,682

(80, 100] −18.0 18.4 0.82 0.92 −10.56 61,450

The low RH bias in our study is within the bounds of previous investigations (Table 2).
Holder et al. [38] reported a bias of −24.3%, which is substantially lower than our overall
bias of −17.4%. They also found a larger high temperature bias, which is consistent with a
lower RH bias. Our RH bias is lower than the −9.7% bias reported by Malings et al. [15].
However, their temperature bias was slightly higher than ours, which would suggest a
lower bias as found by [38]. Given the differences in data collection location, longevity, and
time of year, however, some inconsistencies should be expected especially considering the
nonlinear relationship between RH and temperature and the importance of local conditions
in determining RH. Interestingly, our RH bias was close to the −15% reported by [41],
which collected temperature and RH measurements indoors.

3.3. Dewpoint Temperature

DP is a derived variable that is calculated from temperature and RH. It is arguably
more relevant to predicting physical discomfort and dangerous heat conditions than the
measurements reported by the PA-II. Because DP is determined from temperature and RH,
it is subject to the same biases found in the previous sections, though it is not immediately
obvious how the high temperature bias and low RH bias will affect bias in DP.

Figure 4 shows the uncorrected DP in blue. Correlation between the PA-II and UNCA
values is strong with an r-value of 0.99. The overall DP bias is −1.6 ◦C and the RMSE is
1.7 ◦C. Differences between the time-paired PA-II and UNCA measurements ranged from
−7.3 ◦C to 7.7 ◦C. Nearly all data points (88.9%) exhibited a low bias. The maximum and
minimum DP were 24.5 ◦C and −23.1 ◦C for UNCA and 22.4 ◦C and −25.1 ◦C for PA-II.

Corrected DP values were calculated by using the corrected temperature and RH
values obtained from the simple linear regression. The left-hand side of Figure 4 shows
that the low bias is largely eliminated. The correction reduces the RMSE to 0.6 ◦C. The
range in differences between the corrected PA-II and UNCA is −6.3 ◦C to 8.7 ◦C. We also
calculated DP using the suggested PurpleAir corrections to temperature and RH, as shown
on the right-hand side of Figure 4. The combination of these suggested corrections leads
to a small high bias in DP. Overall bias is 0.6 ◦C and RMSE is 0.9 ◦C, and the range in
differences when comparing PurpleAir’s suggested correction to the UNCA data set is

30



Atmosphere 2024, 15, 415

−5.1 ◦C to 9.9 ◦C. As with temperature and RH, the suggested PurpleAir corrections reduce
the magnitude of DP bias and RMSE but not to the extent seen by applying the simple
linear regression correction.

Figure 4. Comparisons of the time-paired 5-min PA-II and UNCA DP values. In both plots, the blue
markers show the uncorrected data. Orange markers in the left-hand plot show the PA-II data after
applying a simple linear regression correction, and the green markers in the right-hand plot show the
PA-II data after applying PurpleAir’s suggested correction. The dotted line drawn across each plot is
the 1:1 line.

We then separated the DP data into bins (using UNCA DP as the reference) that
roughly correspond to physical comfort levels. The results, compiled in Table 4, provide
limited evidence for temperature dependence. As DP rises, the uncorrected bias becomes
more negative with the lowest bias (−2.6 ◦C) observed when the DP is above 24 ◦C. This
occurred rarely (n = 3), so care should be taken when considering this result. Temperature
dependence is also observed with both corrected sets of DP values. However, the signs of
the biases for the two corrected data sets are different. The low bias from the simple linear
regression correction means that the actual DP is greater than would be expected for the
higher DP bins, while the high bias from PurpleAir’s suggested corrections means that the
actual DP is lower than would be expected.

Table 4. Comparison of calculated PA-II and UNCA DP values.

Correction
Type

DP Bin
(◦C)

Mean Bias
(◦C)

RMSE
(◦C)

r Slope Intercept n

uncorrected

All −1.6 1.7 0.99 1.00 −1.58 148,236
[−∞, 15] −1.6 1.8 0.99 1.00 −1.59 113,091
(15, 20] −1.5 1.6 0.94 1.01 −1.73 29,944
(20, 22] −1.6 1.7 0.67 0.91 0.33 4813
(22, 24] −1.9 2.0 0.43 0.68 5.26 385
(24, ∞] −2.6 2.6 0.67 1.59 −17.00 3

simple linear
regression
correction

All 0.1 0.6 0.99 0.98 0.27 148,236
[−∞, 15] 0.2 0.7 0.99 0.97 0.27 113,091
(15, 20] −0.1 0.6 0.93 0.98 0.23 29,944
(20, 22] −0.3 0.7 0.60 0.83 3.16 4813
(22, 24] −0.7 1.0 0.40 0.65 7.06 385
(24, ∞] −1.5 1.6 0.73 1.48 −13.22 3

PurpleAir
suggested
correction

All 0.6 0.9 0.99 1.00 0.64 148,236
[−∞, 15] 0.6 1.0 0.99 1.00 0.63 113,091
(15, 20] 0.7 0.8 0.94 1.01 0.49 29,944
(20, 22] 0.6 0.8 0.67 0.91 2.55 4813
(22, 24] 0.3 0.7 0.43 0.68 7.49 385
(24, ∞] −0.4 0.5 0.67 1.59 −14.78 3
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4. Conclusions

While the qualitative results of our research were known previously (high temperature
bias and low RH bias), this is the first systematic investigation of the sensor’s bias in the
scientific literature. Our study adds a missing piece to the literature in several ways.
First, we conducted a long-term systematic investigation of the PurpleAir PA-II sensor’s
meteorological measurements spanning over 550 days across a variety of environmental
conditions. Our results show that the PurpleAir PA-II has a persistent high temperature
bias and low RH bias when compared to research-grade meteorological instrumentation.
We quantified the correlation, bias, and RMSE between the low-cost sensor and reference
measurements for several temperature and RH ranges and found that the biases persist
across a wide range of values.

We used a simple linear regression model to calculate correction factors for tempera-
ture and RH and compared these to the corrections suggested by PurpleAir. Importantly,
we found that PurpleAir’s suggested corrections perform substantially worse than our
corrections. Their suggested −4.4 ◦C adjustment over corrects temperature readings and
introduces a low bias. Meanwhile, their suggested +4% adjustment to RH is not nearly
enough to correct the negative bias. For all variables, we find that our linear regression
corrections reduce error compared to the suggested PurpleAir corrections.

Finally, we extended our analysis to dew point calculations. Including corrections for
this parameter enhances the usefulness of the PurpleAir PA-II sensor. Reliable correction
factors for the sensor’s meteorological measurements, provided here for the first time, cou-
pled with reliable correction factors for the sensor’s fine particulate matter measurements
(provided elsewhere in literature) will allow researchers to investigate the synergistic health
effects of exposure to extreme heat and particulate matter.

Other long-term studies of the meteorological capabilities of the PA-II in different
climates will strengthen the scientific community’s understanding of the sensor’s bias
and provide more confidence in its measurements. Future studies should also attempt to
evaluate multiple PA-II sensors to validate our results. The PA-II sensor’s well-documented
ability to provide reliable PM2.5 data has made it popular among the research, citizen-
science, and emergency planning communities. As these sensors become more common
for routine air quality monitoring applications, the temperature and RH measurements can
also provide valuable information to an increasingly warming and urbanized world.

Author Contributions: Conceptualization, E.C.; methodology, E.C.; formal analysis, E.C. and A.V.;
investigation, E.C.; resources, E.C.; data curation, E.C. and A.V.; writing—original draft preparation,
E.C. and P.G.; writing—review and editing, E.C. and P.G.; visualization, E.C. and A.V.; supervision,
E.C.; project administration, E.C. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The meteorological data from the UNC Asheville weather station
are made public by the Department of Atmospheric Sciences (https://atms.unca.edu/datarequest/
(accessed on 1 February 2024)). Data from the PurpleAir PA-II sensor can be accessed through the
PurpleAir API (https://api.purpleair.com/) by requesting sensor index 139672.

Conflicts of Interest: The authors declare no conflicts of interest. The author affiliated with the
company Sonoma Technology, Inc. declares that there is no conflict of interest associated with the
content of this work.

References

1. Kumar, P.; Morawska, L.; Martani, C.; Biskos, G.; Neophytou, M.; Di Sabatino, S.; Bell, M.; Norford, L.; Britter, R. The rise of
low-cost sensing for managing air pollution in cities. Environ. Int. 2015, 75, 199–205. [CrossRef] [PubMed]

32



Atmosphere 2024, 15, 415

2. Commodore, A.; Wilson, S.; Muhammad, O.; Svendsen, E.; Pearce, J. Community-based participatory research for the study of air
pollution: A review of motivations, approaches, and outcomes. Environ. Monit. Assess. 2017, 189, 378. [CrossRef] [PubMed]

3. Morawska, L.; Thai, P.K.; Liu, X.; Asumadu-Sakyi, A.A.; Ayoko, G.; Bartonova, A.; Bedini, A.; Chai, F.; Christensen, B.; Dunbabin,
M.; et al. Applications of low-cost sensing technologies for air quality monitoring and exposure assessment: How far have they
gone? Environ. Int. 2018, 116, 286–299. [CrossRef] [PubMed]

4. Ellenburg, J.A.; Williford, C.J.; Rodriguez, S.L.; Andersen, P.C.; Turnipseed, A.A.; Ennis, C.A.; Basman, K.A.; Hatz, J.M.; Prince,
J.C.; Meyers, D.H.; et al. Global ozone (GO3) project and AQTreks: Use of evolving technologies by Students and citizen scientists
to monitor air pollutants. Atmos. Environ. X 2019, 4, 100048. [CrossRef]

5. Jerrett, M.; Donaire-Gonzalez, D.; Popoola, O.; Jones, R.; Cohen, R.C.; Almanza, E.; de Nazelle, A.; Mead, I.; Carrasco-Turigas, G.;
Cole-Hunter, T.; et al. Validating novel air pollution sensors to improve exposure estimates for epidemiological analyses and
citizen science. Environ. Res. 2017, 158, 286–294. [CrossRef] [PubMed]

6. Miskell, G.; Salmond, J.; Williams, D.E. Low-cost sensors and crowd-sourced data: Observations of siting impacts on a network
of air-quality instruments. Sci. Total Environ. 2017, 575, 1119–1129. [CrossRef] [PubMed]

7. Cao, T.; Thompson, J.E. Personal monitoring of ozone exposure: A fully portable device for under $150 USD cost. Sens. Actuators
B Chem. 2016, 224, 936–943. [CrossRef]

8. Snyder, E.G.; Watkins, T.H.; Solomon, P.A.; Thoma, E.D.; Williams, R.W.; Hagler, G.S.W.; Shelow, D.; Hindin, D.A.; Kilaru, V.J.;
Preuss, P.W. The changing paradigm of air pollution monitoring. Environ. Sci. Technol. 2013, 47, 11369–11377. [CrossRef]

9. Chambliss, S.E.; Preble, C.V.; Caubel, J.J.; Cados, T.; Messier, K.P.; Alvarez, R.A.; LaFranchi, B.; Lunden, M.; Marshall, J.D.; Szpiro,
A.A.; et al. Comparison of mobile and fixed-site black carbon measurements for high-resolution urban pollution mapping.
Environ. Sci. Technol. 2020, 54, 7848–7857. [CrossRef]

10. Van den Bossche, J.; Peters, J.; Verwaeren, J.; Botteldooren, D.; Theunis, J.; De Baets, B. Mobile monitoring for mapping spatial
variation in urban air quality: Development and validation of a methodology based on an extensive dataset. Atmos. Environ.
2015, 105, 148–161. [CrossRef]

11. Wu, H.; Reis, S.; Lin, C.; Beverland, I.J.; Heal, M.R. Identifying drivers for the intra-urban spatial variability of airborne particulate
matter components and their interrelationships. Atmos. Environ. 2015, 112, 306–316. [CrossRef]

12. Kaur, S.; Nieuwenhuijsen, M.J.; Colvile, R.N. Fine particulate matter and carbon monoxide exposure concentrations in urban
street transport microenvironments. Atmos. Environ. 2007, 41, 4781–4810. [CrossRef]

13. Badura, M.; Batog, P.; Drzeniecka-Osiadacz, A.; Modzel, P. Evaluation of low-cost sensors for ambient PM2.5 monitoring. J. Sens.
2018, 2018, 5096540. [CrossRef]

14. Kelly, K.E.; Whitaker, J.; Petty, A.; Widmer, C.; Dybwad, A.; Sleeth, D.; Martin, R.; Butterfield, A. Ambient and laboratory
evaluation of a low-cost particulate matter sensor. Environ. Pollut. 2017, 221, 491–500. [CrossRef]

15. Malings, C.; Tanzer, R.; Aliaksei, H.; Saha, P.K.; Robinson, A.L.; Presto, A.A. Fine particle mass monitoring with low-cost sensors:
Corrections and long-term performance evaluation. Aerosol Sci. Technol. 2020, 54, 160–174. [CrossRef]

16. Wang, Y.; Li, J.; Jing, H.; Zhang, Q.; Jiang, J.; Biswas, P. Laboratory evaluation and calibration of three low-cost particle sensors for
particulate matter measurement. Aerosol Sci. Technol. 2015, 49, 1063–1077. [CrossRef]

17. South Coast AQMD. Air Quality Sensor Performance Evaluation Center. Available online: http://www.aqmd.gov/aq-spec
(accessed on 1 February 2024).

18. Williams, R.; Duvall, R.; Kilaru, V.; Hagler, G.; Hassinger, L.; Benedict, K.; Rice, J.; Kaufman, A.; Judge, R.; Pierce, G.; et al.
Deliberating performance targets workshop: Potential paths for emerging PM2.5 and O3 air sensor progress. Atmos. Environ. X
2019, 2, 100031. [CrossRef] [PubMed]

19. Duvall, R.M.; Clements, A.L.; Hagler, G.; Kamal, A.; Kilaru, V.; Goodman, L.; Frederick, S.; Barkjohn, K.K.; VonWald, I.; Greene,
D.; et al. Performance Testing Protocols, Metrics, and Target Values for Fine Particulate Matter Sensors; EPA/600/R-20/280; US
Environmental Protection Agency: Research Triangle Park, NC, USA, 2021; p. 27711.

20. US Environmental Protection Agency. Air Sensor Toolbox. Available online: https://www.epa.gov/air-sensor-toolbox (accessed
on 1 February 2024).

21. Clements, A.; Duvall, R.; Greene, D.; Dye, T. The Enhanced Air Sensor Guidebook; EPA/600/R-22/213; US Environmental Protection
Agency: Research Triangle Park, NC, USA, 2022; p. 27711.

22. US Environmental Protection Agency. EPA Research Improves Air Quality Information for the Public on the AirNow Fire and
Smoke Map. Available online: https://www.epa.gov/sciencematters/epa-research-improves-air-quality-information-public-
airnow-fire-and-smoke-map (accessed on 1 February 2024).

23. Pascal, M.; Wagner, V.; Alari, A.; Corso, C.; Le Tertre, A. Extreme heat and acute air pollution episodes: A need for joint public
health warnings? Atmos. Environ. 2021, 249, 118249. [CrossRef]

24. Burkart, K.; Canário, P.; Breitner, S.; Schneider, A.; Scherber, K.; Andrade, H.; Alcoforado, M.J.; Endlicher, W. Interactive short-term
effects of equivalent temperature and air pollution on human mortality in Berlin and Lisbon. Environ. Pollut. 2013, 183, 54–63.
[CrossRef]

25. Chen, K.; Wolf, K.; Breitner, S.; Gasparrini, A.; Stafoggia, M.; Samoli, E.; Andersen, Z.J.; Bero-Bedada, G.; Bellander, T.; Hennig, F.;
et al. Two-way effect modifications of air pollution and air temperature on total natural and cardiovascular mortality in eight
European urban Areas. Environ. Int. 2018, 116, 186–196. [CrossRef]

33



Atmosphere 2024, 15, 415

26. Rahman, M.M.; McConnell, R.; Schlaerth, H.; Ko, J.; Silva, S.; Lurmann, F.W.; Palinkas, L.; Johnston, J.; Hurlburt, M.; Yin, H.; et al.
The effects of coexposure to extremes of heat and particulate air pollution on mortality in California. Am. J. Respir. Crit. Care Med.
2022, 206, 1117–1127. [CrossRef] [PubMed]

27. Anenberg, S.C.; Haines, S.; Wang, E.; Nassikas, N.; Kinney, P.L. Synergistic health effects of air pollution, temperature, and pollen
exposure: A systematic review of epidemiological evidence. Environ. Health 2020, 19, 130. [CrossRef]

28. Breitner-Busch, S.; Mücke, H.-G.; Schneider, A.; Hertig, E. Impact of climate change on non-communicable diseases due to
increased ambient air pollution. J. Health Monit. 2023, 8, 103–121. [CrossRef] [PubMed]

29. Mika, J.; Forgo, P.; Lakatos, L.; Olah, A.B.; Rapi, S.; Utasi, Z. Impact of 1.5K global warming on urban air pollution and heat island
with outlook on human health effects. Curr. Opin. Environ. Sustain. 2018, 30, 151–159. [CrossRef]

30. Fever, S.K.; Kahl, J.D.W.; Kalkbrenner, A.E.; Bretón, R.M.C.; Bretón, J.G.C. A new combined air quality and heat index in relation
to mortality in Monterrey, Mexico. Int. J. Environ. Res. Public Health 2022, 19, 3299. [CrossRef] [PubMed]

31. Steeneveld, G.-J.; Klompmaker, J.O.; Groen, R.J.A.; Holtslag, A.A.M. An urban climate assessment and management tool for
combined heat and air quality judgements at neighbourhood scales. Resour., Conserv. Recycl. 2018, 132, 204–217. [CrossRef]

32. Sabrin, S.; Karimi, M.; Nazari, R. Developing vulnerability index to quantify urban heat islands effects coupled with air pollution:
A case study of Camden, NJ. Int. J. Geo-Inf. 2020, 9, 349. [CrossRef]

33. Ardon-Dryer, K.; Dryer, Y.; Williams, J.N.; Moghimi, N. Measurements of PM2.5 with PurpleAir under atmospheric conditions.
Atmos. Meas. Technol. 2020, 13, 5441–5458. [CrossRef]

34. Barkjohn, K.K.; Holder, A.L.; Frederick, S.G.; Clements, A.L. Correction and accuracy of PurpleAir PM2.5 measurements for
extreme wildfire smoke. Sensors 2022, 22, 9669. [CrossRef]

35. Koehler, K.; Wilks, M.; Green, T.; Rule, A.M.; Zamora, M.L.; Buehler, C.; Datta, A.; Gentner, D.R.; Putcha, N.; Hansel, N.N.;
et al. Evaluation of calibration approaches for indoor deployments of PurpleAir monitors. Atmos. Environ. 2023, 310, 119944.
[CrossRef]

36. Robinson, D.L.; Goodman, N.; Vardoulakis, S. Five years of accurate PM2.5 measurements demonstrate the value of low-cost
PurpleAir monitors in areas affected by woodsmoke. Int. J. Environ. Res. Public Health 2023, 20, 7127. [CrossRef] [PubMed]

37. Tryner, J.; L’Orange, C.; Mehaffy, J.; Miller-Lionberg, D.; Hofstetter, J.C.; Wilson, A.; Volckens, J. Laboratory evaluation of low-cost
PurpleAir PM monitors and in-field correction using co-located portable filter samplers. Atmos. Environ. 2020, 220, 117067.
[CrossRef]

38. Holder, A.L.; Mebust, A.K.; Maghran, L.A.; McGown, M.R.; Stewart, K.E.; Vallano, D.M.; Elleman, R.A.; Baker, K.R. Field
evaluation of low-cost particulate matter sensors for measuring wildfire smoke. Sensors 2020, 20, 4796. [CrossRef] [PubMed]

39. Stavroulas, I.; Grivas, G.; Michalopoulos, P.; Liakakou, E.; Bougiatioti, A.; Kalkavouras, P.; Fameli, K.M.; Hatzianastassiou, N.;
Mihalopoulos, N.; Gerasopoulos, E. Field evaluation of low-cost PM sensors (PurpleAir PA-II) under variable urban air quality
conditions in Greece. Atmosphere 2020, 11, 926. [CrossRef]

40. PurpleAir. PurpleAir Sensors Functional Overview. Available online: https://community.purpleair.com/t/purpleair-sensors-
functional-overview/150 (accessed on 1 February 2024).

41. Wallace, L.; Bi, J.; Ott, W.R.; Sarnat, J.; Liu, Y. Calibration of low-cost PurpleAir outdoor monitors using an improved method of
calculating PM2.5. Atmos. Environ. 2021, 256, 118432. [CrossRef]

42. Magi, B.I.; Cupini, C.; Francis, J.; Green, M.; Hauser, C. Evaluation of PM2.5 measured in an urban setting using a low-cost optical
particle counter and a federal equivalent method beta attenuation monitor. Aerosol Sci. Technol. 2020, 54, 147–159. [CrossRef]

43. North Carolina State University. Environment & Climate Observing Network. Available online: https://econet.climate.ncsu.edu/
(accessed on 1 February 2024).

44. Saia, S.M.; Heuser, S.P.; Neill, M.D.; LaForce IV, W.A.; McGuire, J.A.; Dello, K.D. A technical overview of the North Carolina
ECONet. J. Atmos. Ocean Technol. 2023, 40, 701–717. [CrossRef]

45. MetPy. User Guide. Available online: https://unidata.github.io/MetPy/v1.5/userguide/index.html (accessed on 1 February
2024).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

34



atmosphere

Article

Relevance and Reliability of Outdoor SO2 Monitoring in
Low-Income Countries Using Low-Cost Sensors

Rosa Amalia González Rivero 1, Olivier Schalm 2, Arianna Alvarez Cruz 1, Erik Hernández Rodríguez 3,

Mayra C. Morales Pérez 1, Daniellys Alejo Sánchez 1,*, Alain Martinez Laguardia 3, Werner Jacobs 2

and Luis Hernández Santana 3

1 Faculty of Chemistry, Universidad Central “Marta Abreu” de Las Villas, Road to Camajuaní Km 5.5,
Santa Clara 54830, Villa Clara, Cuba

2 Antwerp Maritime Academy, Noordkasteel Oost 6, 2030 Antwerpen, Belgium
3 Faculty of Electrical Engineering, Universidad Central “Marta Abreu” de Las Villas, Road to Camajuaní Km

5.5, Santa Clara 54830, Villa Clara, Cuba
* Correspondence: daniellysas@uclv.edu.cu

Abstract: In the Western world, the SO2 concentration in ambient air dropped to low levels, but
some emission sources (e.g., merchant ships) and some regions (e.g., low-income countries) still emit
substantial amounts of SO2. At those locations, SO2 monitoring is critical. However, low-income
countries do not have much access to expensive reference instruments. Low-cost gas sensors might
be an alternative, but it is unclear how reliable such measurements are. To evaluate the performance
of the low-cost alternative, the same SO2 gas sensor has been subjected to three different calibration
methods: (1) low-cost calibration performed in the tropical climate of Cuba; (2) high-end calibration
performed in Belgium; (3) a field calibration at an air quality measuring station in Belgium. The first
two methods showed similar trends, suggesting that the gas sensor can be calibrated with a low-cost
method. The field calibration was hampered by the low SO2 concentrations. For the monitoring
campaign in Cienfuegos, Cuba, the low-cost SO2 sensor calibrated by the low-cost method appeared
to be sufficiently reliable. The reliability of the sensor increases with the increase in SO2 concentration,
so it can be used in Cuba instead of Belgium.

Keywords: pollutants; SO2; low-cost sensors; low-cost calibration; reliability; Cuba

1. Introduction

Belgium was the first country in continental Europe to follow the UK into the indus-
trial revolution. Heavy industries such as iron foundries or glass production settled in
the proximity of rivers and coal mines in the south of Belgium during the 19th century.
However, this economic success also had a downside [1–4]. Air pollution and acidifying
deposition were suspected to damage vegetation (e.g., oaks, fruit trees, crops) and cause
nuisance by the mid-19th century. However, the relationship between air pollution and
mortality was only confirmed after the deadly fog in the Meuse Valley on 1–5 December
1930 [5,6]. During the Meuse Valley incident, hundreds of people endured pulmonary
attacks, and 63 people suddenly died in Engis, Belgium. This disaster triggered multiple
scientific studies and led to the first scientific proof that pollution could cause deaths and
diseases. The source of harm appeared to be the combustion of coal. Since fossil fuels
such as coal or crude oil contain 1–2% sulphur by weight, they emit smoke and SO2 when
burned. People exposed to the fog inhaled sulphuric acid. Similar disasters occurred at
other locations, with the most famous being the Great Smog in London on 5–9 December
1952 [7–10]. At that time, the average SO2 concentration in London was around 70 ppb,
with a peak at 1339 ppb on December 8 [11]. Since then, legislation, abatement strategies,
and emission control measures have been implemented [12]. After 1970, global SO2 emis-
sion started to drop in Europe [13]. In Europe and North America, the SO2 concentrations
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became so low that acid rain, which caused, among other things, accelerated dissolution of
limestone in historical statues and monuments [14], is not a major issue anymore. Today,
ambient SO2 concentrations in Belgium are in the range of 1–2 ppb, with some peaks up
to 20 ppb [15,16]. These concentrations are close to the detection limit of low-cost SO2 gas
sensors, and it is unclear if such sensors collect reliable data in such regions. With ‘reliable,’
we mean some useful information can be extracted from sensor readings to evaluate air
quality while operating in a real-world application.

Nevertheless, SO2 emissions are still significant in certain sectors, such as merchant
shipping, where heavy fuel containing sulphur (<0.5%) is used as fuel outside the SECA
areas (i.e., regions at sea where sulphur content in fuel must be lower than 0.1%). SO2
emissions also occur in rapidly growing regions such as East and South Asia. This is also
a problem in low-income countries, where the urgency to remove sulphur from crude oil
is lower than other issues. For example, Cuba produces mainly heavy crude oil, which
contains 7 to 8% sulphur by weight [17–19]. This feature leads to increased SO2 emissions
during combustion. In addition, Cuban oil exhibits several distinct features, including a
high asphaltene content, a low API gravity (i.e., American Petroleum Institute gravity),
and elevated concentrations of heavy metals such as nickel and vanadium. These metals
are known to contribute to the generation of particulate matter (PM) during combustion.
According to data from the Central Bank of Cuba, fuel oil production in 2020 was around
3.8 million tons, which represented 41% of the national demand [20]. The rest of the
demand was imported from Venezuela, Russia, or Algeria. In addition to these countries,
Cuba has also imported fuel oil from other countries such as Mexico, Angola, Brazil, China,
and Nigeria, although to a lesser extent. The derivatives, such as diesel oil or fuel oil, have
higher fossil-fuel emission factors for SO2 than the desulfurized equivalents used in the
Western world. In addition, the use of old technologies in industry and transportation leads
to higher fuel consumption levels. At the same time, the treatment of atmospheric emissions
is insufficient. Despite the fact that Cuba’s economic situation makes it impossible to replace
existing technologies with more efficient and less polluting alternatives in the short term,
there is a need to control SO2. Because of the large number of diesel engines that act as SO2
sources, there is a particular need for low-cost control systems.

Recently conducted net emission inventories in Cuba showed that the following
pollutants can be ranked in decreasing importance: SO2 > NO2 > CO [21]. This suggests
the importance of SO2 as a pollutant in Cuba. A Gaussian dispersion modeling system
for pollutants suggests that the maximum concentration of SO2 in rural environments
is 30 ppb [22]. Another study performed in Santa Clara City, Cuba reported an average
concentration of 4 ppb for the period February to April 2010 [23]. In Havana, a study
about air pollution due to vehicular traffic revealed SO2 average concentrations between
5 and 15 ppb, with peaks of up to 60 ppb [24]. These studies suggest that the average SO2
concentration in the air is higher in Cuba than in Belgium.

It is known that the reliability of low-cost sensors is lower in comparison with high-
end and expensive trace-level UV fluorescence analysers that are considered the gold
standard [25–29]. Therefore, one must know the most important calibration problems
(e.g., no access to high-end equipment to perform calibrations, the effect of a tropical
climate, etc.), the impact of varying environmental parameters, and the interference of
other pollutants on the measurements to ensure the best possible reliability of the collected
data [30,31]. This contribution will explore the reliability of low-cost SO2 monitoring. It
will be illustrated with a measuring campaign performed in Antwerp, Belgium, on the
roof of an air quality monitoring station analysing outdoor air, and a measuring campaign
performed in Cienfuegos, Cuba.

2. Background

Electrochemical 4-electrode gas sensors are widely used in air quality monitoring and
toxic gas detection applications due to their relative high sensitivity and selectivity [32–35].
A well-known example of such low-cost gas sensors are the ones of the manufacturer
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Alphasense. They are provided with calibration information. However, the accurate
calculation of pollutant concentrations remains a challenge [36,37]. According to the
manufacturer, the sensors register the voltages corresponding to the working electrode
(WE) and auxiliary electrode (AE). The WE provides information about the target analyte,
while the AE is designed to mimic the WE in the absence of the target gas while considering
the response to changes in meteorological conditions such as temperature and relative
humidity. Despite the apparent simplicity of the formulas to calculate the concentration
from WE and AE, the information about Alphasense is confusing. This leads to different
interpretations of the formulas in the literature. Some assume a correction factor nT equal
to 1 [38–40]. Others consider nT a constant provided in tabular or in graphic form by
Alphasense [41,42]. For the Alphasense SO2-A4 sensor, the manufacturer suggests for
nT a value of 0.4 in one document [43] and 1.15 in another document [44]. It is not clear
whether these variations are due to a change in the construction of the electrochemical
cell. In the 2014 Alphasense Application Note AAN 803-01, “Correcting for background
currents in four electrode toxic gas sensors”, nT is defined as the ratio WE0/AE0 for zero
air at the temperature at which the measurement is performed. This definition suggests a
variable ratio. The scientific literature has demonstrated that corrections of WE and AE
recommended by the manufacturer do not always lead to pollutant concentration values
with acceptable precision [45]. There are several factors that can affect the accuracy of
gas concentration measurements, such as cross-sensitivity, drift, calibration, and other
environmental factors that can interfere with the sensor signal.

The voltage values of both electrodes for air without pollutants (WE0 and AE0) can be
obtained from a calibration process using zero air. The ratio allows the conversion of the
measured AE-value into the corresponding background baseline WEbackground. The back-
ground baseline that needs to be subtracted from WE can be calculated with Equation (1). If
one assumes nT as a variable ratio and the measured WE as the sum of the background base
line (i.e., WEbackground) and a contribution that is concentration-dependent (i.e., WEgas),
then the formula of Alphasense can be obtained (see Equations (1)–(3)). Consequently, the
sensor signal (WEgas), expressed in mV, is directly proportional to the gas concentration.

nT =
WE0

AE0
=

WEbackground

AE
⇔ WEbackground =

WE0

AE0
AE, (1)

WE = WEbackground + WEgas ⇔ WEgas = WE − WE0

AE0
AE, (2)

WEgas = WE − WE0

AE0
AE + [nTAE0 − WE0] = (WE − WE0)− nT(AE − AE0). (3)

Once the concentration-dependent signal WEgas is calculated, the gas pollutant con-
centration expressed in ppb is calculated using Equation (4). The gas sensitivity (Sgas) is
specific to each sensor, and its value is provided by the manufacturer. This means that
the calculation of the concentration is a two-step process: (1) correct for the background
baseline WEbackground; (2) convert WEgas into the corresponding concentration.

cgas =
WEgas

Sgas
. (4)

It is usually assumed that nT of the calibration process is identical to nT of the mea-
suring campaign. However, the contexts of both measurements are not necessarily the
same, and this assumption may lead to an incorrect estimation of the background baseline
WEbackground. If there is no in situ zero air calibration available, then WE0 and AE0 can be
estimated from the collected WE and AE time series. The moment tmin is characterized
by the lowest WE-value in the time series, which is denoted by WEmin(t = tmin). The
corresponding AE-value is given by AE(t = tmin). That moment is characterized by the
minimum concentration, Cmin. If the calibration curve is known, then Cmin can be used
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to calculate the corresponding WEgas(tmin). There is often sufficient knowledge available
about the measuring location to estimate Cmin. For example, there will be a moment in the
measuring campaign of SO2 in outdoor air in Belgium when it will reach zero concentration.
When AE0 is not recorded at the same moment as WE0, the average of AE0 in the time
series can, in principle, be used to calculate the sensor signal.

We know that:

WEgas(tmin) = WEmin(tmin)− WEbackground(tmin) (5)

therefore,
WEbackground(tmin) = WEmin(tmin)− WEgas(tmin) (6)

WEgas(tmin) can be expressed by the following formula if we clear it in Equation (4).

WEgas(tmin) = SgasCmin(tmin) (7)

When WEgas(tmin) is substituted into Equation (6), the following expression is obtained:

WEbackground(tmin) = WEmin(tmin)− SgasCmin(tmin) (8)

In addition, we know that:

WEbackground(tmin) = nTAE(tmin) (9)

therefore,

nT =
WEbackground(tmin)

AE(tmin)
(10)

WEbackground in Equation (10) can be substituted by Equation (9) (see Equation (11)).
When Cmin = 0, Equation (11) can be further simplified, showing that nT is the ratio
WE0/AE0 for zero air.

nT =
WEmin(tmin)− SgasCmin(tmin)

AE(tmin)
(11)

3. Materials and Methods

3.1. Low-Cost Monitoring System

The principles of low-cost monitoring systems have already been described in previous
work [46,47]. Here, only the principle of the gas sensor measurements will be given in
more detail. The SO2 sensor type A belongs to one of the gas sensor families from the
manufacturer Alphasense. It is inserted in an analog conditioning board (analog front end),
designed by Alphasense to accommodate 4 different sensors (part number 810-0023-00).
The configuration used includes sensors for NO2, OX (O3 + NO2), CO, and SO2. The
analog front end (AFE) has an internal power supply of 3.3 V and only requires an input
voltage between 3.5 and 6.5 V (DC). The conditioning board provides 8 analog outputs
(2 for each sensor; more precisely, the “working electrode” and the “auxiliary electrode”)
that must be wired to analog-to-digital converters (ADC). The sensitivity of the SO2 sensor
is 0.295 mV/ppb. The low-cost monitoring system that was used in the experiments
consisted of an Arduino MEGA2560 as the computer unit and interface board, a real-time
clock, and an SD card for data storage. The Arduino Mega 2560 contains an ADC with a
10-bit resolution. This ADC, with a reference voltage of 5 V, is capable of detecting voltage
variations of about 4 mV. This means that it cannot detect changes of 1 ppb. To resolve this
quantization problem, a pair of 4-channel analog-to-digital converters with 16-bit resolution
(ADS 1115) have been added to the system. This resolution allows the detection of voltage
changes of 0.076 mV, which is sufficient to detect 1 ppb concentration variations. The ADC
has 4 analog inputs, hence the need to use 2 converters. The ADS 1115 module is connected
to the Arduino Mega through the I2C communication protocol.
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3.2. Sensor Calibration

The calibration curve describes the relationship between the sensor signal and the
reference measurements. Since that relationship must transform the sensor measurements
into concentrations, the sensor signal is considered the independent variable. The same set
of A-series Alphasense gas sensors for NO2, O3 (i.e., OX sensor), CO, and SO2 has been
subjected to 3 different types of calibration experiments. The experiments are summarized
in Table 1 and include the most common calibration methods listed in the literature [48–52].
This work only focuses on the calibration of the SO2 sensor. Calibration method 1 is
a low-cost calibration method performed in Cuba using low-cost electronics purchased
via the internet, medical disposables, and common laboratory equipment (e.g., balance,
pipettes). This calibration method can be performed with a limited budget in low- or mid-
income countries. The calibration setup needed is described elsewhere [53]. In the high-end
calibration process number 2, all sensors have been exposed to the 4 different gases during
separate calibration experiments. This makes it possible to evaluate the impact of NO2, O3,
and CO gases on the signal of the SO2 sensor, that is the cross-interference. This calibration
method allows the sensor response to be compared with a reference analyzer. Sensor
calibration methods under laboratory conditions are relatively fast. The concentration
range of the pollutant and the temperature and relative humidity conditions can also be
selected to perform the calibration. However, in these methods, the sensor is not exposed
to real-field conditions. An advantage of field calibration is that data provided by low-cost
sensors can be compared with official data reported by monitoring stations. This method
is considered the most efficient because it allows the correction of meteorological and
other pollutant fluctuations in the field environment by complex mathematical models.
However, it is applicable only to the site where the calibration was performed. Another
advantage of calibration method number 3 is that nT for the outdoor calibration in ambient
conditions must be fairly similar to the measuring location at a different outdoor location
in the vicinity. The Alphasense formula with local values for WE0 and AE0 was used as
well. A comparison of the different calibration processes makes it possible to evaluate
the reliability of the low-cost calibration. Table 1 and the list below describe calibration
experiments in detail.

Table 1. Overview of the calibration experiments performed on the same set of gas sensors, the
period in which that calibration was performed, the average temperature, and relative humidity (RH)
during the calibration process.

Nr. Calibration Method Location T and RH Range Calibration Period

1
Low-cost calibration of the SO2
sensor by generating SO2 gas

inside a syringe
Santa Clara, Cuba Tropical climate (23–25 ◦C

and 62–65% RH) 19 November 2021

2
High-end calibration in a climate
chamber using NO2, O3, CO and

SO2 calibration gases

Mol,
Belgium

Moderate marine climate
(23 ◦C and 47–50% RH) 16–19 May 2022

3

Field calibration where the
low-cost monitoring device is

installed on the roof of the national
outdoor air quality measuring

station 42R802. The station is close
to a crossroad.

Antwerp,
Belgium

Moderate marine climate
(10–30 ◦C, 30–94% RH) 30 May 2022–30 June 2022

• Low-cost calibration in laboratory conditions: The low-cost calibration setup con-
sists of a closed plastic box that contains the gas sensor. The air inside the calibration
box is first cleaned by pumping the air through a solution saturated with Ca(OH)2.
The cleaned air can be used to determine WE0 and AE0. First, SO2 gas is generated
inside a syringe. The gas is generated in a separate setup using the stoichiometric
reaction R1 [54–56]. Graduated syringes with scale intervals of 0.2 mL were used.
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One syringe contains 0.2 mL of 2.14 mol/L Na2SO3 solution. The second syringe
contains 0.2 mL of concentrated 95% (w/w) H2SO4. The reagents are brought together
to generate 9 mL of SO2 gas in a third syringe. The acid solutions did not deteriorate
the plastic setup and could be used for several calibration experiments. The amount
of SO2 inside the syringe expressed in moles can be calculated from its volume, the
pressure of the gas inside the syringe, and the ambient temperature using the ideal
gas law. Then, the syringe filled with SO2 gas is connected to the calibration box using
a pressure connection tube. One experiment entails several injections of small but
known volumes of SO2. The corresponding amounts of SO2 introduced in the zero air
inside the box were 110, 220, 330, 440, and 550 ppb. Each step lasted approximately
1 min. The low-cost calibration is performed by determining the relationship between
the concentration-dependent sensor signal WEgas and the reference SO2 concentration
injected into the plastic box.

Na2SO3(aq) + H2SO4(l) → SO2(g) + Na2SO4(aq) + H2O (R1)

• High-end calibration using a high-end climate chamber: The set of NO2, OX (i.e.,
the sum of O3 and NO2), CO, and SO2 sensors is subjected to a calibration experiment
at VITO, Belgium, which uses certified and traceable calibration gases to ensure the
accuracy and reliability of the measurements. More detailed information on the
calibration setup can be found elsewhere [53]. The temperature in the laboratory was
controlled and kept at around 21 ◦C. The entire set of gas sensors was exposed to
concentration ranges of 0 to 662.71 ppb, 0 to 145 ppb, 0 to 100 ppb, and 0 to 6 ppm
of SO2, NO2, O3, and CO, respectively, in separate calibration experiments. The gas
sensors have also been submitted to the calibration experiment of the AM2315 sensor
for temperature and relative humidity in the ranges of 20 to 50 ◦C and 5 to 80% RH.
The calibration of the SO2 sensor was performed in 1 experiment with continuous
injections of the reference gas. A staircase profile with 12 SO2 concentration levels was
used. The reference concentrations were 27.44; 97.82; 239.18; 389.02; 532.92; 662.71;
540.00; 402.55; 257.70; 115.62; 43.10 and 4.51 ppb. Each step lasted between 3 and 4 h.

• Field calibration: The sensor’s performance was also evaluated by a field calibration,
where the data provided by the low-cost sensor is compared to a reference measuring
station that recorded reliable SO2 concentrations. The calibration is conducted at
station 42R801 of the Flemish Environment Society (Vlaamse Milieu Maatschappij
VMM). The station generated a time series with a sampling time of 1 h. The low-cost
monitoring systems used a sampling time of 2 min. With the function VLookUp in
Microsoft Excel, the sensor data could be resampled so that values are obtained at the
same timestamps as the measurements in the reference time series. The resampling
allowed the integration of the two-time series into a single database. In this way, the
relationship between the SO2 sensor signal and the reference SO2 concentration could
be determined. Some authors consider that the duration of the field calibration is
intrinsically related to the calibration model [57]. An optimal field calibration should
cover all environmental conditions; therefore, it should be performed during different
seasons and use complex mathematical models. In this study, the results obtained
will be compared with calibration methods under laboratory conditions. For this
reason, the simplest model (a linear regression model) and a shorter period during the
summer were used. This season has the highest similarity to the Cuban climate. The
field calibration in Antwerp, Belgium lasted 1 month. The visualization of the data
recorded during the field calibration was generated with software developed by [58]
in Python 3.

From the measured WE and AE data of the SO2 gas sensor, the impact of how the
concentration-dependent signal (WEgas) is calculated on the calibration results will be
discussed. This analysis was performed on calibration methods 1 and 2 from Table 1. The
curves were compared with the Alphasense calibration. Alphasense calibration refers to
the calculation of gas concentrations using Equations (3) and (4). A simple method is to
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calculate the difference between the two electrodes (WE–AE). The sensor signal was also
calculated by subtracting WE0 from WE and using Equations (3) and (12). Equation (12) is
similar to Equation (3), but the parameter nT is not considered.

WEgas = (WE − WE 0
)− (AE − AE0) (12)

3.3. Reliability Testing

The reliability of an electrochemical gas sensor can be assessed through a number of
indicators. Several reliability indicators are defined in the list below. They give an insight
into the occurrence of calibration or measuring errors. By analyzing these indicators, an
insight into the reliability of the measured concentration during the field campaign in
Cienfuegos is obtained.

• The coefficient of determination of the linear regression between the sensor signal and
the reference concentration is high, suggesting the absence of random errors during
the calibration experiment.

• The stability of the SO2 concentration inside the calibration box should be sufficiently
long to perform a stable measurement of the signal at a given concentration.

• There is an agreement between the different types of calibration processes performed
on the same sensor.

• The monitoring campaign can be considered reliable when the AE-signal remains
constant over time or only gently fluctuates around its average;

• It is possible to remove the background baseline from the measured WE signal and
obtain WEgas.

• The detection and quantification limits of the gas sensor are sufficiently low so that
the target gas is able to generate a reliable signal.

• The scientific literature gives evidence of the effect of cross-sensitivity in electrochemi-
cal sensors [59,60]. The sensor is reliable when the concentration of interfering gases is
lower than the signal generated by the target gas or when a correction can be applied.

• Drift in the calibration constants of low-cost sensors can be caused by several factors,
such as environmental conditions, lifetime, chemical decomposition, contamination,
electromagnetic interference, and others. Measurements will be reliable when the
drift in the calibration constants within the period of the calibration experiment
and measuring campaign is sufficiently low. Sufficiently low means that the error
introduced by drift is not significantly higher than other sources of error.

• The scientific literature demonstrates the influence of temperature and relative humid-
ity on electrochemical sensor measurements [61,62]. Measurements will be sufficiently
reliable when the interference of these variables on the measurement of the target gas
is sufficiently low (i.e., the error is not significantly higher than other sources of error).

3.4. Measuring Campaign

A measuring campaign has been performed in Cienfuegos, Cuba, from 14 March to
22 April 2022, with a sampling time of 2 min. The urban historic centre of Cienfuegos is a
part of UNESCO World Heritage, but Cienfuegos Bay is also an important harbour and
industrial centre. The measuring location is situated 9 km south of the city (22◦03′55′′ N,
80◦28′58′′ W), more specifically between the Caribbean Sea and Cienfuegos Bay (see
Figure 1). The monitoring system has been placed outside at the Centro de Estudios
Ambientales (CEAC) close to a window at a height of 2 m above ground level, according to
the prescriptions of the Cuban standard NC 111:2014 [63]. The most important stationary
pollution sources in the vicinity are the emissions from the Carlos Manuel de Céspedes
thermoelectric plant, which uses national crude or fuel oil, and the Camilo Cienfuegos oil
refinery. Examples of pollution sources closer to the measuring location are a small diesel
power unit and a diesel combustion boiler. In addition, close to the sampling area, wood is
burned for charcoal production. Figure 1 shows the location of the low-cost monitoring
system and the most important pollution sources in its vicinity. The measuring campaign
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resulted in a data matrix with measurements arranged in 27,852 rows and 9 parameters
arranged in columns. The data matrix contains a column for the WE-value of the SO2 sensor
and another column for the corresponding AE-value. The visualization of the data recorded
during the measuring campaign was also generated with the visualization software for
environmental data.

 

Figure 1. Map showing the sampling location in Cienfuegos, Cuba and the most important pollution
sources in its vicinity.

4. Results

4.1. Sensor Calibration

The behaviour of the same SO2 sensor subjected to different calibration experiments is
shown in Figure 2. Each experiment generates raw signals for the WE and AE electrodes.
This information is shown in Figure 2a,c,e. From the sensor data, the average concentration
dependent signal, WEgas must be calculated. The calculated signal is shown in the X-axes
of Figure 2b,d,f where the relationships with the reference concentrations are described
by linear regressions. The calibrations performed in laboratory conditions (Figure 2b,d)
use elevated SO2 concentrations and result in linear trends with high coefficients of deter-
mination (>0.99). These coefficients of determination can be used as reliability indicators.
For the field calibration performed in Belgium, the SO2 concentration range is smaller,
and a fraction of that range falls below the detection limit of the low-cost sensor. The
smallest detectable concentration must result in a signal that is higher than the random
fluctuations around the average value of WE0, <WE0> + 3sWE0, where <WE0> stands for
the average signal at zero concentration and sWE0 for the corresponding standard deviation.
The minimum signal can be determined from point 12 in Figure 2c and compared with the
signal at point 1, which appears to be just above the detection limit (i.e., 6.19 ppb). This
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means that the data from almost the entire measuring campaign are below the detection
limit of the sensor. It explains why the linear trend in the field calibration is not reliable.
Besides these general observations, several specific conclusions can be drawn from the
calibration experiments. They are described below.

Figure 2. Different calibration processes applied on the same SO2 sensor; the sensitivity is expressed in
ppb/mV and the intercept in ppb. (a,b) Low-cost calibration under controlled conditions in laboratory
performed in a tropical climate in Cuba. (c,d) High-end calibration under controlled conditions in
laboratory performed in a moderate marine climate in Belgium. (e,f) Field calibration at a VMM air
quality monitoring station, where the environmental conditions fluctuate in an uncontrolled way.
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• Low-cost calibration in laboratory: The WE0 and AE0 signals of the SO2 gas sensor
in zero air (i.e., point 0 in Figure 2a) are 294.6 mV and 290.8 mV, respectively, with
nT = 1.01. The sensor measures the sudden jumps in the SO2 concentration when the
gas is injected in steps into the calibration box. The average values of the numbered
rectangles in Figure 2a are used for calibration. A linear trend between sensor signal
and SO2 concentration is observed (Figure 2b). When using the sensor characteristics
determined in zero air, the quantification method of Alphasense gives similar results
to the low-cost calibration. The slopes for both methods are similar. However, there is
a difference between the intercepts.

• High-end calibration in laboratory: The WE0 and AE0 signals of the same SO2 sensor
as used in the low-cost calibration in the laboratory in zero air (i.e., point 12 in Figure 2c)
are 298.6 mV and 284.2 mV, with nT = 1.05. This means that WE0 and AE0 are different
from the ones at the low-cost calibration. The moments in Figure 2c marked with black
rectangles indicate the stable measurements for each point in the calibration process.
These moments are located in the second half of the plateaus because the chamber
and sensor need some time to reach equilibrium. Figure 2d shows the linear trend
between the average sensor signal from the numbered plateaus and the corresponding
reference SO2 concentration. In addition, Figure 2d also shows the calibration with
the Alphasense formula (Equations (3) and (4)) using the characteristics determined at
zero air in point 12. Both calibrations show a similar slope but a different intercept.

• Field calibration: To determine the local WE0 and AE0, the minimum value for WE in
the time series has been identified, together with the accompanying AE or average AE
value (see Equation (5)). The reference concentrations clearly show that Cmin within
the time series reached zero. This gives 279 mV for WE0 and 285 mV for AE0, which
corresponds to nT = 0.979. Each calibration experiment appears to be characterized by
different WE0 and AE0 values. This suggests the need for in situ characterization of the
sensor properties. During the measuring campaign, the reference monitoring system
registered an average concentration of 0.5 ppb, with peaks of up to 20 ppb. In addition,
87% of the measurements are in the range of 0–2 ppb. Some of the peaks observed in
the VMM data are also detected by the gas sensor with some time delay. At the same
time, the gas sensor also shows SO2 peaks that are not detected by VMM, and the
VMM data contains peaks that are not detected by the gas sensor. Some peaks may
be attributed to a cross-sensitivity effect and not to a significant SO2 signal because,
during the monitoring period, the concentrations of interfering gases such as NO2,
O3, and CO were higher than that of SO2. This indicates that at locations with low
SO2 concentrations (e.g., Belgium), the low-cost sensor is not a good alternative for
monitoring the pollutant concentration.

Figure 3 shows the different methods used to calculate the sensor signal. Although the
calibration method of the manufacturer approached the low-cost calibration of Figure 2b
and the high-end calibration of Figure 2d, a difference between both linear trends can be
seen in Figure 3a when WE-AE is used as a sensor signal. This difference is not caused
by calibration errors but rather by an imperfect subtraction of the background baseline in
the sensor signal. This error becomes smaller when the signals are processed differently
(see Figure 3b–d). In addition, the experimental values of nT in calibration methods 1,
2, and 3 are close to 1. For this reason and for the sake of simplicity, nT is considered
1. Thus, Equation (12) was used to calculate the sensor signal and make the calibration
curves shown in Figure 2. When local WE0 and AE0 values are used and the background
contribution is determined as accurately as possible, both calibration processes result in
similar calibration curves. It also means that the low-cost calibration performed on another
continent can be considered sufficiently good to calibrate the gas sensor.
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Figure 3. The calibration process of Figure 2a,c, where the concentration-dependent sensor signal has
been calculated in different ways in comparison with the Alphasense equation using the appropriate
WE0 and AE0 for both calibration processes. (a) The sensor signal has been calculated using the
corresponding voltage values of both electrodes WE-AE; (b) The sensor signal has been calculated
using the voltage values of the working electrode and the recorded value for zero air; (c) The sensor
signal has been calculated using the voltage values of the working and auxiliary electrodes and the
values recorded for zero air without considering nT; (d) The sensor signal has been calculated using
Equation (3) suggested by the manufacturer.

Figure 2 shows that the low-cost calibration is sufficiently reliable under controlled
conditions. However, it is unclear if the performance of the sensor is as good in real-life
situations. For that reason, several aspects have been studied that give insight into the
reliability of SO2 measurements:

• Coefficient of determination of the linear regressions: The low-cost sensor showed
a strong linear relationship with the reference concentrations in the calibrations per-
formed under laboratory conditions (0.9912 and 0.9997 for the low-cost and high-end
calibrations, respectively). This is an indication that the sensor can be considered
reliable. However, the sensor was not reliable in the field calibration, obtaining a
coefficient of determination of 0.0518.

• Agreement between calibration processes: The calibration curves shown in Figure 2
indicate that the low-cost calibration resulted in similar results as the high-end cali-
bration. The high-end calibration resulted in concentrations that are systematically
higher (ca. 17 ppb). However, the slopes are similar. Although the match of both
calibration curves is not perfect, this observation gives satisfactory reliability to the
low-cost calibration.

• Stability of the SO2 concentration inside the calibration box: The sensor signal did
not remain constant in the calibration box. The decreasing trend is most probably not
caused by the air exchange rate because it occurs too fast. This behaviour might be
attributed to a chemical reaction between SO2 gas and water vapour. The resulting
H2SO4 seems to remain invisible to the SO2 gas sensor so, the concentration drops.
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In addition, the RH in the box drops over time and seems to confirm our hypothesis
(see Figure 2a). For each step in the low-cost calibration, the zones with the highest
concentrations have been used as the most reliable situations.

• Stability of the signal generated by the AE: Although the AE signals of the three
calibration experiments are different from each other, they appeared to be rather
constant during the experiment. However, the AE signal during the field study
contained peaks superposed on a slowly decreasing trend. It is not clear if this
decreasing trend should be associated with a calibration drift because the background
contribution can effectively evolve towards smaller values. It is unclear if this drop
is caused by changing values for WE0 and AE0. Figure 4a shows the trends of the
auxiliary electrode of the SO2 sensor when the NO2 (red line), CO (blue line), and O3
(green line) sensors were exposed to the high-end calibration. This behaviour is shown
as a function of relative time in days. The AE trends of the SO2 sensor show some
fluctuations (see Figure 4a). During the NO2 calibration, a decreasing AE trend for the
SO2 sensor is observed. The AE signal of the SO2 sensor contains the staircase function
of the CO concentration profile, while during the O3 calibration, the AE signal of the
SO2 sensor appears to be rather constant. Apparently, there is a disturbance of the
AE-signal of the SO2 sensor when exposed to NO2 and CO.

• Possibility to remove the background level from the WE signal: It is of primary
importance that WEbackground can be estimated as accurately as possible. The baseline
drift is mainly due to the variation in ambient environmental conditions. For this
reason, the values of WE0 and AE0 as used for the calibration processes are not valid
for the field campaign and need to be determined for the local situation. Once this is
done, the calibration performed in laboratory conditions (span calibration) appears to
be usable in the field campaign. This enhances the reliability of field campaigns using
low-cost gas sensors.

• Detection and quantification limits: The lowest concentration that the SO2 gas sensor
can distinguish from zero air is the quantity that generates a signal that is at least
equal to the average value of WE0, <WE0>, plus 3 times the standard deviation of
the signal fluctuating around <WE0> (i.e., limit of detection). The quantification limit
is defined as <WE0> plus 10 times the standard deviation of the signal fluctuating
around <WE0> [64]. This threshold can be determined with the data associated with
point 12 in Figure 2c. The detection and quantification limits are 6.19 and 20.63
ppb, respectively. For measuring locations where the average SO2 concentration is
above the detection and quantification limits, the reliability of the measurements is
sufficiently high. This was not the case during the field calibration in Belgium.

• Cross-interference: The concentrations of atmospheric pollutants CO, NO2, and O3
are high in Cuba. Research about the quantification of tropospheric ozone in Cuba
showed that in the cold season (from February to April), the concentration of this
pollutant is high [65] and exceeds the threshold of 12 ppb as established by the Cuban
standard NC 39:1999 [66]. The NO2 quantifications showed that in the cold season
the concentrations are higher, although not exceeding the admissible limit according
to the Cuban standard [23]. This suggests that cross-interference can be expected
and is probably more important than in Belgium because the interfering gases have
higher concentrations than the target gas. During the high-end calibration of low-cost
O3, NO2, and CO sensors, the SO2 sensor signal was recorded when exposed to the
other gases This signal has been plotted as a function of the reference concentration
of the pollutants (Figure 4b). The experiments show a linear response of the SO2
sensor towards interfering gases. The SO2 sensor has a negative linear response to
O3 and NO2, which corresponds to the information provided by Alphasense. It also
corresponds with previous research [67,68]. Some report a negative response for
CO [61], while this study shows a faint but positive correlation, which is in accordance
with the information supplied by the manufacturer. It is likely that the responses
vary from sensor to sensor. Thus, large CO-peaks might result in false SO2 peaks,
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while NO2 and O3 peaks should result in SO2 valleys. Assuming the cross sensitivities
are independent, the effects of the interfering gases on the SO2 sensor signal can
be corrected by the equations shown in Figure 4b. These results demonstrate the
importance of using multi-sensor systems when low-cost sensors are used, as they
provide the possibility of obtaining a better estimate of the cross-sensitivity.

• Drift of the calibration constants: The behaviour of the sensor during field calibration
reflects a common trend with fluctuations (see Figure 2e). The trend might indicate
that there is some drift. Since the monitoring campaign only took 1 month, this might
be too short to observe obvious drifts. However, this suggests the need for periodic
calibrations to assure reliability.

• Interference of temperature and relative humidity: As mentioned before, the SO2
sensor was also subjected to the calibration experiment of the AM2315 sensor (T
and RH). During these conditions, the SO2 concentration was not measured with a
reference instrument; however, in Belgium, the concentration fluctuates around 1 ppb
(below the detection limit of the sensor). Moreover, the indoor SO2 concentration is
usually lower than the corresponding outdoor concentration. Therefore, any variation
in the SO2 sensor signal must be caused by the changing T and RH conditions in
the climate chamber. The behaviour of the AM2315 sensor during the temperature
calibration (Figure 4c) and the relative humidity calibration (Figure 4d) has been
plotted as a function of time. The secondary axis of both graphs shows how the
WE and AE signals of the SO2 sensor respond to these conditions. Figure 4c shows
that in the range of 20 to 30 ◦C, the sensor signals remain stable. With decreasing
relative humidity from 80% down to 40% for a temperature of 20–30 ◦C, both WE
and AE remained stable. At higher temperatures (i.e., 50 ◦C), the WE signal suddenly
increases while AE decreases. In the range from 40% down to 5% at a temperature of
50 ◦C, the WE sensor signal shows a sudden increase that might be confused with a
gas-specific signal. At this moment, the AE decreases but becomes stable afterwards.
After exposure to 50 ◦C, the WE and AE are less stable in comparison to the range
from 20 to 30 ◦C. This means that the sensor signal appears to have remained constant
when the changing conditions remained in a relative cold (<30 ◦C) and humid (>40%)
state. However, in warmer (>30 ◦C) but dryer (<40%) conditions, the sensor becomes
very sensitive to small changes in the environmental conditions: the lower the RH,
the higher the WE signal. This suggests that the sensor shows similar behaviour in
moderate and tropical climates most of the time.

Figure 5 shows the gas and particulate matter concentrations recorded by the VMM
station and the signal from the working and auxiliary electrodes of the low-cost SO2 sensor
during the field calibration in Antwerp, Belgium. The highest peaks recorded by the sensor
are shown in this figure. The signal generated by the auxiliary electrode shows instability
over time. Its trend is related to temperature peaks and relative humidity valleys. On some
occasions, the high reference concentrations of SO2 do not coincide with the sensor peaks
(see more detail in Figure 2e). This is probably due to the low detection limit of the sensor.
At other moments, when the peaks of the SO2 reference are not recorded, sensor peaks
are observed. These sensor peaks are related to temperature peaks and relative humidity
valleys but also to peaks of O3 (see the red rectangles in Figure 5). Although the NO2
concentration is higher than the SO2, no strong relationship between the recorded peaks
was observed. Only one peak of CO is simultaneously related to the peaks of NO2 and
SO2 (see the black rectangle in Figure 5). At that moment, the VMM station also recorded a
small peak of SO2. The simultaneous peaks suggest that the pollutants are generated by the
same pollution sources [68]. The occurrence of simultaneous peaks for different pollutants
and the SO2 peak caused by interference is sometimes hard to distinguish.
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Figure 4. Impact of different pollutants and environmental conditions on the low-cost SO2 sensor
signal. (a) AE SO2 sensor signal trends during the high-end calibration with NO2, CO, and O3;
(b) cross-interference effect on the SO2 sensor signal; (c) sensor signal trends at different temperature
levels while the RH is changed in steps; (d) sensor signal trends at different relative humidity levels
while the temperature changes are shown in (c).

4.2. Measuring Campaign in Cienfuegos, Cuba

When analyzing the AE values over time, this parameter shows fluctuations around
an average of 284.2 mV. The minimum value for WE is 282 mV, with a corresponding
AE value of 276 mV, resulting in an nT of 1.02. The analysis of WE0 and AE0 during the
calibration processes and the measuring campaign in Cuba also show that these values
cannot be considered sensor constants because different values were obtained in all cases.
Therefore, they have to be determined for every measuring campaign. As can be seen in
Table 2, they change from campaign to campaign. To understand these fluctuations, it is
necessary to perform more in-depth studies over a longer period of time. Some authors
suggest that they are due to changes in environmental conditions such as temperature,
relative humidity, pressure, and trace contaminants [69]. However, when nT is calculated,
values close to 1 are obtained in all cases.

Table 2. Overview of WE0 and AE0 from the different measuring campaigns. The campaigns are
ranked chronologically.

Low-Cost
Calibration

High-End
Calibration

Field
Calibration

Measuring
Campaign in Cuba

WE0 294.6 298.6 279.0 282.0
AE0 290.8 284.2 285.0 276.0
nT 1.01 1.05 0.979 1.02
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Figure 5. Concentration of gases and particulate matter recorded by the VMM station and the
signal of the working and auxiliary electrodes of the low-cost SO2 sensor during the field calibration
performed in Antwerp, Belgium, from 30 May to 30 June 2022. The red rectangles indicate the
simultaneous relationship of the SO2 sensor with some parameters recorded by the station such as
temperature, relative humidity, SO2, NO2 and O3. The black rectangle indicates the simultaneous
relationship of the SO2 sensor with NO2 and CO.

In the measuring campaign at Cienfuegos, the WE signal is clearly larger than the
AE value. Figure 6a shows that the AE signal develops a slowly decreasing trend with
superposed peaks. The minimum value for AE does not correspond with the minimum
value for WE. The values for WE0 and AE0 are determined as the minimum value from
the WE time series and the average value of the AE time series. The average value is used
instead of the corresponding AE value of WEmin, as suggested by Equation (11), but both
values are similar. In addition, the concentration-dependent signal WEgas is significantly
larger than zero, suggesting that the SO2 concentration at the measuring location is above
the detection limit of the sensor. When applying the low-cost and high-end calibrations,
the same trend is observed (Figure 6b). The main difference is that the high-end calibration
results in a shift of about 17 ppb. Despite this shift, it seems that the two calibration
curves can be used for quantification if the background baseline of WE is removed in
both the calibration processes and the field study. The monitoring campaign falls within
the temperature range of 20–30 ◦C and the relative humidity range of 40–80%, so these
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variables do not affect the reliability of the SO2 measurements. Figure 6 shows two periods
in which the SO2 concentration decreases appreciably. This behaviour can be related to
the variation of the wind direction, which changed from east, east northeast to north,
north northeast. These conditions favored the transport and dispersion of the pollutant
to occur further away and in a different direction from the sampling site. In both periods,
precipitation also occurred, which led to the removal of SO2 [70]. The limited amount of
information about the average SO2 concentration in Cienfuegos, Cuba can be enriched
with the average concentration as determined from the trends. Depending on the low-cost
or high-end calibration, the average concentration ranges from 31.62 ppb to 48.59 ppb.
These values are above the detection and quantification limits of the sensor. Therefore,
the SO2 sensor measurements recorded during the field campaign in Cienfuegos, Cuba
show higher reliability than the measurements recorded in Belgium. The reliability can
be further improved when the concentration range of the calibration process matches
that of the measuring campaigns. The low-cost calibration process used 110 ppb as the
lowest concentration.

 

Figure 6. Measuring campaign performed in Cienfuegos. (a) Trends of WE and AE electrodes over
time. (b) SO2 concentrations have been calculated with the low-cost and high-end calibration process.

For this measuring campaign, the trends of the other gas sensors have been shown
as well (see Figure 7). For this analysis, the NO2, O3, CO, and SO2 concentrations were
determined by using the equation obtained from the high-end calibration. It is important
to mention that the O3 signal was determined by subtracting the NO2 signal from the Ox
signal. Figure 6 shows some simultaneously occurring peaks of CO, PM, and SO2 (see
the black rectangles in Figure 7). The peaks can be related to: (1) the pollution source
because the burning of, for example, diesel results in the simultaneous emission of SO2, CO,
PM, non-methane volatile organic compounds (NMVOCs), and other pollutants [71,72];
or (2) a cross-sensitivity effect due to the CO concentration in the air that is higher than
that of SO2. On the other hand, valleys in the SO2 trend are observed when NO2 or O3
show peaks (see the red rectangles in Figure 7). The impact of NO2 on the SO2 signal is
less notable since the NO2 concentration is not considerably higher than that of SO2. This
might be explained by chemical reactions where SO2 is being transformed into sulfates [73]
or by a cross-sensitivity effect of the sensor. In addition, SO2 peaks are observed that
are not correlated with other pollutants, such as an increase in the SO2 concentration at
the sampling site or an increase in an interfering compound that is not measured (e.g.,
VOCs, H2S, etc.). More background information is needed to understand how reliable
the observed peaks are, but the correlation between peaks suggests the burning of diesel
as a pollution source. This would have been missed if only average concentrations had
been available.
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Figure 7. Results of the measuring campaign at Cienfuegos, Cuba with the low-cost monitoring
system from 14 March to 22 April 2022. The red rectangles indicate the simultaneous relationship of
SO2 with some parameters such as temperature, relative humidity, NO2 and O3. The black rectangles
indicate the simultaneous relationship of SO2 with CO and particulate matter. All parameters have
been recorded by low-cost sensors.

Figure 8 shows the correlation coefficients between the variables recorded by the
low-cost monitoring system used in Cienfuegos, Cuba. The numbers vary between
−1 and 1, indicating the linear relationship between two variables and, in this case, between
the measured pollutants. The linear correlation of SO2 with the rest of the variables takes
values close to zero, resulting in a low correlation. The most influential pollutant was O3,
followed by CO with a correlation coefficient of −0.5 and 0.45, respectively, which might
be caused by interference and be corrected with the equations in Figure 4b. This means
that during the measuring campaign, the SO2 sensor was not strongly influenced by the
other pollutants and neither by temperature nor relative humidity.
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Figure 8. Correlation matrix between the different pollutants and meteorological variables recorded
during the measuring campaign at Cienfuegos, Cuba.

5. Conclusions

Many publications assess the quality of low-cost sensors by comparing their mea-
surements to those obtained from state-of-the-art reference instruments. In this study,
the evaluation of low-cost sensors encompasses a broader range of indicators. While the
accuracy and precision of the low-cost sensor in relation to advanced reference instruments
are considered in the assessment, the focus is primarily on the extent of meaningful in-
formation that can be derived from low-cost sensors. This approach offers a significant
advantage, as it enables the utilization of low-cost sensors in addressing pollution-related
issues, even if they are not as accurate as state-of-the-art reference instruments.

Several indicators allowed us to analyse the reliability of the SO2 Alphasense gas
sensor. This sensor did not result in reliable results during the field calibration in Belgium
because, in the city of Antwerp, the background concentrations in ambient air were too low.
However, the same sensor resulted in reliable data in Cuba due to higher background con-
centrations. In addition, the SO2 gas sensor could be calibrated using low-cost equipment
in a tropical climate, showing a strong linear relationship with the reference concentrations.
This means that low- and middle-income countries are able to calibrate the SO2 sensor
with a restricted budget. Calibration methods performed with different methods at dif-
ferent moments and on different continents can be compared with each other when the
background baseline WEbackground can be subtracted from the signal in an accurate way.
The reliability of the sensor is limited by the cross-sensitivity effect, with O3 being the most
interfering gas in the SO2 sensor. In addition, the sensor signal appears to be more reliable
when ambient conditions are below 30 ◦C and above 40% relative humidity. By showing
the reliability of low-cost gas sensors, such as the SO2 sensor used in this study, numerous
institutions and researchers from low- and middle-income countries gain access to research
infrastructure to solve local problems. This makes scientific research more inclusive.

The mathematical derivations given in this contribution show that the background
level WEbackground can be calculated when WE0 and AE0 are known. However, the values
for WE0 and AE0 obtained by zero calibration were strongly affected by the sampling
location. Moreover, WEbackground also appeared to evolve in a fixed location over time.
To improve the conversion method of sensor signals into concentration, more research
is needed to understand how WE0 and AE0 are affected by the measuring location and
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the meteorological conditions and how stable they are at a fixed location. For this, more
experiments in zero air are needed. The study also suggests that the span calibration is
more stable in relation to location and time than the zero calibration, but this suggestion
needs to be investigated in more detail by performing consecutive calibrations over time.
Finally, one can wonder how in situ calibration can be done to improve sensor reliability.
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Abstract: With rapid urbanization, hazardous environmental exposures such as air, noise, plastic,
soil and water pollution have emerged as a major threat to urban health. Recent studies show that
9 out of 10 people worldwide breathe contaminated air contributing to over 7 million premature
deaths annually. Internet of Things (IoT) and Artificial Intelligence (AI)-based environmental sensing
and modelling systems have potential for contributing low-cost and effective solutions by providing
timely data and insights to inform mitigation and management actions. While low and middle-
income countries are among those most affected by environmental health risks, the appropriateness
and deployment of IoT and AI systems in low-resource settings is least understood. Motivated by
this knowledge gap, this paper presents a design space for a custom environmental sensing and
management system designed and developed to fill the data gaps in low-resource urban settings with
a particular focus on African cities. The paper presents the AirQo system, which is the first instance of
the design space requirements. The AirQo system includes: (1) autonomous AirQo sensors designed
and customised to be deployed in resource constrained environments (2) a distributed sensor network
that includes over 120 static and mobile nodes for air quality sensing (3) AirQo network manager
tool for tracking and management of installation and maintenance of nodes, (4) AirQo platform
that provides calibration, data access and analytics tools to support usage among policy makers
and citizens. Case studies from African cities that are using the data and insights for education,
awareness and policy are presented. The paper provides a template for designing and deploying a
technology-driven solution for cities in low resource settings.

Keywords: low-cost sensors; distributed urban air quality system; environmental sensing; smart city
solutions; Cyber-physical systems; Internet of Things; AI for social good

1. Introduction

With rapid urbanization in Sub-Saharan Africa (SSA), hazardous environmental ex-
posures such as air, noise and plastic pollution have emerged as a major threat to cities
to become prosperous and resilient. People living in cities are in particular at a greater
risk of exposure to unhealthy levels of air pollution. Recent World Health Organisation
(WHO) report indicates that 99 percent of the global population breathe polluted air [1].
Furthermore, air pollution exposure is linked to over 7 million deaths per year worldwide,
the majority happen in low- and middle-income countries [1].

Despite the greater risk associated with the air pollution exposures in urban spaces,
there are scarcity of data on the scale and magnitude of air pollution in many cities in
low- and middle-income countries. Traditional air pollution measurement approaches
rely on expensive ground monitoring stations that cost thousands of dollars to set up and
maintain [2–4]. In this paper, we explore the potential of emerging technologies such as
low-cost air quality sensing, Internet of Things (IoT), and artificial intelligence as novel
approaches to improving the monitoring and data access and their contribution to building
sustainable and resilient urban spaces with a focus on low-resource settings.
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Smart technology solutions have potential for accelerating actions that can be taken
to tackle environmental and public health challenges in urban spaces. When harnessed
appropriately smart city solutions can help track more precisely the magnitude and scale
of environment exposures as well as track the progress and inform actions being taken in
addressing the challenges and contribute to sustainable cities [5–7].

However, deployment and adoption of smart city solutions including Internet of
Things, machine learning and artificial intelligence are less harnessed in many developing
cities. Deployment and adoption of smart city solutions in many cities in low- and middle-
income countries is a complex endeavour and is often impeded by a number of contextual
challenges such as infrastructure bottlenecks, environmental conditions, incompatibility
of the technology solutions and the city needs, cost and capacity. These factors negatively
affect the deployment and implementation systems and technologies that are conceived
for other contexts because the assumptions may not hold. For example, an environmental
sensing system should take into account the available data communication and energy
infrastructure, otherwise data completeness and device up-time can affect the reliability of
the system.

Distributed low-cost air quality sensors have recently gained momentum as a comple-
mentary approach to the traditional air quality measurement instruments [8,9]. Datasets
from low-cost sensor networks provide opportunity to measure at a larger spatial scale
and can help inform understanding of environmental trends at a higher resolution. Tradi-
tional instruments have limited spatial coverage and heterogeneity and are inadequate for
understanding air pollution exposures at individual and community level [9]. The limita-
tions of traditional air quality monitoring have inspired the emergency of low-cost sensor
approaches. Low-cost air quality sensors are leading to a paradigm shift in air quality
monitoring enabling synergetic efforts between communities and the government to tackle
air pollution in a city. Snyder et al. [8] predicted this paradigm, while Labzovskii et al. [10]
demonstrated this shift in a practical case study of a decentralised urban air quality moni-
toring system. Other studies and systems that have explored for low-cost air monitoring
approaches include CAIRSENSE [11], DYNAMAP [12], SentinAir [13], HazeWatch [9],
MAQUMON [14], CommonSense [15], and APS [16]. The majority of these systems fo-
cus on evaluation of specific technical aspects of low-cost sensors like quality assurance,
performance and feasibility.

In this paper, we present the AirQo system, an air quality smart sensing and manage-
ment system that has been conceived from the ground-up with the understanding of the
unique and contextual needs of African cities to generate evidence and facilitate actions for
improving air quality management in urban spaces. Low-resource settings are typically
characterised by many constraints ranging from limited capacity and fewer trained person-
nel, limited infrastructure for power, data transmission, limited funding, fewer or absence
of high-end equipment, among others. The AirQo system has been deployed in major
cities in East Africa and is being scaled to more cities in the African region. The digital
air quality platforms are being used to facilitate citizen awareness on air quality issues,
provide access to data and evidence for decision makers and used for skilling and training
of students and researchers from several disciplines including Engineering, Computer
Science, Public Health, among others. To our knowledge the AirQo system is the largest
sensing network in production low-resource settings and thus uncovers new design and
deployment requirements. Moreover, the AirQo system is linked to actions that can be
taken by communities and city leaders.

2. The Design Space for an Urban Air Sensing System

This section presents the design space for an air quality monitoring and management
system for cities in emerging economies and low-resource settings. Urban spaces in low-
resource settings have unique characteristics and challenges related to diverse technology
and power infrastructure and access, informal and upscale settlements, population density,
capacity, transport systems and varying levels of pollution profiles and diverse sources.
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Taken together these challenges and characteristics pose new design requirements for
a smart city solution for environmental issues like air and noise pollution. The design
space is informed by experiences from an iterative process of design, development and
implementation of AirQo [2,17], one of Africa’s largest technology-driven air quality
monitoring and management system for urban spaces in low-resource settings. The design
and development of the AirQo system has undergone a series of iterations and evolution
following agile development methodology and practices of user-centered design [18,19].
Figure 1 presents an overview of the air quality sensing and management system. The key
stakeholders and users being citizens and communities in African cities, decision makers
and authorities, and researchers in local universities embedded in these cities. In Figure 1
the arrows illustrate the interaction among the different stakeholders in the ecosystem. The
local University and innovators that are embedded in the city have the understanding of
the technology as well as the local context and thus are well positioned to translate the
needs of the city and communities into products. Citizens and communities are also critical
in the product development and engineering cycle through co-creation and co-design.

Figure 1. A conceptual design of an air quality sensing and management system urban environments.

2.1. Design Requirements for an Urban Air Quality Sensing System for Low Resource Settings

Throughout the design and development process, we identified and documented key
design requirements for an effective air quality sensing and management systems aimed at
having a direct impact to the United Nations Sustainable Development Goals of reducing
emissions in cities as well as their impacts on human health. Table 1 provides an outline
of the key design requirements (DR) for a smart city solution for air quality sensing and
management in a low-resource urban setting. The design considerations are presented
as a series of steps rather than the order of importance. The DRs range from air quality
monitoring network design and setup, to deployment options, data transmission, network
operations and adaptation to the deployment conditions, quality assurance of the data and
network operations, engagement of the communities, and linking the data and digital tools
to action.
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Table 1. Design considerations for an urban air quality sensing system in a low-resource setting.

DR Design Consideration

DR1 Low-cost and high resolution air quality sensing
DR2 Designing for portability and flexible deployment options
DR3 Flexible power and communication options
DR4 Resilience to local environmental conditions
DR5 Embedded quality assurance and calibration methods
DR6 Community-oriented and active engagements
DR7 Digital platforms to drive action and policy

2.1.1. DR1: Low-Cost and High Resolution Air Quality Sensing

Traditional air quality monitoring relies on reference grade monitors that have high
precision and accuracy, for example, beta attenuation monitor (BAM) and tapered element
oscillating microbalance (TEOM) [20]. However, these are expensive to setup [4,13,21],
require specialised technical capacity to maintain, and require stable infrastructure for
power connectivity and data transmission. For example, setup of a reference grade monitor
in an African city context may require extension of electricity grid and data communication
network infrastructure. Outdoor deployment for a reference grade monitor also requires
consideration of physical security to minimise the risk of vandalism and loss. This can limit
the choice of deployment sites to only those where security is guaranteed and there is access
to power grid and communication infrastructure. Furthermore, sites with existing power
and communication infrastructure may not necessarily be representative of the community,
and so installing monitors in those locations can result in bias in the measurements. These
challenges make traditional air quality sensing systems impractical for many settings in
low-resource settings, particularly African urban spaces. Also because of the high cost of
setup and maintenance, installation of reference grade monitors at a higher density is often
not feasible even in the rich-resource settings.

The need for high resolution sensing is also motivated by the high variability of
pollution profiles in urban spaces. Pollution profiles in African urban spaces can vary
greatly due to the localised pollution drivers such as cooking and waste burning [2,22]. As
such an air quality sensing system designed for African urban spaces should be deployed at
high resolution to achieve hyper-local air quality monitoring. High resolution monitoring
can also be used to promote awareness about air pollution issues and its effects [23]. For
high resolution monitoring to be achieved it requires that the cost of monitoring devices
and network setup and maintenance be considerably affordable. The exact resolution of an
air quality sensing system should be informed by a scoping exercise to meet the monitoring
goals. Sensor placement optimisation approaches should be explored to ensure that the air
quality sensing network achieves the monitoring goals while at the same time optimising
the cost of monitoring.

2.1.2. DR2: Designing for Portability and Flexible Deployment Options

Air quality sensing devices should be designed to meet the physical installation
requirements in low-resource urban spaces. It should be possible to mount devices on the
available infrastructure, including streetlight poles, schools, retail shops, trees, temporary
structures, homes, or custom poles. Devices should be easy to move from location to
location to meet the emerging needs, for example, moving a monitor to a new location of
interest in the cases where there might be limited sensors or changing the device location
because the device host has changed premises. The air sensors should also be designed to
allow for mounting on mobile objects to allow for wide sensing with fewer monitors. Mobile
sensing has been explored previously as a means to increase coverage of monitoring [24,25].
Particularly, in the African urban spaces there is potential to leverage mobile monitoring, for
example, the use motorcycle taxis and citizens to reach wider coverage of sensing with fewer
resources. The deployment needs in these contexts may vary location by location, requiring
retrofitting (i.e., customisation to fit the deployment environments) using locally available
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materials. Whenever possible local technicians can be used to support fabrication of custom
mounts for the locations in their community to ensure context-specific deployment and
installation needs. This can greatly reduce the cost of shipping and transporting installation
and deployment materials and also promotes local-buy-in and ownership.

2.1.3. DR3: Flexible Power and Communication Options

An environment sensing system designed for deployment in urban settings in many
African countries needs to take into account the varying power and communication chal-
lenges. Access to the main electricity grid is not always guaranteed and can also be
characterised by power cuts [26]. The sensing devices need to be designed to allow for flex-
ible power options, for example, solar and main grid [27]. Devices need to have optimised
battery storage and usage to allow for operation in the case of power cuts or absence of
solar energy in the night hours. Incentive mechanisms need to be explored for cases where
devices are powered by the main electricity grid owned by the private owners. Potential
incentives include education and awareness, recognition of the community members as
key stakeholders or compensation to the power costs. In the case of mobile monitoring,
specialised power charging modules need to be designed. These requirements are unique
to the urban spaces in low-resource settings. For example, when deploying air quality
sensors on motorcycles, we find that many lack well-maintained functional batteries and
thus the charging system must be designed around the alternator instead of battery or
both. Motorcycle taxis often take very short trips and thus the charging system should be
designed to address these unique requirements.

Autonomous data transmission is necessary for environmental sensing systems to
minimise the cost and resources required for manual data collection. The Internet commu-
nication infrastructure in low-resource and emerging urban spaces is often characterised
by unreliable connectivity. Slow and intermittent communications are the rule rather
than an exception. Wireless connectivity is not practical and alternative communication
options need to be explored. Cellular connectivity is present in many African urban spaces
including rural setups and thus 2G cellular communication should be included as default
option for these settings. To minimise data loss local storage and bulk data transmission
options should also be key design requirements for smart environmental sensing systems
in these contexts.

2.1.4. DR4: Resilience to Local Environmental Conditions

In African urban spaces, air quality sensing systems are deployed in outdoor settings
characterised by high levels of pollution concentrations not common in the northern
hemisphere and other settings [2,28,29]. High pollution levels have been found to affect
the performance of low-cost sensors [30,31]. These environments may also be characterised
by extreme tropical weather conditions and high levels of dust from unpaved roads. These
conditions tend to affect the performance of air quality sensing systems and thus the design
and setup needs to take into consideration these requirements. The air filters and inlets
for these settings need to be designed to minimise the environmental impacts from dust,
weather and insect infiltration. However, such design considerations should not affect the
effectiveness of the sensors. Due to high levels of humidity specialised heating components
may need to be designed. Jayaratne et al. [32] investigated the effect of humidity on the
performance of low-cost air particle sensors. The operating outdoor conditions such as
temperature ranges for the internal and external components should also be considered.
Reference grade monitors or devices designed for other settings may need to be adapted to
work in these unique conditions. Devices deployed in these settings will require regular
preventive maintenance and therefore such devices need to be designed to allow for
easy maintenance.
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2.1.5. DR5: Embedded Quality Assurance and Calibration Methods

Environmental sensing systems deployed in outdoor urban spaces require mecha-
nisms to ensure reliability, availability and quality of the data. An air quality sensor network
cannot be entirely left to the community to maintain and do quality assurance. Therefore, a
key consideration for low-cost sensor networks is calibration, in order to improve their ac-
curacy and reliability [33–36]. In addition, the sensor network requires regular maintenance.
In addition, local technical capacity needs to be built to ensure sustainability and reduced
maintenance cost of sensors. This could be done through institutions such as universities,
vocational schools, or private technicians within the areas of deployment. Therefore, these
should be embedded in the design of the air quality sensing and management systems
throughout the development and implementation processes. At the sensor development
stage, in-lab analysis and co-location is necessary to ensure that all sensors behave the
same way and are consistent. After production in-field comparison should also be consid-
ered to understand how the outdoor environment affects the operation of the sensors. A
co-location in the outdoor environments should be considered as part of the calibration
and field comparison. In the case of limited access to reference monitors, datasets from
environments with similar contexts can be considered. Also mobile co-location can be
considered where a device is transported to a nearby reference monitor, for example, by
use of motorcycle taxis without having a fixed installation.

2.1.6. DR6: Community-Oriented and Active Engagements

Citizens and community members should have an active role in the design and imple-
mentation of a smart city sensing system for it to be sustainable and achieve uptake targets.
Citizens can give input for example through co-design workshops on how air pollution
affects them and desired options to consume data and hardware products. Citizens can
host devices on their premises and provide device security. Citizens can host air quality
sensors on their premises or their motorcycle in the case of mobile monitoring. Hosting
of the sensor device should involve training and education on the purpose and goals of
the air quality sensing system and how they benefit. When empowered, hosts of a sensor
network can serve as champions in their communities and advocates for cleaner air. This
initial engagement can also help to create demand for the resulting data and insights from
the collected measurements. Where sensors are placed in schools, the air quality sensing
system can be used to create awareness while data and sensors can be used in teaching
mathematics and science subjects. Retention and sustained active engagement may require
mechanism design approaches for example through incentives and rewards and analysis
of barriers to participation [37]. In addition, communities may serve as a supplementary
“sensor” of the environment, providing contextual metadata that this not trivial to collect
using autonomous sensors. Members of the public can use their mobile phones to capture
pictures and meta-data of air pollution events in their neighborhoods whenever high spikes
are observed from the air quality sensing system. This can increase awareness of the
causes of the pollution in the community. The additional datasets can be used to improve
modelling and prediction of pollution events. Prediction and calibration models tend to
perform poorly with the pollution spikes caused by local events, for example, spontaneous
waste burning events are difficult to predict. The collection of additional metadata from
community members can be used to enhance performance and accuracy of the prediction
model for localised pollution events.

2.1.7. DR7: Digital Platforms to Drive Action and Policy

Environmental sensing systems collect huge amounts of datasets, which are in raw
formats and are not of utility to the citizens or decision makers. Custom digital platforms
need to be designed to increase timely access to air quality information and also link
the data to action and facilitate data-driven decision making for leaders, communities,
and citizens [38–40]. The data needs vary from a stakeholder group to another and thus
segmentation of the potential users is necessary. For example, city urban planning and
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environmental managers may require trends and insights of variations of air quality
in space and time, region-by-region comparison that can be best delivered through a
web-based analytics platform. School teachers and parents require timely and near-real
time information on air quality around schools or homes to understand the pollution
exposures of their children. Joggers and cyclists require real-time information to find the
cleanest route to be delivered to them via a mobile application on their smartwatch or
smartphone. Restaurants and hotels may require API access to embedded the air quality
information in their existing digital products. The access channels should also be taken into
consideration to increase access and offer personalised air quality information to different
user segments [41]. For example, people without smartphones could be reached through
leaders in their communities or alternative communication channels such as campaigns,
SMS, and radio.

3. Demonstration: The AirQo System in Selected African Cities

The above design space requirements have informed and inspired the design and
implementation of the AirQo system. The AirQo system is a large-scale custom air quality
sensing and management solution designed to be responsive to the needs and requirements
of urban spaces in low-source settings. The AirQo system adheres to the design space
requirements described above DR1–DR7. Initiated in 2015, the AirQo system has been
implemented in major cities in Uganda, East Africa including: (1) Kampala, which is
Uganda’s largest and capital city with a population of over 1.6 million people and (2) Jinja,
which is a city in Eastern Uganda with a population of over 0.3 million people and, (3) Fort
Portal, a city with a population of over 0.06 million people and located in the South Western
region of the country [42]. The AirQo system includes a network of over 120 sensors.
The remainder of this section presents the key components of the AirQo system as the
first instance of the design space for an air quality monitoring and management system for
urban spaces in low-resource settings.

3.1. The AirQo Monitor

The AirQo monitor is a custom air quality monitoring device designed to be responsive
to design space requirements: DR1: Low-cost and high resolution air quality sensing; DR2:
Portability and flexible deployment options; DR3: Flexible power and communication options; and
DR4 Resilience to local environmental conditions. One of the primary air quality indicators
defined by the WHO is particulate matter due to the well studied impacts on health.
AirQo devices measure both particulate matter PM2.5 and particulate matter PM10 with
an effective range of 0–500 μg/m3. The device also measures other variables necessary
for modelling and analysis such as longitude, latitude, internal (within the device) and
external air temperature, relative humidity, and atmospheric pressure. The AirQo device
is designed to support flexible power options for solar energy, mains, and capability to
change from other available sources, for example, motorcycle alternator. Figure 2 shows the
AirQo device. The AirQo device sensors use laser scattering technique for the measurement
of particle size and concentration for PM2.5 and PM10 in μg/m3. Each device includes dual
PMS5003 (https://www.plantower.com/en/products_33/74.html, accessed on 4 January
2023) sensors for measurement of PM2.5 and PM10 for quality assurance and redundancy
purposes. The acceptable threshold of in device dual sensor correlation is ≥0.99 and
R2 ≥ 0.98. Sensors can be flagged for maintenance and/or corrective actions can be
applied if correlation and R2 values are out range of the set threshold. AirQo devices
use cloud-based machine learning methods for calibration and improve the accuracy of
measurements for PM2.5 and PM10 to the RMSE of 7.2 μg/m3 and 7.9 μg/m3, respectively.
The details of the evaluation of the accuracy and calibration of AirQo devices are presented
in [33,43].

Dust from unpaved roads is one of the major contributors to particulate matter in
many African urban spaces. However, dust deposition on sensors can lead to degradation.
Resilience to degradation from dust and other outdoor conditions such as insect infesta-
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tions is achieved through device design options including the choice of orientation of the
sensors, air flow management, casing venting placement and alignment. The orientation of
sensors and other components is optimized to minimize dust deposition on critical sensor
components such as laser and photodiode. The device is designed to minimize air flow
looping by separating the dual insets from dual outset with the sensing region. The casing
venting is designed to be larger than sensor venting to reduce resistance in airflow. This
is taken into account for both on the inset venting and outset venting. Combined sensor
flow rate is 0.2 L/min. The casing venting placement is critical to further minimize dust
deposition within the sensors. The design of the AirQo device also considers casing venting
alignment versus the sensor venting. We also take a fine height offset from the casing
venting to the sensor venting. The internal particle sensors have a mean time to failure
(MTTF) of 3 years.

(a) (b)

Figure 2. A design of a portable low-cost air quality monitor. (a) AirQo monitor. (b) AirQo solar mount.

The 3D printed enclosures of the AirQo devices have gone through iterations of
refinements, incorporating feedback from the communities, users and as well as the above
portability and deployment requirements. For the mobile monitoring a custom mounting
was designed with the local welding community to match the available installation options
on the motorcycle. The position of the monitoring device on the motorcycle is aimed
at understanding the exposure of the rider and passenger while minimising the direct
emissions from the bike’s tailpipe.

The data from the AirQo monitor is transmitted in near real-time to the cloud-based
air quality data store. Each AirQo sensor transmits data on average every 90 s. Sensors
can be optimised to transmit data in bulk where time sensitive data transmission is not
a critical requirement. Bulk data transmission also improves the battery life. For each
data record, the location of the pollution measurement is transmitted along with other
secondary data such as battery levels used for network monitoring and maintenance.
The monitor is designed to transmit data over the GSM network. The monitor relies on
TCP/HTTP/HTTPS protocols to transfer and receive data accordingly. In addition, the
AirQo monitor provides an option for local data storage. The AirQo monitor periodically
writes data to a Micro SD card. The raw data is periodically subjected to the calibration
system that is introduced in Section 3.3 and discussed in detail in [33]. The AirQo monitor
is designed to provide a high resolution dataset over a 24 h period. To allow for this the
monitor can be powered off mains and solar. The AirQo monitor has power input of 6V 1A.
The consideration for the solar setup includes 2P 3.7V 4AH battery and 6V 1.25A panel.

3.2. The AirQo Network

The AirQo monitors are deployed in selected urban spaces to form a high resolution
air monitoring network. The objectives of the AirQo system include: (1) collection of high
resolution (spatial and temporal at average of 90 s) data on the scale and magnitude of
air pollution, (2) improving accuracy of data from low-cost sensors through calibration,
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(3) building a set of digital air quality tools and platforms to provide insights and evidence
for decision making (4) using the data and platform to raise awareness and inform actions
to mitigate air pollution. In the AirQo system, monitors are mounted on static or mobile
objects including motorcycle taxis (Figure 3). Mobile monitoring is important to study
pollution exposures and variations in the unique transport systems used in African urban
spaces. For example, mounting of AirQo devices on motorcycle taxis (or boda-bodas)
has allowed for understanding of exposures to emissions for the riders and passengers
while at the same time providing high spatial coverage with fewer resources. To fulfil
the requirement of DR1 Low-cost and high resolution air quality sensing, there is need to
ensure that the air monitoring system is optimised for spatial resolution as well as the
cost of setting up the network. From the experience of deploying AirQo sensors in cities
a common question is “How many devices are sufficient for a given city?”. There is a risk of
oversampling leading to higher cost or under-sampling leading to under-representation of
the city. For the data to be useful and help drive localised actions air quality, there is need
for a high resolution and a long term monitoring. This is important because it provides
a representation of the state of air quality in a given geographical area of a city while
adhering to the design requirement of DR1 Low-cost and high resolution air quality sensing.

(a) (b)

Figure 3. Flexible deployment options for high resolution air quality sensing. (a) Static pole deploy-
ment. (b) Mobile deployment.

To this end, the AirQo system includes a sensor placement model that determines
the optimal number of clusters for deployment in a given geographical area [44]. The
implementation of the sensor placement should be incremental in nature to allow for
additional of new sensing devices depending on the need and available resources. The
model uses a range of datasets and features including the geographical boundaries at the
parish level (for the case of Ugandan cities), population density, household density, waste
management practices in a given area, vegetation cover, km of road, power and fuel type.
The output of the model is clusters of parishes with similar characteristics. Parishes in the
same cluster are likely to have similar measurements and trends. The number of clusters is
optimized to the available number of sensors. The sensor placement model is incorporated
and deployed in the AirQo platform [44].

Figure 4 shows the output of the sensor placement model as applied to a selected
urban city in Uganda. The colours represent city regions which are clustered as having
similar properties (e.g., greenness and road density) while the black color dots in Figure 4a
represent proposed sites for the available number of sensors. As new sensors are acquired
the model can suggest new sites in regions with fewer installations as shown by the red
color dots in Figure 4b.
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(a) (b)

Figure 4. Proposed installation sites that are recommended by the sensor placement model. (a) Initial
sensor placement. (b) Refined sensor placement.

The automated placement is followed by the physical on ground validation of the
suggested installation points to meet the need of practicability and feasibility. For example,
the suggested location needs to meet the physical security and accessibility needs. Upon
confirmation of the site, metadata about the site is collected to feed into the data models for
the digital platforms. Examples of metadata include potential sources of air pollution in
the area, distance from the road, installation height, contacts of the device host, and the
power option selected.

3.3. Data Calibration and Quality Assurance

In order to meet the design space requirement DR5: Embedded quality assurance and
calibration methods the AirQo systems has regular data calibration based machine learning
approaches such as random forest, lasso regression model, and gradient boosting for
calibration [45]. The calibration in the AirQo system is based on co-location data of
low-cost monitors and reference grade monitors (BAM1022) for PM2.5 and PM10. The
calibration model is developed using machine learning methods based on datasets from
field co-locations. The key features considered for the model include hourly average
for PM2.5 and PM10, atmospheric temperature, and relative humidity. The AirQo sensor
evaluation and calibration process is presented in [33]. The AirQo calibration model has
also been packaged to support third-party low-cost sensor calibration in the AirQalibrate
product (https://airqalibrate.airqo.net/, accessed on 4 January 2023). Figure 5 shows the
in-field comparison of data from the low-cost sensor network and the reference grade
monitor for PM2.5 deployed in an urban setting in Kampala, Uganda. Before calibration
the correlation and RMSE between low-cost sensors and reference monitor are 0.9 and
18.58 μg/m3, respectively (Figure 5a). After application of the calibration algorithm the
correlation and RMSE improved to 0.96 and 7.22 μg/m3 respectively for PM2.5 (Figure 5b).
The calibration for PM10 resulted in improved RMSE from 13.4 μg/m3 to 7.9 μg/m3 using
lasso regression models (Figure 6b) [33]. These calibration tools and methods should be
part of the data pipeline and in the digital platforms to facilitate continuous data calibration
and quality assurance. A long term calibrated dataset from the AirQo network is described
and available in [46].
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(a)

(b)

Figure 5. Calibration of low-cost air quality sensors using machine learning methods. (a) In-field
comparison of AirQo low-cost sensors and reference grade before calibration. (b) PM2.5 Calibrated
low-cost sensor data vs reference grade monitor.

(a)

(b)

Figure 6. Calibration of PM10 low-cost air quality sensors using machine learning methods. (a) In-field
comparison of AirQo low-cost sensors and reference grade before calibration for PM10. (b) PM10

Calibrated low-cost sensor data vs reference grade monitor.
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3.4. Digital Air Quality Platforms

In order to meet the design space requirement of DR7: digital platforms to drive action
and policy, the AirQo systems has implemented a set of digital tools and platforms that fuse
and extract insights from the various datasets in the data store. The AirQo digital platforms
are designed to be extensible to allow for plugging-in of new datasets from other sensor
networks as they become available. The design of the AirQo digital platforms follows the
micro-service architecture, which allows for separation of concerns and functionalities into
independent modules that exchange data through application programming interfaces
(APIs). The raw data from the sensor network is sent in a cloud-based IoT data store
for pre-processing that is fed into the calibration model. The resulting calibrated dataset
is maintained in a separate datastore that is accessible via APIs for the different micro-
services. Micro-services define specific functionality for example the AirQo platform for
data access and analytics, the AirQo mobile app for presentation of air quality information
in historical, location-based and near-real-time, and the network management tool for
network monitoring and support. The digital tools consume the same data model but may
process and render the data differently, similar to the model-view-controller model.

The following sections describe the key modules of the digital tools in the AirQo system.

3.4.1. The AirQo Platform

The AirQo platform (https://platform.airqo.net, accessed on 4 January 2023) targets
decision makers (city authorities, environmental officers, politicians), researchers and
advanced users. Figure 7 shows the AirQo digital analytics platform. The platform
tool was developed in consultation with the city authorities from the selected cities in
East Africa. The platform provides the ability to view calibrated datasets in different
forms. It provides default analytics such as average pollution measurements clustered
by locations within a given geographical area of a city. It also incorporates spatial and
temporal insights as well as prediction in time and space for locations of interest. Users also
have the ability to create custom charts for given locations, date ranges, and pollutants of
interest. For advanced users and researchers the platform provides capability to download
calibrated datasets in csv format for external data analysis and modelling. Through the
platform, advanced users can request access to the AirQo API for data extraction using a
programming language of choice.

Figure 7. Digital platforms providing trends and analysis of air quality for diverse locations in a city.
The tool targets decision makers in a city to gain insights on how different parts of the city compare
over a specified period of time.
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3.4.2. The AirQo Mobile App

The air quality mobile app is designed and tailored for use by members of the public
including parents, teachers, environmental champions, and community leaders. The mobile
app (Figure 8) provides users options to view air quality insights per location of interest
for the current time and forecast. The mobile app provides timely air quality information
and has custom actions for users aimed at raising awareness and improving air quality.
For example, depending on the advisory the user is provided with the actions they can
do to minimise exposure or contribute to improving air quality in their space. The AirQo
mobile app is available at Google play store and Apple App store for Android OS and
iOS, respectively.

(a) (b)

Figure 8. A snapshot of the air quality data insights from the AirQo mobile app. The data is colored
with advisory to inform decision making to minimise or reduce exposure to air pollution. Users have
an option to favorite specific sites of interest for quick access. (a) AirQo mobile app targeting the
public users. (b) Visualisation of AirQo sites across Uganda.

3.4.3. The AirQo Network Manager

As the air quality monitoring network scales, there is a need for a tool to track and
manage devices, for example, sensors that are due for maintenance or not operating as
expected. To address this need, the AirQo system includes a network management tool.
The AirQo network manager provides capabilities to register new devices that are ready
for deployment, record metadata on the site of installation, details about the sensor, host
of the device, and the maintenance history. The network manager tool provides network-
wide statistics and analysis that are necessary for management of a city air quality sensor
network. The tool provides reports on the network up-time, individual sensor maintenance
history, battery life and other parameters necessary for troubleshooting common sensor
and network failures. The key target users of the tool are network technicians and people
responsible for overseeing an urban air quality sensing system.

3.5. Linking Data and Technology to Action

One of the key objectives of the AirQo system is to translate the data and insights
into action that can impact on improving air quality in urban spaces (DR7: digital platforms
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to drive action and policy). This is being achieved through amplifying access to the digital
tools presented above as well deliberate offline actions that use data. The strategies used
include citizen education, awareness, and policy engagements. Citizen education and
awareness are achieved through use of data to conduct annual air quality awareness week
with stakeholders from government and academia [47]. This is achieved through focus
group discussions and data communication sessions that bring together participants from
communities, local leaders, and industries within a specific geographical area. During
the sessions key findings from the collected data and insights are shared. Further, citizen
engagement is through engagement of air quality champions and community leaders who
are provided access to the AirQo mobile app, educated about air pollution and use the data
to drive change in their communities [48]. City technical persons are trained on the use
of data and digital tools in managing the city urban environment and utilising evidence
for decision making processes related to air quality management. For policy engagement,
the data from the AirQo system is used to provide baseline data for formulating and
monitoring of the national level or city-level air quality standards and action plans.

4. Discussion and Future Work

The AirQo system presented in this paper demonstrates the design and development
of a smart city solution that is implemented in and for contexts of African urban spaces. A
recent extensive scoping study [49] emphasized the need for contextualized strategies and
systems to tackle air pollution in African cities. The design considerations put forward in
this paper is a step towards such strategies. The technology and approaches presented have
potential to be transferable to other cities in low-resource settings with similar contexts.
Urban spaces in these settings share similar context with respect to the pollution profiles,
transport systems, informal settlements and policy frameworks. For an urban sensing
system to achieve the design impact, it should consider the seven design space requirements
of: DR1: Low-cost and high resolution air quality sensing; DR2: Designing for portability and
flexible deployment options; DR3: Flexible power and communication options; DR4: Resilience to
local environmental conditions; DR5: Embedded quality assurance and calibration methods; DR6:
Community-oriented and active engagements; DR7: Digital platforms to drive action and policy.
Digital technology cannot achieve the desired impact in isolation and thus it is important
to complement digital technology with “offline” activities that aim to widen access to
data insights and information considering that many users and target stakeholders may
lack access to Internet and smartphone devices in these contexts. The need for air quality
sensing is present in many urban spaces and as such the sensing networks should be scaled
to several urban spaces that meet the monitoring criteria, for example, dependent on the
population density, pollution profile and risk. As next steps, the AirQo system is being
scaled to more cities on the continent with the target more cities in Africa. Lessons gathered
from scaling up of the AirQo system will further enrich and validate the design space
requirements put forward in this paper. In order to impact on the air quality, approaches to
enhance citizen engagement and behaviour change need to be further investigated. The
datasets and tools from the AirQo systems also provide a baseline for further research on the
impacts of air quality on health and economic outcomes. For example, previously the data
from the AirQo system has supported studies on understanding the air pollution impacts
on city competitiveness [50], macro predictions that fuse ground monitored data with
other datasets [51], prediction and modelling studies [43], assessing pollution vulnerability
for African cities [52], understanding impacts of air pollution on mobility [53,54], and
characterisation of air pollution profiles for African cities [2]. Other areas of future work
include investigation of incentive mechanisms to encourage use of data and behaviour
change among citizens and decision makers. For example, the digital tools could be
integrated with means to enable citizens to keep track and share individual actions done to
contribute to cleaner air in their community. Reward system could be designed basing on
the quality and effectiveness of individual contributions.
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Abstract: Low-cost sensors (LCSs) of Geekcreit PM1/PM2.5/PM10 (based on a PMS5003 sampler) and
BOHU BH-1 models A3 and B3 (based on a Pando G7 sampler) were compared for different aerosol
size ranges using a research-grade instrument (Grimm 1.109) under controlled laboratory conditions.
An aerosol generator was utilized to produce various sizes of monodispersed particulate matter (PM),
which was introduced into a laboratory smoke chamber under resistance heating/cooling and/or
varying RH conditions. In addition, the accuracy of the air temperature (T) and relative humidity
(RH) sensors of the LCSs were assessed against calibrated, laboratory-grade instruments. The study
LCSs showed generally accurate readings for PM2.5, irrespectively of the slow T and/or RH changes,
which provided apt conditions for accurate calibration slopes (S) and low intercepts/bias (b) of
the linear fits. On the other hand, PM1 and PM10 readings slightly deviated from those observed
with the reference monitor, likely due to the lower detection efficacy of the LCSs towards fine and
coarse PM. Varying RH influenced the S and b values, showing its impact on the detection efficacy of
LCSs. Under low/medium RH, homoscedastic calibration curves of PMx were found, whereas rather
heteroscedastic calibration plots were observed at high RH. For T calibration, low RH in the smoke
chamber provided more reproducible conditions in terms of lower measurement bias for LCSs as
recorded against a calibrated, reference-grade thermometer.

Keywords: low-cost environmental sensor; particulate matter; calibration; optical particle counter;
smoke chamber; laboratory calibration

1. Introduction

Air pollution is a research topic investigated worldwide due to the rising problems
in the surrounding environment, related mostly to anthropogenic activities, manifested
in human health effects [1], damage to cultural heritage [2,3], and displayed historical
items [2,4], as well as the impact of anthropogenic air components on global climate [5]. For
the past decade, low-cost sensors (LCSs) have been gaining a broader interest in air quality
research [6–41] compared to laboratory-based instrumental methods, for instance, those
applied in official air quality (AQ) stations. This is particularly due to their light weight,
small size, and low electricity consumption, thus making them easier to deploy in the
field [42–44]. However, LCSs can generally be operated at the expense of lower sensitivity,
less accuracy, and robustness, compared to official instrumentation of air sampling and
analysis [12]. Additionally, LCSs demand more frequent calibration and comparison with
reference methods, depending on several factors, such as the sampling site emission and
the sampled aerosol type, for instance, by means of using research-grade instruments
and/or data from official AQ stations [6–12,17]. Recently, it has been shown that LCSs
can be calibrated with good accuracy using commercial, DIY-kit-like electrical/chemical
apparatus, which are accessible to society at large [41]. Certainly, based on these principles,
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it would be easier to build up nodes for AQ monitoring, even a network over areas of
different anthropogenic impacts, as was already demonstrated in the literature [45].

Investigations on the laboratory testing of various types of LCSs have received
considerable attention from the scientific society [6–40]. Examples of such studies to-
wards more accurate mass calibration and determinations are reported for sensors of
Plantower PMS 1003 [6,8,27,38], PMS 3003 [6,9,11], PMS A003 [7,10,18,20,36,39], PMS
5003 [8,13,15–17,21,37], PMS 6003 [13], Shinyei PPD42NS [10,14,15,34,38], Alphasense
OPC-N3 [13,15,39], AirU [11,12], Nova SDS011 [14,38], Sensirion SPS30 [15,16,39], Sharp
GP2Y1010AU0F [15,38], Omron B5W-LD0101 [15], Honeywell HPMA115S0 [16], BOHU
BH1-A3 [17], PMS7003 [19], PurpleAir [22–26], AQMesh [28,29], SKC Split 2 [30], Mi-
crodust Pro [30], DataRam [30], Dylos [31,32], OPC-N2 [31,33,35], Dfrobot SEN0177 [32],
DSM501A [34], GP2Y11AU0F [34], Innociple PSM305 [38], Nova SDL607 [38], and Air-
Beam2 [39]. The technical specifications of these LCSs have already been discussed in detail
in comprehensive reviews, e.g., Ref. [43].

For the purposes of laboratory aerosol generation and subsequent PM mass measure-
ments by means of LCSs, various techniques/materials have been applied, e.g., incense
burning [7,25,36], oleic acid [7], NaCl [7,34,39], sucrose [34], talcum powder [7], cook-
ing emissions [25], monodispersed polystyrene latex spheres [7], dioctyl sebacate [13,14],
ammonium nitrate [9,34], aluminum oxide [9,30], industrial dust [30], dust mite [31],
pollen [31], cat and dog fur [31], monodisperse silica [31], melamine resin [31], tobacco
smoke [32], coal dust [37], cigarette and match lighting smoke [38], concrete dust [38], road
dust [39], and poly-alpha-olefin oil [39] under controlled laboratory conditions.

In general, the concentration of PM had the most dominant effect on the sensors’
responses, while the particle type and size distribution less affected the accuracy of the
readings [29]. Besides these, a couple of ambient microclimatic parameters, such as air
temperature (Ta) and relative humidity (RH), have been reported to influence the extent
of bias for PM-mass/concentration readings, e.g., [8,17,27,34]. Further methodological
improvements include the application of extended/refined calculation methods for PM
mass [23], the use of deep-learning calibration techniques [40], and the application of
various sets of internet of things (IoTs) accessible to society at large [41]. More details on
the peculiarities of the application for LCSs can be found in extensive reviews [42–44].

In a former study [17], the accuracy of GPM and BOHU BH1-A3 sensors was assessed
in the indoor and outdoor air of various urban sites. It was found that both types of
sensors were fairly accurate between each other and with those aerosol monitors in the
field campaigns, set in a nearby official AQ station for PM2.5. This type of evaluation is a
basic testing protocol for sensors, as suggested by US EPA [46]. Moreover, the obtained
data [17] covered only a fairly short mass range of aerosols, i.e., up to about 130 μg/m3 for
PM10, compared to those occurring in seriously polluted urban environments. In addition,
no accuracy testing was possible for PM1 and PM10 due to a lack of reference monitoring
data. Laboratory measurements could be controlled in a more flexible way compared to
those occurring in the field, which is in line with US EPA recommendations for advanced
(“enhanced”) testing of environmental PM sensors [46]. To fill in the above gap, in this
study, we aimed at the laboratory evaluation and calibration of two types of low-cost
sensors, i.e., PMS-5003-based Geekcreit© and Pando G7-based BOHU BH-1 (common
model A3 and a newer design B3) for PM1, PM2.5, and PM10, utilizing research-grade
reference instrumentation. Additionally, we studied some of the ambient microclimatic
parameters such as Ta and RH against calibrated, industrial-grade analog and digital
measurement units, which is expected to provide sharper insight into the measurement
accuracy of the study LCSs.

2. Materials and Methods

2.1. Instrumentation

Three types of LCSs, such as Geekcreit© model PM1/PM2.5/PM10 (China) (fur-
ther on referred to as GPM) and BOHU BH1 Models A3 and B3 (Bohu IoT Enterprise,
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Shanxi, China), were compared under laboratory conditions. GPMs incorporate Plantower
PMS5003 (Beijing, China) optical particulate counter (OPC), whereas each BH1 model is
built with a Pando G7 OPC. Each LCS reports data in six size ranges of PM (bins), of which
have lower size limits of 0.3, 0.5, 1.0, 2.5, 5.0, and 10 μm, respectively. Briefly, during
operation, the OPCs utilize continuous sampling of ambient air in a low-volume measure-
ment chamber, where light irradiation from a red laser or LED light source is applied. The
multi-angle light scattering on the sampled air suspended particles is measured with a light
detector. According to the recorded intensity and the angle of the scattered light, temporary
varying transients are recorded and processed with a built-in 32-bit microcomputer (BH1
sensors) or with a laptop running a datalogger/control software for GPMs. The analytical
results are obtained as a function of the equivalent aerodynamic diameter (EAD) of PM.
The number of suspended, size-segregated PM in a unit air volume can be obtained, from
which the PM mass concentration can be calculated with algorithms developed specifically
for each LCS design by taking into account aerosol parameters like EAD and predefined
average density of each size fraction, etc. Overview pictures of the study LCSs are plotted
in Figure 1.

  
(a) (b) 

Figure 1. Pictures of the study LCSs: (a) back panels of BH1-B3 and BH1-A3 (background), dismantled
A3 sensor: front panel/micro PC board with LCD display (left), and the Pando G7 sampler/battery
(grey/yellow units at the right), (b) front and back panel view of the GPM: PMS5003 sampler (blue
module), Ta/RH sensor (grey module at the top), and interface/micro-PC board (left).

Besides suspended PM, the study LCSs could register Ta and RH of the monitored
environment. For this purpose, the GPM sensor was equipped with an ASAIR AW2120
(Oneyac, Xiamen, China), while BOHU BH1 (both models A3 and B3) was fitted with an
SHT20 module (Sensirion AG, Stäfa, Switzerland).

To check the accuracy of the PMx data recorded with the LCSs and for calibration
purposes, a Grimm Model 1.109 particle number counter was applied concurrently. This
type of monitor is also an OPC, which collects aerosol data in 31 size ranges (bins), ranging
from 0.25 μm to 32 μm, besides calculating PM1, PM2.5, and PM10 with a proprietary
algorithm.

For the experiments, the LCSs were placed inside a 115 cm × 50 cm × 55 cm smoke
chamber, built from 6 mm plexiglass walls, fitted with aluminum frames and rubber
sealings specifically designed for aerosol investigations (Figure 2). The ambient air of the
test laboratory was continuously cleaned using a Roger HEPA air purifier (Stadler Form,
Zug, Switzerland) with HEPA and active carbon filters for PM and volatile organic carbon
(VOC) compounds. Thus, the smoke chamber received the same clean air when it was open.
In each experiment, the LCSs were operated simultaneously with synchronized clocks to
monitor Ta, RH, and PMx.
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Figure 2. The smoke chamber with the installed aerosol sensors and microclimatic measurement
apparatus (left side in the background: GRIMM OPC; middle: BH1-A3/B3 sensors; right side: GPM
sensors and Testo).

2.2. Measurement Procedures

The Ta inside the smoke chamber was measured under controlled heating conditions
by either raising the Ta with resistance heaters or preheating the cell and letting it slowly
cool down. The smoke chamber is equipped with two resistance heating elements equipped
with heatsinks, connected to a digital LAE 5X type LTR-5TSRD-A controller (LAE Electronic,
Oderzo, Italy), which is meant to increase the internal Ta stepwise, i.e., about 0.2 ◦C/min.
The Ta in the smoke chamber was determined via the application of the temperature sen-
sors of the LCSs (GPM and BOHU), a Testo model 610 (Testo SE & Co. KGaA, Lenzkirch,
Germany) T/RH meter, against an analog mercury-in-glass thermometer (MTA KUTESZ,
Budapest, Hungary). For Ta determinations, the Testo device has a resolution of 0.1 ◦C and
an accuracy of ±0.5 ◦C (measurement range: −10/50 ◦C), while for RH, it has a resolution
of 0.1% in the range 0–100%, whereas the accuracy is ±0.5% for the range 5–95%. For Ta and
RH, the GPM’s sensor (AW2120) has an accuracy of ±0.5 ◦C and ±3%, respectively, while
the SHT20 sensor has an accuracy of ±0.3 ◦C (range: 5–60 ◦C) and ±3% (range: 20–80%),
respectively. The glass thermometer has a measurement range of 0–50 ◦C, a resolution of
0.1 ◦C, and an accuracy of ±0.1 ◦C. Each of these devices was calibrated by the manufac-
turer.

The indoor RH of the laboratory was generally low, ranging between 20 and 45%, due
to the continuous operation of a combined air filter unit and drier. The air RH in the smoke
chamber was controlled by various means. Low RH conditions (20–30%) were adjusted
using the air drier, whereas high RH conditions were attained with the application of about
0.75 L of freshly boiled water, poured into a broad heat-resistant vessel (diameter: 15 cm),
which was instantly inserted into the smoke chamber. Soon after, this condition provided
high RH conditions, amounting to about 99%. Although RH gradually decreased with time
inside the chamber, it provided near-steady-state conditions, which was advantageous for
registering the gradually changing value with various LCSs and the Testo reference device
(precision: ±2.5%). Medium RH conditions were registered at decreasing humidity level
via performing a signal reading every 15 min.

Monodispersed polystyrene DVB microspheres (NIST Traceable, DRI-CAL, Duke
Scientific Corporation, London, UK) with 500 nm or 1000 nm aerodynamic diameter
(standard deviation: 10%) were applied as particle standards. The powders were solved
in some mL of water and utilized as study aerosols with a GRIMM model 7.811 aerosol
generator (Durag Group, Hamburg, Germany), which was operated for about 4–6 min to
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produce aerosol puffs in the smoke chamber. The PM concentrations obtained in this way
were high enough to perform a large number of concurrent readings with the sensors. The
PM experienced slow exponential decay due to a minor loss of air through small fissures of
the smoke chamber. Overall, the ambient air inside the chamber provided near-steady-state
conditions, which was proper for recording the studied environmental parameters. There
was no significant difference observable between PMx readings of the LCSs using the two
sizes of monodispersed aerosol. The durability of the GPM and the BH1 sensors in the
indoor environment, such as the smoke chamber (generally with a “clean” atmosphere) or
indoor buildings [17], is very good (experienced via some years of continuous running).
Nevertheless, they require cover or shelter outdoors against harsh weather conditions
(wind, rain, high moisture, and other atmospheric events). Outdoors, weathering even
on the sheltered/housed sensors could be observed after around one year of continuous
operation, as found during field experiments in urban environments reported in Ref. [17].

2.3. Data Evaluation and Statistical Methods

The Microsoft Excel program was applied for the statistical analysis of the measure-
ment data. First, the monitoring data were processed and filtered for outliers related to
biased readings of the LCSs, e.g., the onsets of the puffs and internal sensor calibration
cycles. These data were discarded from further processing. The AQI data were calculated
by utilizing the stepwise function to the data sets of PM2.5, according to US EPA recom-
mendations [46]. Linear regression fittings to the data points were performed using the
least square method. The regression equations for slopes (S) and intercepts (b) and the
correlation coefficients (R values) of the linear fits were calculated to obtain insight into
the possibility of using these functions as calibration curves for performing the determina-
tions more accurately with the study LCSs. Moreover, two-paired Pearson’s correlation
coefficients were calculated at a 99% confidence level for each monitored variable and the
AQI. The limit of detection (LOD) and the limit of quantitation (LOQ), corresponding to
the average baseline concentration plus the noise/fluctuation (σ) of the baseline with 3σ
and 10σ confidence, respectively, were calculated for each study LCS following the IUPAC
recommendations for instrumental analytical methods [47]. For calculating the average
baseline concentration, we took into account the lowest PM concentrations detected in the
cleaned, aerosol-free smoke chamber by the sensors, while for σ, the fluctuation/standard
deviation of the minimum readings was implied, which still gives the lowest signal increase
for the study LCS.

Some additional performance indicators, such as the relative mean squared error
(RMSE), the mean normalized error (MNE), and the mean normalized bias (MNB), were
calculated to assess the deviation of concurrent readings of the study LCSs as suggested in
Refs. [28,46]. These error flags were calculated for n number of data pairs according to the
next equations:

RMSE =

√
1
n∑n

i=1(yi − xi)
2 (1)

MNE =
1
n∑n

i=1
|yi − xi|

xi
× 100 (2)

MNB =
1
n∑n

i=1
yi − xi

xi
× 100 (3)

where yi and xi are the concurrently recorded readings of the same variable from the
sensors, e.g., LCS vs. the reference, respectively. In terms of sensitivity, RMSE is more
sensitive to outlier values, while MNE is more robust in this sense, whereas MNB shows
the extent of under and overestimation. An accurate calibration procedure for the LCSs,
which meets the Data Quality Objective of the European Commission (EC) [48], should
give low errors in terms of RMSE and MNE and should not invoke high unwanted bias,
i.e., the MNB should be low as well. In this study, the US EPA recommendations for the
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base and enhanced testing [46] were applied for the evaluation of the sensors. Accordingly,
for PMx determinations, the following parameters were included for the linear regression
fit: S = 1.00 ± 0.35 (intercept of fitting between −5 and 5 μg/m3), linearity: R ≥ 0.8366,
error: RMSE < 7 μg/m3, MNE, (MNB) < 30%. Similar methodological considerations were
applied for evaluating the measurement data and errors for Ta and RH determinations.

3. Results

3.1. Ambient Microclimatic Measurements in the Smoke Chamber
3.1.1. Air Temperature

As the first stage of the investigation, the Ta in the smoke chamber was assessed with
various thermometers by means of adjusting low, medium, or high RH. These data were
collected every 5 min when heating the chamber and every 15 min when letting it cool.
The low, medium, and high RH values covered the range between 25 and 40%, 40–70%,
and 70–99%, respectively (Figure 3). As it appears, low RH conditions generally provide
better regression fits to the concurrent measurement points, as manifested in the R values
of the regression plots ranging from 0.97 to 0.99 (Figure 3a). The S of the fit equations are
1.09, 1.15, 1.1, 1.2, and 0.92 for GPM-1, GPM-2, BH1-A3, BH1-B3, and Testo, respectively.
The bias for Ta, as appears in the intercepts of the fits, is slightly high for GPM-2, BH1-A3,
and BH1-B3, and is 3.4, −2.1, and −2.7 ◦C, respectively, while it is still acceptable for Testo
(1.7 ◦C) and GPM-1 (−0.95 ◦C), compared to the accuracy specified by the manufacturer.

  
(a) (b) (c) 

Figure 3. Air temperature recorded in the smoke chamber with LCSs, plotted against a reference
mercury thermometer under (a) low, (b) medium, and (c) high RH (the color of each equation
corresponds to that of the data label/marker).

Applying medium RH in the smoke chamber, the R values of the linear fits for Ta
fell into the 0.925–0.988 range (Figure 3b). Interestingly, medium RH provided higher
deviation in the S of the fits from the ideal unity, i.e., 0.94, 1.07, 0.73, 0.69, and 0.83, for
GPM-1, GPM-2, BH1-A3, BH1-B3, and Testo, respectively. The intercepts of these fits for
GPM-1 and GPM-2 (2.6 and −1.3 ◦C, respectively) are still acceptable, whereas, for BH1-A3,
BH1-B3, and Testo, they are rather high, i.e., 7.9, 8.5, and 3.5 ◦C, respectively. The former
two values are likely a contribution of the internal heat of the BH1 sensors from the built-in,
preheated gas detector serving for VOC monitoring.

Under high RH conditions (Figure 3c), the R values of the linear fits are in the range of
0.926 and 0.983, indicating strong correlations. The S values of the linear fits are somewhat
increased for GPM-1, GPM-2, and BH1-A3, i.e., 1.37, 1.23, and 1.28, respectively, whereas
they approach unity well for BH1-B3 (1.07) and Testo (1.01). The intercept is negligibly
small for the latter two LCSs (−1.4 and −0.57 ◦C), while increased values were experienced
for GPM-1, GPM-2, and BH1-A3, i.e., −8.2, −4.2, and −6.9 ◦C, respectively.

Overall, for T calibration, it appears that the low RH provides more reproducible
conditions in the present smoke chamber in terms of the lowest measurement biases for
LCSs as recorded against a calibrated, reference-grade thermometer. Applying medium or
high RH introduced an increased deviation of concurrently recorded readings. This could
either be due to water vapor circulation or vapor loss-induced temperature gradients within
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the smoke chamber, e.g., a relatively sharp RH change via fissures and small openings of
the chamber. This is a definite disability of the measurement procedure/system at medium
and high RH, which might be overcome by reducing the volume of the smoke chamber
and/or utilizing a T-insulating medium inside, as suggested in Ref. [41]. Otherwise, this
source of measurement error could be overcome with the use of the outer, moisturized
air in the laboratory, which could make a better balance with the internal of the smoke
chamber.

3.1.2. Relative Humidity

Under low RH, a strong correlation between each LCS and the reference sensor
(Testo) was found, manifested in high R values of 0.89–0.97 (Figure 4a). The S of the fits
approximated unity quite well for GPM-1 (1.04) and GPM-2 (1.24), whereas lower values
were observed for BH1-A3 (0.69) and BH1-B3 (0.71). The intercepts of the fits for GPM-1,
GPM-2, BH1-A3, and BH1-B3 were about 4, −9, 15, and 12%, respectively.

  
(a) (b) (c) 

Figure 4. Relative humidity recorded in the smoke chamber with various LCSs plotted against a
reference sensor (Testo) under (a) low, (b) medium, and (c) high RH (the color of each equation
corresponds to that of the data label/marker).

When applying medium RH (Figure 4b), strong correlations were attained with
R ≈ 0.87–0.89, except BH1-B3 (R = 0.96). The S of the linear fit was ≈0.74 for GPMs,
while somewhat lower values of ≈0.57 were obtained for both BH1 sensor models. Com-
pared to low RH, the intercepts of the fits increased to 11–23%, showing lower accuracy,
i.e., the worsening of the conditions for RH determinations with LCSs in the measurement
system. This bias most likely arose from slow microclimatic changes in the smoke chamber
and/or higher RH gradients. For high RH (>80%), the R values of the fits ranged from 0.31
to 0.73, corresponding in most cases to rather low correlations (Figure 4c). The S of the
linear fits were also low, ranging from 0.29 to 0.55, while the intercepts were very high, lying
between 23% and 59%. These findings point towards higher bias on RH determinations and
the rather different readings of the LCSs as compared to those observed with the reference
sensor. The difference in the minute monitored Ta and RH data of various LCSs are further
evaluated and discussed with the sampled PMx data as follows below.

3.2. Monitoring Size-Segregated Aerosol in the Smoke Chamber
3.2.1. Comparison of LCSs of the Same Design
GPM Sensors

The concentration of PM1, PM2.5, and PM10 observed in the smoke chamber under
varying RH with the assistance of GPM sensors (Figure 5a–c) reached as high as 145, 300,
and 400 μg/m3, respectively, while AQI peaked at 290 (Figure 5d). It should be noted
that the peak mass concentrations of the three PMx species are different (e.g., Figure 5a,c)
despite the application of a chemically stable, monodispersed polystyrene DVB for aerosol
production. This is likely due to the coagulation of the evolved aerosol, which starts already
in the aerosol generator and continues in the transfer tubing towards the smoke chamber.
Certainly, this effect is more expressed in the smoke chamber itself, where the aerosol is of
higher residence times than in the former units.
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(a) (b) (c) (d) (e) (f) 

  
(g) (h) (i) (j) (k) (l) 

Figure 5. Correlation between monitoring data (n = 25,940) registered in the smoke chamber under
low/medium RH (upper row) and medium/high RH (lower row) with two GPM sensors; PM1 (a,g),
PM2.5 (b,h), PM10 (c,i), AQI (d,j), Ta (e,k), and RH (f,l).

As seen for low/medium (Figure 5a–c) and medium/high (Figure 5g–i) RH conditions,
the GPM sensors show strong correlations for each PMx range, manifested in high R values
(0.993–0.997). In general, the S of the linear fits for PMx approached unity well, ranging
between 0.923 and 0.995, except for PM1 under low RH (S = 0.84) (Figure 5a) and for PM10
under high RH (S = 1.21) (Figure 5i). Nevertheless, these close calibration slopes and low
intercepts point towards the good intra-model accuracy of the GPMs.

As observed for PMx, similarly sharp linear fitting was attained for AQI (S = 0.94/0.98,
R = 0.993/0.995) and Ta (S = 0.94/0.98, R = 0.993/0.995) under any RHs (Figure 5d,e,j,k).
On the other hand, a slightly lower correlation of the RH data was obtained under higher
RH (R = 0.957) with close to an ideal slope (S = 1.05), but an increased intercept (−11.8%),
compared to those observed under low/medium RH (intercept: 2.2%, R = 0.994) (Figure 5f
vs. Figure 5l). Interestingly, the RH curve for GPMs starts to “saturate” and shows a higher
spread for concurrent RH readings higher than 80%. This finding is not merely unexpected
when one recalls the plots for high RH determinations, as reported in Section 3.1. Appar-
ently, monitoring under high RH conditions in the smoke chamber could be characterized
by higher uncertainty than those measurements performed in the low/medium RH range.

It is also noticed in Figure 5 that there is a strikingly different evolution of PMx
plots towards higher concentrations under low/medium and medium/high RHs. The
former curves show homoscedasticity (Figure 5a–c), whereas the latter is rather strongly
heteroscedastic (Figure 5g–i), i.e., displaying increasing variance towards higher aerosol
concentrations. Similar divergence can be observed for AQI and Ta plots (Figure 5k,l).

BH1 Sensors

The maximum concentrations of PM1, PM2.5, and PM10 recorded in the smoke chamber
with the assistance of BH1-A3 and B3 sensor designs under low/medium RH were as high
as 183, 464, and 594 μg/m3, respectively (Figure 6). As it appears, the BH1-A3 and B3
sensors demonstrate strong correlations for each size range of PM, shown with high R
values (0.985–0.993). The S of the linear fittings for PM1, PM2.5, and PM10 was close to the
unity, i.e., 1.07, 1.13, and 1.04, respectively. On the other hand, the increased intercepts of the
fittings (1.6–5.3 μg/m3) indicate an enhanced baseline bias for the model A3 sensor in each
PM size range. This result is in accordance with former findings from a field monitoring
study conducted with the same type of LCS [17]. The AQIs of A3 and B3 sensors correlated
well, too (R ≈ 0.98, S = 0.93), whereas the high intercept of ≈23 points to an increased
positive bias of the BH1-A3 sensor, which, nevertheless, is still acceptable for AQ reporting.
The concurrent values of Ta and RH show a strong correlation between the two BH1 sensor
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models (R = 0.979 and 0.994, respectively). Both linear fits are characterized with S of ≈1.06
and low intercepts (−1.5 ◦C and 0.5%, respectively). Fitting to the AQI data series of the
BH1-A3 and B3 sensors also revealed that they followed a slightly S-shaped curvature, an
interesting feature that has not been observed for BH1 models in a field study [17].

  
(a) (b) (c) (d) (e) (f) 

Figure 6. Correlation between monitoring data (n = 25,110) registered with BH1 sensors (models A3
vs. B3) under low/medium RH; PM1 (a), PM2.5 (b), PM10 (c), AQI (d), Ta (e), and RH (f).

Under medium/high RH (Figure 7), the BH1-B3 sensors show strong correlations
for each PMx, manifested in high R values of the regression fits (0.976–0.985). This is a
somewhat lower correlation compared to those observed between sensor models of B3 and
A3, which is due most likely to the different RHs applied for the tests. The S of the fitting
equations for PM1 and PM2.5 approached unity fairly well, i.e., 0.91 and 1.24, whereas,
oddly, a higher value of 1.5 was found for PM10. In general, a higher spread of the data
could be observed at PM1, PM2.5, and PM10 concentrations higher than about 50, 70, and
100 μg/m3, respectively. This deviation could be due to the “saturation” under high RH
conditions and/or higher inhomogeneity of PM in the smoke chamber, a possible result
of internal heating, which causes an upwards convective stream of suspended particulate.
In general, low intercepts have been calculated for PM1, PM2.5, and PM10, i.e., 0.25, −0.31,
and −0.42 μg/m3, respectively, pointing to a low bias. The AQI data of the B3 sensors also
correlated well (R = 0.972, S = 1.18although with a much lower intercept (−2.0) compared
to that of the BH1-A3 sensor (Figure 6). The simultaneously recorded data for Ta and RH
correlated strongly between the BH1-B3 sensors (R = 0.975 and 0.98, respectively), while S
of 0.79 and 1.22, respectively, were obtained with slightly enhanced intercepts, i.e., 3.8 ◦C,
and −6.8%, respectively. These biases are still acceptable for the purpose of environmental
monitoring.

    
(a) (b) (c) (d) (e) (f) 

Figure 7. Correlation between monitoring data (n = 25,740) registered with BH1-B3 sensors under
medium/high RH; PM1 (a), PM2.5 (b), PM10 (c), AQI (d), Ta (e), and RH (f).

3.2.2. Comparison of Sensors of Different Types
GPM versus BH1 Sensors

The fitted PMx data recorded in the smoke chamber with the assistance of GPM and
BH1 sensors under various RH conditions are plotted in Figure 8. It appears that the R
values of the linear fit for each PM fraction were close to 0.993, which indicates a strong
correlation; moreover, it is independent of RH (Figure 8a–c,g–i). The PM1, PM2.5, and PM10
concentrations in the smoke chamber peaked at 150, 354, and 440 μg/m3, respectively
(Figure 5a–c).
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(g) (h) (i) (j) (k) (l) 

Figure 8. Correlation between the data (n = 10,240) of GPM and BH1-B3 sensors under low/medium
RH (upper row) and under medium/high RH (lower row); PM1 (a,g), PM2.5 (b,h), PM10 (c,i),
AQI (d,j), Ta (e,k), and RH (f,l).

The S of the linear regression fit for PM1, PM2.5, and PM10 approached the ideal quite
well for low/medium RH, i.e., 0.93, 1.1, and 1.06, respectively (Figure 8a–c), whereas for
medium/high RH, the S was similar or slightly higher, i.e., 1.00, 1.08, and 1.29, respectively
(Figure 8g–i). The intercepts of the fits were low for low/medium RH, i.e., −0.21, −0.48,
and −0.41 μg/m3, respectively, while slightly increased bias was observed at high RH,
i.e., −0.29, −0.53, and −0.98 μg/m3, respectively. Close fitting was, in general, found for
AQI data (R ≈ 0.99, S ≈ 1.04) with negligibly low intercepts (−1.5 and −2.1) at each RH
range (Figure 8d,j). A good fit was established for the data series of Ta recorded under
low/medium RH (R = 0.987, S = 0.96, intercept: 0.76 ◦C, see Figure 8e), while for higher
RH (Figure 8k) lower correlation and higher bias was found (R = 0.96, S = 0.87, intercept:
2.5 ◦C). Although the RH data strongly correlated under low/medium RH (R = 0.966),
the fitting deviated from the ideal (S = 0.68) with a quite high intercept (8%), pointing
towards systematic errors (Figure 8f). Interestingly, a better fit was acquired for higher RH
(R = 0.935, S = 0.84), with a lower intercept (−2.7%, Figure 8l) than the former
(Figure 8f). Like the above observations (Section “GPM Sensors”), homoscedastic graphs
were found under low/medium RH, whereas the calibration plots become heteroscedastic
at medium/high RHs.

GPM versus GRIMM Monitor

The PMx and AQI data series obtained with the GPM and GRIMM sensors (Figure 9)
are characterized by strong correlations (R ≈ 0.984–0.988). The S of the regression fits
for PM2.5 approached the ideal accurately (1.03), whereas lower and higher values for
PM1 and PM10 were observed, i.e., 0.703 and 1.22, respectively. These data show that the
GPM sensor has lower detection capability towards accurately predicting fine and coarse
(PM10–2.5) aerosol fractions, due likely to the much lower bin number of the PMS5003
sampler, compared to the GRIMM sensor. The intercepts of the fitting equations were
negligibly low for each PMx species and AQI, ranging from 0.2 to 0.44 μg/m3 and 0.61,
respectively. Interestingly, the results on the overestimate of PM10 readings are not in line
with the findings in Refs. [13,14,26], reporting underestimates for coarse aerosol when
applying LCSs equipped with PMS5003 sensors.
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(a) (b) (c) (d) 

Figure 9. Correlation between measurement data (n = 25,920) recorded with the GPM sensor and the
GRIMM reference monitor under medium/high RH; PM1 (a), PM2.5 (b), PM10 (c), and AQI (d).

BH1 versus GRIMM Monitor

Similar observations to those attained for GPM and GRIMM were made when com-
paring BH1 sensors (designs A3 and B3) with the GRIMM reference monitor under
medium/high RH conditions (Figure 10). The B3 sensor approached PM2.5 and AQI
accurately (S ≈ 1.12, R ≈ 0.98). A very low bias was found for PMx, ranging between
−0.08 and −0.56 μg/m3, and for AQI too (−1.52). On the other hand, slightly higher PM10
readings were observed with BH1-B3 (S = 1.59), compared to GPM and GRIMM, which is
somewhat higher than well accepted for environmental monitoring, i.e., the S value should
be a maximum of 1.35 [46]. Accordingly, the PM10 data recorded with the BH1-B3 requires
a definite mathematical correction and calibration in the laboratory and on the field as well.

   
(a) (b) (c) (d) 

   
(e) (f) (g) (h) 

Figure 10. Correlation between measurement data (n = 25,940) registered with BOHU BH1 sensors
(model B3: upper row, model A3: lower row) and the GRIMM reference monitor under medium/high
RH conditions, PM1 (a,e), PM2.5 (b,f), PM10 (c,g), and AQI (d,h).

For the BH1-A3 model and the GRIMM monitor under medium/high RHs, less steep
slopes of PM1, PM2.5, and PM10 and AQI were obtained with S data of 0.694, 0.796, 0.97,
and 0.80, respectively, which are still acceptable for AQ reporting. On the other hand,
the intercepts of the fits for PM1, PM2.5, and PM10 are fairly enhanced, i.e., 3.0, 4.7, and
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4.5 μg/m3, respectively, pointing to biased measurements with this sensor at low aerosol
levels. The LOD values calculated for this sensor type under high RH conditions support
this affirmation (see Section 3.3.2) and are in quite good agreement with the corresponding
PMx bias. Nonetheless, these calibration curves invoke errors, which is still acceptable for
AQ reporting, as one recalls the US EPA recommendations [46].

3.3. Analytical Performance of the Sensors
3.3.1. Error of the LCSs for Ambient Microclimatic Parameters

The error indicator metrics of the GPM and BOHU LCSs, evaluated for Ta, are pre-
sented in Table 1. As can be seen, under low RH, the RMSE for Ta ranged from 0.7 to
1.9 ◦C (average: 1.2 ◦C, median: 1.0 ◦C) for GPM and BH1 sensors, while MNE ranged from
2.4 to 6.7% (average: 3.9%, median: 3.3%). For medium RH, the RMSE for Ta was in the
range of 0.8 to 1.7 ◦C (average: 1.1 ◦C, median: 1.0 ◦C) for the two types of LCSs, whereas
the MNE increased, lying in the range of 2.4–7.7% (average: 4.7%, median: 4.4%). Under
high RH in the smoke chamber, the RMSE for Ta was in the range of 0.8–2.2 ◦C (average:
1.6 ◦C, median: 1.7 ◦C), whereas MNE was between 2.5 and 7.5% (average: 5.3%, median:
5.7%). These data all show that, in general, the bias of the Ta readings with the study LCSs
increases slightly in the medium, especially in the high RH range, compared to low RH
conditions. The MNB values were similar or lower compared to MNE for each LCS in any
studied RH range.

Table 1. Error indicators for Ta under various RH conditions (RMSE (◦C), MNE and MNB (%)).

Sensor Type/No. Low RH Medium RH High RH

RMSE MNE MNB RMSE MNE MNB RMSE MNE MNB
GPM-1 1.9 6.7 6.7 1.7 7.7 5.4 2.2 7.5 7.5
GPM-2 0.8 2.7 2.2 0.8 2.4 2.1 2.1 7.2 7.2
BH1-A3 0.7 2.4 1.6 0.9 2.6 0.9 1.2 4.1 4.1
BH1-B3 1.1 3.8 3.5 1.2 6.2 1.5 0.8 2.5 2.5

As appears in Table 2, the LCSs (GPM and BOHU) for RH monitoring have shown
larger errors than those calculated for Ta. Under low RH conditions, the RMSE was fairly
low, i.e., it ranged from 1.2 to 5.4% (average: 3.5%, median: 3.7%), while the MNE was high,
ranging between 3.2% and 15.5% (average: 9.8% (rel.), median: 10.4% (rel.)) for GPM and
BOHU sensors. Under medium RH conditions, higher RMSE was experienced between
4.4% and 9.7% (average: 7.3%, median: 7.6%), while MNE ranged from 5.6 to 12.5% (rel.)
(average: 15.6% (rel.), median: 15.1% (rel.)). For high RHs, the RMSE increased significantly,
ranging between 9.7 and 21.6% (average: 15.2%, median: 14.6%), whereas MNE ranged
from 9.5. to 22.8 (average: 15.6% (rel.), median: 15.1% (rel.)) for the two sensor designs.
The MNB values were found to be similar or slightly lower compared to MNE data for
each LCS over any studied RH range. It can also be seen that the bias in several cases is
negative, corresponding to an underestimation of the true value by the use of the LCSs.
Overall, the pattern is obvious for RH measurements: the higher the RH, the higher the
bias of the readings obtained from LCSs. Nevertheless, both error indicators showed an
aptly low level (<30%) as recommended for LCS testing by US EPA [46].

Table 2. Error metrics for various RH ranges: RMSE (% RH), MNE and MNB (rel. %).

Sensor Type/No. Low RH Medium RH High RH

RMSE MNE MNB RMSE MNE MNB RMSE MNE MNB
GPM-1 5.1 14.5 14.5 4.4 5.6 2.8 9.7 9.5 −9.4
GPM-2 1.2 3.2 −2.5 7.5 9.0 −8.5 13.2 13.6 −13.6
BH1-A3 5.4 15.5 15.5 7.7 8.9 −8.3 16.0 16.6 −16.6
BH1-B3 2.3 6.2 5.8 9.7 12.5 −12.5 21.6 22.8 −22.8
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3.3.2. Performance of LCSs for Size-Segregated Aerosol

The error indicator metrics were evaluated for various PMx species besides the concur-
rent Ta and RH data, registered every 1 min with the assistance of the studied LCSs (Table 3).
As can be seen, under low/medium RH, the GPM-1 and GPM-2 sensors showed quite
low RMSE for PM1, PM2.5, and PM10, i.e., 3.8, 6.5, and 15 μg/m3, respectively, whereas
increased bias was experienced under high RH conditions, e.g., 5.7, 8.2, and 26 μg/m3,
respectively. On the other hand, under low/medium RH, the MNE values of PM1, PM2.5,
and PM10 were 7.0, 9.1, and 11.7%, while similar or higher MNEs of 8.5, 8.6, and 17.2%,
respectively, were experienced for high RHs. Interestingly, for Ta and RH, the RMSE and
the MNE values were of a similar extent under medium and high RH conditions for both
GPMs. Under medium RH conditions, the MNB shows a different pattern for PM1, PM2.5,
and PM10, i.e., −4.3, −6.4, and 9.0%, respectively, whereas at high RH, its value changed
differently for the three PMx species, i.e., 4.6, 0.9, and 19.4%, respectively. These data
indicate the negative bias of the LCSs for low/medium sized PM under low/medium RH,
whereas the bias is positive for coarser aerosol, manifested in PM10 at high RHs.

Table 3. Error indicators for PMx and microclimatic parameters between various LCSs (resolution:
1 min) calculated for aerosol levels not lower than 10 μg/m3 under low/medium and (high) RH.

Sensor/Error Types * Bias for Low/Medium RH (High RH)

PM1 PM2.5 PM10 Ta RH
GPM-1–GPM-2

RMSE 3.8 (5.6) 6.4 (8.1) 15 (26) 0.2 (0.3) 7.5 (8.1)
MNE (%) 7.0 (8.6) 9.1 (8.7) 12 (17) 0.5 (0.8) 11.7 (9.1)
MNB (%) −4.3 (4.6) −6.4 (0.9) 9.0 (19) −0.4 (0.1) −10.5 (−7.7)

GPM-1–BH1-A3
RMSE 7.1 (7.8) 11 (18) 14 (21) 1.2 (1.7) 2.3 (4.3)

MNE (%) 21 (22) 33 (41) 36 (46) 4.5 (2.8) 15 (14)
MNB (%) −7.7 (−12.4) −23 (−27) −24 (−29) −4.3 (−2.7) −12.8 (−12)

GPM-2–BH1-A3
RMSE 9.4 (11) 7.7 (21) 24 (44) 1.2 (1.7) 2.3 (5.0)

MNE (%) 21 (29) 25 (43) 46 (73) 4.1 (2.9) 3.0 (5.2)
MNB (%) −3.0 (−15) −17 (−27) −30 (−40) −3.9 (−2.8) −2.6 (−4.6)

GPM-2–BH1-B3
RMSE 14 (12) 11 (20) 23 (43) 2.2 (2.8) 13 (16)

MNE (%) 40 (46) 42 (59) 66 (94) 6.7 (8.8) 25 (26)
MNB (%) −7.8 (20) −21 (−32) −35 (−44) 7.3 (−5.2) −20 (−20)

BH1-A3–BH1-B3
RMSE 5.4 (6.8) 6.6 (8.4) 7.3 (10) 3.1 (2.6) 11.1 (13)

MNE (%) 18 (19) 16 (17) 17 (19 10 (8.6) 22 (21)
MNB (%) −6.9 (−6.8) −6.2 (−6.3) −7.6 (−7.8) 11.6 (8.1) −18 (−16)

* The RMSE for PMx, Ta, and RH is specified in μg/m3, ◦C, and %, respectively, while MNE and MNB are given in
relative percent (n = 920 for medium RH and n = 840 for high RH).

Under medium RHs, the GPM and BH1-A3 LCSs demonstrated somewhat higher
RMSE as compared to that experienced between the two GPM sensors, except for PM10
of a similar extent. The RMSE for PM1, PM2.5, and PM10 was 7.1, 11.3, and 13.8 μg/m3,
respectively, while an increased bias was obtained at high RHs, i.e., 7.8, 18, and 21 μg/m3,
respectively. Similarly, the MNE increased compared to those found between the GPMs.
Under low/medium RHs, the MNE for PM1, PM2.5, and PM10 was high, i.e., 21, 33, and
36%, while similar or higher values of 22, 41, and 46%, respectively, were experienced for
high RH conditions. At low/medium RH, the MNB data showed an increasing pattern
from PM1, PM2.5, to PM10 with values of −7.7, −23, and −24%, respectively, whereas at
high RH, it increased to −12, −27, and −29%, respectively. For Ta and RH, the RMSE and
the MNE between BH1-A3 and any of the GMPs were of similar extent, irrespective of RH
in the smoke chamber, except for GPM-1 that was a five-fold higher value (14%).

The error indicators evaluated for various PMx species, registered every 1 min with
the study LCSs against the reference sensor, are listed in Table 4. As can be seen, under
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medium RH conditions, the GPM-1 and GPM-2 sensors showed quite similar RMSE for
PM1 and PM2.5, i.e., about 20 and 10 μg/m3, respectively, whereas somewhat increased
bias was experienced for PM10 of GPM-2 (30 μg/m3). A similar pattern was observed for
MNE of PM1 and PM2.5, i.e., about 24% and 42%, respectively, whereas an increased value
was experienced for PM10 of GPM-2 (64%). Under high RH conditions, the RMSE increased
slightly for PM1 and PM2.5, whereas a higher increment of PM10 was observed. This effect
is likely due to the higher rate of particle growth under increasing RHs, which brings more
uncertainty in the measurement of coarse aerosol [49]. The MNB was quite high in the
case of GPM sensors, apart from PM1 (−2.8/−8.5%), and more or less acceptable for PM2.5
(41/33%) but outstandingly high for PM10 (65/57%). These findings point to the lesser
usability of the GPM sensor for coarse aerosol quantitation.

Table 4. Error flags for PMx species of the study LCSs determined against the GRIMM reference
sensor for aerosol levels not lower than 10 μg/m3 under medium/(high) RH conditions.

Sensor/Error Type Parameter/Bias Value *

PM1 PM2.5 PM10
GPM-1
RMSE 18 (22) 10 (11) 19 (22)

MNE (%) 24 (22) 42 (37) 64 (57)
MNB (%) −2.8 (−8.5) 41 (33) 64 (56)
GPM-2
RMSE 21 (21) 9.5 (10.8) 30 (40)

MNE (%) 24 (22) 36 (37) 75 (83)
MNB (%) −6.9 (−5.0) 31 (33) 75 (83)

BOHU BH1-A3
RMSE 14 (22) 7.5 (16) 8.0 (9.3)

MNE (%) 17 (25) 13 (19) 20 (17)
MNB (%) −15 (−22) 5.0 (−5.2) 20 (8.0)

BOHU BH1-B3
RMSE 12 (21) 6.8 (15) 12 (10)

MNE (%) 25 (30) 9.2 (19) 13 (16)
MNB (%) −22 (−29) −3.4 (−13) 8.9 (−7.0)

* The RMSE is expressed in μg/m3, while MNE and MNB are in percent (n = 920 for medium RH and n = 840 for
high RH).

Under medium RH, the BH1-A3 sensor featured similar or lower RMSE as compared
to those found for GPM sensors against the reference monitor. For instance, the RMSE
for PM1, PM2.5, and PM10 was 14, 7.4, and 7.8 μg/m3, respectively, whereas its increase
was observed at high RH, i.e., 22, 16, and 9.3 μg/m3, respectively. The MNE formed a
similar pattern to the RMSE. Under medium RH, the MNE of PM1, PM2.5, and PM10 for
the BH1-A3 sensor was found to be 17, 13, and 20%, respectively, whereas under high RHs,
it was 25, 19, and 17%, respectively. Interestingly, for BH1-A3 sensors, the RMSE and the
MNE values develop a decreasing trend from PM1 towards higher PMx ranges, which is
the opposite order experienced for the GPMs. Similar patterns of RMSE and MNE were
observed for the BH1-B3 sensor (Table 4). Under low/medium RH conditions, the MNB
displayed a varying bias for PM1, PM2.5, and PM10 with −15, 5, and 20%, respectively,
whereas decreased values were found for high RH conditions.

The LOD and the LOQ data under low/medium and high RH conditions are presented
in Table 5. As can be seen, at low-to-high RH, the LODs of each PMx fraction for the GPM
and the BH1-B3 sensors are advantageously low (1.5 μg/m3) compared to those calculated
for the BH1-A3 (3.5–4.5 μg/m3). This is likely due to the higher background noise of the
latter design, manifested in enhanced readings (2–3 μg/m3) in the otherwise clean air.
These LOD data are in line with those observed for GPM and BH1-A3 in field campaigns,
although the latter value was slightly higher due to the higher background PM levels [17].
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Table 5. Limit of detection (LOD), limit of quantification (LOQ), and the peak concentration recorded
with the study PMx sensors under low/medium and high RH § conditions.

Monitor Type
Aerosol

Size-Range
LOD (μg/m3) LOQ (μg/m3)

Peak Conc.
(μg/m3) *

GPM
PM1 1.5 (1.5) 5.1 (5.1) 120 (145)

PM2.5 1.5 (1.5) 5.1 (5.1) 190 (240)
PM10 1.5 (1.5) 5.1 (5.1) 280 (290)

BOHU BH1-A3
PM1 2.5 (3.5) 9 (12) 140 (160)

PM2.5 3.5 (4.5) 12 (15) 170 (200)
PM10 3.5 (4.5) 12 (15) 210 (250)

BOHU BH1-B3
PM1 1.5 (1.5) 5.1 (5.1) 167 (162)

PM2.5 1.5 (1.5) 5.1 (5.1) 205 (198)
PM10 1.5 (1.5) 5.1 (5.1) 256 (240)

GRIMM
PM1 0.25 (0.25) 0.85 (0.85) 165 (205)

PM2.5 0.25 (0.25) 0.85 (0.85) 180 (220)
PM10 0.25 (0.25) 0.85 (0.85) 185 (230)

* The maximum concentration for error calculations registered in the smoke chamber. § High RH values in
parentheses.

On the other hand, for the GRIMM monitor, the LOD as low as 0.25 μg/m3 was
experienced due to the higher sensor sensitivity towards finer PM fractions, which arises
from the enhanced detection capability for lower aerosol masses, compared to GPM and
BH1 sensors. In general, under low/medium RHs, lower LOD values of PMx for the
BH1-A3 sensors were attained, whereas the rest of the study sensors experienced the same
LODs at various RHs.

4. Discussion

The literature reports on several kinds of LCSs based on PMS5003, as noticed above,
and a couple of AQ networks, including PurpleAir [22–26] and Clarity [13]. Moreover,
this sensor has been applied in several geospatial and exposure studies, for instance, in
Refs. [50,51]. A couple of studies suggest that the readings for PM1 and PM2.5 of this
LCS are in good correlation with those measured against reference methods, but its low
performance was found for coarse aerosol, e.g., PM10–2.5 [8,14,15,50].

In a former field monitoring study [17], the GPM and the BH1-A3 sensors provided
similar linearity for indoor and outdoor aerosols. But a relatively short PM mass concen-
tration range could be covered and assessed for calibration, i.e., up to about 130 μg/m3

for PM10. Moreover, the studied LCSs could be measured against a less sharp OPC sensor,
which could only assess PM2.5 levels but not give information on accuracies towards fine
and coarse aerosol fractions. In this investigation, it was shown that the studied LCSs
can be calibrated and tested with monodispersed spherical latex aerosol introduced into
a laboratory smoke chamber for a much higher concentration range of the aerosol under
controlled slow heating and/or varying RH conditions. By using an aerosol generator, as
high PM1, PM2.5, and PM10 levels as about 150, 350, and 450 μg/m3, respectively, were
reached in the smoke chamber. This is already about three times higher PMx concentration
than those obtained in the former field study, with similar types of LCSs [17]. In general,
linear relationships were established between the concurrently registered data with the
various OPCs regarding intra- and inter-model accuracy.

For this investigation, some LCSs, such as Geekcreit PMx, built on a PMS5003 sampler,
and BOHU BH1 (models A3 and B3) monitors (built with a Pando G7 OPC) were compared
with a laboratory-grade sensor, GRIMM 1.109 used as a reference monitor. The results
have clearly shown that the accuracy of the readings for PM1, PM2.5, and PM10 with the
different and the same types of LCSs was acceptable, corresponding to those observed by
means of the reference, research-grade sensor. The GPM sensors are based on PMS5003
OPC, which is characterized by low detection efficacy for coarse PM [13,14,26]. This would
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introduce some bias into the determination of the coarse fraction, i.e., PM10–2.5, manifested
in the underestimate of PM10 levels. On the other hand, in this study, an overestimate was
observed for PM10 by the PMS-based LCSs, indicating the coagulation of particulates and a
positive bias of higher RH on the PM10 determinations.

Controlled slow heating (0.2 ◦C/min) of the smoke chamber was advantageous for
calibration/checking of the Ta sensors of the monitors against an industrial-grade, analog
thermometer, whereas Ta data observed during the cooling stage of the smoke chamber
was rather hampered by higher measurement bias.

The RH sensors of the LCSs were assessed with the application of slow evaporation
of boiled/hot water in the smoke chamber. With this simple procedure, even the medium
and high RH ranges could be covered for calibration. Nevertheless, the high RH ranges
are less accurately approached and had the drawback of lower detection efficacy, as can be
seen from the analytical performance/error indicator metrics (RMSE, MNE, MNB, LOD,
and LOQ).

5. Conclusions

In this study, various laboratory conditions inside a smoke chamber were adjusted for
the calibration of low-cost air quality devices, i.e., Geekcreit and BOHU BH1 models A3 and
B3, each based on the OPC principle for PMx components. Microclimatic variables such as
air temperature and relative humidity were also monitored. It was demonstrated that the
LCSs provided generally accurate readings for PM2.5, irrespective of the air temperature
and relative humidity changes in the smoke chamber. On the other hand, the PM1 and
PM10 readings of the LCSs (irrespective of either with PMS5003 or Pando G7 sampler) were
slightly lower and higher, respectively, compared to those recorded with the research-grade
air monitor. This is likely due to the lower detection efficacy of the fine and coarse fraction
of ambient aerosol with the assistance of low-cost OPCs possessing a low number of
bins. Moreover, at high RH, the calibration plots showed heteroscedasticity (about 10–20%
increase in bias) towards higher PMx concentrations, which was also observed for AQI, Ta,
and RH calibration curves.

For temperature calibration, it appears that the low RH in the smoke chamber provided
more reproducible conditions in terms of the lowest measurement bias for LCSs as recorded
against a reference-grade analog thermometer. The relative humidity measurements with
the LCSs performed against an industrially calibrated RH meter provided accurate readings
at the low and medium RH range, but high RHs caused increased bias. Although the
experimental arrangement with the smoke chamber provided relatively reliable values
for PMx and microclimatic parameters, the accuracy of the data could be improved, for
instance, with the application of lower volumes of the aerosol chamber, lower heating rates,
and more sharply controlled RH conditions, e.g., by means of those reported in Ref. [41].
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Abstract: Locomotive emissions from railroads can particularly impact air pollution, making it
crucial to understand their impacts on human health and the environment and develop strategies to
reduce them. The potential of drone technology equipped with a “sniffing” system for detecting air
pollution emissions is promising and can be a valuable tool for assessing dynamic emissions. This
research utilized sensor-equipped drones to measure gaseous emissions from cargo and passenger
trains on a railway in Curitiba, Brazil. Reference equipment evaluated the accuracy of NO2, SO2,
and O3 concentrations. The results showed that before the passage of trains, the average SO2

concentration was 20 μg/m3, with a maximum concentration of 110 μg/m3 detected during transit.
The average increase in NO2 concentrations was from 30 μg/m3 to 120 μg/m3, and the average
increase in O3 concentrations was from 80 μg/m3 to 135 μg/m3. The vertical profiles were evaluated
before and after the passage of locomotives, indicating an accumulation of pollutants above the
railroad. These findings demonstrate the potential of sniffing drones to measure railroad emissions
in urban environments. They also highlight the need to regulate emissions from diesel-powered
locomotives to minimize atmospheric pollution and its negative impact on public health in emerging
and developing countries.

Keywords: drone; air pollution; railroad emissions; electrochemical sensors; environmental
monitoring

1. Introduction

The first Brazilian railroads were built in 1854 to transport coffee beans and sugar
cane. Since then, the country has embraced the mode and expanded it. Most Brazilian
cities have one-or-more freight or passenger trains. Diesel trains dominate these roadways,
thus contributing to urban air pollution. In contrast to other vehicular emissions, air
pollution from railroads is not subject to regulation by the National Environmental Council-
CONAMA [1,2]. As a result, locomotives primarily use TFM S1800 diesel, which contains
1800 mg/kg of sulfur [3], contributing to emissions of sulfur oxides and other pollutants
into the atmosphere. This sulfuric content indicates that exhaust gases from trains may
contain high concentrations of sulfur dioxide (SO2) and hydrogen sulfide (H2S), but also
volatile organic compounds (VOC’s), methane (CH4), nitrogen oxides (NOX) and ozone
(O3), due to incomplete combustion [4,5].

Measuring railroad emissions in urban environments poses a significant challenge
due to the complex and dynamic nature of the surrounding atmosphere. Using fossil
fuels on locomotives can contribute to atmospheric pollution, which can become a public
health issue. According to Abbasi’s research [6], rail traffic does not affect concentrations at
open ground-level stations, while underground or enclosed stations can reach ambient air
several times. Non-exhaust particle emissions may be hazardous, and enclosed-rail traffic
settings should be monitored for high concentrations.
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Particle properties, generation methods, and exposure variables, especially
rail-transport non-exhaust emissions, must be studied to create effective countermea-
sures. This situation is particularly concerning given the high demographic density of
urban centers, which leads to increased exposure to polluted air, and a greater incidence of
cardiovascular problems related to atmospheric pollution [7].

Sensor-equipped drones offer several advantages over traditional measurement tech-
niques, including increased accuracy, mobility, and cost-effectivity. However, direct im-
plementation of this technology presents challenges such as the representativeness of
observations, continuous observation needs, and potential sensor exposure to pollution
sources. Incorporating data into air quality monitoring systems requires careful technical
evaluation and planning to integrate data into air quality monitoring systems to ensure
reliable information for improving policy formulation and decision-making.

Emissions from diesel engines, such as locomotives [7,8], are typically linked with three
gas pollutants: SO2, NOx (consisting of NO and NO2), and volatile organic compounds
(VOCs) produced by fossil fuel combustion. In a subsequent reaction, NOx and VOCs
react in the presence of sunlight to form O3. SO2 is the primary pollutant related to the
combustion of sulfur-rich fuels [9].

For human health, exposure to this gas can cause pulmonary activity reduction, eye,
nose, and throat irritation, and even premature mortality [10,11]. These problems are
predominantly related to the oxidative stress that SO2 can produce on respiratory sys-
tem cells [12,13]. On the one hand, NO2 is dangerous because of a condition named
methemoglobinemia. The gas binds to hemoglobin cells in this condition and changes
oxygen transport [14]. Symptoms typically related to NO2 contamination include coughing,
wheezing, and breathing difficulty [15]. In addition to these direct effects, NO2 indirectly
impacts human health, influencing tropospheric O3 concentrations. Photochemical reac-
tions involving both species determine if an area of the atmosphere will act as a source
or a sink for O3 [16,17]. O3 is a strong oxidant and, similar to SO2, has a toxic effect on
human respiratory cells through oxidative stress [18]. Although O3 is naturally found in
elevated concentrations in the stratosphere, its presence at tropospheric levels qualifies it
as a secondary pollutant [10,19–21].

Given the importance of comprehending these gaseous emissions in urban areas, there
is a need for a sampling system to directly measure them, as it is only sometimes feasible
to utilize stationary sensors atop locomotive smokestacks. In this context, sensor-equipped
drones have been used, besides other applications, to evaluate methane sources and sinks,
assess volcanic plumes, measure forest burn emissions, monitor urban air quality and
atmospheric pollution, detect gas leaks, and monitor methane emissions from landfills [22].
Nevertheless, the applicability of such a system in evaluating railroad emissions has yet to
be extensively assessed.

This study aims to evaluate the efficacy of this strategy for measuring SO2, O3, and
NO2 emissions using drones over diesel-powered trains in the urban area of Curitiba-Brazil,
to understand the impact of railroads on air quality, as these gases are included in the air
quality guidelines by the World Health Organization [23]. This investigation presents the
concept of ‘sniffer drones’ for real-time monitoring of moving pollutant sources in urban
environments and discusses the challenges associated with this technology.

2. Materials and Methods

2.1. The “Sniffing” System for Railroad Emissions

Using a drone to measure pollutant concentrations requires compact and lightweight
sensors. According to Shelekhov et al. [24], measurements of turbulent fluxes and spectra
in the urban atmosphere are viable and reasonably accurate using a sensor-equipped DJI
Phantom 4 Standard. The authors used a smoothing procedure to study the behavior of the
longitudinal and lateral turbulence spectra in the inertial and energy production ranges.
The longitudinal and lateral turbulence scales were estimated by the least squares method
using the von Karman model as a regression curve. It was shown that the turbulence
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spectra obtained with the DJI Phantom 4 Pro and AMK-03 generally coincide, with minor
differences observed in the high-frequency region of the spectrum. In the power generation
domain, the longitudinal and lateral turbulence scales and their ratios measured by the
DJI Phantom 4 Pro and the AMK-03 agree with reasonable accuracy. In the inertial range,
the behavior of the turbulence spectra shows that they obey the Kolmogorov–Obukhov
“5/3” law. The airship used in this study was the DJI Phantom 3 Standard.

This model weighs 1216 g, including the battery, and can carry up to 1 kg. However,
for safety reasons, it is not encouraged for the cargo weight to surpass 700 g. Additionally,
flight autonomy can be decreased from 25 to less than 20 min when carrying more than
500 g [25]. Considering that the main differences between this model and the Phantom 3
are not mechanical flight technology nature [26], it was assumed that the latter model is
also capable of measuring turbulent quantities.

Per our experimental design, we elected to position the sensors at the airship’s center
to mitigate the downwash and dilution impacts arising from the drone propellers [27,28]. In
this context, three Envea Cairsens microsensors were selected for this study: one detecting
SO2, one for NO2, and another for the O3 measurements. These electrochemical sensors are
small and have a relatively low cost, allowing the use of multiple sensors in one airship. The
average weight is 42 g and includes an internal data logger that can store up to 1212 days of
data with a 60 min sampling frequency. Although, considering the objectives of this study,
the sampling frequency used was 1 min, meaning that up to 2 days of data could be stored
in the internal data loggers [29]. For gaseous measurements, the resolution of the sensors is
1 ppb, meaning that the uncertainty related to measured concentrations is ±0.5 ppb [29].
Considering conversion factors at 25 ◦C and 1 atm, this uncertainty is ±1.31 μg/m3 for SO2,
±0.98 μg/m3 for O3 and ±0.94 μg/m3 for NO2. The assessment of the cross-sensitivity
of the NO2 and NO2-O3 sensors found that the sensor exhibits a response consistent with
Cl2 at levels comprising approximately 80% of the total signal output [30,31]. The study’s
accuracies are founded upon the performance that manufacturers have claimed. Data
measured with this equipment was treated by an outlier removal process described by
Junior and Dias [32].

One disadvantage of the Cairsen sensors is the lack of an internal battery, which
demands an external energy feed. Also, due to the electrochemical principle used in these
sensors, sharing their energy source with the drone could induce some noise in measured
datasets [33]. For this reason, the drone was equipped with a small power bank connected
to a USB hub. This way, the power bank had enough power to charge three sensors for
up to 5 days. The energy consumption of these sensors is low, staying close to 15 mA
at 5 VDC [29]. Considering the weight of the power bank, USB hub, and sensors, this
configuration made the total cargo on the airship reach 218 g. This value is lower than
the 500 g threshold for maintaining flight autonomy over 20 min without jeopardizing the
safety of flights.

The authors conducted test flights with the assembled equipment to establish guide-
lines and strategies for the sampling flights. First, the flight guidelines [34] included the
respect of regulations from the Brazilian Civil Aviation National Agency (ANAC) concern-
ing flight speeds, drone operations, and distance from non-consenting people and animals.
Additional constraints were incorporated into the guidelines to ensure the safety and maxi-
mize the effectiveness of the sampling flights. These constraints consider meteorological
factors, such as wind speed, precipitation, visibility, and other related variables that may
pose a risk to the operation.

Our study established that sampling flights were not conducted during periods of
precipitation or high wind velocity due to the potential impact of these meteorological
conditions on the measurements’ accuracy. Our study established a protocol whereby
the drone must land as soon as possible while maintaining a safe distance from non-
consenting third parties if the pilot observed any meteorological conditions during a flight.
This precaution was necessary due to the potential for abrupt changes in meteorological
conditions during measurement, which could reduce the number of actual measurements
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obtained and impede continued data collection. The relatively light weight of the drone
increased its susceptibility to becoming uncontrollable in high wind conditions, posing
potential risks. On days deemed suitable for sampling flights, our measurement protocol
dictated assessing background concentrations and emission plumes. Prior to train passage,
the airship was positioned approximately 5 m above the railroad for a 15 min period, during
which background concentrations were sampled. The collected data were then analyzed,
with the mean values obtained for each pollutant serving as the reference point for the
corresponding day. When the train was observed, take-off operations commenced. The
drone was positioned at an average effective emission height of approximately 5 m above
the railroad, a height chosen after considering the locomotives under study. As the train
passed, the airship was slowly elevated to the upper limit of the visible emission plume
before returning to its initial height of 5 m, where it remained stationary for an additional
10 min period following the train’s passage. This method facilitated the examination of gas
concentration effects during pre-, intra-, and post-locomotive pass-by periods, providing a
comprehensive evaluation of railroad emission impacts.

To provide additional assessment, the team constructed vertical profiles of SO2, NO2,
and O3 above the railroad. These profiles were obtained over point 1 (details in Section 2.2)
before and 5 min after passing a passenger train. For them, the drone was programmed
to start sampling about 1 m above railroad level, measuring for 1 min for each meter.
Therefore, the vertical resolution for these profiles was 1 m. Then, after reaching a height of
15 m, the drone was returned to the landing platform. The measured profiles were short,
characterizing only a tiny part of the atmosphere above the railroad. However, due to the
battery autonomy of the airship, the most extended possible profiles were 15 m in height
without compromising the safety of the flights.

2.2. Area of Study

The authors selected the study area in Curitiba (PR), shown in Figure 1, based on three
primary considerations: proximity to the laboratory at UFPR for easy equipment trans-
portation, availability of a suitable take-off and landing platform (green area in Figure 1),
and the presence of numerous points of interest. These sites include residential blocks near
the railroad (yellow triangle). This religious institution aids the socially vulnerable (blue
triangle), and the Marcelino Champagnat Hospital provides cardiovascular treatments (red
cross). Furthermore, the authors considered a bike lane beside the railroad approximately
5 m above the ground (blue line).

The selected area had two sampling points: point 1 and point 2, which are shown as
green and red triangles, respectively, in Figure 1. Point 1 was defined as the sampling point
for measures over the smokestacks. As mentioned, the effective emission height was set at
an average of 5 m above the railroad line. This way, that height was defined as the starting
height of point 1, allowing it to be used on direct emission sampling flights.

On certain days, meteorological conditions proved unsuitable for conducting sampling
flights. In such cases, point 2 was used for data collection. This designated location is
above the bike path adjacent to the rail line, approximately 6 m above the level of the
rail line. It represents the average train nose level for a passerby on the bike path. This
selection was made to assess the impact of railroad emissions on nearby areas. Notably, the
measurements at point 2 were not made with an airship, but the drone remained on the
ground with the power off. Since meteorological measurements were unavailable at the site,
trained personnel made local and intuitive assessments based on various considerations,
such as visual observation of cloud cover and wind speed, assessment of temperature and
humidity, and review of weather forecasts from nearby regions. While the data collected at
point 2 provides valuable insights into the effects of railroad emissions on nearby areas, it is
crucial to interpret the results with caution due to the potential influence of overestimation
or underestimation of actual values.
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Figure 1. Area used for sampling flights. Source: [35].

During this study, the authors conducted eight sampling campaigns to measure
pollutant concentrations at various points in the study area. Most sampling flights (five
campaigns) were performed at point 1, with the final campaign occurring on December 25th
to determine the vertical profiles of pollutant concentrations at this location. Adverse
meteorological conditions resulted in two campaigns being carried out at point 2. Outliers
were removed from the measured data, and the datasets were evaluated for each gaseous
substance, as shown in Sections 3.1–3.3. In these sections, captions were added to the
graphs to facilitate comprehension. Measurements made at sampling point one were
labeled as SP 1. Meanwhile, tag SP 2 was used over measurements made on sampling
point 2. Moreover, cargo trains were labeled with the letter C, and passenger trains with
the letter P. Afterwards; Section 3.4 includes the results for the vertical profiles, both before
and after the passage of the passenger train.

3. Results

3.1. Sulfur Dioxide

On different days, the measured background concentrations of SO2 ranged from
10 μg/m3 and 30 μg/m3. After the passing of locomotives, in all the campaigns, absolute
increases varying from 16 μg/m3 and 114 μg/m3 concentration were observed, as shown
in Figure 2. The values shown in the dark blue bars represent the maximum value observed
during each sampling flight.
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Figure 2. Background and maximum concentrations of SO2 measured during sampling flights. Cargo
trains are indicated with the letter C, while passenger trains are indicated with the letter P. SP 1 means
measurements over sampling point 1, and SP 2 is related to sampling point 2.

Although the highest absolute increase, 114 μg/m3, was observed after a passenger
train on November 25, relative increases did not change between passenger trains when
separately comparing the two-sampling point. In point 1, the relative increase fluctuated
around 600%, while at point 2, it was much lower at around 40%. The SO2 concentration
increases measured at point 2 during train passage were considerably lower than point 1.
In addition, the difference between cargo and passenger train emissions at point 2 was
slight at 2 μg/m3 and close to the sensor’s uncertainty. For most campaigns, maximum
concentrations of SO2 were observed at the same time as the passage of the locomotive.
Moreover, in both SP 1 and SP 2, the maximum values of SO2 during train passage exceeded
the DQA established by the WHO.

3.2. Ozone

As presented in Figure 3, O3 background concentrations showed high variability in
different campaigns. Average values as low as 30 μg/m3 and as high as 60 μg/m3 were
measured during the sampling flights. Even with this high variability, the passage of trains
elevated the levels of O3 consistently in every campaign, with a relative increase over SP 1
in the order of 200%. Differently from what was noted for SO2, the absolute increase in O3
concentrations was higher for cargo trains compared to their passenger counterparts. While
passenger trains caused a maximum absolute increase in O3 concentration of 77 μg/m3,
cargo trains’ absolute increase was over 120 μg/m3 in both measured cases. This was
especially true for the measurements at point 2, where the total increase was almost two
times higher during the passage of a cargo train than the observed increase after the
passenger train.
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Figure 3. Background and maximum concentrations of O3 were measured during sampling flights.
Cargo trains are indicated with the letter C, while passenger trains are indicated with the letter P. SP 1
means measurements over sampling point 1, and SP 2 is related to sampling point 2.

Furthermore, maximum concentrations were regularly observed 3 to 4 min after the
passage of the trains. This time lag can be related to the secondary nature of O3 in the
troposphere, as shown in Section 2, thus the highest O3 concentrations were observed after
the locomotives passed.

3.3. Nitrogen Dioxide

In contrast to what was observed for background values of SO2 and O3, it was found
that the average concentrations obtained for NO2 were more uniform in different cam-
paigns. The background values of NO2 concentration stayed between 25 μg/m3 and 30
μg/m3. In addition, increases in these background values were observed during train
passage on all campaigns, Figure 4. An analysis of the NO2 emissions from the cargo
and passenger trains at multiple sampling points reveals notable differences in absolute
increases. On SP 1, most of the measured passenger trains caused an absolute increase in
the order of 85 μg/m3. In contrast, the cargo train passage was followed by an absolute
increase of 140 μg/m3 in NO2 concentration.
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Figure 4. Background and maximum concentrations of NO2 were measured during sampling flights.
Cargo trains are indicated with the letter C, while passenger trains are indicated with the letter P. SP 1
means measurements over sampling point 1, and SP 2 is related to sampling point 2.

Specifically, cargo trains exhibit absolute increases in the concentrations of NO2, almost
twice higher than passenger trains. The maximum values measured at SP 2, 58 μg/m3 and
88 μg/m3, indicate that our findings show that areas close to railroad tracks are particularly
vulnerable to elevated concentrations of NO2 emissions. As well as O3 concentrations,
maximum NO2 values were measured roughly 2 min after the passage of the trains. This
time lag was consistent during every sampling campaign.

3.4. Vertical Profiles

As discussed in Section 2, the sampling flights on December 25 were used to construct
vertical profiles of gaseous concentrations over point 1. These profiles were measured for
SO2, O3, and NO2, beginning about 1 m above railroad level and ending about 15 m above
railroad level.

The first three profiles in Figure 5 represent the atmospheric concentrations of SO2,
O3, and NO2, in purple, without the passage of a locomotive. By examining these profiles,
the authors can gain insight into the background levels of these gasses before trains pollute
the environment. It is noted that concentrations are more than 20 μg/m3 higher than
the guidelines stipulated by the WHO for the former and more than 5 μg/m3 higher for
the latter. It is important to emphasize that rigorously measured concentrations cannot
be directly compared to the AQGs, since these are defined as 24 h or 8 h averages for
the considered gases. However, they can be treated as reference values and are therefore
utilized as such in this paper.
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Figure 5. Vertical profiles of SO2, O3 and NO2 measured over the railroad before the passage of a
passenger train. In orange, the air quality guideline defined by the WHO for each pollutant.

Moreover, a minor O3 and NO2 accumulation with concentrations reaching up to
47 μg/m3 can be seen near the smokestack level, 5 m above the railroad level (Figure 5 as
the dotted line). This accumulation cannot be seen for SO2. Instead, concentrations of this
pollutant tend to accumulate between 10 m and 14 m above the railroad level, with values
reaching 90 μg/m3.

Shortly after 8:30 a.m. local time, a passenger train passed sampling point 1. About
5 min after this passage, the sniffing drone was deployed, measuring the vertical profile
of gaseous concentrations one more time. These profiles are presented in Figure 6. In
addition, Figure 6 contains the average peak concentrations of each gas measured during
passenger train passages, represented by the red dots: 105 μg/m3 for SO2, 128 μg/m3 for
O3, and 116 μg/m3 for NO2. The concentrations after the train increased for each pollutant
throughout the vertical profile. The maximum increase observed for SO2 occurred at
the height of 10 m, from 90 μg/m3 prior to the train passage to 152 μg/m3. In addition,
concentrations of O3 and NO2 were higher near the stack, reaching 108 μg/m3 for the
prior and 74 μg/m3 for the latter. In contrast, SO2 concentrations were higher at 7 and
10 m altitude.
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Figure 6. Vertical profiles of SO2, O3, and NO2 were measured 5 min after a passenger train passed
over the rail line. The red dots represent the mean concentration measured over the smokestacks of
passenger trains. In orange, the WHO defines the air quality guideline for each pollutant.

In addition to the higher concentration values, the profiles in Figure 6 reveal the
height of the locomotive’s emission plume 5 min after its passage. According to the SO2
profile, above 10 m, concentrations of SO2 decrease rapidly. Similarly, the O3 and NO2
concentrations are proportionate up to 10 m. This behavior suggests that 5 min after a
passenger train passes, the emission plume reaches a height of 10 m. Above this height,
this relationship is no longer evident.

4. Discussion

The evaluation was limited to two cargo trains, while four passenger trains were
assessed. The goal of comparing these types of trains was to determine which emitted
higher atmospheric pollutants. This assumption was based primarily on the fact that cargo
trains passing through the area of interest are typically longer and heavier than passenger
trains and therefore require more fuel consumption, which leads to higher concentrations
of the gases being studied. During the sampling campaigns conducted for this study,
the presence of passing cargo trains in the study region presented a challenge. Unlike
passenger trains, whose departure times are publicly available and easily accessible, cargo
train schedules are confidential and can vary significantly on different dates. As a result,
acquiring emissions data from cargo trains required more time and effort. This was true
for the NO2 concentrations and even more so for O3 concentrations. In the latter case,
absolute increases in concentration were more significant after the passage of cargo trains
for measurements made at both point 1 and point 2. The total increase at point 2 due to the
passage of a cargo train was almost twice as significant as the increase due to the passage
of a passenger train.
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Contrary to this, no substantial numerical differences in SO2 concentrations were
observed. Increases in SO2 from passenger and cargo trains were not distinguishable. Due
to the high sulfur content of locomotive fuels, it is plausible that SO2 emissions will remain
high despite a decrease in cargo loads and fuel consumption. However, it also suggests
that O3 and NO2 emissions may be more dependent on the weight of the trainload.

Increases in SO2 from the passenger and cargo trains were not significantly different,
and SO2 emissions may remain substantial even as cargo loads and fuel usage decrease
due to the high sulfur content of locomotive fuels. Thus, O3 and NO2 emissions could be
more sensitive to the train’s cargo weight. The authors can draw analogous arguments
by comparing the measurements collected at sample sites 1 and 2. Consistent with our
expectations, higher concentration increases were observed more frequently at point 1,
directly over the smokestacks. However, the authors also observed different behaviors on
sampling point 2, with small absolute increases in gaseous concentration being the norm.
We attribute this to the high temperatures at which the exhaust gases from the smokestacks
are produced, causing them to rise rapidly in the atmosphere so that there is not enough
time for the elevated concentrations to reach the nose of the train on the side of the railroad.

These findings suggest that the impact of railroad emissions on surrounding areas
is insignificant compared to the impact on the railroad itself. The authors confirm this
assumption by noting the similarity between the O3 amounts measured at points 1 and
2. The influence of emission temperature on O3, which acts as a secondary pollutant, is
comparatively smaller than that on primary gases. Substantial O3 concentrations can be
measured even at passerby’s nose levels on the railroad’s side during the locomotives’
passage. These results represent the first emissions data obtained from moving trains using
a drone. They are the starting point for understanding the spatial distribution of railroad
emissions and their potential impact on air quality in the research area.

Acquisition of vertical profiles of contaminant concentrations has provided valuable
insight into the circumstances of the investigation. By comparing gas profiles before and
after train passage, the authors confirmed that railroad emissions could indeed increase
concentrations of SO2, NO2, and O3 in the atmosphere of surrounding communities. In
addition, it is important to emphasize that due to the lack of legislation, direct comparisons
with the World Health Organization’s air quality guidelines (WHO) are not possible in
our study because the authors do not have 24 h estimates. Nevertheless, our studies have
provided preliminary evidence that these parameters are exceeded. The authors observed
that these gases accumulate in the lower atmosphere before a train passes, leading to
concentrations that immediately exceed the AQGs in 75% for SO2 and 25% for NO2. It is
worth noting that this does not necessarily indicate that the air quality in the research area
is poor, but it does indicate a deterioration in air quality. Our findings have significant
implications for policymakers and stakeholders, who must consider the impact of railroad
emissions on nearby communities and the environment.

5. Conclusions

This study presents preliminary findings through eight sampling campaigns con-
ducted in Curitiba, Brazil. The measurement technique employed in this study involves
sampling both background concentrations and locomotive emission plumes of SO2, O3,
and NO2. As part of our study, eight sampling campaigns were conducted using a drone
equipped with Envea Cairsen microsensors to accurately measure pollutant concentrations
at various locations in the research area. The results demonstrate the efficacy of using
compact and lightweight microsensors mounted on drones to assess the impact of train
emissions on ambient air quality. Measurements taken before and after the trains passed
showed increases in all three pollutants, with the most significant increase in SO2 after
passenger trains and O3 after cargo trains. NO2 concentrations were also higher after the
cargo trains, even near the railroad. Maximum concentrations were observed 2–4 min
after train passage. While drones equipped with sensors have demonstrated the ability
to detect locomotive pollution, the accuracy of these measurements can be influenced by
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wind speed and direction; however, implementing microsensors as anemometers on drones
in the future will facilitate the detection of weather changes leading to more accurate
pollution sensing.

This investigation underscores the importance of monitoring air pollution from trans-
portation sources and proposes a potential solution for achieving this aim. Leveraging
drones and lightweight sensors can substantially aid in comprehending and mitigating the
impact of transportation emissions on air quality and public health. The findings of this
study are valuable for policymakers and transportation authorities in devising strategies to
counteract the detrimental effects of railroad transportation on air quality. Further research
is necessary to validate and generalize these findings to other regions.
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Abstract: Mobile monitoring is used as an additional tool to collect air quality data at a high
spatial resolution and to complement data from fixed air quality stations. Citizens are interested
in contributing to air quality monitoring, and while the availability of low-cost air quality sensors
can create opportunities to measure the air quality at a high spatial resolution, the data are often
of lower quality, and sensors that measure combustion-related aerosols (like black carbon) are not
commonly available. Mobile monitoring using a mid-range instrument can fill this gap. We present
the results of a mobile BC (black carbon) monitoring campaign performed by citizens in Mechelen
as part of a local citizen observatory (CO), Meet Mee Mechelen, initiated as part of the European
H2020 project, Ground Truth 2.0. The goal of the study was two-fold: (1) to propose and evaluate
a mobile monitoring method (data collection and data processing) to construct pollution maps of
BC concentrations and (2) to demonstrate how to organize community-based air quality monitoring
to measure both the spatial and temporal variations in air pollution levels. Measurements were
taken during peak hours in four campaigns characterized by different meteorological conditions:
October–November 2017, February–March 2018, June–July 2018 and September 2018. The results
show large spatial and temporal variabilities. Spatial variability is influenced by traffic volume,
stop-and-go traffic and also the building environment and the distance of biking paths from road
traffic. The four different campaigns show similar spatial patterns, but due to background and
meteorological influences, the absolute concentrations differ between seasons. A rescaling method
using data from fixed stations in the air quality monitoring network (AQMN) was presented to
construct maps representative of longer periods. This paper shows that mobile measurements can
be used by CO to assess the spatial variability of air quality in a city. The data can be used to
evaluate mobility plans, carry out hot spot detection, evaluate the exposure of cyclists as a function
of cycling infrastructure and perform model validation. However, it is important to use high-quality
instruments and apply the correct measurement methodology (number of repetitions, season) to
obtain meaningful data.

Keywords: air pollution; mobile measurements; citizen science; black carbon; spatial variability

1. Introduction

Citizens are becoming more and more aware of air quality and the impact of air quality
on health. The increasing availability of low-cost air quality sensors is giving citizens the
opportunity to start measuring their own environment. However, the quality of the sensors
used and the setup of the monitoring campaign need special attention.

Citizen science projects face challenges in relation to data credibility (e.g., data frag-
mentation, data inaccuracy, lack of experimental design) and the utility of citizen science
data [1]. If large datasets are produced and are not scientifically sound, these may become
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a headache for those who are responsible for managing air quality [2]. In addition, the
results of citizen science projects need to be explained in a comprehensible way to keep
stakeholders engaged. Therefore, citizens, researchers and policymakers need to work
together to make a citizen observatory successful. Low-cost portable devices are available
and have been increasingly used to monitor air quality. While these sensors can have poten-
tial when used in fixed networks to assess the spatial variability for some pollutants when
appropriate calibration models are used, some issues remain if they are used for mobile
applications. In this study, we used a validated monitoring approach (www.airqmap.com)
that resulted in scientifically sound data with respect to the monitoring device and the
method with which the measurements were made [3].

Traditionally, air quality is measured at fixed air quality monitoring stations (AQMSs)
with a low spatial resolution. The main advantages of fixed reference stations are their
measurement accuracy and long-term time series. However, they do not necessarily
represent citizens’ exposure to air pollution. To obtain a better estimate of the spatial
variability of air pollution, more locations need to be sampled within a city or region.
Two different measurement approaches can be used: a dense network using low-cost
monitoring instruments (sensors or passive samplers) or, mobile measurements using high-
grade or medium-grade monitors [4–7] or low-cost sensors [8–11]. While a dense network
of stationary locations has a trade-off between the cost of instruments and the quality of
the data, mobile measurement approaches can use higher-quality instruments at higher
costs because one instrument can cover a large area. Therefore, mobile measurements are
complementary to fixed stations with high-end instruments in terms of spatial coverage and
are preferred to dense networks when low-cost sensors are not available for the pollutant
or are of questionable quality.

Mobile measurements are often a snapshot of the situation, e.g., in a specific season
or at a specific time of the day. Given the spatio-temporal variability of air quality, the
resulting data from mobile measurements need to be sampled and analyzed in a different
way compared to fixed measurements [12]. In this study, we performed measurements
on different days and in different seasons to reduce the statistical noise related to the
differences in meteorological conditions, resulting in a representative map of the spatial
variability of pollution.

This study focuses on black carbon (BC), a compound of fine particles that are emitted
from combustion sources [13]. BC is a good indicator of combustion-related air pollution,
and exposure to BC is recognized by the World Health Organization to be associated
with cardiovascular and cardiopulmonary mortality [14]. A recent study has provided
important evidence of the associations between long-term exposures to low concentrations
of, for example, BC and various health endpoints [15]. In addition, studies of short-
term health effects suggest that BC is a better indicator of harmful particulate substances
from combustion sources (especially traffic) than undifferentiated particulate matter (PM)
mass. Data on the speciation of PM, and more specifically, BC, are scarce because BC
concentrations are not regulated by the EU Air Quality Directive, and instrumentation is
relatively complicated and expensive. Recent research has developed empirical models
based on, for example, machine learning ([16,17] and references therein) or land use
regression [18], where BC is estimated based on other pollutants or interpolated at other
locations to cover a broader area. While these modeled data can address the need for better
exposure estimates, they still require validation that is based on measured data with a high
spatial resolution. In Flanders, BC was measured at 25 stations in the AQMN at the time of
the study, and no station was situated in the city of Mechelen.

In previous research, we showed the potential of mobile measurements to assess the
personal exposure of cyclists [19] or other transport modes [4,20] and to assess the spatial
variability of urban air quality of different pollutants (e.g., UFP, BC and heavy metals in [5];
UFP and PM10 in [21]; UFP and BC in [6]; BC in [7]). We examined the number of repetitions
needed and the impact of background concentrations [3,22]. Other papers also showed the
potential of mobile measurements [23–26] for personal exposure in studying the spatial
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variation of air pollution. In a number of recent studies, mobile BC measurements have
been made to assess the exposure of bicycles and other commuters [5,27–33] in relation to
the traffic situation [34] and the effect of bicycle infrastructure on the exposure levels of
bicycle commuters [35,36]. A similar exercise was conducted for PM2.5 by distributing 500
low-cost sensors to voluntary participants in Utrecht, the Netherlands [11].

In this paper, we performed a study on the spatial variability of BC during peak hours
in different seasons in the city of Mechelen. The goal of the study was two-fold: (1) to
evaluate the mobile monitoring method (data collection and data processing) to construct
pollution maps of BC concentrations and to propose a scientific sound method, and (2) to
demonstrate how to organize community-based air quality monitoring to measure both
the spatial and temporal variations in air pollution levels.

The measurements were performed by citizens of Mechelen who took part in a local
citizen observatory (CO), “Meet Mee Mechelen”; the measurement requirements, setup
and execution were performed by the citizens in close consultation with the research
partner VITO and the city council. Using this unique dataset, we compared campaigns
that were performed under different meteorological conditions. A rescaling methodology
based on fixed monitoring stations of the Flemish Environment Agency was applied and
evaluated. Spatial patterns were analyzed and interpreted in terms of the current mobility
plans, in particular with respect to cyclist exposure. The results of a mobile monitoring
campaign were compared to state-of-the-art modeling results. Based on simultaneous
mobile measurements, the currently used approach of measuring BC using medium-cost
instruments was compared to measurements taken using a low-cost sensor for PM that is
often used in citizen science projects.

2. Material and Methods

2.1. A Citizen Observatory for Air Quality

As part of the Ground Truth 2.0 project (http://gt20.eu/, accessed on 16 June 2024),
citizen observatories (COs) have been initiated in six European and African countries
involving citizens, policymakers and scientists, following a co-design process developed as
part of the project. The main findings on best practices for the setup of a CO are discussed
in two other publications [37,38]. In Mechelen, Belgium, a group of enthusiastic volunteers,
local policymakers and scientists initiated Meet Mee Mechelen (translated as “Join our
measurements Mechelen”), a CO with a focus on improving the local air quality to enhance
health, quality of life and social cohesion.

The participants of the CO defined the following aim of the measurement campaign
to measure local air pollution levels in Mechelen (1) to identify the impact of road traf-
fic and obtain a set of benchmark measurements (prior to proposing or implementing
specific actions) and (2) to identify the spatial and temporal changes in air quality levels.
Researchers helped to translate the citizens’ needs into a scientifically sound measurement
setup. They also trained the coordinators of the effective measurement campaign and
instructed participants on how to operate and wear the instruments, as well as how to
perform the measurement campaign with a special focus on driving speed and direction,
number of repetitions, and synchronization of the measurements on the different routes.

2.1.1. Instrumentation

Citizens of Mechelen carried out the measurements using airQmap (www.airqmap.be,
accessed on 16 June 2024), a user-friendly monitoring tool developed by VITO to map BC
at street level; airQmap is a mobile platform that measures BC via repeated measurements
by bicycle and is based on a scientifically justified method [3]. It comprises a measure-
ment unit consisting of a microAeth® (AE51, AethLabs, San Francisco, CA, USA), a GPS
and an automated data processing infrastructure to construct the aggregated BC maps.
The microAeth® measures the attenuation of light (880 nm LED) through a Teflon-coated
borosilicate glass fiber filter on which light-absorbing particles are sampled continuously.
The difference in attenuation (per time base) is converted to a BC concentration using a spe-
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cific absorption coefficient sigma = 12.5 m2 g−1 (at 880 nm) and the actual sample flow rate.
The sample flow rate is set at 150 mL min−1, and the measurements are made at a temporal
resolution of 1 s. To reduce the signal noise at the one-second time resolution (especially at
low concentrations), the ONA (optimized noise-reduction averaging) algorithm was used
with an attenuation threshold of 0.05 [39]. Prior to each monitoring campaign, the flow
of the instruments is calibrated, and the different instruments used are intercompared by
co-location (for at least one day) to check that the inter-instrument variability is less than
10%. A periodic comparison with the AE33 (Magee) is performed.

To assess the potential of using low-cost sensors and different metrics, the AirBeam
was aligned with the aethalometer and used simultaneously on some trips. Useful for
citizen science, the AirBeam is a PM sensor developed by HabitatMap, a US non-profit
environmental health justice organization whose goal is to raise awareness of the impact
the environment has on human health. HabitatMap builds tools to support grassroots
environmental organizing, including AirCasting. AirCasting is an open-source, end-to-
end solution for collecting, displaying and sharing health and environmental data using
your smartphone. The platform consists of wearable sensors that detect changes in your
environment and physiology, including a palm-sized air quality monitor called the Air-
Beam, the AirCasting Android app, the AirCasting website and wearable LED accessories.
The AirBeam and AirCasting infrastructures are used worldwide. Citizen scientists from
around the world take measurements and contribute to the air quality crowd map. The
AirBeam sensor was assessed by the AQ-SPEC (the Air Quality Performance Evaluation
Center), and while it showed an overestimation of the PM values, it also showed a good
correlation with more expensive FEM instruments. In a recent study [40], AirBeam showed
acceptable quantitative data for different sources and the authors concluded that AirBeam
was of sufficient accuracy and reliability to be able to detect sources and assess increased
exposure to PM2.5 in homes. Another study showed the fit-for-purpose of the AirBeam for
mobile monitoring applications in urban environments, based on extensive lab- and field
benchmarking [41].

2.1.2. Description of the Measurement Campaign

Measurements were performed in different seasons, resulting in four measurement
campaigns: Campaign 1 (October/November 2017), Campaign 2 (February/March 2018),
Campaign 3 (June/July 2018) and Campaign 4 (September 2018). The meteorological
conditions (air temperature, precipitation, windspeed and wind direction) during the four
campaigns were compared to normal values from a 30-year reference period based on data
from the Royal Meteorological Institute of Belgium (RMI). Air temperatures were (very)
high for the time of the year during Campaigns 1 and 3 (about 2–3 ◦C higher) and low
during Campaign 2 (about 2 ◦C lower). Precipitation was exceptionally low during large
parts of Campaigns 1, 2 and 3. The wind conditions were normal for the times of the year,
except for the dominance of a northerly wind in Campaign 3 when southerly winds are
usually dominant. We do not expect that the differences in meteorological conditions that
were observed during the individual campaigns compared to long-term averages for these
times of the year will affect the representativity of the results because the measurements
were performed over different seasons.

In each of the campaigns, 4 routes representing 4 different areas of the city were
measured. The total combined distance of the four routes was roughly 40 km. The different
routes are shown in Figure 1. In this way, each of the routes was measured within one
hour and the measurements could be performed in a restricted time frame within traffic
rush hours. The resulting concentration maps are considered a representative hourly
average concentration over the peak hour measured. The route selection was made by
local citizens and policymakers based on the guidance of air quality experts. This guidance
included having a good mix of background locations and busy streets and variations in
traffic intensities and street configurations.
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Figure 1. Street map of Mechelen with the four different routes.

During the first campaign, the South route was not measured simultaneously with
the other three routes; the South route was measured from 23 October 2017 to 5 November
2017, prior to the other routes (North, East and West routes), which were measured from
6 November 2017 to 19 November 2017. During Campaign 3 (25 June–8 July 2018), only
the North and East routes were measured because not enough volunteers were available.

Measurements were performed during the morning and evening rush hours. Repeated
measurements are needed, as shown in previous publications [3,21]. Data experiments with
a large dataset of 256 repeated runs showed that when 13 repetitions are performed, the BC
concentrations can be assessed with a deviation of less than 50% at 90% of the 20 m road
segments [3]. While the referenced study did not focus on rush hours, it does give some idea
of the number of repetitions needed. In this study, we used approximately 25 repetitions
(runs) for each route and campaign. Details on the number of measurements (in the
morning and the evening) for the four routes over the different monitoring campaigns are
given in Table 1. The aim of this study was to assess the air quality during peak traffic
hours, so participants were instructed to carry out the mobile measurements between
8:00–9:00 and 17:30–18:30 local time. In practice, most measurements taken during the
morning were started between 7:45 and 8:15, with some outliers. However, the time
window for the evening measurements was slightly broader, between 16:45 and 17:45, as
it was decided that it suited the volunteers better to start a bit later after a few days into
the first campaign. Figure 2 shows the frequency distribution of the starting times for
the measurements performed over the four routes and the four campaigns. Overall, the
monitoring efforts were adequately aligned between the different teams of volunteers and
over the four campaigns.

Table 1. Overview of the number of runs (morning or evening) for the different campaigns and the
different routes.

Campaign 1
Morning/Evening

Campaign 2
Morning/Evening

Campaign 3
Morning/Evening

Campaign 4
Morning/Evening

North 11/11 11/12 12/14 12/11
East 11/13 13/10 12/11 12/12

South 13/14 (a) 10/9 - 11/10
West 11/13 11/11 - 12/12

All 12/13 13/12 14/14 12/12
(a) Measurements at this route were not performed simultaneously with the other routes during this campaign
and are not included in the ‘Total’ number of runs in the campaign.

On four bicycle trips (runs), simultaneous measurements were taken with the aethalome-
ter and the AirBeam for comparison (5 and 6 March 2018, morning and evening rush hours
on both days, West route). The sensors were installed at identical positions.
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Figure 2. Frequency distribution of the starting time of all measurements (4 campaigns and
4 subroutes).

2.1.3. Collected Dataset

Black carbon concentration measurements were collected by bicycle along four routes
in four different campaigns over two weeks. A raw dataset of 1,110,771 geo-tagged mea-
surements was collected. In the process of data validation and aggregation, the number of
data points was drastically reduced to approximately 2300 data points per campaign. In the
aggregation, geo-tagged measurements are attributed to fixed points that are 20 m apart
from each other, and a trimmed mean of the collection of measurements per fixed point is
calculated. The resulting dataset is overlaid onto a street map. For more details on the data
processing (validation and aggregation), we refer to a previous paper [3]. For GPS data,
we used the projection on predefined street segments of the route based on the shortest
distance to correct for inaccurate GPS data. For the BC concentrations, we applied the ONA
correction (see also Section 2.2) and used the trimmed mean per spatially aggregated point.
We did apply a filter-loading correction but prevented high filter loading by frequently
replacing the filter tickets (every six runs).

We did not apply any data validation on the PM2.5 data of the AirBeam that was
collected on four of the routes.

2.1.4. Data Processing

The dataset of the four campaigns was used to assess two rescaling approaches: (i) to
construct a ‘yearly average’ map representative of the peak rush hours by using a weighted
average to aggregate the results, and (ii) to evaluate a rescaling strategy in order to better
visualize the results of the individual campaigns.

Weighted averaging was performed to aggregate the results of the four different
campaigns into one map of an estimated yearly average BC concentration during peak
traffic hours. The virtual urban traffic station (see Section 2.2) was used as a reference
since data from the mobile measurements were collected at street level, although some
locations along the routes are more typical of an urban background. The weighting factors
are proportional to the BC concentration during the campaigns in relation to the year-round
BC concentration and are calculated as follows (pseudo-code):

Input:

• BC data from the four mobile campaigns X = {X1, X2, X3, X4};
• BC data for a virtual traffic station from the reference dataset of the Flemish Environ-

ment Agency, Y, for the period October 2017 until October 2018 (including the period
from start X1 until end X4).
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Output: Map of the estimated yearly average BC concentration during peak traffic hours
from the mobile campaigns.
Method:

• Subset Y (Ys) for the morning and evening rush hour measurements, in line with the
hours of the day of the mobile monitoring (X, see Figure 2);

• Calculate the weekly averages from Ys (ŷw,i for i = 1,. . .,52);
• Calculate the averages from Xi (x̂i for i = 1, . . ., 4);
• Calculate a frequency histogram of ŷw,i in 0.5 μg m−3 bins;
• Obtain the frequency of occurrence of the bins that coincide with x̂i ( fi for i = 1, . . ., 4,

F = ∑ fi);
• Obtain a weighting (wi for i = 1, . . ., 4) per campaign as fi/F;
• Apply these weighting factors to estimate the yearly average BC concentration (∑ wiXi).

Subsequently, we tried a rescaling strategy to assess whether the measurements
performed under different background concentrations or meteorological conditions would
yield similar patterns when the concentrations at fixed monitoring stations are taken into
account (see Section 2.2). For the period of each of the four mobile campaigns, the average
BC concentration at the urban traffic AQMS was calculated (ŷUT,i for i = 1, . . ., 4). The
yearly average BC concentration was calculated for the AQMS (ŷUT,year). The ratio of the

yearly average to the campaign averages ( ŷUT,year/ŷUT,i

)
was used to rescale (multiply) the

legend categories (lower and upper bounds) of the BC map of each of the four campaigns.
Applying this method will not result in an additional bias of the resulting BC concentrations.
Any relative bias between the AE51 and BC monitor of the AQMN is canceled out in the
ratio ( ŷUT,year/ŷUT,i

)
and as a result, the rescaled values will have the same relative bias

as the original data. Only when there is a large offset of the AE51 compared to the BC
monitor of the AQMN can the rescaling introduce an additional bias and result in an
over- or underestimation of the rescaled values. Previous studies showed that the AE51
corresponds well with the BC monitors of the AQMS, with acceptable slopes (0.83–1.13),
an MAE below 0.3 μg/m3 after slope correction [3] and a relative bias of 1–4% [42]. No
indications for a clear offset between the AE51 and the monitors of the AQMN were
observed.

2.2. Air Quality Monitoring Stations and Data

The black carbon concentrations on the ‘virtual’ rural (R), ‘virtual’ urban background
(UB) and ‘virtual’ urban traffic (UT) stations of the official monitoring network in Belgium
(Figure 3) for the four different sampling seasons are summarized in Table 2. The term
‘virtual’ refers to the average concentrations of a selection of typical stations of this type; the
stations included for calculating the average virtual station are N029 (Houtem) and N016
(Dessel) for the rural station, R803 (Park Spoor Noord), R801 (Borgerhout-achtergrond), R701
(Gent-Baudelo) and R817 (Antwerpen-Groenenborgerlaan) for the urban background and
R802 (Borgerhout-straatkant), R805 (Antwerpen-Belgiëlei) and R702 (Gent) for the urban
traffic station, respectively. The ‘virtual’ stations give an indication of the concentrations at a
typical location without relying on just one station and these ‘virtual’ stations are also used in
the Flemish Environment Agency’s annual reports [43]. The R817 station is categorized as a
suburban station but is included here to calculate the ‘virtual’ urban background value.
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Table 2. Average BC concentrations at the ‘virtual’ rural background, urban background and urban
traffic monitoring stations in Belgium during the four different campaigns.

Concentration (μg m−3)
Rural
(R)

Urban Background
(UB)

Urban Traffic
(UT)

Campaign 1 (a) 1.24 2.41 3.31
(1.17) (1.86) (2.69)

Campaign 2 1.30 1.83 2.41
Campaign 3 0.55 0.90 1.38

Table 2. Cont.

Concentration (μg m−3)
Rural
(R)

Urban Background
(UB)

Urban Traffic
(UT)

Campaign 4 0.80 1.82 2.48
Annual average 2017 0.9 1.5 1.9

(a) Numbers between brackets are average concentrations during the measurements at the South route, which was
performed just before the other three subroutes.

Figure 3. Daily average BC concentrations at the ‘virtual’ rural background (blue), urban background
(green) and urban traffic (red) monitoring stations in Belgium for the years 2017 and 2018. The four
campaigns of mobile BC monitoring are indicated in gray.

2.3. Model

An integrated model chain, ATMO-Street, has been set up to assess the air quality at the
local scale (street scale), including both regional variability as well as the local variation in
sources of pollution. High-spatial-resolution air quality information is available for the Flemish
region in Belgium from the ATMO-Street model chain at an hourly resolution. ATMO-Street
starts with the regional background concentrations obtained by intelligent interpolation of the
hourly observations from the monitoring network using land-cover data as a spatial driver.
These background concentrations are combined, taking into account double counting, with
the output of a dispersion model running on a dense, irregular receptor grid for the emissions
from point sources and line sources, including traffic emissions, with a resolution of up to
15 m close to the emission sources. This output is coupled to a street canyon module to capture
the street canyon increments. The model results at the receptor locations are interpolated to
raster maps. This integrated model chain has been validated against many validation datasets
(e.g., [44,45], validation reports from http://www.irceline.be/nl/documentatie/modellen/
validatie, accessed on 16 June 2024). The citizen science data presented in this publication
offer an additional validation target.
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3. Results

3.1. Black Carbon Concentration Maps

The maps of the four individual campaigns are shown in Figure 4. Each individual
map represents the average BC concentration during the morning and evening rush hours
over a two-week period. Concentrations are shown for every 20 m road segment. Note
that in the third monitoring campaign (June/July), only two subroutes were included, as
fewer volunteers could join during the summer holiday period. Table 3 summarizes the
statistics of the four campaigns.

Figure 4. BC concentration maps from four monitoring campaigns: Campaign 1 (October–November
2017, top left), Campaign 2 (February–March 2018, top right), Campaign 3 (June–July 2018, bottom

left), Campaign 4 (September 2018, bottom right). The dimensions of the maps are approximately
11 km × 10 km.

Table 3. Summary statistics of the BC concentrations (μg m−3) from mobile measurements in four
campaigns.

Min. First Qu. Median Mean Third Qu. Max.

Campaign 1 1.0 2.4 3.3 3.7 4.7 12.4
Campaign 2 1.3 2.0 2.3 2.5 2.9 10.5
Campaign 3 0.5 0.9 1.2 1.4 1.7 6.2
Campaign 4 0.5 1.8 2.5 2.5 3.1 8.3

In the first monitoring campaign, one of the subroutes (South route) was not measured
at the same time as the other three. Nevertheless, a comparison of the results of the
measurement campaigns in the four different seasons showed that BC concentrations have
strong spatial and temporal variabilities. The highest concentrations were measured in
October–November 2017, and the lowest concentrations in June–July 2018. The difference
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in concentrations between the different measurement campaigns can be explained by
the different background concentrations, different dispersion conditions and different
emissions (additional sources in winter and less traffic in the summer months). Given
the seasonal differences, the spatial patterns are similar between the different campaigns.
However, when background concentrations and meteorological conditions result in low
concentrations (Campaign 3), the spatial variability is less apparent with the same fixed
color scale. Table 2 shows that the average BC concentration at the ‘virtual’ traffic station for
Campaign 3 is lower than the average BC concentration at the ‘virtual’ urban background
station for Campaigns 1, 2 and 4. Low concentrations during Campaign 3 are also due to a
lower traffic volume in the holiday season. Therefore, the conditions during Campaign 3
are less suitable for assessing hot spots due to traffic.

3.2. Black Carbon Concentrations at AQMS

At the AQMSs, the highest concentrations were measured during the first measure-
ment campaign (October–November 2017), and the lowest concentrations were measured
in the third campaign (June–July 2018), which was during the summer holiday season
(Table 2). The ‘virtual’ rural station showed similar concentrations (0.06 μg m−3 higher)
during the second campaign (end of the winter season) compared to the first campaign.
During the second and fourth campaigns, the concentrations at the ‘virtual’ urban back-
ground and the ‘virtual’ urban traffic stations were very similar, while at the ‘virtual’ rural
station, the concentrations during Campaign 2 were higher. Concentrations at the UB and
UT stations were around 25% lower during Campaign 2 and Campaign 4 compared to
Campaign 1 or were reduced by 0.58 μg m−3 and 0.59 μg m−3 at UB, and 0.91 μg m−3 and
0.83 μg m−3 at UT, respectively. At the R station, concentrations were 5% and 35% higher
for Campaign 2 and Campaign 4, respectively, when compared to Campaign 1, or they
increased by 0.06 μg m−3 and reduced by 0.43 μg m−3, respectively. We observed that the
higher concentration at the ‘virtual’ rural station during Campaign 2 was due to slightly
higher concentrations at one of the two stations (N029) that were used to calculate the
rural value; the higher value can be explained by an easterly (NE) wind direction during
Campaign 2 compared to a westerly (SW–NW and SW, respectively) one during Campaign
1 and Campaign 4. In the third campaign, concentrations were more than 50% lower (56%,
63% and 58% at R, UB and UT, respectively) or reduced by 0.69 μg m−3 at R, 1.51 μg m−3 at
UB and 1.93 μg m−3 at UT. Table 2 also shows the yearly average concentration for 2017 for
a comparison. However, we can expect the yearly average during peak hours to be even
higher. The averages of the four campaigns measured during peak hours are, respectively,
8%, 16% and 25% higher than the yearly average.

3.3. Aggregated and Rescaled Maps

The maps (Figure 4) show that the timing of monitoring can have a large impact on the
result and that the monitoring effort can be optimized. On the one hand, the resulting map
from Campaign 3 (June/July), for example, shows almost no spatial variability and is not as
useful in identifying hot spots in the city. On the other hand, periods of low concentration
and low spatial variability do occur and need to be accounted for when the monitoring
campaign is aiming to acquire an estimate of the average concentrations over longer periods,
e.g., a yearly average. The variability of the concentrations over time can also be seen
from the results of the fixed monitoring stations. Table 2 shows large differences in the
concentrations at the fixed monitoring stations over the four campaigns, and the trends
observed at the UB and UT stations correspond to the trends of the average concentrations
of the mobile measurements (Table 3): lower concentrations during Campaign 3, the highest
concentrations during Campaign 1 and intermediate concentrations during Campaigns
2 and 4. The data from the fixed monitoring stations were used in the rescaling strategy
presented here.

Two data processing methods have been applied (see Section 2.1.4) to create a yearly
average map and a method to enhance the contrast for a more informative visualization
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of the individual campaign maps. The map of yearly average concentrations (Figure 5)
aggregates the maps of the four campaigns into one single map, taking the differences in
background concentrations during the campaigns into account.

Figure 5. Map of the estimated yearly average BC concentration during peak hours calculated as a
weighted average over the different campaigns.

For the rescaling of the individual maps, ratios of the yearly average to campaign
averages for urban traffic were applied (Table 4), as explained in Section 2.1.4. The results of
the rescaled maps for the different seasons (see Figure 6) show a better correlation between
the different campaigns. Also, the rescaled maps provide better visualization of the spatial
variability with concentrations of the entire color scale, and improvements can be observed
for periods 1 and 3, especially.

Figure 6. BC concentration maps from four rescaled monitoring campaigns (same scale as Figure 4):
Campaign 1 (October–November 2017, top left), Campaign 2 (February–March 2018, top right), Campaign 3
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(June–July 2018, bottom left) and Campaign 4 (September 2018, bottom right).

Table 4. Ratio of the yearly average BC concentration to ‘campaign average’ BC concentrations
during measurement hours at ‘virtual’ rural background (R), urban background (UB) and urban
traffic (UT) monitoring stations in Flanders during the four different campaigns.

Ratio (Yearly av./Campaign av.) R UB UT

Campaign 1 0.73 0.62 0.57
Campaign 2 0.69 0.82 0.79
Campaign 3 1.64 1.66 1.38
Campaign 4 1.12 0.82 0.77

3.4. Comparison with Different Metric and Measurement Technology: BC by AE51 versus PM2.5
by AirBeam

The boxplots of the four bicycle trips (runs) where simultaneous measurements were
taken with the aethalometer and the AirBeam are presented in Figure 7. The boxplots
clearly show lower BC concentrations than PM concentrations, with BC included in the PM.
The concentration trends between the different trips are similar for both pollutants, i.e., the
median (and average) concentrations are ranked identically over the four trips for both (trip
3 > trip 1 > trip 4 > trip 2). A higher concentration range during the morning rush hour trips
was observed for both pollutants. However, the BC measurements have a more skewed
distribution than the PM measurements, with higher upper extremes compared to the
majority of the data, whereas the PM concentrations show a more symmetrical distribution.
This is explained by the higher contribution of local traffic to the BC measurements in
contrast to the PM measurements, where traffic is also a contribution, but the background
variations are more pronounced. This is also observed in the autocorrelation analysis,
where the BC measurements show a much more rapid drop in the autocorrelation than the
PM measurements. Again, this is explained by the more localized variations in BC. Overall,
the correlation between the BC and PM measurements is about 0.3 (with a lower value of
0.15 for one of the trips), showing no clear linear trend between both.

Figure 7. Boxplots for the four BC and PM runs measured on the West route during Campaign 2. The
black line in the boxes represents the median, the vertical size of the box is the interquartile range (IQR).
Whiskers extend to minimum and maximum values not exceeding 1.5 times the IQR from the median.

To compare the spatio-temporal data collected by the two methods, the BC and PM
measurements (of the four campaigns) were plotted using the same color scale based on
percentiles (with five categories as follows: P0–20, P20–40, P40–60, P60–80 and P80–100).
These maps show street sections where colors coincide but other sections where the colors
indicate low BC and high PM values or vice versa (maps not shown in this paper).

3.5. Comparison with Model Results

The ATMO-Street model is applied to model the BC concentrations in Flanders in high
resolution, including street canyon increments, at an hourly resolution. The model chain
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uses a variety of input data, including the BC observations at monitor stations, meteoro-
logical data and BC emissions from line sources such as traffic. The model validation was
performed for the first campaign in 2017. The model results for the North, East and West
routes are presented in Figure 8. The South route is also modeled but not shown in this
figure. For details on the four routes, please refer to Figure 1. The modeled results showed
similar patterns for the measured data (Figure 4).

Figure 8. Modeled results for Campaign 1 (North, East and West routes).

The model clearly has a fair correlation with the measurements at background loca-
tions, where cyclists are not directly exposed to the exhaust from local traffic. The model
appears to underestimate the peak concentrations observed at locations near dense areas.
This is also shown by the scatter plots of all data and selected urban background data
(Figure 9).

Figure 9. Scatter plots of the BC ATMO-Street model concentrations against the BC measurements
for all locations (left) and urban background locations only (right) in Mechelen, Belgium, in October–
November 2017. The southern trajectory is plotted in blue, as it had been measured two weeks earlier.
The blue line represent the 1:1 line. Units: μg m−3.

The scatter plots compare the average concentration levels from the two-week cam-
paigns during the morning and evening rush hours for 20 m road segments with modeled

118



Atmosphere 2024, 15, 757

BC concentrations for the same location and averaged for exactly the same hours. Data
for the South route are plotted in blue, and the three other trajectories are in orange, as
these were measured during a different two-week period. It must be mentioned that all
mobile measurements are considered as an hourly average during peak hours over the
measured days and are compared with the corresponding modeled hourly averages over
the measurement days, whereas the measurements were only the result of a few seconds of
sampling at each spot of every run.

The scatter plot shows that the ATMO-Street model concentrations are significantly
lower than the measured values, except for the lower values, with a normalized mean bias
of −24%, a relative root-mean-square error of 46% and a coefficient of determination of
0.34. Significant differences and scatter between the model and measurement results can be
observed, as can be expected given the different time resolutions. A subset of background
locations was selected and is presented in Figure 9. This is a subset of measurements in eight
city parks, traffic-free zones and dead-end streets. The scatter plot shows a clear correlation
between the model and the observations for this set of locations, with a normalized mean
bias of 2% and a relative root-mean-square error of 16%.

4. Discussion

4.1. Comparison of Different Campaigns

Strong seasonal differences in the BC concentrations can be observed from a compari-
son of the maps over the four campaigns and from the summary statistics (Table 3). The
seasonal variation, with the highest concentrations in Campaign 1 (end of the autumn
season), the lowest concentrations during the summer season (Campaign 3), and interme-
diate concentrations in winter and at the end of the summer, are reflected in the maps and
correspond to the measurements at the fixed monitoring sites of the air quality network.
The seasonal differences in BC concentrations with higher concentrations on some days in
winter and autumn are typical in the research area. As a consequence, maps were generated
based on mobile monitoring to represent the situation when the data collection occurred.
These maps cannot be generalized and interpreted using another time base, for example,
interpreted as if it were a map of the yearly averaged concentration.

A similar conclusion can be drawn for the experienced variability within one day.
As BC concentrations fluctuate during the day in accordance with the source, dilution
and dispersal dynamics, the maps represent the situation at the hours of the day when
the measurements were made. In this particular study, the maps represent average BC
concentrations during morning and evening peak traffic hours. Maps of the nighttime
concentrations, for example, would look completely different (lower concentrations, much
less spatial variation).

For mobile monitoring of air pollution, it is advisable to restrict the monitoring to
a predefined period of the year and predefined hours of the day. As such, the collected
data are much less sparse and become easier to understand. As the greatest advantage
of mobile monitoring in urban areas is being able to highlight streets and zones of high
concentrations (hot spots) and low concentrations (background area), the most suitable
hours of the day to perform the monitoring are the hours when contributions from local
sources are the largest. For BC, this coincides with the rush hours when traffic volumes are
highest. The amount of time spent on transport is one of the main determinants of personal
exposure, and the traffic micro-environment can contribute largely to overall exposure. [20]
Mobile monitoring during rush hours can, therefore, provide valuable information on the
spatial variability of BC in relation to exposure.

Similarly, when selecting the best season to perform monitoring, the season with
the highest local contribution is the most suitable. Holiday periods with significantly
lower traffic volumes appear less useful in this sense. Following these suggestions, the
outcome of the monitoring (e.g., BC concentration maps) is biased toward episodes of
higher concentration and cannot be interpreted as maps of yearly averaged concentration,
for example.
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4.2. Rescaling

In this study, four monitoring campaigns were conducted, spread over different
seasons. As discussed before, the aggregated map of Campaign 3 (June/July) shows almost
no spatial variability, whereas the aggregated map of Campaign 1 shows so many hot
spots that the spatial differences (especially in the North and East routes) are difficult to
see. Could the results of these campaigns be aggregated to obtain a map of yearly average
BC concentrations? Or is it possible to use rescaling so that campaigns performed over
different seasons are comparable? Two approaches were evaluated: one in which the
legend of the map from one season was rescaled based on the ‘virtual’ traffic station of the
air quality monitoring network, and another where the ‘annual’ average of the map was
constructed based on data from the fixed monitoring network.

The results from the rescaled maps for the different seasons show better correspon-
dence between different campaigns. The rescaled maps also provide a better visualization
of the spatial variability with concentrations of the entire color scale, and improvements
can be observed for periods 1 and 3, especially. The rescaled map for Campaign 3 shows
a better spatial variability along the ring road with hot spots in the NE, somewhat lower
concentrations in the SE and lower concentrations in the W. Also, differences between two
access roads, H and G (see also Figure 5), can be better distinguished, and the impact of
stop-and-go traffic at location F is clearer. In addition, the impact of the car-free city center
is more visible in the rescaled maps. The rescaled results of the first campaign also show a
better spatial resolution, meaning that different parts of the ring road can be distinguished.

While the spatial patterns of different campaigns are very similar, the absolute values
are still slightly different. This could partly be due to varying emissions, e.g., the period of
Campaign 3 is typically characterized by less traffic due to the end of secondary school and
the start of the holiday season. In the colder season, we can expect additional emissions
from household heating.

An aggregated map based on measurements in different seasons results in a more rep-
resentative picture. To assess the air quality in a city, it is recommended that measurements
be taken in different seasons. However, this is not always possible due to constraints, such
as the budget or availability of volunteers. In addition, meteorological conditions can result
in extremely high or low concentrations and are not always known in the planning stages
of the monitoring campaign. In addition, to assess hot spots in a city, one campaign may be
sufficient as long as the situation when the measurements are taken is representative. For
example, holiday seasons with reduced traffic should be avoided if the aim is to assess the
impact of traffic, and when comparing different maps, these should always be interpreted
on the basis of the ambient concentrations at fixed stations in relation to a reference, e.g.,
the yearly average.

4.3. Interpretation of Results with Respect to Mobility Planning

The map (Figure 10) shows a large difference in BC concentrations at street level. The
results show the clear impact of traffic on the air quality. Relatively low concentrations are
measured in the pedestrian zone in the city center (A), in residential areas (B) or on quiet
roads (C) with only limited local traffic. Dedicated biking paths (separated from road traffic),
in particular, show low concentrations (D), as observed in earlier studies [5]. In contrast,
high concentrations are measured near the ring road (E) and locations with more stop-
and-go traffic (F). However, the building environment and the distance of the biking path
from the traffic also have a significant impact on the measured concentration and exposure.
Small streets with high buildings (‘street canyons’) can show higher concentrations (G)
compared to more open environments near busy traffic roads (H). In addition, the distance
of the biking path from the traffic is also a significant factor. If the biking lane is separated
from the traffic (e.g., by a river, such as in I), the cyclist’s exposure to BC is much lower
than compared to a biking lane next to a busy road (J). When no biking lane is available,
exposure is higher compared to a biking lane separated from road traffic. Below, the BC
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concentrations are interpreted with respect to the type of road categories in relation to the
traffic circulation plan of the city.

Figure 10. BC concentration map from monitoring Campaign 4 with some pictures of typical
situations relating to traffic and the environment (same scale as Figure 5).

The traffic circulation in the city has changed over recent years. Access to the city is
gained via a number of entrance roads that end on the circular ring road. Nowadays, the
city center is a low-traffic area as cars are not allowed in these streets between 11 am and
6 pm. There are also traffic-free streets in this area (e.g., the main pedestrian shopping
street). Public transport buses are allowed to enter certain low-traffic and traffic-free streets.
There are four circulation routes for traffic entering the city center. The entrances to and
exits from the circulation routes are located on the circular ring route. Areas other than the
low-traffic center are accessible from the circulation routes or directly from the ring road.
This is a predominantly residential area. The majority of streets are one-way. There are
also background areas near the city, e.g., a park in the southeast part of the city. Finally,
the bicycle infrastructure includes bicycle streets, i.e., streets with a speed limit of 30 km
h−1 where cars are not allowed to overtake cyclists. One of the three bicycle streets also
functions as part of a traffic circulation loop.

Based on the traffic circulation plan, a number of categories were defined, including an
access road, ring road, circulation street, low-traffic street, pedestrian street, bicycle street,
residential area and background area. The streets and roads where the BC measurements
took place were classified according to these categories. However, some streets could
not be attributed to one of the categories and/or were not withheld for this analysis, for
example, streets in neighboring villages. The average BC concentration was calculated for
each of the categories based on all the data from the validated measurements of the four
campaigns (Figure 11, showing the average values and SD); the aggregated dataset was
used as described above.

The BC concentration is highest on the ring road (4.3 μg m−3), where two-by-two-lane
traffic intensity is high and (mainly residential) buildings border the ring road, which
likely causes the street canyon effect to some extent. The access roads to the ring road
have markedly lower concentrations (3.3 μg m−3) on average (although the error bars do
overlap). Here, the bicycle lane is often further away from the road, and some roads are
much more open than the ring road with higher dispersion rates of BC pollution. The
bicycle streets have remarkably high BC concentrations. Two reasons could probably
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explain this. Firstly, the fact that one of the bicycle streets is also used as an entrance street
to the city center in a circulation loop; hence traffic intensity is quite high here. Secondly,
there is a mix of bicycles and cars on this street, and cyclists often end up right behind a car
near the exhaust. Of course, this issue would require additional research, but these data
do suggest that bicycle streets may lead to increased exposure to traffic pollution when
they are laid out in streets with high traffic intensity. The data do not allow an estimate
to be made of what the traffic intensity threshold would be, and this is probably also very
street-specific due to other influencing factors. Yet, it would appear to be beneficial to
separate the entrance streets to the city center for bicycles and traffic.

Figure 11. Average BC concentrations from bicycle measurements in different categories of roads
and streets.

The BC concentration in the residential area, where most streets are one-way, is
2.3 μg m−3 on average and is significantly lower than on the circulation streets. However,
the BC concentration on low-traffic and traffic-free streets in the city is lower (1.8 μg m−3).
City areas with decreased traffic intensities clearly benefit from these measures in terms
of decreased air pollution and decreased exposure of residents and pedestrians. The
background areas, such as a green park in this case, have the lowest BC concentration
(1.5 μg m−3) and may represent ideal locations for leisure activities.

4.4. Comparison with Model Results

The results of the mobile measurements can be used for model validation. While model
validation was not the main aim of this paper, we have shown that a mobile campaign, as
presented here, can be useful for model validation, and we carried out an initial exercise
using the results of Campaign 1. Validating the spatial resolution of model results is difficult
due to the lack of measurements at a high spatial resolution. Often, diffusive samplers
are used to validate model results (e.g., [43]). Mobile measurements of good data quality
can be used to fill this gap. The results of Campaign 1 were used to evaluate the model
results for the same time period. The ATMO-Street model was applied to model the BC
concentrations in Flanders in high resolution, including street canyon increments, at an
hourly resolution. As the model results for 2018 were not yet available, validation could
only be performed for the first campaign in 2017 at the time of writing. The comparison
shows that the model results are clearly correlated with the measurements at background
locations without the direct impact of local traffic. The model appears to underestimate the
peak concentrations observed at locations near dense traffic.

Several aspects of the modeling approach explain the differences observed in the
measurements. The majority of the measurements are taken when cyclists are cycling along
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traffic lanes very close to the traffic or in between traffic. The bi-Gaussian modeling of
local emissions applies an irregular receptor grid. This is a line-source-following grid,
with the highest resolution close to emission sources and fewer receptor points at greater
distances from the emission sources. Receptor points are located at least 15 m from the
sources. Only at a distance from the source can the concentrations be well represented
by a Gaussian profile. Furthermore, Gaussian models are not well-suited to explain
concentration levels in the turbulent environment between road traffic. The concentration
levels at the receptor points are converted to concentration maps using a TIN interpolation
but will thus underestimate the concentrations on and next to the roads. Street canyon
locations are modeled separately and yield concentration levels on the building façade. The
measurements in canyons are much closer to the traffic in many locations. Additionally,
the quality of the model output also depends on the quality of the model input. The traffic
emissions are calculated based on traffic volumes and the traffic fleet. Some streets still have
significant traffic volumes and are not captured. Furthermore, the traffic model yielding
the traffic volumes is not fully up to date with the current traffic conditions. The city center
of Mechelen has been changed to a zone with limited traffic by closing it to through-traffic
and making several streets one-way. These recent changes are not captured in the traffic
data. Some outliers are found at locations that are not treated as street canyons but where
significant street canyon contributions can be expected. As these limitations affect the
validation for locations with significant traffic volumes, an analysis for the set of locations
at a significant distance from road traffic has been made.

However, mobile measurements also have drawbacks, and extreme conditions during
the mobile measurements could also be the reason for a difference between the measure-
ments and results. Therefore, it is better to compare model results and measurements of a
high spatial resolution on a more aggregated level on different days. Despite the repeated
measurements and the use of a trimmed mean, on some occasions, a remaining outlier can
result in higher values, especially at road crossings when the number of data points used
for the averages is limited. This was the case for one of the three outliers (BC measurements
> 10 μg m−3 in Figure 11), whereas the two other outliers were representative values of
very high average concentrations (the BC concentrations were >10 μg m−3 in 6–7 of the
measurement runs).

The comparison with model results presented here should only be seen as a first
attempt to examine the added value of mobile measurements in model validation. Further
work on model validation with mobile measurements is planned when the data from other
campaigns are available and will be a topic for future publication.

4.5. Mobile Measurements Using airQmap in Citizen Science Projects

The results show that mobile measurements can be used in citizen science projects.
The participants of the CO can define the aim of the measurement campaign and the
area that needs to be investigated. Next, researchers can assist in fine-tuning the research
question even further into a scientifically validated measurement approach. After a short
training session, citizens can perform the measurements. By using a scientifically validated
measurement approach and instruments that provide high-quality data, results can be
used by policymakers; in this study, the results were used to evaluate the current mobility
plans. The resulting high-resolution maps can also be used for hot spot detection, personal
exposure assessments, evaluations of other policy measures and validation of pollutant dis-
persion models. The resulting high-resolution maps can also justify the need for additional
permanent stations within the AQMN.

Mobile monitoring, with the help of citizens, can complement fixed regulatory stations
and can also complement low-cost fixed sensor networks. Low-cost sensor networks
require maintenance and calibration efforts that may result in higher overall costs or lower
data quality if this is not done properly. Because mobile monitoring only requires one
(or a few) instrument(s) to measure a large study area, medium-grade instruments can be
used, which can measure emerging pollutants and generate data of higher quality than
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low-cost sensors. Data quality is also relevant in CS projects because it is very important
that participants know the value of the dataset in order to keep them engaged.

In this paper, we also compared the current tool, airQmap, which measures BC, with
another low-cost tool, AirBeam, which measures PM. The main conclusion from this
assessment is that BC and PM maps do not result in exact agreement.

In citizen science projects, the AirBeam cannot be used as a low-cost alternative for
the micro-aethalometer, as they are simply two different tools. In a citizen science context,
the benefit of the methodology for BC measurements is that BC measurements will provide
a better visualization of the contribution that traffic makes to air pollution. The downside
is the price of the sensor as well as the lack of interfacing and automated data visualization
and sharing. The AirBeam is a tool that is embedded in a data management system, which
makes it more useful for citizens. However, one should bear in mind that the PM maps
that are generated only partly reflect the local traffic contribution and that background
variations will have a greater impact.

5. Conclusions

This study used a mobile measurement approach to assess local differences in air
quality in the city of Mechelen. Using a user-friendly measurement platform, airQmap,
engaged people from the CO Meet Mee Mechelen were able to set the agenda, perform the
measurements and discuss the results.

The results show that repeated measurements are needed and would preferably be
performed in different seasons to obtain a representative result. If it is not possible to
perform measurements in different seasons, it is recommended that the data be compared
with fixed stations and rescaling applied in order to obtain a good indication of the hot
spots and green zones.

The results of this CO are used to assess the current mobility plans in relation to the
exposure of cyclists. The analysis shows that BC concentrations at the street level are highly
impacted by traffic intensity and stop-and-go traffic, as well as proximity to traffic and the
building environment (open versus street canyon).

The dataset from the first measurement campaign was used to validate a dispersion
model and demonstrated that, in general, the model showed a good spatial representation.
However, in some cases, the model underestimated the concentrations because of street
canyons, slight misclassifications in location or missing traffic data. In addition, we should
mention that the models can assess pollutant concentrations at street level but are not built
to assess the concentrations between traffic flows due to possible higher turbulence, which
cannot assessed by the model. In some cases, deviations between the measurements and
the model are due to an overestimation of the concentration by the measurements due to
the high impact of extremely high concentrations during one of the campaigns, despite
using the trimmed mean.

Measurements were performed with a monitoring platform, airQmap, which is based
on mid-grade instruments that are not low-cost. During a selection of the measurements,
a low-cost PM sensor was compared with the current approach, and this comparison
demonstrated that the BC measurements showed a larger variability in concentrations,
which can be explained by the higher contribution of local traffic to the BC measurements
in contrast to the PM measurements. The results of this study show that cyclists’ (and
pedestrians’) exposure can be reduced by keeping traffic out of the city center, providing
green cycling highways where there is no motorized traffic, trying to reduce the traffic in
street canyons, increasing the distance between the street and the biking lanes and avoiding
a mix of vehicles and cyclists in busy streets.

This paper shows that mobile measurements can be used by COs to assess the spatial
variability of air quality in a city. The data can be used to assess mobility plans, evaluate
the exposure of cyclists with respect to cycling infrastructure and validate models. How-
ever, it is important to use high-quality instruments and apply the correct measurement
methodology (number of repetitions, season) in order to obtain meaningful data.
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Abstract: In this paper, we present a city-scale (possibly global) air pollution network made of
low-cost sensors for particulate matter concentration in the air. The components of the presented
system are based on our research and experience from previous studies focused on air quality
instruments and sensors for addressing urban air pollution. Sensor nodes are produced locally and
distributed over Sarajevo, Bosnia and Herzegovina. The system collects, calibrates, and displays
particulate matter concentrations in real-time. In comparison to the available measurements from
governmental institutions, our system demonstrated good agreement of measured parameters, with
several advantages including, higher resolution in space and time, lower costs, both horizontal
and vertical measurements. One of the capabilities of the system is the real-time air pollution
city map with animations. By installing multiple sensor nodes over a slope, we receive vertical
measurements of temperature, humidity, and particulate matter concentration in real time, which
gives a valuable insight into the dynamics of temperature inversion episodes and air pollution below
the inversion layer.

Keywords: particulate matter; low-cost sensors; air pollution; temperature inversion

1. Introduction

The city of Sarajevo, capital of Bosnia and Herzegovina, is heavily affected with air
pollution with one primary component of pollution: particulate matter (PM). All other com-
ponents of air pollution, for example, heavy metals [1], are mostly within the safe exposure
level. According to the report of the World Bank [2], it is estimated that 3300 premature
deaths per year can be related to the air pollution in Bosnia and Herzegovina, while the
economic costs are between 1 and 1.8 billion US dollars.

In order to illustrate typical exposure levels of the concentration of particulate matter
smaller than 2.5 μm in diameter (PM2.5), we present Table 1 with statistics for the last
5 years (this was measured using the system presented in this article). One of the reasons
for a such strong air pollution is the topology of the terrain. With an average altitude above
sea level (ASL) of 550 m, Sarajevo is situated in a valley surrounded by mountains, and it is
affected by temperature inversions during the winter time. Our previous research on using
drones for investigation of temperature inversion [3] shows that the temperature gradient
in the inversion layer is very strong and the height at which temperature inversion appears
is low, often just 100 m to 150 m above the ground. This prevents natural convection and
pollutants emitted by households, traffic and other sources are accumulated below the
inversion layer. Figure 1 shows the drone image of central part of Sarajevo, taken during a
research mission.

Our system occasionally detected daily average values of PM2.5 concentrations greater
than 500 μg/m3, which is alarming according to the local regulation. In order to address
this issue, we need measurements not only of air pollutants concentrations but also those
related to the temperature inversion phenomenon (vertical profiles of temperature across
the inversion layer). Then, we can quantitatively describe the influence of temperature
inversion on the air pollution in the city.
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Table 1. Yearly statistics for concentration of PM2.5 (in μg/m3) at the location of Faculty of Mechanical
Engineering in Sarajevo.

Year Average Median 5th Percentile 95th Percentile

2019 33.9 22.0 8.1 97.6
2020 43.4 17.5 6.3 209.9
2021 29.3 18.9 6.9 90.2
2022 35.1 20.3 8.6 121.8
2023 35.6 25.5 8.9 128.8

Governmental institutions have a sparse network of stations for monitoring several
components of air pollution. The spatial and temporal resolution of such measurements is
low, and there is no information about vertical distribution of pollutants and temperature.
Our system which is named MAQS (Mobile Air Quality System) is designed to provide
high resolution measurements of air pollution components and meteorological parameters,
with both horizontal and vertical variations of sensor locations.

Figure 1. Central part of Sarajevo and surrounding mountains. Image taken from drone on 31 January
2022. Faculty of Mechanical Engineering is indicated with red circle.

2. About MAQS

MAQS is a system for collecting, storing and displaying measurements of air pollution
and meteorological parameters in real time. It is based on internet cloud, as shown in
Figure 2. The software components of MAQS are designed using open source projects.
The code for server, which is responsible for direct communication with sensors, is devel-
oped in-house and written from scratch in C++ programming language with significant
use of the Boost library [4]. It is highly optimized code designed to be flexible and scalable.
Our approach is based on multi-threaded asynchronous server code with parallelized
database connections. The database load balancing is implemented using the round-robin
(RR) algorithm. In that case, we can have a large number of concurrent connections (active
sensors) using very moderate computer resources. In order to test the scalability of MAQS
server code, a simulator was created to test the performance of the MAQS server under the
concurrent activity of many thousands of sensors, and the results were outstanding: with
10,000 simulated sensors, our server had CPU load of around 23% using only two cores
(out of 16) on Intel Xeon E5-2620 v4 processor and produced 1.43 Mbit/s of network traffic
on average. The MAQS server is so efficient that it can run on a Raspberry Pi 3 single board
computer (with very limited hardware resources). In reality, the MAQS server uses the
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Ubuntu Linux operating system installed on a mid-range desktop PC (Intel Core i5-4460
with 6 GB of DDR3 RAM). The measurements are stored in a database. We use open source
relational database PostgreSQL [5]. Clients with appropriate permissions can access the
database using SQL queries.

CLIENTS

SENSORS

MAQS CLOUD SYSTEM

INTERNET

SERVER

AND

DATABASE

Figure 2. Components of MAQS: sensors, server with database, and clients connected via inter-
net cloud.

MAQS sensors represent the most important component of the system. We have
developed two generations of sensors:

• Generation 1—each sensor from this generation is powered by an Arduino [6] micro-
controller (Mega or Due) with external ESP8266 Wi-Fi network chip.

• Generation 2—this generation omits Arduino and uses ESP32 for both network and
processing tasks [7].

Any combination of sensors from first and second generation is supported by our
server (both generations are still in use, but Generation 1 is being phased out gradually).
Communication between sensors and the server is implemented using our own protocol
and TCP/IP connection. This choice is crucial to achieve the reliability and robustness of
the system. In reality, Wi-Fi connections are unstable (particularly at some of our locations
of measurements) and we cannot afford to lose data because of that. TCP has mechanism
of retransmission: if data packet is damaged or lost, it will be resent.

The MAQS protocol defines messages with a header (of fixed size) and payload of
variable size, which contains the measurements. It is protected with a cyclic redundancy
check (CRC-16) error-detecting code. There are four types of control messages: new
measurement, transfer the oldest measurement, delete the oldest measurement, and keep
alive message. Measurements are stored locally in RAM or flash memory of the sensor
until they are transferred to the server. If the connection is interrupted for too long, once
the local buffer is full, the oldest measurement is overwritten.

At the beginning, there was a batch of 10 sensors, while at the time the manuscript
is written, there are 17 outdoor sensors. We have a list of desired locations with priorities
given to the settlements with a significant population and absence of any nearby monitor-
ing device or to the locations for observing important natural phenomena (temperature
inversion and microclimate characteristics). Then, we have the list of available locations,
where we can install the sensors. Using these two lists, we install the sensors starting
from the most desired and available locations. Most MAQS sensors are installed at public
institution like schools, faculties, and cable car, but also at private objects like houses and
small family companies.
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2.1. Particulate Matter Sensor

The choice of particulate matter sensor for the MAQS project was the most important
decision. We previously evaluated PM sensors for mobile measurements [8] and found
suitable sensor for this project: PMS5003 (Plantower, Nanchang, China). Apart from being
the low-cost sensor, PMS5003 demonstrated surprisingly good correlations with reference
measurements of PM2.5 under conditions of strong urban pollution in Bosnia and Herzegov-
ina, which is illustrated in Figure 3. In order to verify performance of PMS5003 sensor, we
organized campaign from 2 December 2019 until 2 March 2020 with reference (gravimetric)
measurements of PM2.5 concentrations. Sampling was performed with a Gemini sampler
(Dadolab, Milan, Italy) with an air flow rate of 2.3 m3/h. The sampling started at 12:00
(local time, CET zone) each day and ended at 11:58 the next day. Two minutes were reserved
for an automatic filter exchange. Particles were collected on quartz filters with a diameter
of 47 mm. The filters were carried out through a stabilization and weighing procedures
strictly according to the requirements of the standard EN 12341:2014. In this campaign,
PMS5003 produced coefficient of determination R2 = 0.9827 with reference measurements
(for daily average concentrations of PM2.5) and performed better than more expensive
OPC-N2 (Alphasense, London, UK) sensor [8]. The absolute values are overpredicted by
PMS5003, mostly due to the effect of the hygroscopic growth of aerosols as we explained in
detail [8]. However, this behavior is suitable for corrections, especially if take into account
good linearity of the sensor and no observable time drift in the long-term use [8].

Figure 3. Evaluation of PMS5003 sensor: reference gravimetric measurements.

PMS5003 is one of the most analyzed particulate matter sensors. Numerous studies
are dedicated to laboratory and field tests of PMS5003. It was tested in [9] using laboratory
and field tests where a high bias of PurpleAir (PMS5003) was observed. In [10], PurpleAir
(PMS5003) was analysed for 16 months in Charlotte, North Carolina, USA, against BAM-
1022, and a high bias of PurpleAir (PMS5003) that increases with humidity was reported. A
high mean bias of (PMS5003) was reported in [11] as well.

The PMS5003 sensor uses Mie scattering theory to determine PM concentrations.
This theory provides the solution of the Maxwell equations for the scattering of plane
waves on spherical particles [12]. Laboratory tests of [13,14] are particularly important for
understanding the limitations of PMS5003. According to these tests, two major limitations
of PMS5003 are as follows:

1. It cannot detect properly coarse particles (especially those larger than 2.5 μm) because
most particles miss the focal point of laser beam. When this happens for large particle,
it is incorrectly sized.

2. Strong wind can obstruct sensor’s aspiration, depending on the wind direction relative
to the sensor inlet.
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The reason why PMS5003 works so well in Sarajevo, when urban pollution is strong,
is that none of these two conditions apply: during temperature inversion periods, there
is no wind under the inversion layer, and mass spectrometry of the particles shows that
contribution of coarse particles is very small. In our campaign [8], we simultaneously
measured PM2.5 and PM10 concentrations using reference gravimetric method, from 2
December 2019 until 12 March 2020, and calculated that PM2.5 makes 87% of PM10 mass.
These are favorable conditions for the Plantower sensor. However, when the spectrum of
PM contained a large number of coarse particles, such as the Aralkum desert sand observed
in Sarajevo on 27 March 2020, the PMS5003 performed poorly (Alphasense OPC-N2 was
much better in this scenario) [8]. However, these desert sand episodes are not frequent in
Sarajevo, while the pollution from combustion dominates most of the time, so the overall
conclusion is that PMS5003 is indeed the optimal sensor for this project.

2.2. Quality Control and Calibration of Sensors

We acquire sensors in batches, usually of 10 sensors at a time. There are three steps
of the quality control and calibration procedure. The first step is to compare sensors for
uniformity. All sensors should show the same trends, but there is a slight difference in
their readings (acknowledged by the manufacturer in data sheet). Every batch of sensors
is tested in our laboratory for 24 h under controlled conditions (Figure 4). The sensors
that deviate in readings more than 8% from the average value of the batch are discarded.
Then, we proceed to the second step: outdoor tests at the Faculty (Figure 5). Sensors are
tested against the research-grade instrument Grimm 11-D (Durag, Hamburg, Germany).
The duration of this phase is 7 days. An initial set of calibration coefficients is determined
for each sensor in this step. Finally, sensors are tested against the reference gravimetric
method, using a dual air sampler, with PM2.5 and PM10 inlets, for an additional 10 days.
The sampling period in the third phase is 24 h. Calibration coefficients are adjusted for
the final deployment. One sensor from each batch stays in the laboratory for long-term
observations, while remaining sensors are deployed to their final locations. The reference
gravimetric method is most accurate, but it is a stationary system with long sampling
periods (24 h). However, Grimm 11-D is a portable instrument, which can run on battery
for 10 h with time resolution of 6 s, and it is used to verify readings at any location. In these
three steps, we eliminate any erroneous sensors from the MAQS network.

As we have explained in [8], we propose the correction of raw readings from the
sensor using steady (seasonal) calibration coefficients, determined for each sensor indi-
vidually. These corrections can be linear for concentrations of PM2.5 up to 300 μg/m3.
Above 300 μg/m3 (which is rare situation even in Sarajevo), we observed non-linear effects,
so the quadratic corrections fit better. In general, real-time corrections in the MAQS system
use the second-order equation y = Ax2 + Bx + C, with coefficients A, B and C determined
in step 3 of the above-mentioned procedure. These coefficients are steady within a season
(winter, summer spring, and autumn) but not permanent during the lifetime of a sensor. We
do not recommend calibrations using floating correction coefficients (for example, based on
instantaneous value of ambient air humidity), because such a procedure inserts noise into
results since the effective hygroscopic growth coefficient depends on the composition of
particles. Furthermore, the internal structure of the sensor and self-heating effect represent
additional uncertainties in such an approach [8]. It is known that PMS5003 readings show
dependence on relative humidity but less than predicted by simple hygroscopic growth
theory [15].

It would be useful to test enclosures with some kind of humidity regulation, which
is our future task. We already demonstrated the effectiveness of an in-house developed
diffusion dryer, but it was applied to a different class of instrument—portable aerosol
spectrometer Grimm 11-D (Durag, Hamburg, Germany) [8]. Promising results of the
development of dryers for low-cost sensors were reported in [16,17].

In the MAQS system, calibration is implemented at the database level. When a new
measurement arrives, it is stored in the main table (without corrections). At the same
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time, the calibration trigger calls a special function which corrects the measurement based
on the parameters from the calibration table. Corrections with three parameters (linear
and quadratic polynomial) are supported in real time (apparently any correction can be
applied in post processing). The corrected value is calculated and saved in the appropriate
table. Hourly and daily averages are also recalculated. In this way, users have calibrated
measurements in real time.

Figure 4. Calibration of MAQS sensors: batch of 10 sensors that are being calibrated in our laboratory
for particulate matter spectroscopy and gravimetry.

Each MAQS sensor has PMS5003 inside, while other sensors are optional. Table 2
shows physical quantities which have been measured using the MAQS system. Enclosures
for MAQS sensors are designed and produced in-house. The basic enclosure is produced
using a 3D printer (Figure 4), while advanced enclosure requires machining as well. Mea-
surements of optional quantities can be calibrated the same way as PM concentrations (they
have their own entries in the MAQS calibration table).

Table 2. Supported external sensors.

Physical Quantity Supported Sensors

Position and time All U-blox GNSS receivers
Barometric pressure Bosch BME and BMP series

Wind speed in-house developed cup anemometer
Carbon dioxide concentration Amphenol Telaire 6703, Plantower DS-CO2-20

Temperature Sensirion SHT 30 and 40 series
Relative humidity Sensirion SHT 30 and 40 series

Every MAQS sensor measures time (using GNSS receiver or Internet time servers),
PM1, PM2.5, PM10, and 6 size bins from PMS5003 sensor as frequent as possible (once per
second), and results are averaged over a period of 60 s and then stored in the database.
The same averaging technique applies if there are optional sensors from Table 2.
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Figure 5. Dual air sampler and Stevenson screen with MAQS sensors inside.

2.3. Comparison with Governmental Monitor

We have installed an MAQS sensor on the University building (Faculty of Electrical
Engineering) in the immediate vicinity of the US Embassy in Sarajevo, which hosts an air
quality station with a beta attenuation monitor BAM-1020 (MetOne, Grants Pass, OR, USA).
Long-term observations from 21 February 2019 to 4 May 2020 (438 days) are summarized
in Figure 6. The MAQS sensor performed well in the long run, with R2 coefficients 0.919,
0.980, and 0.998 for hourly, daily, and monthly average value, respectively.

Figure 6. Long-term comparison of MAQS and US EPA station with BAM-1020.

2.4. Limitations of MAQS

MAQS is based on low-cost sensors, and it inherits both advantages and disadvantages
of such technology. The PMS5003 sensor performed better than expected during the period
of strong urban pollution caused by burning of fossil fuels and biomass. However, observa-
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tions in spring when the pollution was mild and caused by various components, including
the transported dust from afar, significantly decreased the coefficient of determination
when MAQS was compared with reference instruments (gravimetric).

Figure 7 shows measurements of PM2.5 and PM10 concentrations from 13 March 2020
to 4 May 2020. In comparison with the reference gravimetric instrument, the MAQS sensor
produced R2 coefficients of 0.730 and 0.718 for PM2.5 and PM10, respectively.

Figure 7. The MAQS sensor evaluation during the mild air pollution period from 13 March 2020 to 4
May 2020.

Research-grade mass spectrometer Grimm 11-D registered atypical particle distribu-
tion on 27 March 2020. It was Aralkum desert dust transported from afar, where coarse
particles dominate in the spectrum, as Figure 8 shows. The PMS5003 sensor inside the
MAQS node was not able to detect coarse particles due to reasons explained in [14].
Under such particle distribution, the MAQS sensor cannot determine the PM10 fraction
accurately (Figure 8).

Figure 8. Atypical particle composition: Aralkum desert dust. Comparison of Grimm 11-D, MAQS,
and Alphasense OPC-N2 readings.

2.5. Related Works

MAQS is not the only project of this type. For example, the PurpleAir network is often
discussed [18]. It is a similar project which employs two Plantower PMS5003 sensors in
nodes, which are connected to the Internet cloud (ThingSpeak) using Wi-Fi. PurpleAir
is tested against governmental and research stations in USA [15,19] and Greece [11,20].
They reported reasonable correlations in various comparisons with reference or equivalent
stations with R2 values in the range from 0.56 to 0.98 and high bias of the sensor which was
corrected using the multilinear regression.

Mobile sensor nodes called ExpoLIS were developed in Portugal [21]. Sensor nodes
were installed in buses to map air quality corridors across the city. Particulate matter
sensor was OPC-N3 (Alphasense, London, UK). Reported results from the comparison
between the OPC-N3 and beta attenuation monitor MP101M (Envea, Poissy, France) were
not satisfactory: R2 coefficient was 0.04 for PM2.5 and 0.12 for PM10. After they applied
corrections (multilinear regression based on Kohler theory), R2 coefficient increased to 0.17
for PM2.5 and 0.47 for PM10.
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Another project for sensor nodes called AIRBOX was implemented in Italy [22]. They
measured several parameters including PM10 using the PPD20V sensor (Shinyei, Kobe,
Japan). In comparison with the monitoring station of the local environmental agency, they
reported a coefficient of correlation R (not R2) in the range from 0.80 to 0.95.

Taking into account above-mentioned projects, we can say that MAQS is a unique long-
term project with its own cloud server, vertical measurements for temperature inversion
research, live pollution map (based on modified IDW algorithm), and non-linear real-
time corrections.

3. Results and Discussion

The first batch of 10 MAQS sensors was installed in the year 2018 across Sarajevo
Canton. In cooperation with our partners, the second batch of sensors was distributed
over several locations in Bosnia and Herzegovina (outside of Sarajevo Canton) and three
locations abroad. Currently, we are focused on Sarajevo, but MAQS is a global system
already and supports world-wide locations. We will give three examples in the follow-
ing subsections.

3.1. World-Wide Locations

Prior to the coronavirus pandemic, MAQS sensors were installed in Calgary (Canada),
Zurich (Switzerland), and Akure (Nigeria). Figure 9 shows PM10 measurements in Zurich
from 30 December 2018 to 1 February 2019. We can see strong air pollution, with variable
intensity (depending on local meteorological conditions).

Figure 9. Hourly average values of PM10 concentration in Zurich from 30 December 2018 to 1
February 2019.

A very interesting situation was observed in Calgary, as Figure 10 shows. The Cana-
dian province Alberta was affected by wildfires, particularly on 31 May 2019. The MAQS
sensor in Calgary detected very high PM10 concentrations on that day.

Figure 10. Hourly average values of PM10 concentration in Calgary from 21 May 2019 to 7 June 2019.
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3.2. Pollution Map

In order to generate the pollution map, we need to estimate air pollution in every
single point of the city. With limited number of sensors, we have to use a certain interpola-
tion algorithm for that purpose. Inverse distance weighting (IDW) is commonly used in
geosciences for such interpolations. We have adopted IDW here with some modifications.
If we have N sensors accros the city, they give values of desired parameter z1, z2, . . . , zN
at the location of each sensor. The value of PM2.5 at some arbitrary point M is estimated
using the formula

zM =

N

∑
i=1

zi

dp
i

N

∑
i=1

1
dp

i

, (1)

where di is the distance from sensor i to the point M, and p is the power parameter.
The choice of power parameter is not trivial. For a small power parameter, such as p ≤ 2,
interpolated values may be dominated by points that are far away. When p is large,
the generated map looks like a mosaic of tiles with a nearly constant interpolated value. Our
choice for the live pollution map is p = 3. An additional modification was implemented:
only nearest neighbors within sphere of radius R were taken into account for interpolation.
This is combined with our spatial search algorithm for efficient implementation, which
makes the map viewable on mobile devices with limited processing speed.

The live pollution map is presented on web page https://www.maqs.info (accessed
on 30 April 2024) using OpenLayers library [23]. Figure 11 shows the screenshot of the
live map from 9 December 2019, where we can see interesting spatial variation in the
PM2.5 concentration. Mild eastern wind cleared air pollution from the eastern part of
Sarajevo, but it was not strong enough to reach the western part of the city (this scenario
was detected several times using the MAQS live pollution map). Tall buildings (visible
in Figure 1) are obstructing ventilation of the city in the case of mild wind. This shows
that MAQS can be used as a tool in urban planning, microclimate studies, and future
low-emission zones establishment.

Figure 11. Live pollution map for 9 December 2019: example of spatial variation of PM2.5 concentra-
tion across the city. Markers on the map are sensor locations.

When the mouse cursors hovers over the map (or the screen is briefly touched on a
mobile device), the interpolated value in that point will be displayed as shown in Figure 12.

The map can be animated in two ways: by pressing the ‘H’ button for hourly ani-
mations over the last 24 h or by pressing the ‘D’ button for daily animations for the last
10 days.
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Figure 12. Live pollution map for 28 April 2024: mouse hovering for display of AQI category
(calculated using PM2.5 only) and PM2.5 concentration in every point on the map.

3.3. Vertical Profiles and Temperature Inversion

Figure 13 shows hazardous air pollution in Sarajevo on 6 December 2019. Temperature
inversion was strong and stable which resulted in accumulation of pollutants. Only periph-
eral parts of the City with altitudes greater than 800 m ASL were above the inversion lid.

Figure 13. Live pollution map for 6 December 2019: City of Sarajevo under hazardous air pollution.

In order to test the capabilities of the MAQS system to measure vertical profiles,
a special campaign was organized during the first 3 weeks of the year 2020, when strong
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temperature inversion had been expected. We performed several preliminary measure-
ments using drones [3] and concluded that the location of the Sarajevo cable car (which
spans from nearby the City Hall to Trebevic mountain, with length of 2.1 km and height
difference of 580 m) would be suitable for measurements. In cooperation with the City
of Sarajevo, who is the owner of the cable car, we have installed a batch of eight MAQS
sensors on the pillars of the cable car, as shown in Figure 14. Each sensor is mounted on top
of a pillar, while precise altitude of the sensor is determined using GNSS measurements
and listed in Table 3.

MAQS sensors for this campaign were equipped with SHT31-D temperature and
humidity sensors (Sensirion, Stäfa, Switzerland) together with mandatory PMS5003 PM
sensors (and above-mentioned GNSS receivers). Each SHT31-D sensor was calibrated in
our laboratory prior to deployment. There was no Wi-Fi connection over the cable car
route, so we had to use our own GSM modems and Wi-Fi repeaters in very challenging
conditions. SD cards were installed in each MAQS sensor to prevent data loss in case of
Internet connection problems. During this campaign, the data availability was 100% (not a
single measurement was lost) which shows the reliability of the MAQS system.

Table 3. Vertical positions of sensors on cable car pillars.

Pillar Sensor Altitude ASL (m)

S2 585
S3 660
S4 710
S5 810
S6 895
S7 1000
S8 1090
S9 1165

The anticipated temperature inversion in this period appeared to be very strong and
stable, which made this campaign successful. Figure 15 shows six characteristic profiles
of temperature and PM2.5. When there is no temperature inversion (6 January 2020 5:00),
PM2.5 concentrations were low and well distributed over the city (vertically in the range
of measured altitudes). This plot shows a linear decrease in temperature with altitude.
Despite low ambient temperatures (well below zero degrees Celsius), wind and natural
convection prevented accumulation of pollutants which resulted in excellent air quality at
that time.

However, different situation happened two days earlier (4 January 2020 10:00), when
temperature profile had characteristic “Z” shape. That morning inversion layer started
about 100 m above ground level (AGL) and ended about 500 m AGL, with gradient in
the inversion layer of 15.5 K/km. The concentration of PM2.5 below the inversion layer
reached 250 μg/m3. Similar profile was recorded on 9 January 2020 15:00, with a difference
often observed in the afternoon: the inversion layer started higher, at about 250 m AGL.
The gradient in the inversion layer was even greater, 33.3 K/km, which in combination with
cold air in the city resulted in hazardous air pollution with PM2.5 exceeding 300 μg/m3.

Plot from 7 January 2020 8:00 shows the inversion layer starting from 150 m AGL all the
way to top of the mountain, but with a lower gradient of 10.8 K/km. The air temperature
in the city of Sarajevo was −10 ◦C, while the PM2.5 concentration was 120 μg/m3.

The last two graphs (11 January 2020 2:00 and 16 January 2020 2:00) show similar
effects: the inversion layer starting from 150 m AGL with gradients around 13 K/km. Stable
and lasting inversion trapped pollutants for longer periods of time, which resulted in PM2.5
concentrations of 500 μg/m3 even at 2 a.m., when most human activities were suspended.
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Figure 14. Sarajevo cable car pillars (yellow markers) and terrain from Google Earth. A MAQS sensor
is shown in red box.

Figure 15. Cont.
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Figure 15. Temperature inversion profiles.

The relative humidity is also stratified along the inversion layer. Figure 16 shows two
relative humidity profiles for the morning of 4 January 2020 and afternoon of 9 January
2020. Below the inversion layer (inside the City), the relative humidity was very high
(around 90%), while on Trebevic mountain (above inversion layer), it was around 40%.

Figure 16. Relative humidity profiles.

4. Conclusions

A new system called MAQS for high resolution spatial and temporal monitoring of air
pollution in urban environments has been developed and employed. After comprehensive
evaluation, which included laboratory and field tests, an optimal particulate matter sensor
was chosen—Plantower PMS5003. The system is mostly developed in-house, while several
components are being imported: particulate matter sensor, wireless network adapter and
optional external sensors. Advanced code for server, and sensors is written from scratch.
An efficient calibration procedure is established and verified.

This system proved its capabilities to augment a sparse governmental network of
monitoring stations. It offers high-resolution measurements in space and time, with the
ability to generate a live pollution map. Furthermore, it is used to measure vertical profiles
of temperature, humidity and particulate matter concentration, which is very important for
understanding qualitative and quantitative characteristics of temperature inversion. Using
MAQS, we have quantitatively shown that two major parameters of temperature inversion,
in the context of air pollution, are height above the ground where the inversion layer starts
and temperature gradient in the inversion layer. Unfortunately, both of these parameters
are unfavorable in Sarajevo, resulting in extreme episodes of air pollution.
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We have collected more than 60 million database records so far. This database is a very
valuable asset for the research of air pollution. MAQS can be used in future microclimate
studies, urban planning projects, and low-emission zones.

MAQS inherits some limitations from low-cost sensors. It cannot properly measure
coarse particles, and if they dominate in the spectrum, measurements of PM10 will be
inaccurate, as we can see from the Aralkum desert dust example. Furthermore, the current
number of installed sensors is relatively small, which leaves some parts of the pollution
map far from any sensor.

We plan to increase the number of sensors in the near future, so that we can detect
hyperlocal sources of particulate matter emissions and increase the resolution of the live
pollution map. In the meantime, we will consider some numerical models for estimating
the particulate matter distribution over the area where an observation is missing.

Sensor modifications to include air dryers to prevent high bias of the sensors due to
hygroscopic growth of aerosols will be tested in the future.
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Abstract: This study evaluates low-cost sensors (LCSs) for measuring coarse and fine particulate
matter (PM) to clarify and measure air pollution. LCSs monitored PM10, PM2.5 (fine particulates),
and PM1.0 concentrations at four sites in Samutprakarn, Thailand from December 2021 to April
2022. Average daily PM10, PM2.5, and PM1.0 concentrations at the monitoring locations were 53–79,
34–45, and 31–43 μg/m3, respectively. In December 2021, the monitoring station had a daily PM2.5

value above 100 μg/m3, indicating haze occurrences. However, the monitoring site’s daily PM10 and
PM1.0 concentrations did not surpass Thailand’s ambient air quality threshold. We also measured
and calibrated comparative particulate matter concentrations from LCSs and a tapered element
oscillating microbalance (TEOM) monitor (Pollution Control Department (PCD) standard analytical
method). PM2.5 concentrations from the LCSs were lower than TEOM, but the difference was not
statistically significant. The PM2.5 monitoring station provided near-real-time air quality data for
health risk reduction, especially when PM levels were high. Based on this study, authorities and
local agencies may consider improving air quality regulation in Samutprakan, focusing on suburban
PM2.5 air pollution.

Keywords: fine particles; low-cost sensor; PM sensor; Samutprakan; Thailand

1. Introduction

Particulate matter (PM) refers to a complex mixture of small solid particles and liquid
droplets that are suspended in the air and vary in size, shape, surface area, chemical compo-
sition, solubility, and origin. Particles in the air with an aerodynamic diameter up to 10 μm
are labeled as PM10, while particles in the air with an aerodynamic diameter between 2.5
and 10 μm are referred to as PM10-2.5 or coarse particles. Additionally, particles with aero-
dynamic diameters up to 2.5 μm are termed fine particle matter (PM2.5). Ultrafine particles
with a diameter below 1 micron are called PM1.0 [1–3]. Both anthropogenic (man-made)
and natural PM are known [2,3]. Several sources have shown that PM10 sources include
industrial activities, transportation, fuel combustion, and construction [4–6], and PM2.5
sources include traffic/vehicular [7,8], residential wood burnings, and forest fires [9–11].
Hazardous health effects from PM have been extensively studied [12,13]. Epidemiolog-
ical evidence has been provided for the human respiratory system [13–15]. Due to their
size [16,17], short-term and long-term exposures [18,19] of ambient PM2.5 cause more
adverse health effects and toxicity than PM10 [20–22]. Ambient PM2.5 can easily move
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through the human body inhalation pathway. Before the COVID-19 lockdown, many
countries were considered high-risk areas and needed to address the human health effects
of the PM2.5 concentration distribution. During and after the COVID-19 lockdown, the
concept was to reduce air quality (AQ) due to the strict control of the virus transmission,
and this potentially led to an air quality change in high-risk areas [23–25]. In addition, an
improvement in air quality resulted from policies that controlled and monitored ambient
air (AA) monitoring [26–29]. Thailand has serious air quality problems in several areas in
every dry season (haze episodes from December to February). Excessive average levels
of particulate matter (PM2.5 > 50 μg/m3 is the ambient air standard value in Thailand)
are found in the air in many areas of Bangkok [30–33] and Thailand [34,35]. To assess the
harmful health impact of ambient air pollution, the air quality index equation was proposed
for calculating AQI values. The Thailand Air Quality Index is based on five criteria and
each color has meaning in terms of the air pollution level. The index range is from 0 to
above 201. The AQI range from 0 to 25 is considered very good air quality and appropriate
for outdoor activities and tourism (Excellent: color blue). The AQI range from 26 to 51 is
considered good air quality, and outdoor activities and tourism are possible (Satisfactory:
color green). For the AQI range from 51 to 100 (Moderate: color yellow), the general public
is able to engage in outdoor activities, but sensitive groups are recommended to undertake
limited outdoor activity if symptoms such as coughing, difficulty in breathing, and/or eye
irritation occur. In the AQI range from 101 to 200 (Very Unhealthy: color orange), the gen-
eral public should monitor their health. If symptoms such as coughing, difficult breathing,
and/or eye irritation occur, outdoor activities should be limited and/or personal protective
equipment should be used as needed. For sensitive groups, reduced/minimized outdoor
activities and/or use of personal protective equipment is recommended. If symptoms
such as coughing, difficulty in breathing, eye irritation, chest pains, headaches, irregular
heartbeat, nausea and/or exhaustion occur, medical assistance should be sought. If AQI
values are above 201 (Hazardous: color red), outdoor activities should be avoided by all.
Additionally, areas with poor air quality should be avoided and/or personal protective
equipment should be used as needed. If any symptoms occur, medical assistance should
be sought.

The air quality monitoring station in Thailand was provided by the Pollution Control
Department (PCD). The PCD has created air quality monitoring networks to measure air
pollutants such as PM10, PM2.5, and noxious gases (CO, NO2, SO2, and O3). Samutprakarn
province is a city near Bangkok (BKK), Thailand. Samutprakarn is an area that has mixed
air emission sources, associated with many types of surrounding industry, fuel combustion,
high population density, and vehicular sources [36]. The PCD has provided reference
equipment [37–39] to measure air pollutants in Thailand, including the gravimetric method
for PM10 and the federal equivalent method (FEM) for PM2.5, as well as the tapered element
oscillating microbalance (TEOM) [40–42] and the beta attenuation monitor (BAM). However,
these instruments are quite expensive, and they are only deployed at central monitoring
sites in each province. One monitoring station cannot record the spatial distribution of
PM concentrations. PCD started to monitor ambient air in Samutprakarn province with
TEOM. Authorities and local agencies of Samutprakarn province have developed policies
for improving air quality in the Samutprakarn region, and air monitoring instruments
are used during haze seasons and in the non-haze seasons. However, such instruments
could not be distributed to all areas due to the high cost and need for trained personnel.
Currently, air pollutants such as PM10 and PM2.5 are instead measured by several low-cost
instruments and equipment.

LCSs have been used extensively to characterize air pollution in the last few years.
LCSs have been widely used in monitoring PM10 and PM2.5 mass concentrations. In
general, the LCS is a device that uses one or more sensors with other components to detect,
monitor and report on specific air pollutants, such as particulate matter (PM), carbon
dioxide (CO2), and/or environmental factors like temperature and RH. Several reports in
Thailand and in other countries have reported PM10 and PM2.5 levels from many sensor
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devices [43–46]. Calibration of LCSs is critical due to aerosols’ physical and chemical
properties and weather conditions. Calibration of the LCS in the field typically involves
comparing it to a reference instrument. Chunitiphisan et al. [44] measured particle matter,
temperature, and RH with an Unmanned Aerial Vehicle (UAV) and a sensor (Plantower
PMS 3003) in Northern Thailand (Nan province). Both PM10 and PM2.5 levels were found
to be lower than the data from reference devices (TEOM); measured PM10 values were
10.25 μg/m3 using the Plantower PMS 3003 (light scattering technique) and 22.69 μg/m3

using the TEOM, and PM2.5 was 8.84 using the Plantower PMS3003 and 11.84 μg/m3

using the TEOM. The linear correlation of the particulate matter between their sensor and
reference devices was 0.5 (PM10) and 0.6 (PM2.5). Moreover, a light scattering technique
was used to measure PM10 and PM2.5 outdoors in an area of haze pollution in Chiangmai
province, Thailand. During the haze episode, PM10 and PM2.5 were collected in several
areas around Chiangmai over a twenty-four-hour period, and the results were between
12.58 and 149.82 μg/m3 (PM10) and from 9.63 to 130.37 μg/m3 (PM2.5), respectively. In this
study, beta ray detectors were employed to estimate the correlation of PM10 and PM2.5 levels
in their study versus a certified device (TEOM). These observations were in agreement with
results in the reported reference device for PM10 and PM2.5 (r = 0.8658). Thus, their sensor
has the potential for detecting PM10 and PM2.5 [45]. Another application of the PM2.5
concentration sensor (SN-GCHA1, Panasonic Photo & Lighting Co., Ltd., Osaka, Japan), the
light scattering technique, revealed the mass concentration results from real-time indoor
measurements (ranging from 20.05–45.85 μg/m3) and outdoor measurements (ranging
from 9.42–56.56 μg/m3). Additionally, data were also collected for the hourly average
temperature (28.8 to 35.2 ◦C) (temperature sensor: RHHI-112A, Shinyei Technology Co,
Ltd., Kobe, Japan) and RH (55.2 to 72.6%) (RH sensor: RHHI-112A, Shinyei Technology Co,
Ltd.). In a controlled laboratory environment, Levy Zamora et al. [47] tested three Plantower
PMSA003 sensors against eight emission sources: incense oleic acid, NaCl, talcum powder,
cooking emissions, and monodispersed polystyrene latex spheres. The accuracy ranged
from 13% to more than 90% when compared to reference instruments, demonstrating that
PM sources had an impact on LCS performance. The LCS was most accurate for sizes under
1 μm. Kim et al. [48] evaluated LCSs in the laboratory and in the field using two commercial
LCSs, Plantower PMS3003 and Plantower PMS7003, which were compared with a reference-
grade PM monitor (GRIMM 11-D). The LCSs indicated lower mass concentrations than
GRIMM 11-D for laboratory testing while the LCSs showed generally higher PM mass
concentrations than GRIMM 11-D in field testing. The result indicated that the outdoor
environment had notable impacts on LCS data. Field testing revealed that the LCS error
increased with increasing RH levels (>75%). Additionally, meteorological conditions,
including wind speed, wind direction, and topographic elevation [49] had an effect on
PM concentrations, while combustion emission sources played a significant part in the
PM10 and PM2.5 concentrations. Levy Zamora et al. [47] indicated that temperature and
RH significantly influenced LCS performance [47]. Long-term monitoring of PM2.5 levels
in Hanoi was performed using Panasonic PM2.5 sensors (light scattering intensities of
single particles technique), and the sensors were calibrated with virtually monodisperse
polystyrene latex (PSL) particles. The sensor detects particles with diameters as small
as ~0.3 μm and measures PM2.5 mass concentrations up to ~600 μg/m3. The sensors
correlated well with a nearby beta attenuation monitor (3.1 km away), with an R2 value of
0.73 [50]. Ly et al. [51] employed a machine learning technique based on a random forest
(RF) algorithm and concentration weight trajectory (CWT) to investigate the impact of long-
range transport and meteorological data on PM2.5 characteristics and LCS (light scattering
intensities of single particles technique) performance. The influence of meteorological
and regional transport on winter PM2.5 levels was also investigated. In an urban city of
Klang Valley, in Malaysia, the PM2.5 level was found to be 19.1 μg/m3 using a detector
(AiRBOXSense, Alphasense Ltd., Great Notley, Braintree, UK, the optical particle sensor
(OPC-N2)). A GRIMM portable aerosol spectrometer (PAS-1.108) was employed as a
reference device to validate PM2.5 and PM10 levels, with correlation coefficients of 0.71
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and 0.83, respectively [52]. The LCS, namely LCS Edimax AirBox AI-1001W V3 (laser
sensor), was used to measure the PM2.5 levels in indoor and outdoor areas in West Jakarta,
Indonesia. This sensor was connected to the Internet for 24 h. The sensor specifications
were as follows: concentration range of 0–500 μg/m3; smallest particle size of 0.3 μg;
maximum weight of 210 g; sensor temperature of 0–60 ◦C ± 1 ◦C; relative humidity (RH)
range of 0–100% ± 5% RH; operation temperature range of −10–60 ◦C; with one internal
antenna. The LCSs were placed at a height of 2.5–3 m, which corresponded to the air
quality monitoring station (AQMS) of PM2.5. According to this study, PM2.5 concentrations
are higher outdoors than indoors [53]. A Pocket PM2.5 Sensor (LED: light-emitting diode,
PD: photodiode, USB: Universal Serial Bus) (Yaguchi Electric Co., Ltd., Miyagi, Japan) was
used to measure the PM2.5 concentrations in seven townships in Yangon, Myanmar. The
Pocket PM2.5 sensor showed a strong correlation with the reference monitor [2]. One of the
townships showed a high level of PM2.5, over 100 μg/m3. This result indicated that the
particular monitoring site had an effect on the PM2.5 levels. Also, solar radiation research
aids climate models and meteorological forecasts. Meteorological factors, including dawn
duration, temperature, and RH, have been used to assess solar radiation at various places.
The study showed that higher levels of air pollution were associated with increased solar
radiation, which was the greatest during the summer [54–56]. PM concentration using a
LCS as a detector showed positive R2 with a reference device [57,58]. Calibration under
actual ambient conditions is necessary before deployment for monitoring PM2.5 levels. The
LCS should be calibrated for each source in their appropriate environment [58,59].

The LCS has lower accuracy and sensitivity than the reference monitor, and its use is
dependent on the type of sensor. However, given their low cost, portability, and ease of
installation, LCSs are suited for areas where reference monitors are not established. As a
result, we assessed the performance of an LCS (PMS7003, Plantower) to better understand
the major elements influencing performance, such as urban emission sources, RH, temper-
ature, and PM10, PM2.5, and PM1.0 levels. Furthermore, data storage for measurements
is vital; we examine wire-free data export to an application, giving quick access to the
information. The objective of our study was to develop a LCS device for measuring coarse
(PM10) and fine particulate matter (PM2.5 and PM1.0), along with some environmental data
including air temperature and RH. The LCS was calibrated with reference devices from
Thailand. The field test was performed at our monitoring sites, which were known to have
serious air quality problems. The study location was established in Samutprakarn province,
which is an urban environment area. Between December 2021 and April 2022, we collected
mass concentrations of PM10, PM2.5, and PM1.0, as well as temperature and RH data. The
tested LCS was operating for a period of five months, The PM results were converted to
AQI values using Thailand’s AQI equation and then shown as geographic information
system (GIS) maps.

2. Materials and Methods

2.1. Monitoring Sites

The monitoring stations are in Thailand’s Samutprakarn province, a high-risk location
for air pollution. Samutprakarn is a 388 square-kilometer area with a warm temperate,
semi-humid continental monsoon climate with two seasons in terms of temperature and RH.
The yearly average temperature is 28.8–32.1 ◦C, and the annual rainfall is 1100–1500 mm.
The resident population is 1,344,875 million people [60]. Figure 1A–F shows the installa-
tion of four LCSs at four sampling sites for this study. Each sampling site had different
characteristics: the first site was in a residential area (DFH1, Latitude, 13.607976, Longi-
tude, 100.744788, Figure 1C); the second site was located in a semi-residential area in the
Bangpli district, Samutprakarn province, surrounded by a mixture of many combustion
emission sources (cooking, vehicles, construction) (DFH2, Latitude, 13.601481, Longitude,
100.770638, Figure 1D); the third site (DFH3, Latitude, 13.596204, Longitude, 100.639773,
Figure 1E) was a closed to residential area in Pak Nam, Meuang, Samutprakarn province;
and the last site (DFH4, Latitude, 13.571715, Longitude, 100.786608, Figure 1F) was set
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up near a commercial area in the Bang Sao Thong district, Samutprakarn province, that
had twenty-four-hour a day transportation (Table 1). A Pollution Control Department
(PCD)-approved instrument collected daily PM10 and PM2.5 readings for comparison with
our LCSs. The PCD stations measured the air quality in Pak Nam, Meuang, Samutprakarn
province (18T, residential area, Figures 1A and S1); this was near the monitoring loca-
tion of our LCS (DFH3) and in Bang Sao Thong district, Samutprakarn province (19T,
semi-residential area, Figures 1B and S2); this was near the monitoring location of our LCS
(DFH4). A Tapered Element Oscillating Microbalance (TEOM) (Table S2) was used to
gather ambient air samples from the 18T and 19T stations [61]. The PM10 and PM2.5 mass
concentration data were completely delivered to these two PCD stations in Samutprakarn.
The LCSs have been placed >1.5 m. The distances between 18T and DFH1 were 16.09 km,
DFH2 18.89 km, DFH3 4.70 km, and DFH4 20.90 km. Additionally, the distances between
19T and DFH1 were 6.05 km, DFH2 3.72 km, DFH3 16.12 km, and DFH4 0.13 km. The list
of acronyms used in study was presented in Table S1.

Figure 1. The selected monitoring sites are in Samutprakarn province, Thailand.

Table 1. Monitoring sites of real-time PM10, PM2.5, and PM1.0 concentrations (24 h).

Monitoring Site Code Specify of Site Parameter Instrument

DFH1 Residential area PM10, PM2.5, PM1.0, RH, Temp. LCS
DFH2 Semi-residential area PM10, PM2.5, PM1.0, RH, Temp. LCS
DFH3 Residential PM10, PM2.5, PM1.0, RH, Temp. LCS
DFH4 Commercial area PM10, PM2.5, PM1.0, RH, Temp. LCS
PCD station (18T) Residential area PM10, PM2.5 TEOM
PCD station (19T) Semi-residential area PM10, PM2.5 TEOM

2.2. Details of Sensor Device

In this study, a LCS (Plantower Laser Dust Sensor PMS7003) was tested at several
monitoring sites, from December 2021 to April 2022. The Plantower Laser Dust Sensor
PMS7003 is a low-cost, commercially available sensor that costs between THB 800–1100
(USD 25–35). The advantages of this sensor are that it can be controlled remotely via a
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Raspberry Pi and is small enough to fit into a mobile or wearable enclosure, while previous
research has shown that, compared with other sensors such as Plantower PMS5003 and
Alphasense OPC-N2, PMS7003 tends to show a significant correlation with the reference
instrument and good reproducibility [47,48,62]. Therefore, our study employed PMS7003.
To assess the performance of our LCS for the detection of the PM10, PM2.5, and PM1.0
concentrations, the RH and temperature, and various test data, were recorded. All the
devices used were obtained from an electronics store and collocated; they included the
Plantower laser dust sensor PMS7003 (a particle detector that uses the light scattering
principle), a NodeMCU ESP8266 (V2) Wifi board, a fan (DC 12V, 8 cm), a liquid crystal
monitor display (I2C LCD2004A LCD (Blue Screen), a 20 × 4 LCD with back-light), a
power switching supply (DC 12V, 12 × 12 mm), a USB adapter (5V, 1A), a micro USB
(B) programming cable (30 cm), a digital temperature and RH sensor (DHT22 AM3202),
plastic cover boxes, and a jumper (F2F). The data gathered were reported via the Internet
of Things (IoT) and was periodically uploaded to remote cloud storage such as Thingspeak.
A numerical and graphical value near the real-time monitor was automatically obtained.

2.3. Temperature and RH Sensor

The impact of meteorological conditions on the PM10, PM2.5, and PM1.0 levels was
evaluated using the LCSs and data from Thailand’s Meteorological Department (TMD) [63].
TMD station is shown in Figure 1. The distances between TMD and DFH1 were 9.04 km,
DFH2 9.43 km, DFH3 17.04 km, and DFH4 12.89 km. The LCS (DHT22, AM3202) measured
the environmental parameters, such as air temperature (◦C) and RH (%). The air tempera-
ture monitoring sensor had an air temperature range of 0 ◦C to +60 ◦C (accuracy ± 0.2 ◦C,
resolution 0.1 ◦C), and the RH monitoring sensor had a range of 0 to 60% (accuracy ± 2%,
resolution 0.1%). Four LCSs were placed at different locations (residential, semi-residential,
and commercial areas) in various environments as mentioned in Table 1. These four loca-
tions had varying meteorological conditions and pollution levels. However, no differences
were observed in the temperature and RH values between the TMD and our LCSs over the
monitoring period.

2.4. PM Mass Concentration

The LCS (Plantower Laser Dust Sensor PMS7003) was used to measure the concen-
trations of PM10, PM2.5, and PM1.0, which are widely found in urban environments. The
concentration range was 1–999.90 μg/m3. This LCS is a digital and universal particle
concentration sensor that can be used to determine the number of particles present in
the surrounding air. For this sensor, the laser scattering principle is used (irradiation of
particles in ambient air), then light scattered to a specific angle is collected, and lastly the
scattered light signal change with time curve is obtained. Finally, the microprocessor is
used to determine the equivalent particle diameter and the number of particles with varied
sizes per unit volume.

2.5. Air Quality Index (AQI)

The air quality index (AQI) was utilized in accordance with Thailand’s air quality
index standard, as released by the PCD [61]. The Thai government uses the AQI value
to communicate the quality of the air to the general public. Additionally, the AQI is
divided into five categories, ranging from 0 to 201, with each category employing colors to
symbolize the level of danger. The air pollutants include PM10, PM2.5, O3, SO2, NOx, and
CO. Each of these contaminants has its own set of air quality standards that are utilized to
calculate the overall AQI. Equation (1) is used to calculate pollutant levels [61]. The total
AQI values were then entered into geographical information systems (GIS) and plotted
on a map. The geographical interpolation of the AQI is demonstrated using GIS. The first
equation is as follows:

I =
Ij − Ii

Xj − Xi
(X − Xi) + Ii (1)
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where I = air quality index (AQI) for pollutant; X = pollutant concentration; Xi = the
concentration breakpoint that is ≤X; Xj = the concentration breakpoint that is ≥X; Ii = the
index breakpoint corresponding to Ii; Ij = the index breakpoint corresponding to Ij.

2.6. Statistical Analysis

This experiment was completed using the Statistical Package for Social Science (SPSS)
software version 28, and a t-test (t-test used to test difference between the means of two
variables) was utilized to detect the difference between the concentrations from the LCSs
and TEOM. The average, minimum, and maximum values, standard error, mean difference,
median, standard deviation, variance, and observation results were generated (Table 2).
A one-way analysis of variance (ANOVA) and a post-hoc test were used to compare the
concentrations of PM10, PM2.5, and PM1.0 at each monitoring site. A statistically significant
level of p-value = 0.05 was used to determine the dust, temperature, and RH levels at each
LCS monitor site and whether there are statistical differences between each sampling point.

Table 2. PM Concentrations of each sensor in the study location.

Parameters
Particle Size-Range

PM10 μg/m3 PM2.5 μg/m3 PM1.0 μg/m3

DFH-1 59 41 33
DFH-2 58 39 32
DFH-3 60 40 34
DFH-4 52 31 30
PCD (18T) 62 38 NA
PCD (19T) 56 31 NA

Mean 58 36 33
S.D. 3 4 2
Max 62 41 34
Min 52 31 30

t-stat
DFH-1 vs. 18T −0.9 1.6 NA *
DFH-2 vs. 18T 1.5 a −0.5 NA *
DFH-3 vs. 18T 0.5 −0.9 NA *
DFH-4 vs. 18T 3.3 3.3 NA *
DFH-1 vs. 19T −1.4 −6.1 NA *
DFH-2 vs. 19T −0.8 −0.5 NA *
DFH-3 vs. 19T −1.5 −4.8 NA *
DFH-4 vs. 19T 1.5 −0.1 a NA *

* NA: not available, a statistical analysis with significant difference level at 0.05.

2.7. Geographic Information System (GIS)

In this study, ArcMap version 10.8 software was used and employed the clip tool to
make a map that indicates where the measurement instrument is. The buffer command was
used to manipulate map data for the study area. The data were then displayed using the
colors based on the Thai AQI Index, and the coordinates of the PM measuring devices were
specified for display purposes. Reference devices of the Pollution Control Department at
two stations were used for comparison data. For better visual comprehension, the findings
are arranged geographically by color and Thai AQI value based on severity.

3. Result and Discussion

3.1. Calibration and Validation of Sensor

The combination of LCS enables measurement of a range of parameters such as
temperature (◦C), RH (%), and coarse and fine particle distributions with the Plantower
Laser Dust Sensor PMS7003, as shown in Figure 2a,b. The LCS array for each monitoring
site (DFH1-DFH4) was tested, and the PM concentrations were collected before starting
the long-term monitoring. The particulate matter (PM) sensors were calibrated against
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an instrument approved by the PCD Station at Samutprakarn [3]. The LCSs for PM10,
PM2.5, and PM1.0 were set up at the monitoring sites, and their results were compared
with a TEOM monitor (18T, 19T). The PM concentrations from the LCSs and TEOM are
shown in Figure 3. The highest mass concentration in all LCSs was PM10, followed by
PM2.5 and PM1.0, respectively. Figure 3a shows that the DFH1 sensor recorded an average
PM10 concentration of 60 μg/m3 and PM2.5 concentrations of 41 μg/m3 (Figure 3b), which
were lower than the mass concentrations of 18T (PM10 = 79, PM2.5 = 46 μg/m3) and 19T
(PM10 = 63, PM2.5 = 36 μg/m3). The LCS DFH2 had a lower average concentration than
the TEOM monitor (18T, 19T). The average mass concentration of PM10 was 54 μg/m3

and for PM2.5 it was 34 μg/m3. The average mass concentration of PM10 with DFH3 was
similar to 18T (79 μg/m3), but 19T showed a low concentration. The average PM2.5 mass
concentrations were 45 μg/m3 (DFH3), 46 μg/m3 (18T), and 36 μg/m3 (19T). DFH4 had
an average PM10 mass concentration of 62 μg/m3, followed by 36 μg/m3 for PM2.5. The
measurement value of both reference devices (18T, 19T) was greater than the LCS in DFH4.

Figure 2. The LCS used in this study (PMS7003), (a) outside box, (b) LCS diagram.

Figure 3. The comparison of PM concentrations from LCSs and TEOM: (a) PM10, (b) PM2.5, and
(c) PM1.0 (μg/m3).
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The concentration data from our LCSs (Figure 2) showed a positive correlation with
the concentration data from the TEOM (Figures 4 and 5). As shown in Figure 4, the PM10
of the LCSs and TEOM are correlated for each site, and the PM10 of the LCSs and TEOM
scatter plots shows a good correlation for DFH3 (R2 = 0.9(18T), 0.6 (19T)), showing that
the DFH3 LCS measures similarly to reference devices. The LCS DFH4 and TEOM scatter
plots have a positive R2 correlation of 0.7 (18T) and 0.6 (19T). However, the data from the
LCSs at the DFH1 and DFH2 sites were not correlated with that from the PCD station,
likely due to the large distance between the locations of these LCSs and the PCD station.
The relationship between PM2.5 from the LCSs and TEOM was also plotted. Figure 5
shows a low correlation between PM2.5 from LCSs DFH1 and DFH2 and TEOM. The
above has already been explained. R2 = 0.2, 0.0 (18T), 0.2, and 0.1 (19T), respectively.
However, the correlation between DFH3 and DFH4 shows that the LCS DFH3 measures
similarly to reference devices (R2 = 0.7 (18T), 0.9 (19T)). Finally, the LCS DFH4 and TEOM
scatter plots display positive R2 correlations of 0.44 (18T) and 0.7 (19T), respectively. DFH3
and DFH4 had a positive correlation with TEOM because they are close to the reference
monitor locations. Larger distances between the LCS and TEOM may lead to larger
differences in simultaneous readings. In addition to site factors, field testing may reveal
distinct correlations between emission sources (residential and transportation). In terms of
PMS7003 correlation with reference stations, Bulot et al. [62] found an R2 (R2 > 0.6) that
is extremely close to our investigation (DFH3, DFH4). LCS testing was conducted during
1–8 December 2021. The average concentrations of PM10, PM2.5, and PM1.0 at the four
monitoring sites were 53–79 μg/m3, 34–45 μg/m3, 40–51 μg/m3, respectively. The PCD
station was unable to collect both particle sizes (PM10 and PM2.5) because of an instrument
limitation; thus, only the daily averages of the PM10 and PM2.5 concentrations measured at
DFH1 to DFH4 and PCD were compared. The average concentrations of PM10 and PM2.5
from the 18T station were 79 μg/m3 and 46 μg/m3, respectively. The 19T station gave
average concentrations of PM10 and PM2.5 of 63 μg/m3 and 36 μg/m3, respectively.

Figure 4. The correlation between LCSs and TEOM values for PM10.
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Figure 5. The correlation between LCSs and TEOM values for PM2.5.

3.2. Daily Results

The daily average PM10, PM2.5, and PM1.0 concentrations at the four monitoring sites
were measured from 9 December 2021 to 30 April 2022. The results from the coarse and
fine-particulate matter concentrations provided values lower than those from TEOM. SPSS
analysis was used to determine the difference in the concentration between the LCSs and
TEOM. The statistical results are illustrated in Table 2; if the t-stat value was less than
the t critical value, then the hypothesis was acceptable. The mean concentration between
the LCSs and TEOM is not statistically significantly different because the value at the
significant difference level is more than 0.05 (except DFH-2 vs 18T for PM10 and DFH-4 vs
18T for PM2.5). The negative number indicates that the average concentration of TEOM
is lower than that of the LCSs. The correlation between the LCSs and TEOM values are
shown in Figures 4 and 5. The following figures (Figures 6–10) show the time-series trend
of the daily average from the important PM contribution at the monitoring sites. The
distributions of the PM10, PM2.5, and PM1.0 concentrations at the monitoring site in Samut-
prakarn, Thailand, are shown. Each bar represents the average values from the monitoring
sites (Figures 6–10). From these results, the PM10, PM2.5, and PM1.0 concentration data
from the LCSs during December 9 to 31, 2021, at DFH1 and DFH3, had highest concentra-
tion, as shown in Figure 6a,c. The maximum concentrations of PM10 reached 129 μg/m3

(22–23 December 2021, green color). The PM2.5 concentrations at the DFH1 and DFH3 were
100 and 96 μg/m3 (orange color), respectively, followed by the PM1.0 concentrations of
75 and 72 μg/m3 for DFH1 and DFH3 (22 December 2021, as presented in the blue color),
respectively. In January 2022, the daily average concentrations of PM10 were the highest at
DFH3 (63 μg/m3) and DFH4 (58 μg/m3) as shown in Figure 7c,d, and the highest PM2.5
concentrations were found at DFH1 (42 μg/m3) and DFH3 (41 μg/m3). Additionally,
the PM1.0 concentrations had a similar trend at DFH1 (33 μg/m3) and DFH3 (35 μg/m3).
Overall, in February, the detection from the LCSs was lowest at DFH4 (Figure 8d) and
highest at DFH1 (Figure 8a). The graph shows a decreasing concentration of the data in
March. The lowest concentration for all particle sizes from the LCSs was found at DFH2
(Figure 9b) and DFH3 (Figure 9c). The highest concentration for all particle sizes was found
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at DFH4 (Figure 9d). Based on the results from April 2022, the PM10 concentration was
maximum at DFH1 (67 μg/m3), as shown in Figure 10a, followed by the PM2.5 concen-
tration maximum at 48 μg/m3 (Figure 10a), and the highest concentration of PM1.0 was
33 μg/m3 (Figure 10a).

Figure 6. PM10, PM2.5, and PM1.0 (μg/m3) measured from LCSs during the period from 9 to 31
December 2021: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.

Figure 7. PM10, PM2.5, and PM1.0 (μg/m3) measured from LCSs during the period from 1 to 31
January 2022: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.
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Figure 8. PM10, PM2.5, and PM1.0 (μg/m3) measured from LCSs during the period from 1 to 28
February 2022: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.

Figure 9. PM10, PM2.5, and PM1.0 (μg/m3) measured from LCSs during the period from 1 to 31
March 2022: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.
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Figure 10. PM10, PM2.5, and PM1.0 (μg/m3) measured from LCSs during the period from 1 to 30
April 2022: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.

3.3. Highlighted Mass Concentration of Size Distribution

The particle size distributions in the Samutprakarn province are presented in Figures 6–10.
The highest mass concentration was PM10, in all monitoring sites, followed by PM2.5 and
PM1.0, respectively. LCSs have been widely used for fine particle analysis in many regions
in South-East Asia over the past decade; LCSs provide low-cost, small size capability,
easily used instrumentation, and PM mass data. The daily average concentrations of PM2.5
at the DFH-1 were 48 ± 16 μg/m3 (April 2022) and 44 ± 19 μg/m3 (December 2021) as
shown in Table 3. The daily average concentrations PM2.5 at DFH-2 were 45 ± 17 μg/m3

(April 2022) and 42 ± 15 μg/m3 (February 2022). The corresponding values at the DFH-3
were 53 ± 17 μg/m3 (December 2022) and 47 ± 15 μg/m3 (April 2022). The average daily
concentrations of PM2.5 at the DFH-4 were 43 ± 18 μg/m3 (April 2022) and 39 ± 14 μg/m3

(December 2021), respectively. The average concentration of PM2.5 in Thailand was attributed
to a high level in the dry season. Moreover, Chunitiphisan et al. [44] revealed that the ambient
PM2.5 in Northern Thailand had considerably increased, and the mass level in the wet season
was found to be lower than that in the dry season at the sampling place [33,64].

In this work, the study period was designed to be during the haze season in Thailand to
estimate the air quality data and sensor performance in different urban environments, and
the LCS were placed at four locations in Samutprakarn. The differences in the PM10, PM2.5,
and PM1.0 concentrations from LCS potentially depended on the location performance.
The results from the fine particle in this study showed a high concentration in December
at a residential area, and its value was higher than some reports in Table 3. Low levels
of PM2.5 were found in the DustBoy sensor when compared with the results from this
study [45]. However, research reports from Myanmar and Vietnam showed higher results
than our study. The PM2.5 concentrations in Myanmar in Yangon city were higher in
morning (91 ± 37 μg/m3) and lower in evening (60 ± 22 μg/m3) [2]; moreover, the PM2.5
concentrations in Mandalay city were higher in the summer (94 ± 10 μg/m3) than in winter
(53 ± 2 μg/m3) [48]. The sensors from Myanmar were calibrated before testing (Pocket
PM2.5 Sensor and AS-LUNG-O). The PM2.5 concentrations reported from Vietnam were
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the average values. At the first site, Panasonic PM2.5 sensors were used in Hanoi and Thai
Nguyen Province, and the PM2.5 concentrations were measured hourly for three sites and
were determined to be 58, 55, and 54 μg/m3 [51]. At the second location, low levels of
PM2.5 were observed in Ho Chi Minh City, Vietnam (Plantower PMS 3003); the average
concentration data of PM2.5 obtained from the two sensors were 34 μg/m3 for sensor 1 and
34 μg/m3 for sensor 2 [65].

Table 3. Level of PM2.5 from LCS at different locations in various study.

Studied Location, Country Characteristic PM2.5 Level (μg/m3) Sensor Device Reference

Samutprakarn, Thailand

Residential
Semi-residential
Commercial
Residential

48 ± 16
45 ± 17
53 ± 17
43 ± 18

PMS7003 This study

Bangkok, capital of Thailand Urban 36 ± 12 DustBoy [45]

Nan, Northern Thailand Urban <5–37
(flight track)

Plantower PMS 3003
(on Drone) [44]

Bangkok, capital of Thailand
Chiangmai, Northern Thailand
Ubon Ratchathani, Northeast Thailand

Urban

27 ± 18 (dry season)
14 ± 11 (wet season)
41 ± 29 (dry season)
11 ± 8 (wet season)
39 ± 27 (dry season)
18 ± 16 (wet season)

PMS7003, Plantower [64]

Yangon, Myanmar Urban
Kamayut,
Morning 91 ± 37
Evening 60 ± 22

Pocket PM2.5 Sensor [2]

Mandalay, Myanmar Urban Summer 94 ± 10
Winter 53 ± 2 AS-LUNG-O [57]

Taipei, Taiwan Urban Location A 17 ± 9
Location B 11 ± 4 AS-LUNG-O [7]

Taipei, Taiwan Urban (households) 18 ± 11 AS-LUNG-O [66–68]

Vietnam Hanoi and Thai Nguyen
Province Urban Hourly: three sites, 58,

55, and 54
Panasonic PM2.5
sensors [51]

Ho Chi Minh City, Vietnam Urban Sensor 1: 34
Sensor 2: 34 Plantower PMS 3003 [65]

Jakarta, Indonesia Urban 50–65 Edimax AirBox
AI-1001W V3 [53]

Košice, Slovak republic Urban and rural 20–80 SPS30
SEN54 [3]

U.S.–Mexico border

Urban
Residential
Residential
household

9
7
7

BlueSky™ Air Quality
Monitors, TSI Inc.
Shoreview, MN, USA
(Model:8143)

[6]

3.4. Temperature and RH Sensor

In this study, the air temperature and RH were monitored using the LCSs. Air tempera-
ture performance of LCSs is shown in Figure 11; good agreement was observed between
our sensor and TMD. The RH from the LCSs was consistently lower than the results from
TMD. The LCS testing occurred during December 2021 (1–8 December 2021). Figure 11a
shows the air temperature data. The trend of air temperature from all LCSs was similar to
the recoded values from the TMD. The results from the temperature sensor at the DFH-1
(26 ◦C) site were similar to the DFH-2 site (27 ◦C). The average air temperature at the DFH-3
and the DFH-4 site showed a general temperature of ~26 ◦C. Additionally, the RH from our
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sensor (DFH-1 = 59%; DFH-2 = 60%; DFH-3 = 64%; DFH-4 = 63%) showed lower values
than TMD (84%) for all sites. Our sensor devices for air quality data contained temperature
and RH sensors. The DHT22 sensor is used for temperature and RH measurement [44].
Figures 12–16 display the study results of temperature and RH over the studied time inter-
vals using LCS. The average air temperature of the LCS ranged between 26 ◦C and 31 ◦C,
with a RH of 65 to 78%. Bulot et al. [62] observed a strong correlation between PMS7003
and PMS5003 and the background station when the RH was similar (76–98% RH) to the
reference device. Moreover, the air temperature and RH can influence PM concentrations.
Ly et al. [51] reported that the PM2.5 level was associated with meteorological factors, such
as wind speed, wind direction, air temperature, RH, and atmospheric pressure. Air tem-
perature had a strong effect on PM2.5 in the winter and had a weak effect on PM2.5 in
summer [33]. Dejchanchaiwong et al. [64] found that low PM concentrations and high RH
levels had a substantial impact on LCS performance. Specifically, during the wet season,
LCS showed higher relative inaccuracy than during the dry season. In our results, PM mass
concentrations were raised at low air temperatures utilizing LCS from December 2021 to
February 2022, as shown in Figures 12 and 13. It was found that weather parameters in
this period could cause sufficient variations in temperature, like temperature inversion, to
reduce the height of the atmospheric boundary layer and dust diffusion, therefore increasing
dust concentration. There is also extensive biomass burning from agricultural burning in
preparation for the rice planting season in the winter, along with the long-range transport of
air pollutants from neighboring countries such as Laos, Vietnam, and Myanmar [61,62]. In
comparison, the lowest RH levels were reported in December 2021 and January 2022.

Figure 11. The comparison of weather from LCSs and TMD: (a) air temperature and (b) RH.

Figure 12. Air temperature (◦C) and RH (%) measured from LCSs during the period from 9 to 31
December 2021: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.
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Figure 13. Air temperature (◦C) and RH (%) measured from LCSs during the period from 1 to 31
January 2022: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.

Figure 14. Air temperature (◦C) and RH (%) measured from LCSs during the period from 1 to 28
February 2022: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.

Figure 15. Air temperature (◦C) and RH (%) measured from LCSs during the period from 1 to 31
March 2022: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.
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Figure 16. Air temperature (◦C) and RH (%) measured from LCSs during the period from 1 to 30
April 2022: (a) DFH-1, (b) DFH-2, (c) DFH-3, and (d) DFH-4.

3.5. Air Quality Index (AQI)

The air quality index (AQI) data used to report pollution concentration in Thailand
was calculated from the LCSs in all sites; their values and color code of each month
are shown in Figure 17. Daily PM10 concentrations (calculated from an average over
24-h) at all LCSs were selected to calculate the AQI equation because PM10 had higher
values than the other particle sizes. Based on our results, PM10 played a significant
role in the AQI (Figure 17a–e). Since the PM2.5 and PM1.0 levels were lower than the
PM10 level, our results could not indicate their hazard level. Different pollutants have
different toxicities and health risks; consequently, the AQI is predicted from estimates
of the pollutants CO, NO2, O3, SO2, PM10, and PM2.5 and is calculated from the average
concentrations of the six pollutants. Notably, the fine particles are thought to have a
greater influence on the human body because they can penetrate deeper into the human
respiratory system. The complete data were imported to GIS and then created in map
form. The PM mass concentration was higher in December to February than March–April.
As a result, the PM mass concentrations for AQI were estimated using the Thailand
AQI standard equation. A pattern of geographic contribution and large variation was
shown for the various monitoring sites. The AQI values of Samutprakarn province
were visualized via PM mapping. This research revealed that the months of December
through February were yellow and green, respectively, while March and April were blue
and green at our monitoring sites. The AQI values showed good to moderate results.
During our study period, the results demonstrated satisfactory air quality from January
to April 2022, as indicated by blue (Figure 17d) and green (Figure 17e), respectively.
However, the DFH3 showed higher levels of pollutants, and the pollutants were likely
from an anthropogenic contribution since this site was a residential area, as shown in
Figure 17a).
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Figure 17. AQI mapping: (a) December 2021; (b) January 2022; (c) February 2022; (d) March 2022;
(e) April 2022.

4. Conclusions

The concept of LCS for monitoring particles in urban ambient air that includes the
size range PM10, PM2.5, and PM1.0 was presented in this paper. The LCSs at all four
(DFH1, DFH2, DFH3, DFH4) monitoring sites in urban areas detected PM10, PM2.5, and
PM1.0 during the monitoring periods. Coarse (PM10) and fine particles (PM2.5, PM1.0)
were collected from the LCSs and compared to a TEOM monitor; a TEOM is a reference
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instrument approved by the Pollution Control Department, Thailand. We have provided
evidence that the LCSs (PMS7003) can detect PM10, PM2.5, and also PM1.0. Most PM
concentrations from the LCSs were lower than those from the TEOM. The LCSs were
employed continually in an urban area of Samutprakarn Province. Data were collected
over a monitoring period of five months (of course a full year would be ideal). Furthermore,
temperature and RH sensor were also measured using the DHT22 sensor. Temperature and
RH trends from all LCSs showed less sensitivity and accuracy than the TMD.

The observation results revealed a high level of PMs at DFH3, a residential site, while
other locations had a lower level of PMs. These results potentially indicated that the level
of PMs was affected by the site features. We understand that our study has limitations.
Only a few minor sites were chosen for ambient air sampling and monitoring using LCSs.
Furthermore, weather conditions had a substantial impact on PM levels. The observation
results of PM mass concentration were higher in December to February than March to April.
As a result, the PM mass concentrations for AQI were estimated using the Thailand AQI
standard equation. A pattern of geographic contribution and large variation was shown for
the various monitoring sites. The AQI values of Samutprakarn province were visualized
via PM mapping. This research revealed that the months of December through February
were yellow and green, respectively, while March and April were blue and green at our
monitoring sites. The AQI values revealed good to moderate findings, indicating that there
is no health impact at the study sites. Finally, our findings proved the ability of our LCSs to
quantify ambient particles and their spatial distribution.
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Abstract: A couple of air quality (AQ) parameters were monitored with two types of low-cost sensors
(LCSs) before, during and after the garden fence rebuilding of a dwelling house, located at the junction
of a main road and a side street in a suburban area of Budapest, Hungary. The AQ variables, recorded
concurrently indoors and outdoors, were particulate matter (PM1, PM2.5, PM10) and some gaseous
trace pollutants, such as CO2, formaldehyde (HCHO) and volatile organic compounds (VOCs).
Medium-size aerosol (PM2.5-1), coarse particulate (PM10-2.5) and indoor-to-outdoor (I/O) ratios were
calculated. The I/O ratios showed that indoor fine and medium-size PM was mostly of outdoor
origin; its increased levels were observed during the renovation. The related pollution events were
characterized by peaks as high as 100, 95 and 37 μg/m3 for PM1, PM2.5-1 and PM10-2.5, respectively.
Besides the renovation, some indoor sources (e.g., gas-stove cooking) also contributed to the in-house
PM1, PM2.5-1 and PM10-2.5 levels, which peaked as high as 160, 255 and 220 μg/m3, respectively. In
addition, these sources enhanced the indoor levels of CO2, HCHO and, rarely, VOCs. Increased and
highly fluctuating VOC levels were observed in the outdoor air (average: 0.012 mg/m3), mainly
due to the use of paints and thinners during the reconstruction, though the use of a nearby wood
stove for heating was an occasional contributing factor. The acquired results show the influence
of the fence renovation-related activities on the indoor air quality in terms of aerosols and gaseous
components, though to a low extent. The utilization of high-resolution LCS-assisted monitoring of
gases and PMx helped to reveal the changes in several AQ parameters and to assign some dominant
emission sources.

Keywords: indoor and outdoor atmosphere; air quality metrics; low-cost environmental monitor; air
pollution; garden fence; refurbishment; house dust; ventilation rate; building construction

1. Introduction

Anthropogenic air pollutants have a considerable influence on atmospheric climate [1]
and the health of the human population in terms of proven negative effects, such as asthma
and COPD [2]. They also have an impact on the preservation of historic buildings and
cultural heritage items on display [3]. Thus, accurate monitoring and setting up proper
measures of air quality (AQ), as well as the assessment and future predictions of related
health effects for the population, are important, especially for locations exposed to a
heavy burden of anthropogenic pollution such as, for instance, densely travelled roads [4],
industrial areas [5] and sites with building construction/renovation activities, where high
levels of dust and various gases/aerosols are emitted into the ambient air.

Concerning the latter topics, studies mostly related to building renovation activi-
ties and the accompanying indoor air quality (IAQ) changes have been reported in the
literature [6–24]. Several of the research works discussed a worsened IAQ due to refurbish-
ment activities and the so-called sick building syndrome, for instance, in connection with
educational buildings [6–11], hospitals [11,12], dwelling houses [11,13–18] and office build-
ings [11]. The related AQ problems are manifested in terms of increased indoor pollutant
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levels of CO [6,7], CO2 [6,7,13,15,16,19], PM2.5 [6,16–18], PM4 [15], PM10 [7,9,17,23], ultra-
fine PM [12,18], total suspended PM [20], formaldehyde (HCHO) [7,14,16,19], BTEX [15],
volatile organic compounds (VOCs) [7,8,11,13–17,19], semi-volatile organic compounds
(SVOCs) [14], black carbon (BC) [18], water-soluble PM constituents (nitrate, sulphate,
chloride, ammonium) [20], toxic metals (Pb [9,20], Cd, Cu, and Zn [9]), asbestos particles [9]
and fungi [20]. A couple of the compiled pollution cases are connected to inefficient air
exchange in the study area, particularly indoors, before, during and after the renovation,
e.g., Refs. [6,13], indicating a higher risk of negative health effects on humans [6–8]. In
addition, the accumulation of toxic metals in suspended particulate matter was observed
during the renovation of the interior [9,10]. Preschool children were reported to be highly
sensitive to household renovation [21,22], while the enhanced level of outdoor air pollution
could cause the early development of pneumonia [22] and childhood asthma [23]. Another
study reported a high indoor-to-outdoor (I/O) ratio of HCHO in the air, and the wooden
furniture as the main indoor source [8]. Increasing the air ventilation rate with mechanical
systems and/or using low-emission furnishing was the recommended solution to mend
this problem [7]. Microorganisms and carbonaceous aerosols are additional indicators of
the deteriorated IAQ, for instance, in kindergartens [24]. In addition, during interior reno-
vation, fungi suspended with the ambient aerosols may also be present indoors, though
their contribution was greater before renovation [12]. Whereas ultrafine and fine PM was
present at 1.6–3.3-fold higher concentrations during the renovation of the building [12].
Valdoulakis et al. [25] extensively reviewed several key air pollutants affecting the indoor
air quality in homes, including their sources and the related health effects on humans.

Research on low-cost sensors (LCSs) applied for indoor and outdoor air monitoring
has gained increasing attention in the past decade [26–28]. This is partially due to their
light-weight design and ease of use in field campaigns, mostly operating with battery-
powered electricity. LCSs are generally less accurate than laboratory/research-grade
devices; therefore, they require more frequent calibration and accuracy checks. Therefore,
such measurement systems demand scrutiny of analytical performance and instrumental
limitations under field and laboratory conditions, preferably against a calibrated, reference
instrument, e.g., [29,30].

As one can conclude from the above literature survey, no study has been reported so
far on the application of two types of LCSs for the indoor and outdoor air of individual
dwelling houses with a garden, subjected to shorter/longer renovation/rebuilding of
external items, such as the garden fence. These kinds of refurbishment activities consist
of several construction stages, such as the removal of the old fence and the building of a
new one, which incorporates technologies that may release large amounts of pollutants.
Consequently, in this study, a couple of atmospheric air pollutants were monitored by the
assistance of LCSs to gain better insight into the changes in outdoor and indoor air quality
before, during and after the reconstruction activities of the garden fence and to predict its
possible health effects on the people living around.

2. Materials and Methods

2.1. Description of the Sampling Site and Related Refurbishment Activities

The sampling site for the present investigation was selected at a dwelling house that
is typical for the region, located at the junction of a nearby main road and a side street,
in a suburban area of Pesterzsébet, a district in Budapest, Hungary. The main features of
the local anthropogenic activities of the sampling area of interest are described in detail in
Ref. [29]. Originally (before renovation), the garden of the house was separated from the
side street by a gate (width: ≈1.0 m) and a porous (≈50% permeability) fence (≈13.3 m
long section), built of limestone brick (style: running bond with gaps, respectively, wall
width: 0.12 m and capped brick poles of 0.25 × 0.25 m), dating back to the early 1930s.
Part of this fence also served as a wall of a small toolshed (≈1.6 m width), built of brick,
located in the corner of the garden (length: ≈4.5 m). This wall was part of the railing on
the side of the main road. The toolshed and the original (old) fence were about 1.75 m
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tall, measured at the streetside. An about 40-year-old chain link fence (height: 1.70 m,
length: 18.2 m) and a car gate (width: ≈2.7 m) sealed off most of the garden side lying next
to the main road. The dwelling house is situated ≈18.5 m off the main road (the closest
lane), at the opposite side of the garden. Along the fence, the garden is planted with a
couple of grapevines and various kinds of bushes (e.g., mint, cedar, lavender, rosemary) of
similar height (1–1.5 m), in rows, with some gaps at the ends. This arrangement provides a
low-height barrier against resuspended street dust and other air pollutants, expected to
penetrate the garden from the street. In front of these plants, about 40 pine trees of different
heights (ranging at 1–9 m) were grown; they served as an additional shield for filtering
the resuspended ambient dust and air pollutants. The house was built in the 1930s, using
the same type of brick as the garden fence. The house has plastered walls, which were
supplied with energy-efficient thermal insulation in 2017. The entry door of the house to
the garden is located at the SE side. This type of building is characteristic for the outskirts
of the cities and the countryside too; thus, the presented background data could be applied
as general models. An overview drawing of the sampling site is depicted in Figure 1.

Figure 1. Scheme of the sampling/renovation area with the dwelling house, the garden and the old
fence, with capped brick poles (squares); abbreviations: AR—anteroom, B—bushes, DH—dwelling
house, G—gate, Gr—grapes, K—kitchen, P—pine trees, TS—toolshed, X—sampling points.

The renewal of the garden fence was performed from 8 August till 11 September
2022, with intermissions on the weekends and on some workdays due to rainy/stormy
weather. The masons usually worked on the site from 8 a.m. till 5 p.m., with a couple
of short breaks (10–20 min), though in some instances they stayed till 6 p.m. to finalize
one-on-one scheduled daily task. The renovation-related activities included the demolition
of the former brick/grid fence and the toolshed, the cutting/demounting of the original
iron posts and their replacement with new iron poles (e.g., applying an angle grinder with a
cutting disc and the use of primer and topcoat paints, with thinners), the use of a temporary
fence consisting of iron bars, concrete mixing, the construction of the concrete substructure
(total fence plinth height: 0.8 m) along the entire length of the fence (29 m), the laying and
concreting of prefabricated fence brick stones, the application of the primer and topcoat
paint on the posts and the plinth, as well as setting up one new side gate for the garden.
The description of the daily activities of the renovation-related work during the sampling
campaign are compiled in Table S1 of the Supplementary File, while the meteorological
conditions recorded at a nearby weather station near the sampling site are summarized in
Figure S1.
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2.2. Instrumentation and Methods

Two different designs of LCSs, i.e., Geekcreit® (China) model PM1.0/PM2.5/PM10,
built with a PMS5003 Plantower PM sensor (herein referred to as GPM), and Bohu BH1
Models A3/B3 (Bohu IoT Enterprise, China) based on a Pando Technologies G7 sampler
were utilized for the daily monitoring of indoor and outdoor air pollutants (Figure 2).
Although both types of sensors were calibrated according to the manufacturer’s specifi-
cation, they were additionally checked against a research-grade apparatus, as described
in Refs. [29,30]. The outdoor sensors were deployed on a windowsill of the house, over-
looking the garden (NE wall), while the indoor sensors were set up in the anteroom of
the house, on a table, about 2.5 m from the entrance door. A living room and the kitchen
open into the anteroom. The residents usually open the front door of the house more
often in the summer period, due to the hot weather, and for airing the rooms. However,
during the daily reconstruction-related activities, it was usually kept closed, similar to the
windows of the house, in order to prevent the ingress of dust and aerosols. The ventilation
rate of the building was assessed from the exponential decay curves of the ambient CO2
concentration, recorded in the anteroom during the sampling campaign. This method
has already been well described in the literature, e.g., [31]. The calculation resulted in an
average ventilation rate of 0.79 h−1 for evenings (open windows), which corresponds to an
efficient indoor–outdoor air-exchange, while lower rates (0.25–0.45 h−1) were calculated
for the daytime and at the end of the campaign (closed windows and doors).

 
(a) (b) 

Figure 2. Pictures of the GPM and BH1 sensors deployed at the indoor sampling point (anteroom) of
the dwelling house (a) and the outdoor sampling point (b).

The calibration of the BH1 sensors for the monitored gases was performed against
analytical grade chemicals (37% HCHO, abs. EtOH, acetone, supplied by Merck) in a smoke
chamber, while for CO2, stoichiometric reactions of commercial chemicals were applied
as described in Ref. [32]. The sensitivity for the monitored PMx species was 1.0 μg/m3

for both sensor types. The limit of detection (LOD) of PMx acquired by the GPM and the
BH1 sensors was presented in detail in Refs. [29,30], ranging about 1.5 μg/m3. For the
gaseous components, the sensitivity of 1.0 ppm CO2, 0.001 mg/m3 HCHO and 0.01 mg/m3

VOCs could be realized with the applied BH1 sensors. The accuracy of the determinations
for CO2, HCHO and VOCs was ±40 ppm, ±0.005 mg/m3 and ±0.1 mg/m3, respectively,
according to the manufacturers’ reports.

2.3. Statistical Methods

For the evaluation of the monitoring data, Microsoft Excel© was applied throughout
this study. First, the raw data were filtered for outlier values of PMx, some of these
corresponding to the internal calibration cycles of the LCSs. The monitoring data, collected
every second (GPM) and minute (BH1), were averaged to data of 5 min resolution for
each LCS. The statistical data of various PMx and gaseous pollutants were calculated,
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including minimum, maximum, median, arithmetic mean, first and third quartiles. The
average indoor–outdoor (I/O) ratios were calculated for each air pollutant. The Pearson’s
correlation coefficient (R) was calculated for the indoor and outdoor monitoring data to
reveal the relationship of the investigated air pollutants and microclimatic variables.

3. Results and Discussion

3.1. Indoor and Outdoor Aerosols, Microclimatic Variables and Their Ratios
3.1.1. Weekly Outdoor Aerosols and Microclimatic Variations

Changes in the weekly average concentrations of various PMx species and some of
the microclimatic conditions were evaluated before (week 1), during (weeks 2–6) and
after (weeks 7–8) the fence renovation (Figure 3). As seen, low levels of PM1, PM2.5-1 and
PM10-2.5 could be observed for the week before the start of the renovation activity, with
averages of 10.3, 3.0 and 0.6 μg/m3, respectively. The PMx did not show any increase on
the subsequent week, when renovation started (week 2), resulting in values of 8.1, 2.9 and
0.6 μg/m3, respectively. However, as compared to the corresponding data of week 1, the
peak concentrations of PM1, PM2.5-1 and PM10-2.5 showed a drastic increase of about 3-, 9-
and 10-fold, respectively, during week 2, reaching values as high as 67, 95 and 37 μg/m3,
respectively. This effect could be expected in the renovation area, which was mostly due
to the demolition of the old brick fence and the toolshed, and the related emission of a
larger amount of coarse and fine dust and aerosols. Nevertheless, the sharp pollution peaks
contributed to the weekly average values only to a low extent.

Figure 3. Weekly trends of PMx and microclimatic data evaluated with 5 min resolution, outdoors at
the sampling site with the GPM-sensor; n = 2040 for each week.

As it can be seen in Figure 3, the subsequent period of the renovation (weeks 3–6) was
also characterized by increased average levels of PM1, PM2.5-1 and PM10-2.5, falling within
the ranges of 8.9–12, 3.1–4.7 and 0.7–1.5 μg/m3, respectively, with averages of 10.7, 4.1 and
1.1 μg/m3, respectively. Peak concentrations of PM1, PM2.5-1 and PM10-2.5 ranged from 33 to
100; 14 to 64; and 7 to 18 μg/m3, respectively. This time interval of the sampling campaign
corresponds to the fence renovation activities (the construction of a substructure, laying of
the bricks, using cement/adhesives). Week 7 of the sampling campaign, representing the
period after the renovation activities, is characterized by considerably decreased average
levels of PM1, PM2.5-1 and PM10-2.5, i.e., 7.6, 2.7 and 0.7 μg/m3, respectively. These data
indicate that the resuspended and on-site-produced aerosol/dust was present at increased
air levels and contributed to the pollution of the outdoor air around the dwelling house.
On the other hand, the PMx data of week 8 already indicates the use of wood heating in
nearby dwelling houses, due to the cold autumn weather. That week was characterized by
enhanced average PM2.5-1 and PM10-2.5 levels, i.e., 5.6 and 1.6 μg/m3, respectively.

Before the start of the renovation (week 1), the average RH was about medium high
(57%), but its average value started to increase gradually from the onset of the renovation
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(weeks 2–5). This could be due to the application of higher amounts of water in this area
for the purpose of the reconstruction work (e.g., concrete production) and the hot summer
weather, which contributed to the continuous evaporation of the water applied, and an
increased RH. However, after a decrease (week 5), the RH showed an increase till week
7 (i.e., the period after the renovation) between 69% and 81%. The sampling campaign
was featured with a rather modest air temperature (range: 18.5–27.8 ◦C, average: 24.4 ◦C),
showing a gradual decrease on the final weeks of the renovation (weeks 5–6), due to arrival
of slightly colder early autumn weather.

3.1.2. Weekly Indoor Aerosols and Microclimatic Parameters

The weekly mean concentrations of the monitored PMx species and microclimatic
conditions were evaluated similar to those of the outdoor air sampling, i.e., before (week 1),
during (weeks 2–6) and after (weeks 7–8) the fence refurbishment (Figure 4). As can been
seen, low concentrations of PM1, PM2.5-1 and PM10-2.5 could be observed for the week
before the renovation activity, with averages of 7.7, 3.3 and 1.3 μg/m3, respectively. Of
these variables, the mean value of PM1 and PM2.5-1 showed a small decrease to 6.2 and
3.2 μg/m3 in the week when renovation started (week 2), whereas the average of PM10-2.5
developed some increases, i.e., to 1.7 μg/m3, respectively. Interestingly, this sampling week
was characterized by several lower and some large peaks of PM1, PM2.5-1 and PM10-2.5,
reaching as high as 160, 255 and 220 μg/m3, respectively, as compared to the former values
(week 1). These data, along with the increased coarse background PMx levels and higher
weekly variance point towards some influence of the ongoing renovation activities on the
indoor air quality.

Figure 4. Weekly trends of size-segregated aerosol concentrations and of microclimatic data indoors
(anteroom of the dwelling house); n = 2040 for each week/variable.

As seen in Figure 4, the subsequent period of the refurbishment (weeks 3–6) could be
characterized by rather fluctuating average levels of PM1, PM2.5-1 and PM10-2.5, in the ranges
of 5.3–8.2 (average: 7.1), 2.6–4.1 (average: 3.6) and 1.2–2.1 (average: 1.8) μg/m3, respectively.
However, week 7 of the sampling campaign, i.e., after the renovation activities, was
characterized by significantly dropped average levels of PM1, PM2.5-1 and PM10-2.5, with
4.3, 2.1 and 1.1 μg/m3, respectively. For the reasons explained above, week 8 was already
characterized by slightly enhanced average aerosol levels, e.g., 5.7, 2.9 and 1.7 μg/m3, for
PM1, PM2.5-1 and PM10-2.5, respectively.

Hansen et al. [12] reported that suspended PM with lower aerodynamic diameters was
present at considerably higher levels during a nearby building demolition in the outdoor
air around a hospital than before, but only by low factors: ultrafine particles increased by
1.6-fold, particles ≥ 0.3 μm by 1.6-fold, particles ≥ 0.5 μm by 2.9-fold and particles ≥ 1 μm
by 3.3-fold. However, no significant effects of the outdoor construction work on the indoor
air quality were reported. On the other hand, the present results point towards an increase
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in the concentration of the indoor PMx in the dwelling house during the fence renovation,
while their levels dropped quite quickly after finishing these activities.

With regard to the microclimatic data, recorded by means of the LCSs on the first two
weeks of the sampling campaign, the average indoor RH level was moderate, with similar
values, i.e., ≈49.7%. However, during the subsequent sampling weeks, it developed a
slightly increasing and fluctuating trend, e.g., ranging from 54% to 62% (average: 58%).
The weekly indoor air temperature showed high values at the beginning of the sampling
campaign (average: 27 ◦C), but started to decrease on week 5 (from 25.9 to 23.4 ◦C, average:
24.8 ◦C), in response to the gradual seasonal cooling of the outdoor air.

3.1.3. Weekly Trends of Indoor–Outdoor PMx Ratios

The weekly average I/O ratios for various PMx fractions are depicted in Figure 5. As
one can see, the I/O ratio of PM1 was quite low, ranging from 0.6 to 0.8 (average: 0.7),
showing that the fine aerosol was mostly originating from the outdoor air. This parameter
featured a slightly fluctuating trend, and peaked on week 2, due in part to the rising
influence of the fence renovation activity, and the related ingress of a large number of fine
particulates indoors. Quite the opposite pattern could be observed for medium and coarse
particles. Interestingly, I/O ratios for PM2.5-1 slightly higher than 1 could only be observed
on week 1 and week 2 of the sampling campaign, i.e., about 1.1, pointing towards indoor
sources of these particulates. On the other hand, starting from week 3, the I/O ratios of
PM2.5-1 showed a gradually decreasing trend, with lower values (range: 0.79–0.92, average:
0.86), corresponding to outdoor sources of this aerosol fraction. Interestingly, the I/O
ratio of the coarse aerosol (PM10-2.5) reached fairly high values during the whole sampling
campaign, ranging from 1.4 to 2.6 (average: 1.9). These findings point towards the internal
source of coarse aerosols, partly from cooking activities (related to the use of a gas stove)
and/or resuspended dust/aerosol, or even the ingress of finer particles from outdoors and
their efficient coagulation/accumulation in the indoor air.

Figure 5. Weekly indoor–outdoor (I/O) ratios of PMx and microclimatic variables calculated for the
sampling campaign; n = 2040 for each week.

The I/O ratios of the air temperature only slightly fluctuated from 1.0 to 1.3 (mean:
1.1). These data did not show any temporal pattern related to the outdoor renovation
activities. However, the I/O ratios of the RH values ranged between 0.7 and 0.9 (average:
0.8). During the first two weeks of the campaign, slightly increased values for I/O RH
were observed, pointing towards the lowered impact of the water content of the outdoor
air. These data point towards the ingress of outdoor air with higher water content into the
interior of the dwelling house during the renovation activities.

3.1.4. Weekly Outdoor Levels of Gaseous Components

The variation in the weekly average concentrations of the monitored gaseous species
was evaluated before (week 1), during (weeks 2–6) and after (weeks 7–8) the renovation
activities (Figure 6). As appears from the data, the weekly average air level of HCHO ranged
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around 0.01 mg/m3 before, during and after renovation (weeks 1–8) and demonstrated
low variability for each week as well. However, larger HCHO maxima, ranging from
0.2 to 0.95 mg/m3, were observed on the fence renovation weeks. As with HCHO, the
average air concentration of CO2 showed quite low fluctuation during the sampling weeks,
ranging between 517 and 540 ppm (average: 530 ppm). This pollutant was characterized
by variance of a medium degree, corresponding to a rather moderate motor vehicle traffic
on the nearby main street.

Figure 6. Variation in the weekly average concentrations of the monitored gaseous pollutants
outdoors at the sampling site; resolution: 5 min, n = 2020 for each week; positive and negative error
bars show maximum and minimum values, respectively.

The average weekly outdoor level of VOCs was about 0.02 mg/m3 for week 1. It
showed a fluctuating pattern onwards in the next sampling weeks, peaking as high as
0.032 mg/m3 on week 3, but it decreased gradually on weeks 4–7, although a modest
increase could be seen on week 8, with high fluctuations. In summary, the VOC levels
varied over quite a large scale, with high peaks (e.g., 1.1 mg/m3) observed on weeks 2–3.
This was mostly due to some of the painting/adhesive-related reconstruction activities and
the use of thinners for the paints and on the iron support structure of the fence against
weathering, as well as the painting on the plinth of the fence (primer and topcoat paints).
Interestingly, on week 8, an outstandingly high VOC concentration of 2.5 mg/m3 could
be observed, which was most likely due to wood burning in the neighborhood in the
evening hours.

3.1.5. Weekly Indoor Levels of Gaseous Components

The variation in the weekly average concentrations of the gaseous species monitored
indoors were assessed too (Figure 7). As it can be seen, the weekly mean CO2 level indoors
was fluctuating between 540 and 645 ppm, with rather high variance for each sampling
week. These levels are well below the recommended IAQ values summarized by the
ASHRAE Standard (3500 or 5000 ppm) [33]. The indoor source of CO2 is predominantly
cooking activities, related to emissions from combustion-based stoves (gas/coal/biomass
stoves, e.g., [34]), and exhalation of occupants [15], each contributing to the indoor ac-
cumulation of this pollutant in contexts with sealed doors and windows or nonproper
ventilation of the apartment. For instance, Sánka and Földváry [13] reported that the CO2
concentration ranged between 660 and 2050 ppm (mean: 1205 ppm) before the renovation
of a residential building (block of flats). However, after the renovation to introduce energy-
saving measures, significantly higher CO2 levels (range: 880–2770 ppm, mean: 1570 ppm)
were recorded in several of the study apartments. This was mainly due to the lowered
air-exchange rate of the building, i.e., 0.61 h−1 vs. 0.44 h−1, before and after the renovation,
respectively. In addition, they reported a similarly enhanced indoor VOC concentration,
i.e., 0.57 mg/m3 and 0.77 mg/m3, before and after renovation, respectively [13].
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Figure 7. Changes in the weekly average air levels of the monitored gases, evaluated with 5 min
resolution, indoors (anteroom); error bars denote fluctuations (SD), n = 2020 for each week.

In this study, interestingly, the weekly average indoor VOC level was negligibly low,
being only rarely detectable during the sampling campaign with the presently applied
sensors. However, one high peak of VOCs was caught on week 8, reaching a concentration
as high as 0.036 mg/m3, which was related to cooking activities in the morning. This obser-
vation is in line with the quite sharply increased CO2 concentration (range: 640–1080 ppm,
average: 860 ppm) and the slightly increased PMx levels during this pollution episode,
with PM1, PM2.5 and PM10 peaking at 40, 50 and 57 μg/m3, respectively. Moreover, indoor
emissions of VOCs (range: 0.01–0.03 mg/m3, average: 0.02 mg/m3), whose source could
not be identified, could also be observed on some occasions in week 8. They were not
related to outdoor pollution, since the simultaneous monitoring with the LCSs could not
detect VOCs in the outdoor air, but were likely due to some cleaning activities, which
release higher levels of organics. The related literature reports on the sources of VOCs
arising partly from various chemicals/materials (e.g., adhesives, paints, lacquers) of newly
established/renovated buildings and partly from the occupants’ belongings and activi-
ties [14]. Overall, in the study dwelling house, the level of VOCs was found to be lower
than the recommended IAQ value of the WHO (0.5 ppm).

The average weekly indoor HCHO level was rather high during the sampling cam-
paign, ranging from 0.019 to 0.022 mg/m3, as compared to that observed for the outdoor air
(cf. data of Section 3.1.4). In addition, broad fluctuations in the HCHO levels could be seen
indoors, for instance, on week 6. On the other hand, it should be noted that this pollutant
is primarily of indoor origin; its source is mostly related to adhesives used in wooden
boards and furniture [8]. However, Dodson et al. [14] reported that besides occupants’
activities, building sources could contribute as well. The interior of the studied dwelling
house is also most likely characterized by a mixed pattern of HCHO sources too, due to
the predominant presence of furniture made of fiberboard and/or plywood, as well as the
use of various cleaning agents and fragrances, in addition to daily cooking. Overall, the
median indoor level of HCHO (0.020 mg/m3) was below the IAQ standard of the WHO
(0.1 mg/m3, [35]). Similar mean/median values were documented for dwelling houses
in Austria (0.025 mg/m3, n = 160) [36], France (0.0196 mg/m3, n = 567) [35], Arizona
(0.021 mg/m3, n = 181) [37] and Quebec City, Canada (geometric mean: 0.0295 mg/m3,
n = 91) [38]. On the other hand, the present HCHO data are twice higher than those re-
ported for post-occupancy buildings in Boston (0.011 mg/m3) [14], but half of the average
level found in Helsinki (0.041 mg/m3) [39].

3.1.6. Weekly Indoor-to-Outdoor Ratios for Gaseous Air Pollutants

The weekly average I/O ratios for the monitored gases are depicted on Figure 8. As
seen, the weekly average I/O ratio of CO2 ranged between 1.0 and 1.2, showing an increase
in the first three weeks of the sampling period, followed by a decrease (weeks 4–5), and
then another increase towards week 8. Similarly, the I/O ratio of HCHO developed a rather
similar trend over the campaign weeks, fluctuating between 1.9 and 2.1. As expected, the
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VOC levels showed negligibly low I/O ratios, which was due to the low level of these
species indoors, resulting in a rare detection frequency. The lower airing rates of the rooms
also contributed to the less efficient introduction of fresh air, resulting in an ingress of
VOCs too. Two of the monitored gaseous species (CO2 and HCHO) were mainly of indoor
origin in the dwelling house, i.e., related to the usage of the gas stove for daily cooking
activities (CO2, HCHO), the exhaling of residents (CO2) and/or the presence of plywood
and fiberboard furniture (HCHO).

Figure 8. Trends of weekly average indoor-to-outdoor (I/O) ratios of the studied gaseous air pollu-
tants, calculated for the sampling campaign; n = 2040 for each week.

3.2. Over-Campaign Temporal Evolution of PMx and Gaseous Pollutants
3.2.1. Trends of Indoor and Outdoor PMx

The temporal evolution of the indoor and outdoor PMx data is depicted in Figure 9a–c.
As it appears, the first two weeks of the campaign could be characterized by high levels
of outdoor PM1 and moderate levels of PM2.5-1 and PM10-2.5. At the middle of the week
(10 and 12 August), there were some decreases in the overall PMx content in ambient
air. On the other hand, enhanced background levels of PMx appeared on subsequent
days and weeks, a couple of them featuring intensive peaks. A higher variability in the
PMx concentrations could be seen from 6–8 September, indicating worsened air quality.
Nevertheless, the overall PMx concentration began to fall after 9 September, on the last
weekend of the refurbishment activities.

The temporal evolution of the indoor PMx concentration appears to follow that of the
outdoor PMx regarding each aerosol fraction (Figure 9a–c). Nevertheless, the indoor air
could be characterized by lower background PMx levels during the sampling campaign,
whereas high peaks occurred more frequently indoors compared to the outdoor air. The
high indoor peaks of PMx were mostly due to the daily cooking activities on the gas stove.
As such, one of the most serious types of air pollution events was observed when using
cooking oil in an open frying pan and encountering its accidental overheating and burning,
which brought a significant contribution to the in-house aerosol levels.

3.2.2. Temporal Evolution of Gaseous Pollutants

The temporal evolution of the monitored gaseous pollutants is depicted in Figure 10.
As it appears, the indoor air concentration of CO2 shows a fluctuating pattern, i.e., around
550–600 ppm on average. Only a few CO2 maxima above 1000 ppm can be seen, whereas
a large number of peaks appear between 800 and 1000 ppm. This air concentration was
already considered as the safety level for people staying indoors and exposed to CO2 levels,
as suggested in Ref. [40]. The observed relatively high peaks occurred usually during
the last week of the sampling period, when the outdoor temperature dropped, and lower
ventilation rates (0.25–0.39 h−1) for the dwelling house were observed due to the less
frequent airing of the rooms.
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(a) 

(b) 

(c) 

Figure 9. Temporal evolution of the indoor and outdoor PMx concentrations recorded with the GPM
sensor during the sampling campaign; PM1 (a), PM2.5-1 (b) and PM10-2.5 (c).

The indoor HCHO level was observed to be fluctuating around 0.021 mg/m3 (range:
0.009–0.49 mg/m3), with several sharp peaks appearing on each week of the sampling.
These peaks were rather due to indoor sources of varying intensities, e.g., furniture, adhe-
sives and cooking activities. On the contrary, the outdoor air level of HCHO was mostly
found to be low and rather constant, around 0.01 mg/m3 on average during the sampling
campaign (Figure 10b). Only some occasional peaks of this pollutant were seen, reaching
as high as 1.1–2.5 mg/m3 on weeks 2–4, each related to some fence construction activities,
and on week 8, when some nearby wood burning activities occurred, as noted above.

The indoor VOC levels were low during the sampling campaign, mostly undetectable
with the applied LCSs (Figure 10). However, some of the days at the end of the sampling
campaign (e.g., week 8) were characterized by enhanced VOC concentrations, which
reached values as high as 0.036 mg/m3. These maxima were mostly associated with
gas stove-assisted cooking in the morning hours, when the indoor CO2 levels were also
peaking, i.e., about 1000–1080 ppm. The average outdoor concentration of VOCs was 0.012
mg/m3, while peak concentrations occurred several times during the renovation-related
work, especially on weeks 2–3, each related to the use of paints and corresponding thinners,
and even on week 8, likely related to the use of wood/coal-fueled stoves for barbecues
and/or domestic heating.
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(a) 

(b) 

Figure 10. Temporal evolution of the concentrations of the monitored gaseous pollutants during the
sampling campaign; indoors (a) and in the outdoor air (b).

3.3. Correlation of Indoor and Outdoor PMx and Gaseous Pollutants

Pearson’s correlation coefficients calculated between indoor and outdoor data sets for
the whole campaign showed only very weak or no correlations of the variables. Therefore,
the most relevant air pollution episodes of the renovation (weeks 2–3) were evaluated for
correlation (Table 1). As it can be seen, the indoor and outdoor PM1 and PM2.5-1 levels
were weakly correlated with each other (R = 0.34–0.43) as expected on the base of the above
findings. Much lower/no correlation was attained between the indoor or outdoor data of
the finer fractions and PM10-2.5 (R = 0.13–0.22).

Table 1. Indoor–outdoor correlation coefficients (R) for air pollutants and microclimatic variables for
weeks 2–3 of the sampling campaign.

Indoor Parameter
Outdoor Variable

PM1 PM2.5-1 PM10-2.5 CO2 HCHO VOC T RH

PM1 0.37 0.34 0.16 −0.13 0.04 0.08 0.31 −0.12
PM2.5-1 0.40 0.43 0.13 −0.04 0.03 0.09 0.30 −0.06
PM10-2.5 0.22 0.14 0.15 −0.20 0.04 0.03 0.26 −0.15

CO2 −0.05 0.13 −0.19 −0.19 0.02 0.07 0.32 −0.22
HCHO 0.07 0.25 −0.20 −0.20 −0.01 0.08 0.32 −0.15
VOC - - - - - - - -

T 0.01 0.10 −0.18 −0.67 0.05 0.11 0.85 −0.66
RH 0.50 0.50 0.22 0.45 0.06 0.11 −0.15 0.67

The indoor–outdoor data of HCHO and VOCs did not show any correlation. The
indoor CO2 concentration was strongly negatively correlated with the air temperature
(R = −0.67), while it showed a weak correlation with RH. However, the indoor and outdoor
data of microclimatic variables (T, RH) were strongly correlated, with R values of 0.85 and
0.67, respectively. The indoor air temperature was anticorrelated fairly closely with outdoor
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RH, while the outdoor temperature showed weak correlation with the concentrations of
most of the studied indoor pollutants (R = 0.30–0.32).

The correlation data of the outdoor variables are compiled in Table S2, while those
of indoor data are listed in Table S3. For the outdoor variables, the fine, medium-size
and coarse aerosol showed strong correlations with each other (R = 0.76–0.89). The air
CO2 concentration featured some correlation with the RH (R = 0.67), but some negative
correlation with the air temperature (R = −0.53). Interestingly, VOCs were loosely correlated
with HCHO (R = 0.33), suggesting the latter compound is a partial degradation product.
For the indoor air, the various PMx fractions were more strongly correlated (R = 0.84–0.94)
than the outdoor PMx. Only a weak correlation between CO2 and HCHO was observed,
pointing towards the possible source of HCHO from combustion/cooking activities. All
these data point towards a low influence of outdoor air pollutants on the indoor AQ
parameters.

3.4. Temporal Changes in Pollutants at a Nearby Air Quality Station

The weekly trends of PMx and CO concentrations, calculated from the hourly raw mon-
itoring data of an official AQ station, are depicted in Figure 11. As it appears, the weekly
average PM2.5 concentrations ranged between 6.0 and 9.1 μg/m3 (average: 7.3 μg/m3).
Weeks 1, 2, 5 and 7 could see lower averages, while the other weeks were characterized by
slightly higher concentrations. Apart from week 6 and week 8, the within-week variation
of PM2.5 was low, manifested in the observed low variances. The weekly average PM10-2.5
levels ranged between 3.1 and 8.8 μg/m3 (average: 5.5 μg/m3, median: 4.5 μg/m3). Osten-
sibly, higher levels were experienced for the summer period (weeks 1–4). This generally
high fluctuation was manifested in the enhanced variances (i.e., higher maxima), peaking
on week 5 of the sampling campaign. Overall, it can be seen that the temporal evolution of
the PMx levels indoors is in agreement with those observed outdoors at the sampling site,
as background pollution.

Figure 11. Weekly trends of PMx and CO levels evaluated from the data of an official air quality
station on Gergely street (Kőbánya district, Budapest).

Besides PMx, air CO levels were evaluated at the AQ station. This gas mostly stems
from incomplete, high temperature combustion, such as biomass burning and vehicle
exhaust emissions, and is an indicator of the extent of emissions for these types of nearby
sources, similar to air CO2 levels. As seen, the average weekly CO level ranged from 322
to 461 μg/m3 (average: 395 μg/m3). Interestingly, its air concentration was small during
the summer period (weeks 1–4), whereas a slightly rising level was observed during the
autumn weeks, likely due to increased traffic nearby. A rather low fluctuation in the CO
level was obtained (Figure 11). Overall, this indicates the smooth contributions of traffic on
summer weeks, whereas around 25% increase in the CO level was obtained on the early
autumn weeks of the sampling period.
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4. Conclusions

This study reported on the indoor and outdoor levels of fine, medium-sized and coarse
PM as well as some gaseous pollutants (CO2, HCHO, VOC) in a dwelling house, monitored
concurrently during the reconstruction activities of the garden fence, performed for several
weeks. The weekly average data for size-segregated aerosols indicate that the resuspended
and on-site produced aerosol/dust was present at increased concentrations and contributed
to the pollution of the outdoor air around the dwelling house. This enhanced aerosol
burden was mostly due to the work processes related to the renovation, which involved the
resuspension of dust, including the demolition of the old fence, excavation and substructure
construction.

An enhancement in indoor PMx levels was observed during the fence renovation, but
only to a small extent. These variables featured a decrease shortly after the finalization
of the outdoor renovation activity. The indoor-to-outdoor concentration ratios indicate
that the fine and medium-size aerosols were mostly of outdoor origin; their concentrations
depended on the type of the renovation activity. However, the coarse aerosols were
mostly of in-house origin, partly due to cooking activities and/or likely the coagulation of
finer PM.

Among the studied gases, HCHO showed a rather small and constant outdoor concen-
tration pattern, whereas its average indoor level was twice as high. Furthermore, indoor
HCHO levels varied over a wide range due to some in-house emission sources, such as
cooking on the gas stove, the presence of plywood/fiberboard furniture, fragrance and
detergent use, etc. The outdoor CO2 concentration developed a similar smooth weekly
trend, but with increased variability. However, the indoor CO2 level was rather dependent
on the in-house emission sources, such as cooking duration, the number and length of
stay of occupants and the room ventilation frequency. On the other hand, the outdoor
VOC level changed over a broad range, demonstrating its dependence on reconstruction
work, such as the use of paints and thinners for the new fence. Peak concentrations of
the outdoor pollutants (e.g., PMx, VOC) were found to be better indices for the nearby
reconstruction activities and related pollution episodes than the weekly average/median
values, which showed only slight difference during the sampling period. The utilization
of high-resolution low-cost sensors for monitoring gaseous pollutants and suspended
particulate matter helped to reveal changes in several air pollutants/AQ parameters in fine
temporal resolution and to assign some dominant emission sources.

Apart from CO2 and VOCs, some correlations of the pollutants were observed regard-
ing indoor and outdoor data. Some of the PMx data were compared to those observed at
a nearby official AQ station, reflecting a similar background air pollution pattern before,
during and after the fence renovation activities, as observed in the outdoor air around the
studied dwelling house.

Based on the observed PMx values and the gas pollutant levels, the fence renovation
work posed a small health risk to the surrounding residents. It is to be noted that the
air permeability of the new fence is lower than that of the old one, which may cause an
alteration in the concentration of air pollutants via changing their ingress into the garden
and indoors, which can have consequences for the health effects of the residents. This
aspect of renovation-related pollution has not yet been exploited; thus, it remains for future
research.

Supplementary Materials: The following SMs are available online at https://www.mdpi.com/
article/10.3390/atmos15070790/s1, Figure S1: Summary of the meteorological conditions, Table S1:
Timeline of the renovation activities, Table S2: Correlation coefficients of the outdoor air pollutants
and microclimatic variables, Table S3: Correlation coefficients of the indoor air pollutants and
microclimatic variables.
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