Sustainable Cities and Society 95 (2023) 104607

Contents lists available at ScienceDirect
tainable Cities
Society

Sustainable Cities and Society

At

journal homepage: www.elsevier.com/locate/scs

ELSEVIER

t.)

Check for
updates
L |

Citizen-operated mobile low-cost sensors for urban PM5 5 monitoring: field
calibration, uncertainty estimation, and application

Amirhossein Hassani®, Nuria Castell >, Agot K. Watne ”, Philipp Schneider*

@ NILU - Norwegian Institute for Air Research, P.O. Box 100, Kjeller, 2027, Norway
b IVL Swedish Environmental Research Institute, Valhallavagen 81, Stockholm 11428, Sweden

ARTICLE INFO ABSTRACT

Keywords:

Air quality monitoring
Particulate matters (PM, s)
Mobile low-cost sensors
Uncertainty analysis
Machine Learning
Snifferbike

Citizen science

Research communities, engagement campaigns, and administrative agents are increasingly valuing low-cost air-
quality monitoring technologies, despite data quality concerns. Mobile low-cost sensors have already been used
for delivering a spatial representation of pollutant concentrations, though less attention is given to their un-
certainty quantification. Here, we perform static/on-bike inter-comparison tests to assess the performance of the
Snifferbike sensor kit in measuring outdoor PMy 5 (Particulate Matter < 2.5 pm). We build a network of citizen-
operated Snifferbike sensors in Kristiansand, Norway, and calibrate the measurements using Machine Learning
techniques to estimate the concentrations of PMj 5 along the city roads. We also propose a method to estimate the
minimum number of PM; 5 measurements required per road segment to assure data representativeness. The co-
location of three Snifferbike kits (Sensirion SPS30) at the monitoring station showed a RMSD of 7.55 pg m~3. We
approximate that one km h™! increase in the speed of the bikes will add 0.03 - 0.04 pg m~> to the Standard
Deviation of the Snifferbike PM; 5 measurements. We estimate that at least 27 measurements per road segment
are required (50 m here) if the data are sufficiently dispersed over time. We recommend calibrating the mobile
sensors when they coincide with reference monitoring stations.

1. Introduction

Over half of the world’s population lives in urban areas, and ur-
banization is still increasing (Ritchie et al., 2018). Cities are the engines
of social and economic growth, but they are responsible for more than
70% of air pollutant emissions (Lederbogen et al., 2011). Densely
populated areas impose numerous environmental and policy-making
challenges, such as air pollution, waste management, and resource
usage (Chowdhuri, Pal, & Arabameri, 2022; Pal et al.,, 2021; Sat-
terthwaite, 1993). According to the “European Environment Agency”,
ecological and sociological footprints of poor air quality are still envi-
ronmental threats to European cities despite the recent achievements in
reducing emission levels and pollutants concentration (Ortiz et al.,
2020). It is estimated that 90% of city dwellers are exposed to pollutant
concentrations above the thresholds accepted as healthy (World Health
Organization, 2016); further, annually, 8 - 13 billion Euros is estimated
to be required to address the air pollution-caused health effects. Among
these pollutants is PM (Particulate Matter), which significantly impacts
the human respiratory and cardiovascular systems. In 2018, it is esti-
mated that 417,000 premature deaths were connected to long-term
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exposure to PMy 5 (Particulate Matter < 2.5 pm) across all of Europe
(Ortiz et al., 2020).

In Nordic countries, ~75% of the total population dwells in urban
regions, and municipalities aim to provide clean air for all residents
(Geels, 2015; Im et al., 2019). Reaching this aim demands assessing the
urban air quality and emission sources and investments in devising
sustainable plan actions to reduce the emissions. Many small and me-
dium towns in Nordic countries, however, have limited access to re-
sources and adequate funding to operate the traditional reference
monitoring stations. Even in the bigger municipalities where such re-
sources are available, reference stations are geographically sparse, and
many urban environments within the municipality are
under-represented in terms of air quality monitoring. The recent ad-
vances in Low-Cost Sensor systems/kits (LCSs) and mobile technologies
for monitoring air quality have offered opportunities for real-time
monitoring of air pollutants such as NOy, CO, Os, and mainly PM at
higher densities than typically possible with traditional reference
equipment (Aleixandre & Gerboles, 2012; Castell et al., 2017). In
addition, the low cost of the LCS platforms allows for investigation of the
individual air quality experience (Cheriyan et al., 2020; Sm et al., 2019)
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and citizen engagement (Citizen Science) in air quality monitoring
(Ekman et al., 2021; Mahajan & Kumar, 2020; Mahajan et al., 2020).

Compared to LCSs (throughout this paper, by LCS we mean LCS
system/kit as they usually integrate a collection of sensors) used for
measuring gaseous pollutants, PM LCS have been proven to show higher
reliability and ease of operation in field applications (Lewis et al., 2018;
Vogt et al., 2021). The use of PM LCS platforms in research projects,
decision-making, and Citizen Science initiatives for PM monitoring has
been rapidly growing in recent years (Giordano et al., 2021). Despite the
substantial improvements in calibration and accuracy of the PM LCSs,
they still have several limitations, and they are not adequate for regu-
latory purposes due to data quality and precision (Morawska et al.,
2018). The application of PM LCS is mainly limited to cases where
relative changes in particulate levels are desired over a relatively short
period — days to a few months (Morawska et al., 2018) or when
indicative measurements are enough. In some cases, data from LCS have
been successfully assimilated with modeling data to improve the model
predictions’ accuracy, e.g. Schneider et al. (2017).

PM LCSs are prone to meteorology-driven inaccuracy, particularly
Relative Humidity (RH), drifts in calibration, and limited lifetime
(Alfano et al., 2020; Vogt et al., 2021); on the other hand, little infor-
mation is usually provided by the sensor manufacturers about the actual
real-world performance of the PM LCSs. The difficulty in the evaluation
of the performance of PM LCS and all-in-one calibration procedures
(Vogt et al., 2021; Wang et al., 2023) has led to numerous studies
dedicated to calibrating and analysis of the reproducibility, scalability,
and quantification of the performance of PM LSCs, under different
operating conditions (Alfano et al., 2020; Kang et al., 2021; Liu et al.,
2017; Venkatraman Jagatha et al., 2021; Vogt et al., 2021); however,
the majority of this research is focused on static LCSs, and until recently,
in-field evaluation of portable PM LCS in a non-stationary environment
has received little attention.

Comparing the data from nine air monitoring stations with standard
PM, 5 instruments with the data of 100 mobile SDS019-TRF PM LCSs
mounted on taxis in Jinan, the capital city of Shandong Province, China
(Qin et al., 2020) showed a Mean Absolute Error between 12.71 and
32.84 pg m~ (Correlation Coefficient = 0.70 - 0.88). A two-phase data
calibration method was proposed by Lin et al. (2018) consisting of a
linear and a nonlinear component (multiple least squares and Random
Forest) to calibrate the Mosaic, a mobile air quality monitoring system
mounted on urban buses that measures PMy 5. They demonstrated a
6.1% - 133% improvement in precision using their method compared to
traditional approaches for PM; 5 calibration. However, their sensors
were calibrated against mid-cost Dylos DC1700 air quality sensors,
mounted on the buses, not the stationary official monitoring stations.
Some mobile networks do not offer such mid-cost sensors. Wang et al.
(2023) conducted extensive stationary co-location experiments in two
American cities, New York, and Boston, to evaluate the performance of
various parametric and Machine Learning (ML) calibration algorithms.
To assess their transferability, the best-performing calibration models
were applied to a network of mobile sensors in Boston. They observed
models trained in a stationary environment did not transfer well to
mobile sensors.

Depending on the platform used for mobile measurements, such as
cars, public transport vehicles, bicycles, and humans, measurements
may be biased in space and time (Samad et al., 2020). The data are
primarily measured during rush hours and sensors pass more frequently
on specific routes. Additionally, contingent on the speed of movement,
the measurement of portable LCSs may be subject to rapid changes in
micro-climatic parameters, leading to lower accuracy and difficulty in
differentiating signals from the noise. The difference between raw PMs 5
measurements and reference signals (Dylos DC1700) increased as speed
increased from 3 km h™! to 9 km h™! in experiments conducted with
three SDS011 sensors mounted on a rotary table at 5 cm, 10 cm, and 15
cm distances from the center (Lin et al., 2018). Despite these limitations,
the mobility of LCSs for air quality monitoring purposes adds to the
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spatial coverage and makes them suitable alternatives for personal
exposure to air pollution studies (DeSouza et al., 2020; Lee et al., 2020;
Lim et al., 2019; Lu et al., 2021; Mihaita et al., 2019; Miskell et al., 2018;
Santana et al., 2021; Van den Bossche et al., 2016; Wesseling et al.,
2021). To take full advantage of mobile air-quality monitoring tech-
nology, it is necessary to address the sampling bias issue and analyze the
reliability of the mobile LCSs in response to mobility speed or interfer-
ence with meteorological parameters.

Here, we use the case of Kristiansand municipality (Norway) and 10
PM LCSs mounted on bikes, combined with official data from two
reference monitoring stations to advance the current knowledge on the
in-field calibration and application of mobile LCSs. Citizens operate the
sensors to monitor urban air quality. The purpose of this paper is to
evaluate the performance of portable LCSs for monitoring PM under a
variety of different operating conditions and to make recommendations
about how citizen science can efficiently utilize these tools. We inves-
tigate how reliable the Snifferbike PM LCSs are for measuring PMj s,
particularly at higher cycling speeds, how we can improve their accu-
racy through smart calibration techniques, and how we can address the
spatio-temporal sampling biases in the measurements. To answer these
questions, we (1) analyze the results of a series of co-location and fixed/
on-bike inter-comparison tests to quantify the reliability and accuracy of
the Snifferbike portable sensors in measuring PM, s, specifically in
response to sensor speed; (2) calibrate the mobile sensor measurements
using ML techniques to enhance their accuracy and evaluate the trans-
ferability of the models, and (3) develop a method to find the optimal
number of measurements per road segment to assure the validity of the
spatial repressiveness of the measurements. Finally, we discuss the
technological and societal limitations involved in mapping the vari-
ability of PMj 5 along Kristiansand’s roads using the measurements from
citizen-operated mobile LCSs. This paper presents a comprehensive
evaluation of the limitations of LCS for air quality monitoring and pro-
vides insights into how LCSs can be used to improve the spatial coverage
of air quality data and enable citizen engagement.

2. Methods

Fig. 1 illustrates the work sequence for this paper. The flowchart
outlines a process for evaluating the accuracy of ambient PMjy s
measured by Snifferbike sensors in Kristiansand, Norway. The process
involves using reference monitoring station data, as well as Snifferbike
sensor kits to collect on-bike data. The data is then evaluated by official
PM, 5 data and sensor-to-sensor inter-comparisons, and a ML model is
used for remote calibration. Lastly, the data accuracy is assessed and the
PM, 5 concentrations along the roads are mapped.

2.1. Study location

We carried out this study in Kristiansand, a seaside city and munic-
ipality in southern Norway. With a population of ~112,000 inhabitants
as of January 2020, Kristiansand is the fifth largest city in Norway.
Kristiansand is a pilot city in the NordicPATH (Nordic participatory,
healthy, and people-centered cities: https://nordicpath.nilu.no/,
accessed on 16 Nov 2022) research project, focusing on co-monitoring
and citizen-engaged urban planning for shaping healthier cities in
Nordic countries.

There are two reference monitoring stations in Kristiansand: (1)
Bjgrndalssletta, a traffic station with proximity to the E18 highway,
owned by the Norwegian Public Roads Administration, and (2) Stener
Heyerdahl, an urban background station owned by Kristiansand munic-
ipality (Fig. 2b). These two reference stations are equipped with CEN
(European Committee for Standardization)-approved PM analyzers, in
line with the criteria of European Standards. The measured data are
continuously monitored by NILU (Norwegian Institute for Air Research,
https://www.nilu.com/, accessed on 16 Nov 2022) for quality assurance
purposes. PM3 5 and PM; are routinely measured at the station (time
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Fig. 2. Spatial distribution of the PM, 5 concentrations measured by the 10 Snifferbike sensors in Kristiansand, Norway. a, b, and ¢ show the city and data at different
scales. The geographical location of the reference Kjevik (airport) climate station and reference monitoring stations is represented in a and b, respectively.
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zone: UTC + 1) using GRIMM EDM 180 (with a reproducibility > 97% of
the total measuring range).

2.2. Snifferbike sensor kits

In November 2020, we purchased 11 LTE-M-enabled Snifferbike
sensor kits developed by SODAQ (https://sodaq.com/, accessed on 16
Nov 2022) and Civity (https://civity.nl/en/, accessed on 16 Nov 2022)
with an approximate price of €270,00 per unit. SODAQ AIR is available
in the market as an updated version of these sensors. Snifferbike sensor
kits integrate a u-Blox EVA-M8 concurrent positioning engine, a Bosch
BME680 temperature and humidity sensor, and a Sensirion SPS30 (https
://sensirion.com/products/product-categories/particulate-matter/,
accessed on 16 Nov 2022) dust sensor for measuring PM (PM;, PMj 5,
and PMlo).

According to the manufacturer user guide, the most accurate mea-
surements are the mass concentration of particles between 0.3 and 2.5
pm in size. The manufacturer-provided error for the mass concentrations
in the range of 0 - 100 pg m ™2 is £10 pg m™> and for the range of 100 -
1000 pg m~3, it is reported to be +10%. Previous studies also have
shown that Sensirion SPS30 is not efficient in measuring the coarse
fraction of the PM (Kang et al., 2021; Kuula et al., 2020; Vogt et al.,
2021). Accordingly, we focused here only on PM; 5 measurements.

Snifferbike sensors measure the air quality every 10s and send the
raw data (pollutant concentration, temperature, RH, position, and Unix
timestamp) to the City Innovation Data Platform (CIP) developed by the
IoT Civity company for calibration and data quality purposes. The data
then is pushed to the NILU (https://nordicpathlive.nilu.no/, accessed on
16 Nov 2022) sensor data platform operated by NILU under open data
sharing standards to make the data accessible to third-party users and
for research purposes. Each sensor received a unique ID number on the
NILU sensor data platform, ranging between 155 and 165 (11 units).

2.3. Initial co-location and inter-comparison tests

To evaluate the performance of the sensors in static mode, we co-
located three sensor units at the Bjgrndalsseltta monitoring station
from October 2020 to January 2021 (units 155, 156, 158). Due to
technical issues in data transfer, the data from sensors in some periods,
especially in November 2020 (Sensors 155 and 156), are missing

k.
.
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(Supplementary Fig. 4).

If a calibration scheme from one sensor is going to be applied to the
rest of the sensors, it will be necessary to ensure that the sensors’ ac-
curacy is in the same range. To evaluate the consistency between the
sensors, we performed a series of static and on-bike mobile sensor-to-
sensor inter-comparison tests. First, all 11 sensor kits were statically
installed and inter-compared at the Kristiansand Cathedral (Lon/Lat =
7.9946°E/58.1466°N) from 26 March 2021 to 28 April 2021 (Fig. 3a).
Further, to examine the uncertainty analysis of the sensors’ measure-
ments against speed and inter-comparability of the sensors at mobile
conditions, we mounted all 11 Snifferbike sensors on the same bike. We
rode the bike on two episodes: (1) 31 May 2021, from 16:30 until 18:20
UTC, and (2) 10 June 2021, from 16:20 until 17:20 UTC (Fig. 3b).

2.4. Sensor network

Following the initial co-location and on-bike inter-comparison, an
open call for citizen participation in air quality monitoring was held in
Kristiansand; 63 out of 80 participants agreed to the statement “I want to
install a sensor to monitor air quality where I live and/or travel.”
Eventually, ten mobile sensors (Snifferbike) were distributed among the
most interested participants in October 2021. To reduce the impact of
interference with cycling dust and other debris kicked up while cycling,
we mounted the sensors on the bikes in such a way that their inlets faced
forward on handlebars, away from the wheels and other moving parts.

The raw data measured by the mobile sensors from 01 September
2021 until 06 August 2022 retrieved from the NILU sensor platform is
represented in Fig. 2 and Supplementary Fig. 1. A total of 69,914 mea-
surements were recorded from the sensors during the mentioned period.
We removed the measurements at high speeds, assuming 45 km h™! as
the threshold, for two reasons: (1) it is rare that bike drivers reach higher
speeds in urban environments, and (2) we assumed that the high speed
of the bikes negatively affects the accuracy of the Snifferbike sensor
measurements. We calculated the speed between every two consecutive
measurements based on the time difference and cartesian distance; if the
calculated speed was more than 45 km h™!, both measurements were
removed. Following this pre-processing step, 69,071 measurements
remained in our analysis (1.2% data loss). A similar approach is adopted
in other studies, for example, Wesseling et al. (2021) removed values
over 45 km h™L.

Fig. 3. 11 Snifferbike PM sensors (Sensirion SPS30) inter-comparison tests. a, Kristiansand Tower Church (Kristiansand Cathedral) — from 2021-03-26 to 2021-04-28.
b, mounted on a bike and riding on two episodes: (1) 2021-05-31, from 16:30- until 18:20 UTC, and (2) 2021-06-10, from 16:20 until 17:20 UTC. Photo by Solvor B.

Stglevik, Kristiansand municipality.


https://sodaq.com/
https://civity.nl/en/
https://sensirion.com/products/product-categories/particulate-matter/
https://sensirion.com/products/product-categories/particulate-matter/
https://nordicpathlive.nilu.no/

A. Hassani et al.

Theoretically, Snifferbike sensor kits should not deliver any infor-
mation when immobile. Nearly 29% of the sensor records were calcu-
lated to have a speed of less than 2 km h™!. These low speeds can be
attributed to when the bikes are nearly immobile, or the cyclist has little
movement, for example, behind a traffic light or during parking. Addi-
tionally, sensors do not stop immediately, and it takes some time with
speed = 0 before they cease measuring. We keep those measurements as
they were a considerable portion of our records.

Supplementary Fig. 2 shows the daily, weekly, and seasonal distri-
bution and sampling bias in the recorded measurements, all in the local
winter time (UTC + 1). There are two periods with no data, late
December 2021, and Mid-April 2022; nearly 98% of the samples are
recorded between October 2021 and June 2022. Close to 91% of the data
were measured on the working days, and 97% were recorded between
6:00 and 20:00 local time.

2.5. Sensor data calibration

The preliminary analysis of the co-location and on-bike testing re-
sults showed a bias in the measurements relative to official measure-
ments (discussed in detail in the results section). The temperature and
RH at factory calibration environments differ from the actual meteoro-
logical field conditions, leading to bias/deviation of the commercially
available optical PM sensors. To reduce such bias/deviation in mea-
surements, we calibrated the data against the reference monitoring
station data. Conventionally, some sensors are initially required to be
co-located at the official monitoring stations and calibrated against
reference-grade instrumentation. In-field measurements of the sensors
can then be calibrated using the calibration equations. However, this
calibration scheme may not be adequate for the long-term utilization of
the sensor (networks) as sensors output may drift. Typically, the initial
co-location of the sensors may not capture all environmental conditions
that sensors can face in a particular environment (Alfano et al., 2020).
Physical limitations, such as a lack of space or power supply near the
reference stations, can hinder sensor co-location. Co-locating all sensors
is also resource-intensive and time-consuming. Accordingly, we kept
one Snifferbike unit (ID 156) constantly co-located at the Bjgrndalssletta
monitoring station from October 2021 and adopted remote calibration
schemes to calibrate the sensors’ output. We calibrated unit ID 156 using
ML regression algorithms and applied the developed ML model to the
rest of the sensors, operated by citizens.

We trained tree-based ML models using the hourly-averaged data
from sensor 156 co-located at Bjgrndalssletta from 2021-09-01 to 2022-
08-06. We later applied the trained models to the measurements of the
ten other sensors. Tree-based ML models are very efficient in capturing
non-linearities and reducing the effect of outliers (Breiman, 2001). This
efficiency, however, comes at the cost of higher computational load and
less interpretability.

In addition to the signal from the LCS 156, we used hourly averaged
air temperature (°C), wind velocity (m s’l), dew point temperature (°C),
and RH index (°C), defined as air temperature minus dew point tem-
perature as predictor data. Meteorological data were recorded at the
Kjevik airport climate station (elevation: ~17 m), located 17 km from
the Kristiansand city center, northeast (Fig. 2a). Supplementary Fig. 3
provides information on the ambient wind speeds and directions. Data
were retrieved from the Integrated Surface Dataset (Global) of the Na-
tional Centers for Environmental Information (https://www.ncei.noaa.
gov/access/search/data-search/global-hourly, retrieved in August
2022) in FM-15 Surface Meteorological Airways Format. The final input
table prepared for model training had 6,837 rows. Air temperature and
RH data also were available from the LCSs; however, we used the official
and quality-controlled meteorological station data to keep the predictors
consistent and avoid biases (especially in RH) in measurements from the
LCSs.

We used the Python package “XGBoost” for the implementation of
gradient-boosted trees ML approach: https://xgboost.readthedocs.io
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/en/latest/index.html, accessed on 16 Nov 2022 (Chen et al., 2016) to
establish data-driven relation (model) between the co-located sensor
measurements, auxiliary predictors, and the reference station PMj 5
measurements as target value. “colsample-bytree” (searched randomly
in the range between 0.001 and 1), “learning-rate” (0.001 - 1), “max--
depth”: (1 - 10), “no-estimators” (1 - 500), and “subsample” (0 - 1) were
the optimized hyper-parameters using Sci-Kit Learn “Randomized
Search CV” function (Pedregosa et al., 2011). Hyper-parameters were
randomly sampled 15 times (number of iterations) using a 5-fold
cross-validation splitting strategy to find the optimal set of
hyper-parameters. We repartitioned the input data before each new
iteration (with equal weights). We trained the models using the opti-
mized set of hyper-parameters. 10-fold cross-validation evaluation
metrics, including MAE (Mean Absolute Error;), RMSE (Root Mean
Square  Error),  R? (explained R? = 1-
(Z(yi -9 /i —}Ti)z); yi is the true value, y; is the prediction,

L 1
and y; is the mean true value), and maximum error (Predication —
Observation) were used to evaluate the performance of the trained
models.

The trained models using unit 156 were deployed to calibrate the
measurements from the rest of the Snifferbike sensors. To further assess
the performance of the adopted calibration scheme, we compared the
calibrated Snifferbike measurements against the official PMy 5 mea-
surements of the Stener Heyerdahl station (Fig. 2b). To do so, we found
the calibrated measurements in a circle with a radius of 200 m around
the Stener Heyerdahl. We calculated the RMSE and R? against the
reference measurements for hourly averaged data. The comparisons
showed that only some sensor units have sufficient measurements to
extract meaningful inferences at such a radius (units 155, 157, 158, 160,
and 164). This comparison also showed that the adopted remote cali-
bration scheme does not necessarily improve the reliability of the
measurements (this is discussed/quantified in detail in the results sec-
tion). On this account, we applied the above-described calibration
scheme only to the sensor units which did not have enough data records
around the Stener Heyerdahl station, and we trained individual ML
XGBoost models for the rest of the sensor units.

These models were prepared using the sensor measurements recor-
ded inside a circle of 200 m radius around the Stener Heyerdahl station
and the corresponding official PMj 5 and predictors’ values. We assumed
that a 200 m radius around the monitoring station is short enough to
assure that measurements are within the spatial representativeness of
the monitoring station. This assumption is in line with previous studies,
e.g., Shi et al. (2018) found that the PM; 5 representative area of each
station varies between 0.25 km? (r ~ 282 m) and 16.25 km? (r ~ 2,274
m), however, is less than 3 km? (r ~ 977 m) for more than half of the
stations, using high-resolution observations of 169 urban stations in
North China (Nov 2015 to Feb 2016). A hyper-parameter tuning and
evaluation approach, like what we explained for unit 156 was used for
calibrating these individual sensors; only the hyperparameters were
randomly sampled ten times to reduce the run time.

variance;

2.6. Minimum measurements per road segment calculation

We used the calibrated Snifferbike measurements to map the spatial
distribution of PMj 5 along the roads in Kristiansand. As mentioned, the
measurements are geographically and temporally biased; simply aver-
aging the measurements can be misleading. Previous studies have
assumed a hypothetical lower limit for the required measurements per
road segment to ensure the averaging reliability. For example, eight by
Van den Bossche et al. (2016), although that study is focused on Black
Carbon, or 25 and 50 by Wesseling et al. (2021).

However, we adopted a quantitative approach for defining the
minimum required measurements per road segment. To do so, first, we
divided the road map in Kristiansand into arbitrary segment lengths (50
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m in this case). We assigned the Snifferbike measurements to the closest
segment as the GPS coordinates received from the sensors are noisy; they
do not locate precisely on the road segments. Following this, for each
minimum measurement threshold (ranging between 1 and 150), we
calculated the mean of the Standard Deviation (SD) of the measured
PM, 5 values in all road segments. For example, for the minimum
measurement threshold 10, we calculated the SD of the measured PM; 5
in all road segments with > 10 PM 5 measurements (i.e., data count)
from the sensors. We repeated this procedure for a minimum measure-
ment threshold of 11 and continued until 150. Mean SDs (y) were then
plotted against the minimum measurement thresholds (x, 1 - 150). Mean
SD initially increases by an increase of minimum threshold and later
begins to reduce. The minimum threshold was chosen where the mean of
SDs starts to decline; in other words, the minimum threshold was the x
value at which the mean SD reaches its maximum.

3. Results and discussion
3.1. Initial co-location at the reference monitoring station

The times series of the PMjy 5 measured by the sensor co-located at
the Bjgrndalssletta monitoring station (sensors 155,156, and 158) and
the reference monitoring station measurements are shown in Supple-
mentary Fig. 4. Fig. 4 also visualizes the scatter plots of sensors factory-
calibrated PM, 5 signal (and PM;() against the official data from the
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station. During the co-location period, the average air temperature, RH,
and wind velocity were 3.72°C, 87.3%, and 1.85 m s_l, respectively. The
average PM, 5 measured by GRIMM EDM 180 was 10.65 pg m > during
the co-location period. The mean Pearson Correlation Coefficient (r)
between the sensors’ PMs 5 output and the reference measurements was
0.75. The mean factory-calibrated RMSD (Root Mean Square Deviation)
of the three sensors from the reference measurements was 7.55 pg m™>,
This value was reduced to 2.41 pg m~> following a Robust Linear (using
built-in MATLAB “fitlm” function) calibration of the sensor output. The
robust estimator we used is less sensitive to outliers than traditional
estimators like ordinary least squares (OLS). We used a method called
Iteratively Reweighted Least Squares (Robust Linear Regression) with a
“bisquare” (biweight) weight function and a default setting of 4.685 as
the tuning constant.

Overall, three sensors underestimated the PMjys during the co-
location analysis. The matrix plot shown in Supplementary Fig. 5 also
represents the factory-calibrated sensor-by-sensor comparison. The
correlation between the sensors varies between 0.86 and 0.96. Supple-
mentary Figs. 6 and 7 show similar results for the continuation of the co-
location of Snifferbike unit 156 at Bjgrndalsseltta monitoring station,
starting from October 2021 to August 2022. The sensor underestimates
PM; 5 values relative to the reference instrument (RMSD = 6.73 ug m™3).
A PM pollution episode, which took place between 20 and 27 March
2022 (with PM; daily mean concentrations of 50 - 100 pg m~°), is also
distinctly captured by the sensors (Tsyro et al., 2022).
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Fig. 4. Comparison of reference-equivalent (Bjgrndalssletta station) PM, s and PM;, data against the measurements of the three co-located Snifferbike sensors. The
dots’ color shows the scatter density. The blue color represents lower density while yellow is a high-density region. We have used Iteratively Reweighted Least
Squares fitting (Robust Linear regression) using the “bisquare” (“biweight”) weight function with the default tuning constant of 4.685 to reduce the outlier effect. For
further details, readers are referred to MATLAB “fitlm” documentation (https://uk.mathworks.com/help/stats/fitlm.html, retrieved in December 2022). r: Pearson
Correlation Coefficient. R%: Coefficient of determination. RMSD: Root Mean Square Deviation. Sensor-Ref r and RMSD values shown in the legends are calculated
based on factory-calibrated sensor outputs (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article).
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In a review of the outdoor environmental setting’s influence on the
correlation of PMy 5 LCS with the reference instrument, Kang et al.
(2021) found a median r# (including rs that were converted to ) equal
to 0.72 (25th Percentile = 0.53, 75th Percentile = 0.85) according to 80
studies. Parameters influencing the performance of PM LCSs sensors,
such as environmental conditions, co-location procedure, and ambient
PM concentrations are site-dependent. Thus, comparing the Sensirion
SPS30 accuracy observed here with similar studies may be only an
overall indication of the sensors’ performance. Hong et al. (2021) re-
ported an average factory-calibrated RMSD = 5.64 pg m > for five
Sensirion SPS30 PM; s sensor units co-located at Penzhen reference
station (reference instrument: BAM-1020 FEM), Taiwan compared to
official hourly measurements from 2019-11-13 to 2020-12-30. Roberts
et al. (2022) collected Sensirion SPS30 PMj 5 data from 29 July 2019 to
12 December 2019, in a reference site in Columbia, South Carolina, and
observed a RMSD = 3.029, and a bias = -1.61 pg m~> for one-hour
averaged measurements; however, outliers were detected/removed in
their analysis. Overall, the factory-calibrated PM, 5 measurements of the
Sensirion SPS30 used in our analysis in static mode show a good cor-
relation with the reference instrument and bias compared to the
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literature. Yet, the Robust Linear calibration of the sensors in static
mode substantially improves the accuracy of the measurements.
Kristiansand is a seaside city, and RH is over 60% most of the year.
Due to the sensitivity of the optical PM LCs sensors to RH (Feenstra et al.,
2019), we particularly analyzed the role of RH on the factory-calibrated
measurements of Snifferbike sensor kits with integrated Sensirion
SPS30. It is widely accepted in the literature that PM LCS bias increases
with a higher RH due to the negative impact of water vapor on light
scattering properties of aerosol particles (Brattich et al., 2020; Jayar-
atne et al., 2018). The validity of Sensirion SPS30 PM5 5 measurements
at various environmental conditions is evaluated in other studies. It has
been shown that they have a superior performance in handling high
humidity levels compared to similar sensors. For example, relative to
AirSensEUR and Airly PM LCSs, Vogt et al. (2021) concluded that
Ensense PMj 5 LCSs (which integrates the Sensirion SPS30) show the
lowest bias (less than 5 pg m™~>) and dependence on changes in RH,
through a two-month co-location of the sensors at a reference moni-
toring station in Oslo. Hong et al. (2021) likewise observed high fluc-
tuations for Mean Normalized biases (MNBs) or deviation from
reference instrument data (BAM-1020) for the Plantower PMS5003 and

40+

30+ , & %

20

Ref PM,, _ minus LCS PM, _ (ug m™)

B ST - NI < N \ I - MEA\ N
N A & Q10 PP

RH (%)

Fig. 5. Role of Relative Humidity (RH) on the absolute Snifferbike PM, 5 sensor bias from official measurements at Bjgrndalsseltta station. a, the magnitude of bias
for each RH bin depends on the air temperature. b, swarm chart of PM, 5 bias against RH bins. The distribution of the bias data is visualized against each RH bin based
on the kernel density estimate of bias. The black dotted line represents the average bias for each discrete RH bin.
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Honeywell HPMA115S0 at increasing RH values while those of Sensirion
SPS30 PMy 5 showed slight increase when the RH was higher than 80%.

Our results align with those studies as we observe here that the mean
bias of the three sensors (during all co-location periods) against different
RH bins is less than 10 pg m ™~ with respective mean and median of 4.17
and 2.94 pg m~3, respectively (Fig. 5). Additionally, our results suggest
that air temperature plays a significant role in this bias from the refer-
ence measurements. Typically, the bias (reference measurement minus
LCS measurement) at the lower temperature bands (-5 - 0°C) and higher
air temperature bands (20 - 25°C) is more than the medium temperature
bands (10 - 15°C). Summary statistics are presented in Supplementary
Table 1. Our results are relevant to only three Sensirion SPS30 in Kris-
tiansand (Norway); this provokes further investigation on other sensor
brands and other environmental/meteorological conditions.

3.2. Sensor uncertainty estimation

The time series of the PM; s measured by all 11 sensors inter-
compared at the Kristiansand Cathedral shows a very good sensor-to-
sensor correlation between the Snifferbike sensor kits ranging from r
= 0.96 to r = 0.98 (Supplementary Figs. 8 and 9). A similar analysis for
Sensirion SPS30 conducted by Vogt et al. (2021) also revealed an
excellent inter-sensor correlation (r > 0.99) for PM 5 measured at the
Kirkeveien air quality monitoring station in Oslo, Norway (from 28
August to 19 October 2020). The results of the on-bike sensor
inter-comparison tests are presented in Supplementary Fig. 10. Air
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temperature/RH measured at the Kjevik airport station was 20.5°C
/59.21% and 18.5°C /75.07% during the 2021-05-31 and 2021-06-10
on-bike tests, respectively. Measurements of PM 5 at different speeds
show high variability during the on-bike tests with an average SD of 0.81
Hg m 3 (Fi g. 6). We estimate an increase of 1 km h~! will increase the SD
of the 11 sensors PM, 5 measurements by 0.03 pg m 3.

Similar to the on-bike inter-comparison test, we attempted to esti-
mate the variability in the coincident Snifferbike (ridden by citizens)
sensors’ measurements as a function of the bike speed. Bike-based
measurements are assumed to be coincident if they are located within
a 50 x 50 m grid at the same minute. The SD of the factory-calibrated
PM, 5, measured by bikes passing the same grid cell of 50 x 50 m at
the same time (i.e., at the same minute), shows an increase of 0.04 ug
m~3 with one 1 km h™! increase in the average speed of the bikes
(Fig. 7a). PMy5 SD was calculated only when at least five coincident
measurements were available in the same grid-cell-minute. This rate is
0.01 pg h km™! m~> higher than the estimated uncertainty from the on-
bike inter-comparison tests. This rate is 0.08 pg m~> per km h™! for
calibrated coincident bike measurements (Fig. 7b). At a speed of 25 km
h™! (SD = 1, and 2 pg m™>), this represents normalized standard de-
viations of 19% and 28.5% (normalized to the interquartile range of
measured and calibrated data), respectively. The variability in sensor
measurements also shows a statistically meaningful relation with PMj 5
concentration (Fig. 7c and d). The SD of coincident data increases by
0.04 pg m~> and 0.02 pg m~> by 1 pg m~> increase in the average PM, 5
measured by the coincident Snifferbike sensors before and after

Snifferbike data onbike inter-comparison testing

25
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Fig. 6. Standard Deviation (SD) of the factory-calibrated measurements of all 11 Snifferbikes against the bike speed during the 2021-05-31 and 2021-06-10 on-

bike tests.
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calibration, respectively. According to the factory documentation, this
increase in sensor uncertainty can be due to the higher error of Snif-
ferbikes at higher PM> 5 concentrations.

Overall, the results here confirm that the uncertainty of the PMj 5
measurements of Sensirion SPS30 sensors increases at higher speeds;
this increase in variability can be assumed negligible at usual bike
speeds (5 - 15 km h, contingent on the low ambient PM, 5 concen-
trations (less than 30 pg m™3). In a relevant study, Wesseling et al.
(2021) analyzed 5000 h cell™! coincident PM, 5 measurements in grids
of 50 x 50 m in Utrecht, Netherlands. They assumed uncertainty on the
order of 6 ug m~> in the average concentration of the PMj 5 measured by
Snifferbikes in mobile mode. This assumption was based on the

10

similarity of the scatter of the hourly coincident sensor data mean (x)
against SD (y) to the scatter of co-located Snifferbike sensor data (x)
against reference instrument (y). According to the range of observations,
they also concluded that the difference among sensors in mobile mode is
limited. However, the increase rates calculated above are general and
may occasionally hide the high levels of variation in coincident bike
measurements within each grid. The SD of both the calibrated and
factory-calibrated response of the coincident sensors may be up to 2 ug

m 3, even at low speeds of 2 km h™'.
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3.3. Calibration using Machine Learning models

Supplementary Tables 2 and 3 summarize the hyper-parameter
tuning and cross-validation results of calibrating co-located sensor 156
(XGBoost ML model). 10-fold cross-validation R% and RMSE for the final
trained ML model were 0.78 and 3.97 pg m >, respectively. For PMy 5
sensor calibration, Mahajan and Kumar (2020) found that Support
Vector ML models outperformed other ML models including Linear
regression, Random Forest, and Artificial Neural Networks with an
average RMSE of 3.39 g m > and an average RZ of 0.87. The study used
10 Smart Citizen sensor kits (Plantower PMS 5003) co-located with a
GRIMM EDM 107 reference-grade instrument. To estimate the concen-
tration of pollutants based on real-time data, Hemamalini et al. (2022)
presented a Smart Drone monitoring solution with bidirectional gated
recurrent unit (Bi-GRU) network modeling. As a result of the model
evaluation, RMSE values of 1.63, 1.35, and 1.47 pg m 2 were found for
the dumpsites of solid waste, residential areas, and industrial areas,
respectively.

We estimated the importance of predictors for the XGBoost model.
The signal from Snifferbike was the most important predictor (relative
variable importance = 100%), followed by RH index (10.75%), dew
temperature (10.63%), wind velocity (8.46%), and temperature
(7.45%). The significance of predictors is primarily case-specific and
depends on the size of the input training set, the hyper-parameter tuning
scheme, and the choice of predictors.

The final trained model using sensor 156 was applied to factory-
calibrated output from the 10 Snifferbike sensors. A total of 1,672
measurements were located within a circle of 200 m radius around the
Stener Heyerdahl reference station. We assumed that the number of
measurements from each Snifferbike should be more than 50 to evaluate
that sensor against the official measurements. This threshold limited our
analysis to sensor units 155, 157, 158, 160, and 164. Since the reference
station measurements are hourly, we averaged the Snifferbike sensor
measurements at hourly resolution and compared them with reference
data (Supplementary Figs. 1 and 12). Compared to the reference mea-
surements from the Stener Heyerdahl, applying the model calibration
model from the sensor unit 156 to Snifferbikes 160 and 164 (respective
RMSD values of 4.33 and 5.77 pg m~>) reduced the factory-calibrated
measurement accuracy (respective RMSD values of 4.71 and 7.84 pg
m~3). As mentioned in the methods, we trained separate XGBoost ML
models for the sensors with enough measurements around Stener
Heyerdahl (using Stener Heyerdahl official PM, 5 data) to address this
issue; the other five sensors were kept calibrated using unit 156.

Hyper-parameter optimization and 10-fold cross-validation results
for individually calibrated sensors 155, 157, 158, 160, and 164 are
summarized in Supplementary Table 4 and Supplementary Table 5,
respectively. Similar to the predictor importance order for unit 156,
factory-calibrated signal output (average relative variable importance
= 100%), RH index (48.2%), dew temperature (32.98%), wind velocity
(32%), and temperature (27.7%) were the most important predictors.
Training these five individual ML models improved the calibration
against the official measurement; all five models’ hourly-averaged 10-
fold cross-validated predictions are illustrated in Supplementary
Figs. 13 and 14. Unfortunately, the measurements in the vicinity of the
Bjgrndalsseltta monitoring station were insufficient to evaluate these
five models independently.

Based on our results, the initial co-location and/or remote calibra-
tion of Snifferbike sensors does not necessarily improve the accuracy of
the measurements in the mobile mode. A similar conclusion is drawn by
Wang et al. (2023), who concluded that model transferability is limited
for the models trained in the stationary settings to the mobile setting due
to differences in urban environments and climates.

3.4. Spatial mapping of the PM2 5

The mean distance of the points to the center of 50 m road segments
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was 7.7 m. According to the proposed method for estimating the mini-
mum required points for each road segment, we found that at least 27
measurements per road segment are needed to make a robust estimation
of PMj, 5 concentration along the roads. This value is represented as a
cut-off line in Fig. 8 which shows the mean SD of PM; 5 measurements
across in road segment against the minimum measurement count in each
road segment. Our results show that this cut-off depends on the road
segment length choice. The higher the road segment length, the higher
the cut-off (Supplementary Figs. 15 and 16).

The spatial distribution of the calibrated PMs 5 measurements and
the corresponding standard error (SD divided by +/sample size) for each
segment is shown in Fig. 9. The road segments in this map are 50 m, and
at least 27 measurements are averaged in each segment. Overall, the
(calibrated) PMj 5 measured by the Snifferbike sensors was 9.36 pg m3
per road segment (October 2021 - Aug 2022) over the whole city.
Additionally, Supplementary Fig. 17 shows the spatial distribution of the
calibrated PM; 5 measurements at different day periods (with at least 27
measurements per road segment). The average of PMy 5 measurements
per road segment during the rush hour in the morning (6:00 - 10:59) and
afternoon (16:00 - 22:00) was 9.5 pg m > and 10.87 pg m™>, respec-
tively. In general, PM; 5 concentration was higher in the denser region of
the city (Kvadraturen). Wesseling et al. (2021) and Sm et al. (2019)
found a similar spatio-temporal pattern in PMy 5 concentrations and
attributed this to the higher traffic load. However, our evaluation
showed no statistically meaningful relationship between the road
type/traffic load and measured PM; 5 concentrations (Supplementary
Figs. 18 and 19, and Supplementary Table 6). To do so, we compared the
hourly-averaged calibrated Snifferbike PM; 5 measurements with the
corresponding traffic count data summed per hour (data were retrieved
from Statens Vegvesen: The Norwegian Public Roads Administration,
September 2022; https://www.vegvesen.no/trafikkdata). Sensor data
were at a maximum of 200 m away from the Kristiansand municipality
Inductive Loop vehicle counters. Results obtained here may partly be
due to spatio-temporal sampling bias and insufficient data available
from our sensor network, while Wesseling et al. (2021) analyzed 500
sniffer bikes in their analysis.

PM, 5 concentrations show two diurnal peaks (bimodal distribution),
one between 8:00 and 12:00 and the other between 16:00 and 23:00.
The morning peak is likely caused by a lower boundary layer and
fumigation effect (American Meteorological Society, 2020; Kompalli
et al., 2014; Tiwari et al., 2013). In the afternoon, wood burning for
household heating accounts for most of the peak. It has been found that
wood burning is one of the main sources of fine PM emissions in Norway
during the winter months (Wolf et al., 2021).

3.5. Study limitations and future research recommendations

e We conducted the on-bike inter-comparison tests only for two 1.5 h
periods. More extended on-bike inter-comparison tests during
different meteorological and environmental conditions can better
evaluate the uncertainty in sensor measurements.

e We here quantified the uncertainty of the sensors against the bike
speed. By more extended on-bike inter-comparison tests at controlled
bike speeds, it would be feasible to investigate the role of varying
micro-climatic parameters (e.g., air temperature and RH) on the
uncertainty of the sensor PM measurements.

e There may be some errors in the estimation of air pollutant con-
centrations at the site due to drag caused by the bicycle’s motion.

e The ambient wind speed and direction when the bikes are operating
can affect the accuracy of the measurements, even at low speeds.
Hyper-local data on wind speed and direction are necessary for a
robust uncertainty estimation which were not available by Sniffer-
bike sensor kits. The cost of installing and maintaining hyper-local
wind speed sensors can be high.

e One shortcoming of this analysis can be the small size of the sensor
network and the high temporal and spatial sampling bias in the
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Fig. 8. Standard Deviation (SD) and standard error of Snifferbike PM, s measurements in each road segment against the minimum measurement count in each
road segment.

measurements. We had only ten sensors-participants in our sensor
network, with five participants providing 81.8% of the data.
Relevant to the previous point, due to a lack of enough data in the
vicinity of the Stener Heyerdahl, we could not appropriately evaluate
the performance of the remote calibration scheme for some of the
Snifferbike sensors.

The Snifferbike measurements are at 10s temporal resolution, while
the official data from the reference instruments are at hourly
resolution.

Due to a lack of funding resources, the Snifferbike sensor tool kits
were not inspected during the analysis period. A good practice will
be that sensors are regularly inspected and co-located in reference
monitoring stations to provide more robust calibration results.

The reproducibility of co-dependency of the Sensirion SPS30 bias on
RH and temperature needs further investigation under different
environmental conditions. Additionally, analysis of such behavior
from other PM LCSs is worthy of research.

In the method that we proposed for the estimation of minimum
required measurements per road segment, all measurements might
relate to a short period. For example, assume that there are 50
measurements available for a road segment, and all of them are
recorded during an hour. In that case, the provided mean of the
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measurements cannot be representative of the real PM level in that
road segment. One approach to address this issue is to calculate the
SD of the measurements’ date of sampling in each road segment;
here, the SD for only three road segments was less than one week
(Fig. 10). The mean of SD for measurements’ date of sampling in each
road segment was 63 days and 30 min.

4. Conclusions

Citizen science initiatives can foster collaboration and knowledge
sharing between researchers, policymakers, and the general public.
Using mobile LCSs, citizen science initiatives can provide valuable data
on air pollution in urban areas. This data can be used by individuals and
communities to save official monitoring costs, increase public aware-
ness, devise better policy decisions, and eventually reduce air pollution.
Calibration and estimation of measurement uncertainty, however, are
crucial to ensuring the accuracy and reliability of data collected by these
Sensors.

We aimed at quantifying the uncertainty and evaluation of a specific
LCS brand (Sensirion SPS30 integrated into Snifferbike sensor kit) in a
mobile mode which is less considered in previous studies. We conducted
co-location and sensor-to-sensor inter-comparison tests on Snifferbike
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Fig. 9. Spatial distribution of calibrated PM; 5 measured by the 10 Snifferbike sensors mounted on bikes between Oct 2021 and Aug 2022, Kristiansand, Norway.
Values are the means of at least 27 measurements across each road segment (50 m length).

PM, 5 sensors. We developed a network of sensors mounted on citizens’
bikes to map the PMys variability along the roads in Kristiansand
Norway.

In static mode, the co-location of the three Snifferbike sensors at the
reference monitoring station showed a RMSD of 7.55 pg m ™ and a r of
0.75, compared to reference measurements. In static mode and different
RH bins, we observed a lower deviation from the reference measure-
ments at moderate air temperatures (5 - 10°C) compared to low or high
air temperature ranges (-5 - 0°C and 20 - 25°C), respectively. At the same
time, it is generally accepted that deviation increases with RH increase.
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Our sensor-to-sensor inter-comparison of the Snifferbike sensors in static
mode revealed a high correlation (r ranging from 0.94 to 0.99) between
the output of the sensors. In contrast, on-bike/coincident bike inter-
comparison tests showed an increase in SD of factory-calibrated
measured PM, 5 between 0.03 and 0.04 pg m~> per one km h™! in-
crease in the bike speed. The factory-calibrated SD of PMj; 5 measure-
ments also increased by 0.04 pg m~3 with a 1 pg m~ increase in ambient
PM, 5 levels. We conclude that uncertainty in Snifferbike PMj 5 mea-
surements increases by the device speed; at low to moderately low
ambient PMy 5 concentrations (0 - 30 pg m~>) and low to moderate
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Fig. 10. Standard Deviation (SD) of the times at which PM; 5 samples were measured by the ten citizen-operated Snifferbike sensors in Kristiansand, Norway. SDs are

calculated for road segments of 50 m in length.

sensor speeds (0 - 15 km h™1), this uncertainty (or SD of PMjy 5 mea-
surements) can be assumed to be negligible.

The Snifferbike network was successfully used in mapping the spatial
distribution of PMy 5 pollution along the roads in Kristiansand. Overall,
the average (calibrated) PM5 5 measured by the Snifferbike sensors per
road segment was 9.36 pg m > in the analysis period (October 2021 -
Aug 2022). We did not find any correlation between the high concen-
trations of PM> 5 and traffic load in the city center of Kristiansand. The
study proposes a method for estimating the minimum number of PMj 5
measurements required per road segment to ensure data representa-
tiveness, which can be useful for designing air quality monitoring net-
works. Assuming the data are scattered adequately in the time, we
approximated that at least 27 measurements per road segment (50 m
here) are required to make robust estimations of PM5 5 concentration
along the roads. The calculated minimum number of points depends on
the road segment length and needs to be higher at longer road segments.

By comparing the calibrated measurements against independent
official measurements, we conclude that for the case of Snifferbike
sensors, in particular mobile mode, in-field pre-calibration (of limited
sensors) and/or remote calibration of the sensors do not necessarily
improve the accuracy of the measurements. In case of data availability of
both mobile sensors and official stations, we recommend evaluating/
calibrating individual sensors when they pass or are located in the vi-
cinity of the reference monitoring stations. We conclude that on-bike
Snifferbike PM5 5 measurements are useful in combination with static
sensors for non-regulatory air quality monitoring purposes and personal
exposure to PM evaluation, despite the spatio-temporal sampling bias in
data as the limitation in our analysis (as volunteer citizens operated the
sensors). The results of this study provide a practical, replicable, and
scalable guide for designing comparable citizen-operated low-cost
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mobile sensor networks in other urban regions.
Data availability

Sensor data required for replication of the results provided in this
paper are available at the NILU’s sensor data platform, accessible at
https://nordicpathlive.nilu.no/. Bulk data download requires a data
access token that can be obtained from the first/corresponding Authors.
Reference monitoring station data is available at https://luftkvalitet.
nilu.no/en/historical.
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