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Abstract

The EuNetAir Joint Exercise focused on the evatmatnd assessment of environmental
gaseous, particulate matter (PM) and meteorologitatosensors versus standard air quality
reference methods through an experimental urbaquaility monitoring campaign. This work
presents the second part of the results, includingluation of parameter dependencies,
measurement uncertainty of sensors and the usadiine learning approaches to improve the
abilities and limitations of sensors. The resultsfom that the microsensor platforms,
supported by post processing and data modellints,tdmve considerable potential in new
strategies for air quality control. In terms of lptdnts, improved correlations were obtained
between sensors and reference methods throughataib with machine learning techniques
for CO (P=0.13-0.83), N@ (r’=0.24-0.93), @ (r*=0.22-0.84), PM10 {r0.54-0.83), PM2.5
(r’=0.33-0.40) and SO(r*=0.49-0.84). Additionally, the analysis performedggests the
possibility of compliance with the data quality etiives (DQO) defined by the European Air
Quality Directive (2008/50/EC) for indicative measments.

Keywords:Air quality monitoring; Reference methods; Low-tcoscrosensors; Experimental campaign;
Measurement uncertainty; Machine learning

1. Introduction

Air pollution is a very significant environmentahé social issue. At the same time, it is a
complex problem posing multiple challenges in teahmanagement and mitigation of harmful
pollutants. Air pollutants have numerous impactshealth, ecosystems, built environment and
climate; they may be transported or formed ovegldistances, and they may affect large areas.
Air pollution continues to affect the health of Bpeans, particularly in urban areas. It also has
considerable economic impacts; cutting lives shityeasing medical costs and reducing
productivity through working days lost across theoreomy (EEA, 2017; WHO, 2018).
According to The World Health Organization (WHQO), 2016, 91% of the world population
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were living in places where the WHO air quality dglines limits were not met. Additionally,
outdoor air pollution in both cities and rural eseeas estimated to cause 4.2 million premature
deaths worldwide in 2016 (WHO, 2018).

Europe's most problematic pollutants in terms daltheare PM, N@and ground-level ©
In 2015, about 7 % of the EU-28 urban populatios egposed to PM2.5 levels above the EU's
annual limit value. Considering the stricter WHQdglines, approximately 82 % were exposed
to levels exceeding the limit values. Exposure td2F5 caused the premature death of
estimated 428 000 people in 41 European countni@®14. Regarding NQaround 9 % of the
EU-28 urban population was exposed to levels altbgeEU's annual limit value and WHO
guidelines in 2015. Exposure to N€aused the premature death of an estimated 7@&g)ile
in 41 European countries in 2014. Fos Bvels, 30 % of the EU-28 urban population was
exposed to concentrations above the EU's targaeval 2015. Considering the stricter WHO
guidelines, approximately 95 % were exposed tol¢egrceeding the limit value. Exposure to
O; caused the premature death of an estimated 14tflein Europe in 2014 (EEA, 2017).

A wide range of adverse effects of ambient air yimh on health has been well
documented in multiple studies (Pascal et al., 20183 et al. 2016). By working to reduce air
pollution levels, countries can lower the burderswbke, heart disease, lung cancer, and both
chronic and acute respiratory illness, with longrtédenefits to the population (WHO, 2018).

However, there is significant inequality in expastw air pollution and related health risks:
air pollution combines with other aspects of theigoand physical environment to create a
disproportionate disease burden in less affluentsp society. The WHO guidelines address
all regions of the world and provide uniform tagédr air quality that would protect the vast
majority of individuals from the adverse effectstwrlth. More than 80% of the population in
the WHO European Region (including the EuropeamdnEU) lives in cities with levels of
PM exceeding WHO Air Quality Guidelines. Since eanrelatively low concentrations the
burden of air pollution on health is significantfeetive management of air quality that aims to
achieve WHO Air Quality Guidelines levels is ne@gsto reduce these risks to a minimum.
Exposure to air pollutants is largely beyond thetas of individuals, requiring action by public
authorities at the national, regional and inteoral levels. A multisector approach, engaging
transport, housing, energy production and indussryneeded to develop and effectively
implement long-term policies that reduce the riskair pollution to health (WHO, 2013).

The evaluation of the status of air quality (AQ)bissed on ambient air measurements, in
conjunction with data on anthropogenic emissiors teir trends. Holistic solutions must be
found that involve technological development, amdicdural and behavioural changes. Air
quality policies have delivered, and continue tdivde, many improvements. However,
substantial challenges remain and considerable atepan human health and on the
environment persist (EEA, 2017).

The increasing availability of low cost sensors Eying various monitoring principles
creates the need to identify which are the mostagate to be further refined and calibrated.
For this purpose, it is necessary to estimate thexatl performance of a large number of
collocated sensors (Kotsev et al., 2016). Thisamby calls for the application of standard time
series analysis and comparison methods, but aksdnttorporation of overall measurement
profile and behaviour, so that a sensor network mayerate reliable AQ data. Calibration
methods have been based on sensor intercompadsowgell as on overall sensor network
calibration (Jiao et al., 2016) and self-calibrat{&ishbain and Moreno-Centeno, 2016). Recent
studies indicate that machine learning technologiag significantly improve the performance
of air quality sensor nodes reducing the impaatro§s-sensitivity issues (Spinelle et al., 2015;
De Vito et al., 2018). Most of them however, hawee carried out on single systems,
developed by the same company or research inetiytilimiting the understanding and
potential about their general applicability.
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In the first part of this work, the overall resuttsan intercomparison of AQ microsensors
with reference methods during an AQ monitoring caigip in Aveiro, Portugal, were presented
(Borrego et al., 2016). The overall performancéhefdiverse sensors in terms of their statistical
metrics and measurement profile indicated signiticdifferences in the results. In terms of
pollutants, the following results were observed:(@ 0.12-0.77), CO {r 0.53-0.87) and N©
(r*: 0.02-0.89) with some promising results, but elyusgnsors showing no correlation with the
reference method. For PM*(10.07-0.36) and SO(r*: 0.09-0.20) the results showed a poor
performance with low correlation coefficients be#ne the reference and microsensor
measurements.

The purpose of this study is to present the sepamndof the results of the intercomparison
campaign in Aveiro for two weeks in October 201dmplementing the analysis performed by
Borrego et al. (2016). More specifically, it is ended to (a) understand parameter
dependencies, (b) measurement uncertainty of sengoy the use of machine learning
approaches to improve the abilities and limitatiohsensors, contributing to their calibration
and further development.

The paper is organized into the following sectioBection 2 gives a description of the
experimental campaign and methodology; Section ésgnts the results obtained with the
different data analysis strategies; finally, Sattoprovides the conclusions.

2. Experimental Design

2.1.Characterization of the study site

In this exercise, the AQ microsensor systems westlled side-by-side on the IDAD Air
Quality Mobile Laboratory (LabQAr), supplied withtamdard equipment and reference
analysers for CO (Infrared photometry), NOx (Cheminescence), £ (Ultraviolet
photometry), S@ (Ultraviolet fluorescence), particulate matter RM1 PM2.5 (Beta-ray
absorption), and meteorological variables (Vai¥s;aT520). During the exercise, LabQAr was
parked on Avenue Santa Joana, near the Cathediesfo, in an urban traffic location in
Aveiro city centre. The sensors were mainly insthlbetween 2.5 and 3 m above ground on the
roof of the mobile laboratory, with the referenceteorological measurements at ~5 m on a
telescopic mast (Fig. 1).

Fig. 1. Set-up of the AQ mobile station and micro-sensairing the ¥ EuNetAir campaign.

2.2.Comparison of technical requirements of the sensoles

Aside from the performance of the sensor nodes wéthard to comparability with
reference instruments, discussed in Borrego €R@L6), the selection of a specific sensor node
should also consider a number of technical parasete well as data quality and uncertainty.
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132 These include; size, power, connectivity requiretsieand number of pollutants monitored
133 (Table 1).
134 Table 1.Technical requirements and features of the sermteqevaluated during the Aveiro intercomparisenpzagn.
AUTh- Prototype
OdorChec .
Sensor node AQMesh SNAQ Prototype NanoEnvi ECN EveryAware kerOutdo ISAG Mogiule Alr-sensor
Module airbox SensorBox or (with box
IAQcore)
IDAEA- . .
Operated by csic+ | Cambridge | o joog | NILUS ECN VITO 3s AUTh | Stemens | pyea
Univ. Envira AG
AQMesh
Parameters NO, NO,, CO,CQO,, T RH CO,NO,, PM2.5 gasoline/’diese T, RH, T, RH, p, bSt O, SQ,
measured CO, 05 O?:,\\A/%: Os, T, RH | PM10, NO; exhaust fumes, voC NO,, Os calibrated to PMF\}S T,
T,RH CO)
Time resolution ?Sm;ln(; E%S
(and ability to 15 min (Y) | 20 sec (Y) 1 sec (Y) > 1 10 min (Y) 1s(N) 3min (Y)| 5min (Y 10s (Y) 16in (Y)
o 30 and 60
modify it, Y/N) )
min)
Able to operate No; no
while connected to power Yes Yes Yes Yes Yes Yes Yes Yes Yes
power (Y/N) required
Yes, <10
May operate on Yes hours, ves (<5h,
Yes; <24 Yes; >1 . Yes (external increased| powered by
batte_ry (Y/N’ and months month (external ‘| Yes; 2 days Yes batterypack) No with connected No
duration if Yes) batterypack
extended | notebook)
battery
Able to store data
internally (Y/N,

: : Yes; >1 Yes; one \ Yes,>2 | Yes,>1 Yes; > 1
max durgtlon with Yes Yes No year month Yes; 6 months months year No year
default time
resolution)

. Yes,
Online data sTneasrt(v::Lhne modem
transmission Yes Yes Yes Yes Yes and "’ Airr) robe’ under Yes No Yes
possible (Y/N) P developme|
app) nt
If online data Bluetooth SIM card
- . SIM card, S SIM w/ ' SIM card,
transmission SMcard | SMcard | Z9%%€ | Ethemet, | SIMcard | COMMUNICaliol sppg |  Xbee Wi-Fi,
possible, how? optional Zigbee n with Ts wireless Ethernet
Wifi, SIM card, etc. 9 smartphone module
Able to be deployed
outdoors Yes Yes Yes Yes Yes No Yes Yes No Yes
(waterproof) (Y/N)
Frequency of No No No . No No
maintenance . . . Biannual No ~2 . .
) ; maintenanc| maintenanc| maintenanc o Yearly . maintenan| maintenanc| Yearly
required (inlet e e e calibration maintenance| months ce e
cleaning, etc.)
Modular Open
setup: source + Modular
M_eteo Highly Solar Other Open source other commerci | Commercial| platform
Standard | variables parameters .
Other features sun roof | measured ak modular battery also hardware and| sensors al hardware | with other
® platform available . software attachable| hardware | (IAQcore) | optional gas
well possible :
(EC, wind, and sensors
...) software

135
136
137
138
139
140
141
142

143
144

Among the sensor nodes deployed in this work, theber of parameters monitored
ranged between one and seven, also covering miigimal variables. Time resolution ranged
from 1-second up to 15-minute averages, suggeddiffgrent potential applications. For

example, the 1-second time resolution of the Everg¥e sensor box is well suited to personal
exposure, while the 15-minute averages producethéyAQMesh and ENEA nodes would be
more representative of ambient pollutant conceotrat However, this does not preclude the
different sensor nodes being deployed for the ssppécation, as was the case in this exercise.

One of the goals for widespread use of sensor tdabies for air quality monitoring is to
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maximise spatial data coverage (Castell et al.328thneider et al., 2017), by deploying dense
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networks of sensors, e.g. across urban areas. Howins is not feasible if the nodes present
limitations with regard to connectivity or powegterements. As shown in the Table 1 most of
the nodes (7 out of 8) are able to operate on yatteinimising the need to provide mains
power at the measurement locations. Also, all efrtlare able to transmit data, either directly to
“cloud” platforms or through apps on mobile phon@sily one of the nodes requires Wi-Fi
access, which is a potentially limiting factor flarge scale deployment across urban areas.
Finally, 7 out of the 8 nodes may be deployed outsigonly one of them requiring additional
protection to be built), being resistant to weatbenditions. The latter requirement would be
irrelevant when dealing with indoor air quality nitoning.

For outdoor air quality monitoring, the frequendyneaintenance is a relevant parameter.
Whereas most of the nodes require no or limitecarfy® maintenance, one node requires
maintenance or calibration every 2-6 months. Irmgerof operation and data availability,
frequent maintenance may be an issue for senser seldction.

2.3.Calibration strategies

Some of the installed AQ microsensors output resinltconcentration units while others
provide voltage or frequency data. Therefore, appoeessing of raw data was necessary to
proceed to concentration units. All sensor nodéath(thie exception of the Siemens node) have
hence been pre-calibrated. Each team was respersibtheir own unit conversion, including
different calibrations and conversion strategiespeshding on the sensors used. Additional
information is presented in Supplementary Matdfiable S1).

The gas sensors used for the AUTh-ISAG node wdrthefshelf metal-oxide sensors that
did not undergo a specialized calibration procedwraéheir manufacturer. In this case it was
decided to apply a simple signal correction procedu order to calibrate the readings received,
assuming a linear calibration approach as suggést&ahlzano and Nowak (2008).

The NanoEnvi node did not undergo a specializedbregion procedure by their
manufacturer. The data was not post-processedrtectdor temperature and humidity effects
or cross-interference with other gases. For théyaisa only the negative concentration values
were removed. Negative values were only registeyethe NQ sensors and represented about
20% of the total data.

The two ECN-Airbox were calibrated before the Agetampaign carrying out co-located
measurements with reference equipment at an dffitianitoring station in Amsterdam
(NL49014 GGD Vondelpark). The ECN sensors were ldgesl to minimize cross
contamination and meteorology interference. For W@, sensor this was established by
introduction of a differential measurement techeig@nforced by a pre-processing step prior to
the sensor by switching frequently to zero ambiainiow (NO. removed). Moreover, the
sample flow was stabilized by a patented RH detagartridge.

The AQMesh v 4.0 pods used in this experiment tepomNO, NQ, CO and @
concentrations which are the result of a two-stageess, following the AQMesh standard
operating procedure (SOP). In the first stage, AMesh algorithm (a fixed mathematical
formula which does not use machine learning) idiegdo the raw data in counts, which are
converted to ambient concentration units, alondhwimpensation for various environmental
effects upon the sensors, providing precision chsueement. The AQMesh SOP requires that
pods are deployed 2 weeks prior to the actual measnts for stabilization and application of
scaling using reference data. Given that the lmgistlid not allow doing so in this field
campaign, the calibration via scaling was donehia study using the reference data from the
trial period.

The EveryAware SensorBox (EA SB) is a portable,-tmst measurement device, which
allows measurements of the personal exposure ffictgollution. The EA SB combines a

5
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number of low-cost electrochemical and metal oxddasors to measure concentrations of CO,
NO,, gasoline exhaust and diesel exhaust. Furthernaoiditional sensors have been added to
allow correction for meteorological influences (idaRH sensor) and for cross sensitivitieg (O
and VOC sensor).

The ENEA-Air-Sensor Box used in the Aveiro campaignsisted of commercial low-cost
electrochemical sensors for gas IN@s;, CO, SQ) detection and commercial cost-effective
optical particle counter (OPC) for particulate raatfPM10) detection, including miniaturized
sensors for meteorology parameters (T and RH).Bdfe Aveiro campaign, ENEA calibrated
the prototype Airbox by co-located measurement$ wdétference analysers in an official air
quality monitoring station at JRC, located in Isptaly.

During the Aveiro Intercomparison Exercise, two SPlASensor Networks for Air Quality)
boxes were deployed (hereafter referred to as CABDRth units utlised Alphasense
electrochemical cell (ECC, model B4/BH) for sped¥s, NO,, O;, CO, SQ and Total VOC.
Measurements of CO(SenseAir K30) and particulate matter (Universitfy Hertfordshire
CAIR) were also undertaken. The CAM boxes employ WindSonic 2-D sonic anemometers
to assist in source attribution. Before deploymerdch sensor box was fitted with new
Alphasense electrochemical cells. Throughout timepaégn and subsequent data analysis, only
the raw signal data from the sensors was usedeatorg for temperature and humidity effects
as per Popoola et al., (2016). In addition to #etdry calibration of the ECC sensors, a second
calibration was employed based on a comparisonotf EAM sensor boxes with reference
instruments of the Department of Chemistry in Caduw.

2.4 Data analysis and quality control

2.4.1 Meteorological measurements

One of the most important benefits of AQ monitorimgtworks is the ability to pinpoint
pollution sources, and account for regional (> &f),kmeso-scale (500 m to 50 km) and micro-
scale (< 500 m) influences. This requires suitabieteorological data to support the
measurements. Due to the influence of urban topbgrand traffic at the micro-scale it is
beneficial to have meteorological measurementiensame place as the AQ sensors (Popoola
et al., 2013). During the Aveiro campaign, printipeeteorological variables were measured by
the IDAD LabQAr van using a Vaisala WXT 520 weatk#ation (Borrego et al., 2016). The
CAM_10 and CAM_11 boxes measured wind speed, wirettion, temperature and humidity,
allowing comparison of meteorological variables andrce apportionment.

2.4.2 Measurement uncertainty

The European Air Quality Directive (EU, 2008) definthe Data Quality Objective (DQO)
that monitoring methods need to comply with to ksedias indicative measurement for
regulatory purposes. The DQO is a measure of tleepaable uncertainty for indicative
measurements. According to the Directive, allowedeuntainties are 50% for PM10 and PM2.5,
30% for G and 25% for CO, NOx, N{and SQ.

To assess the performance of each sensor and dfetheor platform as a whole, the
measurement of uncertainty has been calculateowlfy the methodology described in JCGM
(2008) and Spinelle et al. (2015). The relative agxed uncertainty was estimated using
Equation 1, where; indicates the reference measuremgntthe candidate method (sensdy),
andb, are the slope and intercept of the orthogonaleson, respectively, RSS is the sum of
squares of the residuals (Equation 2), amdis the uncertainty of the reference instrument.
Further details on the calculation of the expandeckrtainty can be found in the Guide for the
demonstration of equivalence (EC WG, 2010).
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2.4.3 Multidimensional data visualization

In order to investigate the behaviour of the AQe®ah terms of the monitored parameters,
it was decided to visualize all meteorological agaseous data in a way that can reveal
dependencies and similarities of patterns; infoilomathat can be of value for the node
validation and calibration. For this reason, thdidtributed Stochastic Neighbour Embedding
(t-SNE) method was employed. This is a relativebyvmonlinear mapping technique that is
capable of preserving both the local and globaicstire of a high dimensional dataset (van der
Maaten and Hinton, 2008). As multiple parameteike (lair pollutant concentrations and
meteorological conditions) are produced from therafion of the sensor boxes, it is impossible
to simultaneously visualize them and thus invegtigessible relationships. The t-SNE method
is capable of visualizing this high dimensionaltiea space in a lower dimensional (2-D or 3-
D) space. The main characteristic of the methdtias the groups or clusters of features (here
consisting of AQ nodes and reference measuremapimaring in t-SNE reflect similarities,
thus the closer the attributes are to each otherifigg a group, the more they can be considered
as similar or as belonging to the same clustehadigh the method itself requires multiple
iterations and tests and should be only be useddfda exploration purposes, ideally,
measurements for the same parameter (e.g) dluld be close to each other, regardless of the
measuring unit (sensor) producing them.

2.4.4 Multivariate calibration

Air quality multisensor device suffer from seveliatitations that have their basis in the
technological nature of the transducers they raly Gross sensitiviies make the sensor
response depend not only on the target gas, bot @isthe concentrations of so called
interferent species. Environmental parameterstkkeperature, relative humidity and pressure
have similar influence on the sensor to targetrgaponse curve. A calibration that does not
take into account these parameter values is pronfailure. Laboratory based calibration
procedures use a limited number of combinationtaafet gas and interferent concentrations.
The difficulties in replicating the exact condit®that a calibrating node will encounter in its
operating life represent a significant limit to $leeprocedures. In particular, the number of
different configurations of target gases and imet@mht concentrations together with
environmental conditions may undergo a “combinatbexpansion. In order to overcome these
limitations, several researchers (De Vito et B0 Kamionka et al., 2006) proposed the use of
field measurements taken with a gas multisensoicdgwas well as a collocated reference
analyser, to build a data-driven, multivariate lmation procedure with the aid of neural
networks (Webb, 2005). Recently, the use of macleiaming approaches has become common
practice in the field, primarily for the performanand cost benefits that can be obtained with
respect to classic approaches (Vidnerova and Ner2@E6). Those pioneering results were
confirmed by Spinelle et al. (2015), in a seriesnoitinode studies, highlighting the significant
benefits of this approach when dealing with reatldv@eployments to the point of partially
reaching the DQO set by the EU directive for intlieameasurements.

Another driver of sensor node performance limitatis the dynamic behaviour of the
sensors. It is usually characterized by a limitesponsiveness, thus minimising their ability to
deal with rapid transients of pollutants concentrat that may occur in pervasive near-to-road
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or mobile deployments. In addition, the responsagsnof a single sensor to different gases may
differ. To tackle this issue, Esposito et al. (20hé@ve shown the effectiveness of machine
learning approaches, improving the dynamic andallvperformances of fast sampling nodes.

The manufacturing variability is a significant liaiion to the scalability of each calibration
procedure. As previously mentioned, calibrationrapen for each different node may be
required, since their response behaviour to taggetes as well as interferents may differ
significantly as also shown by Castell et al. (20Dtift effects, and specifically those related
with ageing and poisoning may affect the long t@enformance of the sensor node requiring
relatively frequent recalibration actions (Tsuptiaal., 2005; S. Marco et al., 2012). Data driven
approaches have been proposed for the improvenfetdng term performances, but the
problem remains open (S. Marco et al., 2012; De ¥ital., 2012).

The univariate calibration approach was implementatth the aid of a simple linear
regression (LR). For each sensor, a calibratiorctfon was established by assuming the
linearity of the sensor response with the referaneasurement for each pollutant. Orthogonal
linear regression with the minimization of squassiduals of the sensor response versus
reference measurement was also used.

The multivariate calibration approach was impleradntvith the aid of Computational
Intelligence (Cl) methods from the Machine Learnifigld. Preliminary computational
experiments, and literature methods (Spinelle.eRall5; De Vito et al., 2018) led to use of two
Cl algorithms; Random Forests (RF) (Tin Kam Ho, 398nd shallow Feed Forward Neural
Networks (FFNN) (Bishop, 2006). Model results wenealuated with the aid of appropriate
model performance indices as described in detdbimego et al., 2016.

Random Forest (RF) is an algorithm belonging togthgemble-based classifiers that makes
use of decision trees and then estimates the dithee target parameter as the average of the
forecasts of each individual tree of the ensemBleitnan, 2001). The RF algorithm uses
bootstrapping; the initial feature space consistfigV observations o input parameters
(features) sampled with replacement to generatenabar ofM training sets. Each set is then
used to train a decision tree. For each tree, doramumber of features, is selected with
replacement (the so called bagging procedure) fibnsulating a random subset of the initial
instances and then a decision tree is fitted @dilon each subset and is therefore used in order
to predict the parameter of interest. Here the aamchumber of features is calculated as
n=int(log2(N+1)), where int is the integer partafeal humber, according to Breiman, 2001.
An unlimited number of levels and nodes are usee@é#ah of the aforementioned random trees.
The final prediction is calculated as a (voted weraged) sum of individual predictions, thus
making RF an ensemble-based meta-classifier. lildhoe noted that node split per tree, i.e.,
the splitting per node based on feature threshaldes, was the optimum among a random
subset of the features of size n. On this basgsy#éiniance decreases due to the averaging in the
ensemble, leading to an overall improvement inltesu

Following the same modelling approach, shallow Feedvard Neural Networks (FFNN)
(Bishop, 2006) have been trained and tested fdn ed¢he AQ nodes. FFNN has become a
reference tool for multivariate regression in thachine learning community making it a useful
comparison method. Given its small operative comatpartal complexity, it is arising as a tool
of choice for implementing on board embedded iigtetice when availability of computational
resources is scarce e.g. when targeting mobileabadeployments (De Vito et al., 2018). In
our implementation, we made use of 5 sigmoidal oresiin the single hidden layer for the 1-h
dataset, and a three layer FFNN with 5 hidden lagerons and a single output for the 1-min
dataset. The reported performance indices are gagralong multiple implementations of the
cross validation procedure, due to the inherenedéence of the performance on the random
choice of the initial network weights parameter. Ngper parameter optimization procedure
(Bishop, 2006) has been implemented.
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Performance estimation for both RF and FFNN wasedom the basis of a 10-fold cross
validation procedure: the initial data set was manly divided into 10 equal subsets. Nine of
them were used for model training while the tentaswsed for model evaluation. This
procedure is repeated ten times, each time leavidifferent subset out, to be used for model
evaluation. In this way, ten models were trained evaluated, and the overall prediction scores
were calculated as averages of the individual nsdel

Sensor responses and IDAD reference values haveusesl for the cross validation based
training and performance assessment. It is wortimguahat for each sensor box, all available
and meaningful raw sensor responses have beentaggdvide the multivariate input to the
above mentioned Cl methods. For the purposes gbrimgent study, the WEKA computational
environment was employed (Hall et al., 2009) for RfRile Matlab was used as the
computational environment for ANNSs.

3. Results and discussion

3.1.ldentification of pollutant sources

As mentioned in section 2.4 during the Aveiro caigpaprincipal meteorological variables
were measured by the IDAD LabQAr van, using a Mais&/XT 520 weather station.
Additionally, CAM_10 and CAM_11 boxes included ditebservations of wind speed, wind
direction, temperature and humidity. The resules aresented in Fig. 2 and Fig. 3, allowing
comparison of meteorological variables and soupp@dionment.

30% N 40% N 45% N

25% F% 40%
30% 35%
259% 30%

15% 20% P
10% 15% 15%
- 10% P
Y S PY %

w ~ E w E w R E
7 VIS 7 \\
l mean = 1.3788 ‘ mean = 13863 . mean = 1247

s cam=0% s caim=0% cam=0%

——

Oto1 1to2 2to3 3toh56 Otot 1t02 2t03 3to5d Oto1 1to2 2to3 3todd

20%
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Fig. 2.Wind speed and wind direction measured (from tefight) by IDAD LabQAr and CAM_11 and CAM_10 senso/ind
speeds are split by the coloured intervals showeach panel, the grey circular lines show the toeal frequency (%).

From the wind speed and direction data, it candman ghat both the CAM_11 and IDAD
sensors capture the split between west/south-viegi87SW) and east/north-easterly (E/NE)
winds in terms of frequency, with the strongestdgirfrom a SW direction during the first
week. The sonic anemometer on CAM_11 was partladibgked to the west by the telescopic
pole, hence it has missed the frequent winds toW®W measured by the WXT520. In
contrast, CAM_10 measured predominantly southerfyds/ (S) throughout the study period —
possibly as a result of its mounting position lowewn on the van roof.

In Fig. 3 CAM sensor boxes demonstrate good agreemdth the WMO -certified
WXT520, well capturing the diurnal trends. Nevel#lss, there is a clear positive bias of 5°C in
temperature readings from both CAM boxes relatiwetie WXT520, which is especially
prevalent during the second week of measuremergs Wte diurnal range was around 20°C. A
smaller positive bias (~ +2 — 3%) is also obseive@lative humidity readings compared to the
WXT520.



368 The temperature bias appears to be systematictatfT1000 thermocouples used in this
369 study, and for future measurements will need tedreected, especially under periods of high
370 insolation as experienced during the second wedkeotampaign (Borrego et al., 2016). It is
371 possible that the lack of an adequately ventilaredi screened enclosure for the temperature and
372  humidity sensors could contribute to these biaaésough this requires further investigation.
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Daily relative humidity during the Aveiro intercomparison
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375 Fig. 3. Temperature °C (top) and relative humidity % (bottaneasured by IDAD LabQAr, CAM_10 and CAM_11 serisaxes.

376 Nevertheless, the wind speed and direction datebeamsed to highlight local or regional
377 sources of pollution. For example, Fig. 4 and Egshow pollution rose plot®f NO, and
378 PM2.5 conditioned with CO. This process effectivplpts x and y variables against a third

! http://www.openair-project.org
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379 variable, in this case CO, as concentrations ise@auring the period of monitoring. As CO
380 can be used as a tracer for combustion processeselps to pinpoint clean and polluted air.
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383 Fig. 4. Pollution rose plots of N&(ppb) vs wind direction conditioned by CO. IDADH@Ar (top) and CAM_11 (bottom). The
384 concentration of CO (ppm) increases from left-ggiti Concentration of N{Os shown by the coloured intervals, and wind
385 directional frequency by the grey contour linesuHpaveraged data.
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388 Fig. 5. Percentile rose plots of PM10 (ug®hvswind direction derived from CAM_11 sensor datdit$pr day and night periods.
389 In this case, one-minute averaged data were us$edpdrcentile intervals are shaded and are showvirtaydirection, with the
390 concentration in ppbv indicated by the contours.
391 The IDAD LabQAr reference and CAM_11 sensors boitlicate that as the CO+NO

392 burden increases, greater than 60% of the higloesentrations originate in the E/NE direction.
393 Traffic flow was NE to SW alongside the measurensiet (Fig. 1), so under low wind speeds
394 local emissions will dominate. In contrast unde®\8/conditions (Fig. 2), the CO+N®urden

395 is reduced dramatically (less than 15 ppb,Ni@dicating the importance of higher wind speeds
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for transporting cleaner background air and submeigmixing and transport of these local
emissions away from the site.

Similarly, the CO+PM2.5 concentrations are greateshe E/NE direction for both sensor
nodes, suggesting traffic and/or other local saiafecombustion. During the second week of
measurements, low wind speeds, high solar insolaéind stagnant conditions lead to an
inversion and build-up of pollutants (Borrego et aD16). However, there is also a source of
PM2.5 to the WSW of the CAM_11 sensor node, sededser extent in the IDAD data. The
CAM_11 particle sensor uses an optical, not grawimeechnique and shows enhanced
response under high relative humidity (experiendadng the first week) and this interference
cannot be ruled out.

The examples above show how local meteorologict @ambined with micro-sensor
networks, can be of use to pinpoint pollution sesrand could be a valuable tool for policy
decisions regarding urban traffic control and depsient. However, there are caveats.
Meteorological sensors need to be properly sitedtl milequate protection from direct sunlight
and rain, and need to be close to the pollutios@athemselves, ideally in the same enclosure.
Care needs to be taken with post-processing oti#tie (for example, with the CAM PT1000
thermocouple temperature sensors used in this sty where possible a WMO certified
weather station should be used for quality checks.

3.2.Parameter dependencies

The analysis with the aid of the t-SNE method @d humber of visualizations like the one
presented in Fig. 6.
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Fig. 6. A visualisation of the Aveiro dataset based onttB&lE method. Proximity is a measure of similaritgbels by the dots
indicate the AQ node and the parameter (featurelitored.

Although such graphs are not straightforward tdyaea it is possible to identify parameters
that are visualised as being “close” to each otter rotation and figure magnification. This
“closeness” should actually be interpreted as ¢neléncy that the data points have to organise
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themselves in neighbourhoods (clusters) of datathenbasis of a mathematically defined
similarity. On this basis, we identified that whiércomes to meteorological parameters like
pressure, measurements of UCL as well as of AURGSre close to the reference node of
IDAD. For gaseous pollutants, it was evident thaMC 11 is close to the reference node, thus
indicating a good overall agreement (this beinggssted already by the findings of Borrego et
al., 2016).

Such similarities can also be identified regarddiffierent sensor types belonging to the
same node, as it is the case with the VITO senfeor€0 (MiCS-5525, MiCS-5521, Figaro
2201, Alphasense CO-BF), all of which produce mVirasal output: all four sensors were
visualised very close to each other, thus suggeshiat they can be considered as similar and
providing “equivalent” information. Such findingseauseful for selecting, in a next step, the
sensor that is also more easily calibrated andgssss additional characteristics like response
time for example, in order to deploy a node implatagon in a future application.

3.3.Calibration of sensors

To transform the sensor responses into air pollutancentrations, it is necessary to create
a calibration function. In some cases, the calibnatunction is provided by the manufacturer
and it is usually determined by comparing the semssponse versus reference values in a
laboratory environment. In the laboratory, the abods of temperature and relative humidity
are controlled and the pollutant concentrationspaeeisely regulated. However, the laboratory
calibration in most cases is not enough to cophb anitvironmental variability and unpredictable
interferences found in the field. In these casdé® sensor performance (in terms of
concentration estimation quality) often decreasam@tically; presenting in some cases biases
that can be partially corrected if a field calilvatis employed as described in Spinelle et al.
(2015). In this section, the results are presefitaud the field calibration obtained comparing
the data from the sensor platforms with the datmfthe reference instruments in Aveiro.

The results from the linear regression univariaibcation, implemented with the aid of a
simple linear regression, highlight the need feldficalibration, as most of the sensors present a
slope and an intercept that significantly diffeorfr the optimal target values of 1 and O,
respectively. This confirms the findings of thegtrdiagram regarding the bias of sensor values
(Borrego et al., 2016). Actions also must be takeocorrect both the zero and range of sensors
in field calibration conditions. Overall resultsggest that the CO sensors are generally the most
effective, with intercept close to 0 and uncertaintthe slope within 35%.

To minimize the concentration estimation errors,made use of the (1-h) IDAD dataset of
reference meteorological measurements, plus miesosedata, to construct multivariate
calibration models. As mentioned in section 2.4 temputational intelligence (CI) algorithms
were employed, namely RF and FFNN. We comparedesats received with those obtained
via the basic lab-based and linear calibration pathTable S2 defines all statistical indicators
and Table S3 shows the values of all four calibratmethods used (see Supplementary
Material), while Fig. 7 compares all methods fdrsdnsor nodes and pollutants in terms of
correlation coefficient.
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Fig. 7.Comparison of the basic, linear, RF and FFNN oeémalibration methods in terms of reference cati@h coefficient
achieved for all sensor nodes and pollutants basdturly measurements. Missing values indicateffitgent data.

In the case of CO the good performance of the basi linear calibration procedures
(max(r)=0.88) is further improved via RF and FFNNak(r)=0.91). The latter demonstrates a
higher MRE and a lower FOEX (in absolute valuesgwhompared to FFNN for AQMesh and
CAM_11 thus indicating that Cl-based calibrationgedures are sensitive to errors and require
further improvement.

Regarding NO sensors, both RF and FFNN improveatfeady good performance of the
basic and the linear calibration method in termalofost all statistical indices. Thus basic and
linear methods reach a max(r)=0.84 that rises upQ®6 with FFNN.

All six NO, sensor nodes demonstrate good performance indigabax(r)=0.91 with basic
and linear methods, reaching up to max(r)=0.96% \Worth noting that the application of RF or
FFENN algorithms leads to a strong improvement i ¢orrelation coefficient especially for
those nodes that demonstrated the worst performanbasic calibration mode, thus greatly
improving their operative capabilities. This is tese for AUTh-ISAG, ENEA and NanoEnvi,
where the calibrated values reach now r>0.7.

For O; the correlation coefficient achieved for basidhraltion ranges from r=0.22 up to
r=0.82, while with linear calibration ranges from0r29 up to 0.82. RF leads to very good
correlation coefficients ranging between r=0.8940.91 while FFNNs demonstrate a range of
r=0.47 to r=0.92. The MAE of both RF and FFNN cadiion results is lower than basic or
linear calibration results. On this basis, the @lomethods improve the calibration outcomes
for Os.

For PM10, results indicate a good overall correfatbetween the reference and the
available measurements, A correlation coefficiehtr€0.91 was the maximum value (for
ENEA) and of r=0.88 was the minimum value (for CAM,) achieved with the use of RF. On
the other hand, a correlation coefficient of r=OvBds the maximum value (for CAM_11) and
r= 0.7 was the minimum value (for ENEA) achievedhvwthe use of FFNN.. In all cases, FFNN
surpasses basic and on field linear calibrationhoug, while RF performs even better than
FFNN, for all sensor boxes. On the other handQRMSE (Centred Root Mean Square Error)
achieved with the use of FFNN (being in all casebow 25) is much lower than the one
achieved via RF (being in all cases above 145pfosensor nodes, the best one observed for
CAM_11. Concerning the MBE, RF led to lower valuessomparison to FFNN. The FOEX
index of over/under estimation is closer to thealdme (zero) for RF results with respect to
FENN results, yet both are clearly closer to zaroamparison to basic calibration, while linear
calibration is similar to FFNN.

For PM2.5, results indicate that both RF and FFNiprove the correlation coefficient
ranging from r=0.53 up to r=0.63 in comparisontte best one achieved with basic calibration
(ranging from r=0.36 up to r=0.53). The CRMSE WRENN is again much better compared to
the one achieved with RF.
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Both sensor boxes (CAM_11 and ENEA) with S@easurement demonstrate high
correlation coefficient (with a maximum surpassi®g), low MBE, and low CRMSE. The
FOEX index is also improved, with RF providing witte best values.

Considering fast sampling systems suitable for teadnd pervasive deployments, results at
1-min sampling rate have been computed. Basicstitati performance indicators are reported
for the sensors that provided 1-min data in Tahleahsidering the same indices adopted by
Borrego et al. (2016). In this case, the sensdiopeance analysis was carried out using the
observed data from sensor platforms with 1-min dengpate and the reference data provided
by the 1-min IDAD dataset. As a further comparidmaseline, univariate linear regression
models have been applied to targeted sensorsitnag¢stthe target concentration using 1-min
data. Results are reported in Table 3.

Table 2.Basic performance indicator for target sensorsgusffithe shelf basic calibration (1-minute sergata used). No off the
shelf calibration was provided for Siemens nodessen Acronyms are explained in Table S2 of th@kmpentary material.

Pollutant Sensor node MBE r r2 CRMSE NMSE FB FOEX MAE MRE
Os CAM_11 22.22 0.24 0.06 21.22 1.78 1.30 -2.93 24.19 1.40
(0} VITO -16.05 | 0.09 0.01 10.91 36.45 -1.92  -40.36 106.] 0.82
NO, CAM_11 -2.28 0.82 0.67 6.76 0.43 -0.37 -29.04 456 0.34
NO, ECN 0.93 0.87 0.75 6.56 0.26 0.1¢ -22.62 4.28 0.33
NO, (N02&:£22710) -9.28 -0.30 0.09 11.44 5.27 -1.66 -28.15 9.95 0.70
NO, VITO (Figaro) -10.01| -0.39 0.15 11.88 9.15 -1.Y7 28.49 10.86 0.81
CO CAM_11 -0.21 0.80 0.64 0.17 3.06 -1.38  -46.88 240.| 0.86
CcO Siemens - - - - - - - - -
CO VITO (Alphasense) 1.36 04 0.19 0.24 0.61 1.8248.03 1.36 5.43
CO VITO (MiCS5525) 1.81 0.30 0.09 0.25 0.69 1.8 .088 1.82 7.11
CO VITO (MiCS5521) 2.47 0.59 0.35 0.22 0.75 1.93 .887 2.47 9.62
CO VITO (Figaro) 1.03 0.77 0.59 0.18 0.54 1.43 47.8 1.03 3.95
NO CAM_11 9.91 0.47 0.22 20.65 1.54 1.2 27.99 35p 8.69
SO, CAM_11 30.14 | -0.23 0.05 12.54 6.92 1.99 39.05 30/l 19.15
Table 3.Linear regression outcomes (1-minute sensor d&i@) uAcronyms are explained in Table S2 of the Ruppntary

material.

Pollutant Sensor node MBE r r2 CRMSE | NMSE FB FOEX MAE MRE
0O CAM_11 2.86 0.34 0.12 8.87 10.47 0.28 -19.97 6.69 0.66
0O VITO -0.19 0.09 0.01 10.89 108.35| -0.02 -0.26 8.80 1.85

NO, CAM_11 0.26 0.83 0.68 6.25 0.45 0.04 5.81 4.25 0.60
NO, ECN 1.85 0.88 0.78 5.92 0.31 0.26 -6.00 3.76 0.38
NO, (NOzlt/I/:-l(;CS)ZHO) 002 | 030 | 009 | 1075 | 982 | 000 | 1197 | 829 | 131
NO, VITO (Figaro) 0.00 0.39 0.15 10.38 5.64 0.00 13.22 7.72 1.12
CO CAM_11 0.02 0.80 0.64 0.16 0.58 0.12 -4.39 0.11 0.40
CO Siemens (AppSensl 0.00 0.50 0.25 0.23 2.90 0.01 4.90 0.16 0.55
CO Siemens (AppSens2  0.00 0.58 0.33 0.22 2.08 -0.01 4.97 0.15 0.54
CO Siemens (Ga203hp] 0.00 0.34 0.12 0.25 7.29 0.00 8.14 0.18 0.64
CO (GaZS(IDe?mSEZater) 0.00 0.30 0.09 0.25 10.54 0.00 10.22 018 0.63
CO (Mic?cl)engsgﬁt_L) 0.00 0.26 0.07 0.26 14.69 0.00 8.67 018 0.65
CO (MicSrlc?r?;irIID?_L) 0.00 0.17 0.03 0.26 31.35 0.00 8.68 018 0.69
CO VITO (Alphasense) | 0.00 0.43 0.18 0.24 4.43 0.01 5.65 0.19 0.71
CO VITO (MiCS5525) 0.00 0.30 0.09 0.25 9.25 0.00 9.58 0.18 0.70
CO VITO (MiCS5521) 0.00 0.60 0.35 0.21 1.73 -0.01 6.17 0.16 0.61
CO VITO (Figaro) 0.00 0.78 0.59 0.17 0.65 -0.01 3.02 0.12 0.46
NO CAM_11 0.26 0.40 0.16 20.05 5.15 0.04 16.85 11.00 4.53
SO, CAM_11 -0.01 0.22 0.05 0.52 21.85 | -0.003 -0.75 0.44 0.27
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By using the same experimental design for the luimirdata, we also report the results
obtained by:

(a) the application of the Random Forest algorithm (& &

(b) a FENN (three layers with 5 hidden layer neuromgp(e 5)

In all cases both RF and FFNN greatly improve théenperformance in comparison to the
basic calibration and the linear correlation basaibration.

Obtained results show a significant improvementhef performance indices with both ClI
architectures. The use of RF as well as FFNN npgtyomproves the performances obtained by
linear regression estimators: in all cases (with ¢ixception of CAM_11 monitored CO for
FFENN), both RF and FFNN greatly outperform lineard abasic calibration performance,
confirming the power of multivariate non-linear regsion when coupled with field data for
microsensor based air quality monitor calibrativtoreover, the obtained results indicate that
the RF approach outperforms the Neural one in aéeases. To the best of our knowledge this
is the first study to report this advantage in thésticular field; providing an insight into on
field calibration for further investigation.

Table 4.Random Forests (RF) based non-linear multivaregeassion outcomes. Acronyms are explained in TaBlef the
supplementary material.

Pollutant | Sensor node MBE r r2 CRMSE | NMSE FB FOEX MAE MRE
Os CAM_11 0.00 0.98 0.97 4.20 0.03 0 0.77 1.32 0.20
Os VITO 0.01 0.94 | 0.89 14.17 0.11 0 2.68 2.05 0.29
NO, CAM_11 0.01 0.94 | 0.89 14.39 0.11 0 11.06 1.97 0.17
NO, ECN -0.04 0.94 | 0.88 14.73 0.12 0 5.46 231 0.29
NO, VITO -0.02 0.92 0.85 19.48 0.16 0 10.92 2.38 0.27
CO CAM_11 0.005 0.94 | 0.88 0.01 0.13 0.01 4.98 0.07 2.80
CO Siemens 0.003 0.92 0.85 0.01 0.15 0.01 0.37 0.07 4.73
CO VITO 0.002 0.79 0.62 0.03 0.38 0 481 0.11 6.35
NO CAM_11 0.07 0.86 0.74 112.22 0.26 0 21.47 4.76 1.27
SO, CAM_11 -0.002 0.97 0.95 0.02 0.05 0 0.39 0.09 0.05

Table 5.Feed Forward Neural network (FFNN) based non-limealtivariate regression outcomes. Acronyms ardaéxed in
Table S2 of the supplementary material.

Pollutant | Sensor node MBE r r2 CRMSE | NMSE FB FOEX MAE MRE
(0} CAM_11 2.79 0.93 0.86 4.49 0.16 0.28 -27.72 2.60 0.18
Os VITO -0.16 0.98 0.96 2.31 0.05 -0.02 0.25 1.64 0.20
NO, CAM_11 -3.50 0.90 0.81 4.90 0.23 -0.61 -24.77 2.00 0.25
NO, ECN 0.78 0.90 0.81 4.96 0.24 0.11 -31.69 3.25 0.31
NO, VITO -0.03 0.91 0.84 4.50 0.19 0.00 5.15 2.84 0.30
CO CAM_11 -0.06 0.71 0.51 0.14 0.91 -0.35 -25.80 0.09 0.34
CO Siemens 0.11 0.76 0.58 0.17 0.71 0.04 1.47 0.12 0.44
CO VITO 0.00 0.86 0.74 0.13 0.33 -0.01 4.28 0.10 0.37
NO CAM_11 -6.26 0.62 0.39 7.91 1.56 -1.34 -22.37 2.39 0.84
SO, CAM_11 -0.06 0.93 0.86 0.22 0.16 -0.07 -27.32 0.16 0.10

3.4.Measurement of nodes expanded uncertainty

The results for the relative expanded uncertaisge (EU, 2018; EC WG, 2010) of the single
sensors show that, generally, the relative unceytaif CO targeted sensors is the lowest among
the different target gases under analysis. Slightgher values have been recorded for the
uncertainty of some of the NO and N®ensors. AQMesh and ECN nodes demonstrate the
lower relative expanded uncertainty U_r for N@ith U_r reaching below 30% and 60% for
concentrations above 20 ppb, for the two aforerneeti nodes. However, the AQMesh NO
sensor seems to increase the U_r for concentratioas 30 ppb. For PM10, the results vary
considerably from platform to platform; the ECN tidam, for example, presents lower relative
uncertainty for concentration values above 80 [fgapproaching DQO limits, while the CAM
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platforms present an U_r over 600% for all the emi@ation range. For HAQMesh and
NanoEnvi nodes show a reduction in U_r values farcentrations over 10 ppb, while with
AQMesh presents the lowest relative uncertainty, Ssors are generally characterised by the
highest relative uncertainty values for all the gagssors analysed, with uncertainties values
over 5000%: it should be underlined that these ltesare influenced by the very low
concentrations recorded during the exercise. Ovydha aforementioned analysis verifies that
even when some of the sensors demonstrate pronusirgytainty results, sensor platforms are
still not in compliance with the DQO imposed by theropean Air Quality Directive (AQD) for
indicative measurements when off the shelf calibrais used (EU, 2008).

Considering the results of the FFNN processed sarigors response, the results show a
significant improvement with respect to off the I§lealibration. Figure 8 represents the relative
expanded uncertainty of the platforms versus raferedata with the FFNN processed
multisensors response. As usual, figures show teesbitained on test samples that have not
been used in the network training phase.
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Fig. 8.Relative expanded uncertainty (%) of the FFNN pssed multisensorgersusthe reference data, for PM10 (ugmPM2.5
(Lg.m®), NO; (ppb), NO (ppb), ©(ppb) and CO (ppb). Each colour identifies a sjepifatform: black (CAM_11), red
(NanoEnvi), grey (CAM_10), green (ECNBo0x10), magefECNB0x38), blue (ENEA), orchid (AQMesh), pinkAh_ISAG).

For PM10 sensors, the estimated uncertainties giyiemeet the AQD data quality
objective in part of the measurement range (400 (I®m?®). On the contrary, for PM2.5,
despite the improvement obtained with FFNN calibrat the estimated uncertainty is still
higher than the AQD objective for all values in tekevant range (1 - 80 pgin

With regards to N@ the majority of platforms show results that matgth the uncertainty
criteria defined in the AQD when concentration eds a node dependent threshold. In this
case, only the results for NanoEnvi and ISAG sensaoe above the AQD objective across the
entire measurement range (2 - 50 ppb). Foisénsors, an equivalent result is obtained, with
some of the platforms showing very promising result

With the NO sensors, the limited number of datallabke is reflected in the uncertainty
results. In this case the uncertainty is below réference value in part of the measurement
range when concentration exceeds 5 ppb and 18ggplectively for the AQMesh and CAM_11
node. For CO, all but the NanoEnvi and CAM11 nodet the AQD objective at least in a
small concentration interval starting from 300 gpb AQMesh node, 400 ppb for CAM_11
node and 600 ppb for ENEA node. Given the usualeglt concentration range for CO (0.5-10
ppm) the ENEA node gives the best results.
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Fig. 9. Relative expanded uncertainty (%) of the RF prag@ssultisensorsersusthe reference data, for PM10 (uGmPM2.5
(ng.n®), NO, (ppb), NO (ppb), @ppb) and CO (ppb). Each colour identifies a spepifatform: black (CAM_11), red
(NanoEnvi), grey (CAM_10), green (ECNBo0x10), magefiitCNBox38), blue (ENEA), orchid (AQMesh), pinkAh_ISAG).

Similar results are obtained by the use of the RBrithm (Fig. 9). For PM10, the results
reflect what has already been shown with the aidFfeNN, with an increased homogeneity
among the node’s performances. For PM2.5, agaie nbthe nodes is capable of reaching the
DQO levels. For N@ slightly worse results are obtained with RF, hesvat can be seen that
most of the nodes are able to reach the DQO iwvaateconcentration ranges. Results for the
NO sensors could not reach the quality objectivdéeaement with the use of RF. On the other
hand, results obtained for;@ensors suggest that by the use of RF regresaiothe nodes,
including NanoEnvi and AUTh-ISAG are able to mdet intended objectives. Finally, for the
carbon monoxide, results with RF reflect the higi®E already presented in Table 3.

4. Conclusions

Continuing developments in Air Quality (AQ) micros®r technologies present the need to
evaluate their ability to support and complemeandard monitoring procedures. This paper
introduced the second part of the results of arr@aimparison of AQ microsensors with
reference methods during an AQ monitoring campaigiwveiro (Borrego et al., 2016).

Microsensor nodes are low-cost devices with comalidle application potential, offset by
important limitations when applied to urban air liyamonitoring. Heterogeneity of hardware
and calibration procedures call for an additioreltbration layer” that should be implemented
in any AQ information system that uses them. Senseertainty and performance indicators
need to be addressed in a structured way allowinfild-based sensor comparison and use.

This work focused on the analysis of the uncerya@istimation along with the development
of a Computational Intelligence-based “calibratidayer focusing on the hourly data, while
also addressing high temporal resolution (1-mirtad@ihe aim was to estimate the uncertainty
of the measurements according to the DQO of theof@an Air Quality Directive and to
improve their performance with the aid of a compatally-oriented methodology. For this
purpose, linear regression in addition to Feed BoivwNeural Networks and Random Forests
algorithms were employed, in an effort to improeasor performance based solely on sensor
data and local meteorological data from a referestetgon.

The results confirm that the standard in-factorifbcation performances can be strongly
ameliorated by Cl-based algorithms with positivécomes on several statistical indices, as
already reported in the literature (De Vito et, 2D18). Improved results can also be obtained
for sensor nodes for which no in-factory calibratltas been performed. For the first time, this
is confirmed with tests on several multisensor sodased on different type of solid state
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sensors and from different independent institutiomeluding academia and commercial
companies, adding an unprecedented generalizadior o the presented result. The latter also
allows for the adoption of the proposed sensobcation methodology in order to make sensor
readings compliant with the DQO, thus also for fingt time suggesting a method that may
render AQ microsensors as appropriate for the stppofficial AQ monitoring tasks.
Nonetheless, this procedure should be regardech asnaite calibration, as it requires
ground truth data from the area of interest, thosimy a considerable challenge in terms of
method scalability, required for rapid deployment.
Generalization of these results should take intcoast possible sensor and concept drift
impacts on concentration estimation quality. Itvsll known, actually, that the ageing (sensor
drifts) and seasonal changes in the pollutantsoaretivironmental variables joint probability
distribution (concept drifts), may lead to subomtimestimations negatively affecting
performance estimator values (Esposito et al., 017

Furthermore, the performance degradation rate dwgeing effects may be different for
each sensor. This behaviour could only be obseraed quantified during long-term
deployment campaigns and are not the subject ©&thdy.

Further work should evaluate the robustness ofrtbthodologies described herein. Sensor
profiling with the aid of Cl methods in addition 8M can support aforementioned tasks. In
addition, model performance may take benefit fromesnsemble approach where different
models based on different algorithms can be usednmbination.
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Highlights

Several air quality microsensors were tested against reference methods

Improved correlation between CO, NO,, O;, PM10, PM2.5, SO, sensors and
reference methods through calibration with machine learning techniques
Parameter dependencies and measurement uncertainty of sensors were evaluated
Possibility of compliance with DQO of the AQD for indicative measurements
Microsensors can improve spatiotemporal data resolution to complement current
monitoring networks



