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Abstract

The EuNetAir Joint Exercise focused on the ion and assessment of environmental
gaseous, particulate matter (PM) and meteordiguei icrosensors versus standard air quality
reference methods through an experimental urbaMair quality monitoring campaign. This work
presents the second part of the resu luding evaluation of parameter dependencies,
measurement uncertainty of sensors a of machine learning approaches to improve the
abilities and limitations of sensog. esults confirm that the microsensor platforms,
supported by post processing a odelling tools, have considerable potential in new
strategies for air quality contr&r s of pollutants, improved correlations were obtained
between sensors and referenegmethdds through calibration with machine learning techniques
for CO (r?=0.13-0.83), NQ;O.M-O.%), 0; (r*=0.22-0.84), PM10 (r’=0.54-0.83), PM2.5
(’=0.33-0.40) and SOf 1¢’=0%9-0.84). Additionally, the analysis performed suggests the
possibility of compli it the data quality objectives (DQO) defined by the European Air
Quality Directive (@3/)50 C) for indicative measurements.

Keywords: Air duality monitoring; Reference methods; Low-cost microsensors; Experimental campaign;
Measurement uneegtairty; Machine learning

1. Introtluction

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

Europe's most problematic pollutants in terms of health are PM, NO, and ground-level Os.
In 2015, about 7 % of the EU-28 urban population was exposed to PM2.5 levels above the EU's
annual limit value. Considering the stricter WHO guidelines, approximately 82 % were exposed
to levels exceeding the limit values. Exposure to PM2.5 caused the premature death of
estimated 428 000 people in 41 European countries in 2014. Regarding NO,, around 9 % of the
EU-28 urban population was exposed to levels above the EU's annual limit value WHO
guidelines in 2015. Exposure to NO, caused the premature death of an estimated 78 000 Pgople
in 41 European countries in 2014, For Os levels, 30 % of the EU-28 urban lation was
exposed to concentrations above the EU's target value in 2015. Considering icker WHO
guidelines, approximately 95 % were exposed to levels exceeding the limitayalueNgxposure to
0O; caused the premature death of an estimated 14400 people in Europe in Q%A, 2017).

A wide range of adverse effects of ambient air pollution off healtW'has been well
documented in multiple studies (Pascal et al., 2013; Wu et al. 2016). By working to reduce air
pollution levels, countries can lower the burden of stroke, heart gtSease, Tung cancer, and both
chronic and acute respiratory illness, with long-term benefits to pylation (WHO, 2018).

However, there is significant inequality in exposure to a%o and related health risks:
air pollution combines with other aspects of the social iCal environment to create a
disproportionate disease burden in less affluent parts g The WHO guidelines address
all regions of the world and provide uniform targets_for aikquality that would protect the vast
majority of individuals from the adverse effects on h 3 ore than 80% of the population in
the WHO European Region (including the Euro ion, EU) lives in cities with levels of
PM exceeding WHO Air Quality GuidelinesqSi en at relatively low concentrations the
burden of air pollution on health is significant, ve management of air quality that aims to
achieve WHO Air Quality Guidelinesy% necessary to reduce these risks to a minimum.

Exposure to air pollutants is largely be control of individuals, requiring action by public
autharities at the national, regional int8yrational levels. A multisector approach, engaging
transport, housing, energy prod apd industry is needed to develop and effectively
implement long-term policies t ducethe risks of air pollution to health (WHO, 2013).

The evaluation of the status of aj quality (AQ) is based on ambient air measurements, in

conjunction with data on pogenic emissions and their trends. Holistic solutions must be
found that involve tef% development, and structural and behavioural changes. Air
v

quality policies have eed, and continue to deliver, many improvements. However,
substantial challenges remdin and considerable impacts on human health and on the
environment persis§(EEA), 2017).

The incregSing availability of low cost sensors employing various monitoring principles
creates the neetjto identify which are the most appropriate to be further refined and calibrated.
For this p?lt iS necessary to estimate the overall performance of a large number of
collocated se{sors (Kotsev et al., 2016). This not only calls for the application of standard time
series analysis and comparison methods, but also the incorporation of overall measurement
profile and behaviour, so that a sensor network may generate reliable AQ data. Calibration
methods have been based on sensor intercomparison, as well as on overall sensor network
calibration (Jiao et al., 2016) and self-calibration (Fishbain and Moreno-Centeno, 2016). Recent
studies indicate that machine learning technologies may significantly improve the performance
of air quality sensor nodes reducing the impact of cross-sensitivity issues (Spinelle et al., 2015;
De Vito et al., 2018). Most of them however, have been carried out on single systems,
developed by the same company or research institutions, limiting the understanding and
potential about their general applicability.
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In the first part of this work, the overall results of an intercomparison of AQ microsensors
with reference methods during an AQ monitoring campaign in Aveiro, Portugal, were presented
(Borrego et al., 2016). The overall performance of the diverse sensors in terms of their statistical
metrics and measurement profile indicated significant differences in the results. In terms of
pollutants, the following results were observed: Os (r* 0.12-0.77), CO (r* 0.53-0.87) and NO,
(% 0.02-0.89) with some promising results, but equally sensors showing no correlation with the
reference method. For PM (r%: 0.07-0.36) and SO, (r* 0.09-0.20) the results showed a poor
performance with low correlation coefficients between the reference and microsensor

measurements.
The purpose of this study is to present the second part of the results of the intercompayison

campaign in Aveiro for two weeks in October 2014, complementing the analysj ormed by
Borrego et al. (2016). More specifically, it is intended to (a) unde arameter
dependencies, (b) measurement uncertainty of sensors, (c) the use e learning
approaches to improve the abilities and limitations of sensors, contrlbut |r calibration

and further development.
The paper is organized into the following sections: Section 2 description of the

experimental- campaign and methodology; Section 3 presents s obtained with the
different data analysis strategies; finally, Section 4 provides th@ sfons.

2. Experimental Design

2.1. Characterization of the study site

nstalled side-by-side on the IDAD Air

In this exercise, the AQ microsensor systemswe
it standard equipment and reference

Quality Mobile Laboratory (LabQAr), supplie
analysers for CO (Infrared photometry) Chemiluminescence), O; (Ultraviolet
photometry), SO, (Ultraviolet fluorescence), payticulate matter PM10 / PM2.5 (Beta-ray
absorption), and meteorological variableg{Va¥sala WXT520). During the exercise, LabQAr was
parked on Avenue Santa Joana, near edral of Aveiro, in an urban traffic location in
Aveiro city centre. The sensors werg/mainly ¥nstalled between 2.5 and 3 m above ground on the
roof of the mobile laboratory, wj erence meteorological measurements at ~ 5 m on a
telescopic mast (Fig. 1). &

Fig. 1. Set-up of the AQ mobile station and micro-sensors during the 1% EuNetAir campaign.

2.2.Comparison of technical requirements of the sensor nodes

Aside from the performance of the sensor nodes with regard to comparability with
reference instruments, discussed in Borrego et al. (2016), the selection of a specific sensor node
should also consider a number of technical parameters as well as data quality and uncertainty.
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132 These include; size, power, connectivity requirements, and number of pollutants monitored

133 (Table1).

134 Table 1. Technical requirements and features of the sensor nodes evaluated during the Aveiro intercomparison campaign.

OdorChec AUTh- | Prototype
Prototype ¢ ECN EveryAware ISAG Module | Air-sensor
Sensor node AQMesh SNAQ Module NanoEnvi airbox SensorBox ker(")):ltdo (with box
1AQcore)
IDAEA- .
Operated by csic+ | Combridge | yepjees | NHUE 1 pen VITO 3 AUTh | Silemens | pnga
AQMesh ; nvire
NO, NO,, g, €0,y o | co N,
Parameters NO,NO;, | CO, CO,, T.RH CO, NO,, PM2.5, asoline/diesel T, RH, b?Jt 03,50,
measured CO, 03 0, VOC, g 05, T,RH | PM10, NO, g haust fi VOoC librated PM10, T,
PM10 exhaust fumes, calibrated to RH
T, RH C0)
Time resolution 5(5m3n0: Ylgs
(and‘abi.lityto 15min (Y) | 20sec(Y) 1sec(Y) 30' an& 60' 10 min (Y) 15(N) 3mi 10s(Y) 15 min (Y)
modify it, Y/N) min) ol
Able to operate No; no
while connected to power Yes Yes Yes Yes Yes Yes Yes Yes Yes
pawer (Y/N) required
% Yes, <10
hours, Yes (<5h,
May operate on : . Yes i !
battery (Y/N, and Yes; ;124 Yes; t>hl (external | Yes; 2 days Yes T)es {exte K No |ncr§€§,ed powere(i %y No
duration if Yes) mants mai batterypack) atiypack) w connecie
extended | notebook)
battery
Able to store data
internally (Y/N,

3 " Yes; >1 Yes; 0 \ Yes,>2 | Yes,>1 Yes; >1
max durgtlon with Yes Yes No year month s:J8 months months year No year
default time
resolution) &

< Yes,
Online data \ erngsrt(‘?,\g:e modem
transmission Yes Yes Yes Yes €s and 'Airr) robe' under Yes No Yes
possible (Y/N) P developme
app) nt
If online data Bluetooth SIM card,

i ; SIM ¢ i SIM w/ ' SIM card
transmission Zigbee communicatio Xbee raR
possible, how? SIMcard | SIM card optional rnzt, SIM card n with GPP.‘rSS{UM wireless Evt\rl:e:n'ét
Wifi, SIM card, etc. } smartphone module
Able to be deployed ?’
outdoors Yes Yes Yes \Y s Yes No Yes Yes No Yes
(waterpraof) (Y/N) .

Frequency of
A No No \ . No No
maintenance @ ) Ve Biannual No ~2 7 .
required (inlet mamzenanc mamgenanc /nalne ! calibration Yearly maintenance months malrlt(;enan mamteenanc Yearly
cleaning, etc.) \
Modular Open
Melbo 4 Other setup: source + ) Modular
Standard variables Highly Solar arameters Open source other commerci | Commercial | platform
Other features SiinFoof b modular battery P also hardware and Sensors al hardware | with other
well platform available ossible software attachable | hardware | (IAQcore) | optional gas
p (EC, wind, and SENnsors
wis) software

135

136 Among Yhe sensor nodes deployed in this work, the number of parameters monitored

137  ranged between one and seven, also covering meteorological variables. Time resolution ranged

138  from 1-second up to 15-minute averages, suggesting different potential applications. For

139  example, the 1-second time resolution of the EveryAware sensor box is well suited to personal

140  exposure, while the 15-minute averages produced by the AQMesh and ENEA nodes would be

141  more representative of ambient pollutant concentrations. However, this does not preclude the

142 different sensor nodes being deployed for the same application, as was the case in this exercise.

143 One of the goals for widespread use of sensor technologies for air quality monitoring is to

144 maximise spatial data coverage (Castell et al., 2013; Schneider et al., 2017), by deploying dense
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networks of sensors, e.g. across urban areas. However, this is not feasible if the nodes present
limitations with regard to connectivity or power requirements. As shown in the Table 1 most of
the nodes (7 out of 8) are able to operate on battery, minimising the need to provide mains
power at the measurement locations. Also, all of them are able to transmit data, either directly to
“cloud” platforms or through apps on mobile phones. Only one of the nodes requires Wi-Fi
access, which is a potentially limiting factor for large scale deployment across urban areas.
Finally, 7 out of the 8 nodes may be deployed outdoors (only one of them requiring additional
protection to be built), being resistant to weather conditions. The latter requirement weuld be
irrelevant when dealing with indoor air quality monitoring. (g
For outdoor air quality monitoring, the frequency of maintenance is a releyafyparameter.
Whereas most of the nodes require no or limited (yearly) maintenance, o e requires

maintenance or calibration every 2-6 months. In terms of operation and_ da ailability,
frequent maintenance may be an issue for sensor node selection.

2.3.Calibration strategies ‘ )
Some of the installed AQ microsensors output results in copentratfon units while others
provide voltage or frequency data. Therefore, a pre-processin % data was necessary to
proceed to concentration units. All sensor nodes (with the except the Siemens node) have
hence been pre-calibrated. Each team was responsible for unit conversion, including
different calibrations and conversion strategies, dependi

n the sensors used. Additional

did not undergo a specialized calibration proceddyg bWtheir manufacturer. In this case it was
decided to apply a simple signal correction pr. order to calibrate the readings received,
assuming a linear calibration approach as sugge Balzano and Nowak (2008).

The NanoEnvi node did not undet

were removed. Negative values w, ly Yegistered for the NO, sensors and represented about

20% of the total data.

The two ECN-Airbox wege califirated before the Aveiro campaign carrying out co-located
measurements with refer equipment at an official monitoring station in Amsterdam
(NL49014 GGD Vongétparkly The ECN sensors were developed to minimize cross
contamination and m%ygy interference. For the NO, sensor this was established by
introduction of a differentidf’measurement technique enforced by a pre-processing step prior to
the sensor by switghing Jfrequently to zero ambient airflow (NO, removed). Moreover, the
ed by a patented RH delaying cartridge.

4.0 pods used in this experiment reported NO, NO,, CO and Os

operating predure (SOP). In the first stage, the AQMesh algorithm (a fixed mathematical
formula which does not use machine learning) is applied to the raw data in counts, which are
converted to ambient concentration units, along with compensation for various environmental
effects upon the sensors, providing precision of measurement. The AQMesh SOP requires that
pods are deployed 2 weeks prior to the actual measurements for stabilization and application of
scaling using reference data. Given that the logistics did not allow doing so in this field
campaign, the calibration via scaling was done in this study using the reference data from the
trial period.

The EveryAware SensorBox (EA SB) is a portable, low-cost measurement device, which
allows measurements of the personal exposure to traffic pollution. The EA SB combines a

5
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number of low-cost electrochemical and metal oxide sensors to measure concentrations of CO,
NO,, gasoline exhaust and diesel exhaust. Furthermore, additional sensors have been added to
allow correction for meteorological influences (T and RH sensor) and for cross sensitivities (O,
and VOC sensar).

The ENEA-Air-Sensor Box used in the Aveiro campaign consisted of commercial low-cost
electrochemical sensors for gas (NO,, O3, CO, SO,) detection and commercial cost-effective
optical particle counter (OPC) for particulate matter (PM10) detection, including miniaturized
sensors for meteorology parameters (T and RH). Before the Aveiro campaign, ENEA calibrated
the prototype Airbox by co-located measurements with reference analysers in an gfficial air
quality monitoring station at JRC, located in Ispra, Italy.

During the Aveiro Intercomparison Exercise, two SNAQ (Sensor Network@fuality)
an

boxes were deployed (hereafter referred to as CAM). Both units uti hasense
electrochemical cell (ECC, model B4/BH) for species NO, NO,, O3, CO, otal VOC.
Measurements of CO, (SenseAir K30) and particulate matter (Unive ertfordshire

CAIR) were also undertaken. The CAM boxes employ Gill WindSonig”2-D so¥ic anemometers
to assist in source attribution. Before deployment, each sensor b@x wgs fitted with new
Alphasense electrochemical cells. Throughout the campaign and equent data analysis, only
the raw signal data from the sensors was used, correcting for atlire and humidity effects
as per Popoola et al., (2016). In addition to the factory calibration e ECC sensors, a second
calibration was employed based on a comparison of bot, ensor boxes with reference
instruments of the Department of Chemistry in Cambrid

2.4. Data analysis and quality control

2.4.1 Meteorological measurements

One of the most important benefits of A itoring networks is the ability to pinpoint
pollution sources, and account for regionalsix50 ki), meso-scale (500 m to 50 km) and micro-
scale (< 500 m) influences. This % suitable meteorological data to support the
measurements. Due to the influencesof ufbgn topography and traffic at the micro-scale it is
beneficial to have meteorological FeJnents in the same place as the AQ sensors (Popoola
etal,, 2013). During the Aveiro g@mpal@), principal meteorological variables were measured by

the IDAD LabQAr van using a*Vafsgla WXT 520 weather station (Borrego et al., 2016). The
CAM_10 and CAM_11 bo%asured wind speed, wind direction, temperature and humidity,

allowing comparison of mete gical variables and source apportionment,
2.4.2 Measureme %ginty

The European @Iity Directive (EU, 2008) defines the Data Quality Objective (DQO)
ethgds need to comply with to be used as indicative measurement for

ording to the Directive, allowed uncertainties are 50% for PM10 and PM2.5,
30% for O3 % for CO, NOx, NO, and SO,.

To assess”the performance of each sensor and of the sensor platform as a whole, the
measurement of uncertainty has been calculated following the methodology described in JCGM
(2008) and Spinelle et al. (2015). The relative expanded uncertainty was estimated using
Equation 1, where x; indicates the reference measurement, y; the candidate method (sensor), b,
and b, are the slope and intercept of the orthogonal regression, respectively, RSS is the sum of
squares of the residuals (Equation 2), and u is the uncertainty of the reference instrument.
Further details on the calculation of the expanded uncertainty 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 AQ nodes in terms of the monitored meters,
it was decided to visualize all meteorological and gaseous data in a way that tan Rgveal
dependencies and similarities of patterns; information that can be of valug{fo) the node
validation and calibration. For this reason, the T-distributed Stochastic NeighhguREmbedding

(t-SNE) method was employed. This is a relatively new nonlinear mappiatec ytque that is
t

capable of preserving both the local and global structure of a high dimen aset (van der
Maaten and Hinton, 2008). As multiple parameters (like air poll CBpcentrations and
meteorological conditions) are produced from the operation of the sen3gr boyes, it is impossible
to simultaneously visualize them and thus investigate possible reladionsitpg. The t-SNE method
is capable of visualizing this high dimensional feature space in a%dimensional (2-D or 3-
D) space. The main characteristic of the method is that the groups 0®Clusters of features (here

i t-SNE reflect similarities,
the more they can be considered
e method itself requires multiple
a exploration purposes, ideally,
ul¥be’close to each other, regardless of the

consisting of AQ nodes and reference measurements) ap
thus the closer the attributes are to each other forming a gro
as similar or as belonging to the same cluster. Altholl
iterations and tests and should be only be use
measurements for the same parameter {e.g. NO,)
measuring unit (sensor) producing them.

2.4.4 Multivariate calibration

) several limitations that have their basis in the

00 rely on. Cross sensitivities make the sensor
gethgas, but also on the concentrations of so called
interferent species. Environme arafjreters like temperature, relative humidity and pressure
have similar influence on the sens target gas response curve. A calibration that does not
take into account these nagajeter values is prone to failure. Laboratory based calibration
bgr of combinations of target gas and interferent concentrations.
e exact conditions that a calibrating node will encounter in its

procedures use a limitedsu

The difficulties in repligati

operating life repri:j idnificant limit to these procedures. In particular, the number of
t
f

Air quality multisensor device suffé
technological nature of the transd
response depend not only on t

different configurgtions) of target gases and interferent concentrations together with
environmental génd may undergo a “combinatorial” expansion. In order to overcome these
limitations, sedgral rdsearchers (De Vito et al., 2008; Kamionka et al., 2006) proposed the use of
field measygem taken with a gas multisensor device, as well as a collocated reference
analyser, @ a data-driven, multivariate calibration procedure with the aid of neural
networks (Wepb, 2005). Recently, the use of machine learning approaches has become common
practice in the field, primarily for the performance and cost benefits that can be obtained with
respect to classic approaches (Vidnerovd and Neruda, 2016). Those pioneering results were
confirmed by Spinelle et al. (2015), in a series of multinode studies, highlighting the significant
benefits of this approach when dealing with real world deployments to the point of partially
reaching the DQO set by the EU directive for indicative measurements.

Another driver of sensor node performance limitation is the dynamic behaviour of the
sensors. It is usually characterized by a limited responsiveness, thus minimising their ability to
deal with rapid transients of pollutants concentrations that may occur in pervasive near-to-road
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or mobile deployments. In addition, the responsiveness of a single sensor to different gases may
differ. To tackle this issue, Esposito et al. (2016) have shown the effectiveness of machine
learning approaches, improving the dynamic and overall performances of fast sampling nodes.

The manufacturing variability is a significant limitation to the scalability of each calibration
procedure. As previously mentioned, calibration operation for each different node may be
required, since their response behaviour to target gases as well as interferents may differ
significantly as also shown by Castell et al. (2017). Drift effects, and specifically those related
with ageing and poisoning may affect the fong term performance of the sensor node requiring
relatively frequent recalibration actions (Tsujita et al., 2005; S. Marco et al., 2012). driven
approaches have been proposed for the improvement of long term performances, the
problem remains open (S. Marco et al., 2012; De Vito et al,, 2012).

The univariate calibration approach was implemented with the aid o le linear
regression (LR). For each sensor, a calibration function was establish y assuming the
linearity of the sensor response with the reference measurement for each%ﬂ. Orthogonal
linear regression with the minimization of square residuals of the/Sehsoryresponse versus
reference measurement was also used.

The multivariate calibration approach was implemented wj
Intelligence (Cl) methods from the Machine Learning fislg:
experiments, and literature methods (Spinelle et al., 2015; DggVito
ClI algorithms; Random Forests (RF) {Tin Kam Ho, 199%
Networks (FFNN) (Bishop, 2006). Model results werggaual
model performance indices as described in detail in Borregeg; al., 2016,

Random Forest (RF) is an algorithm belonging to \)&®isemble-based classifiers that makes
use of decision trees and then estimates the value\3hy-target parameter as the average of the
forecasts of each individual tree of the ensggable\(Bfeiman, 2001). The RF algorithm uses
bootstrapping; the initial feature space consistihg,of M observations of N input parameters
(features) sampled with replacement to geff®ate a number of M training sets. Each set is then
used to train a decision tree. For each’® random number of features, n, is selected with

aid of Computational
refiminary computational
al., 2018) led to use of two
llow Feed Forward Neural
pafed with the aid of appropriate

replacement (the so called bagging grogedUsé) thus formulating a random subset of the initial
instances and then a decision tree j d frained) on each subset and is therefore used in order
to predict the parameter of ir(%é ere the random number of features is calculated as
n=int(log2(N+1)), where int js the if¥éger part of a real number, according to Breiman, 2001.
An unlimited number of le nd nodes are used for each of the aforementioned random trees,
The final prediction is gétculatg as a (voted or averaged) sum of individual predictions, thus
making RF an ensem sell meta-classifier. It should be noted that node split per tree, i.e.,
the splitting per ngde basel on feature threshold values, was the optimum among a random
subset of the featurlg of size n. On this basis, the variance decreases due to the averaging in the
overall improvement in results.

ensemble, leadjfigto

Following Wge spme modelling approach, shallow Feed Forward Neural Networks (FFNN)
(Bishop, 2 ve been trained and tested for each of the AQ nodes. FFNN has become a
reference tod{for multivariate regression in the machine learning community making it a useful
comparison method. Given its small aperative computational complexity, it is arising as a tool
of choice for implementing on board embedded intelligence when availability of computational
resources is scarce e.g. when targeting mobile/wearable deployments (De Vito et al., 2018). In
our implementation, we made use of 5 sigmoidal neurons in the single hidden layer for the 1-h
dataset, and a three layer FFNN with 5 hidden layer neurons and a single output for the 1-min
dataset. The reported performance indices are averaged along multiple implementations of the
cross validation procedure, due to the inherent dependence of the performance on the random
choice of the initial network weights parameter. No hyper parameter optimization procedure
(Bishop, 2006) has been implemented.
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Performance estimation for both RF and FFNN was done on the basis of a 10-fold cross
validation procedure: the initial data set was randomly divided into 10 equal subsets. Nine of
them were used for model training while the tenth was used for model evaluation. This
procedure is repeated ten times, each time leaving a different subset out, to be used for model
evaluation. In this way, ten models were trained and evaluated, and the overall prediction scores
were calculated as averages of the individual models.

Sensor responses and IDAD reference values have been used for the cross validation based
training and performance assessment. It is worth noting that for each sensor box, all gvailable
and meaningful raw sensor responses have been used to provide the multivariate ipfigt to the
above mentioned CI methods. For the purposes of the present study, the WEKA computdgjonal
environment was employed (Hall et al., 2009) for RF while Matlab w ed as the
computational environment for ANNSs. )

3. Results and discussion : Q =

3.1.Identification of pollutant sources
As mentioned in section 2.4 during the Aveiro campaign, prir%ﬂeteorological variables

were measured by the IDAD LabQAr van, using a Vais 520 weather station.
Additionally, CAM_10 and CAM_11 boxes included directdgbseryations of wind speed, wind
e

e
direction, temperature and humidity. The results are presé W’ Fig. 2 and Fig. 3, allowing
t.

comparison of meteorological variables and source app

£y N
u%
%

N m“m;\ ‘//E w "‘sz '\Iy ‘ 4 4 -.W‘:' ‘ E
»/ @ i N
——==— =

< %
—— e —e-a N

Otot 1162 213 31056 Gtot 1102 2’tn73 3081 0ol 1102 Zln; 3044
(ms™ (ms™) {ms?)
Fig. 2. Wind speed and wind @/ ured (from left to right) by IDAD LabQAr and CAM_11 and CAM_10 sensors. Wind

o
¢

¥

[

speeds are split by the colol intepvals shown in each panel, the grey circular lines show the directional frequency (%).

From the windSpeed’and direction data, it can be seen that both the CAM_11 and IDAD
sensors capturg the split between west/south-westerly (W/SW) and east/north-easterly (E/NE)
winds in term equency, with the strongest winds from a SW direction during the first
week. The SgRieganemometer on CAM_11 was partially blocked to the west by the telescopic
pole, hence Y has missed the frequent winds to the WSW measured by the WXT520. In
contrast, CAM_10 measured predominantly southerly winds (S) throughout the study period -
possibly as a result of its mounting position lower down on the van roof,

In Fig. 3 CAM sensor boxes demonstrate good agreement with the WMO certified
WXT520, well capturing the diurnal trends. Nevertheless, there is a clear positive bias of 5°C in
temperature readings from both CAM bhoxes relative to the WXT520, which is especially
prevalent during the second week of measurements when the diurnal range was around 20°C. A
smaller positive bias (~ +2 - 3%) is also observed in relative humidity readings compared to the
WXT520.
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The temperature bias appears to be systematic with the PT1000 thermocouples used in this
study, and for future measurements will need to be corrected, especially under periods of high
insolation as experienced during the second week of the campaign (Borrego et al., 2016). It is
possible that the lack of an adequately ventilated and screened enclosure for the temperature and
humidity sensors could contribute to these biases, although this requires further investigation.

Daily temperature during Aveiro intercomparison
Oct 14th - Oct 27th 2014

Sensor Node

— CAM_10_pri0C0
= CAM_11_p10¢0
= IDAD_WXT:20

' ' ' ' '
Oct24  Qat28 026 Oaxt2l  Ox2s
Date
Hourly averaged data

Daily relative humidity during the Aveiro intercomparison
Oct 14th - Oct 27th 2014

£0-

Sensor Node

= CAM_10_pa10¢0
= CAM_L1_ptioco
= IDAD_WXT320

' ' ' ' ' ' ' ‘ ' ' ' . '

0t - Oct1s  O:tt7  Octls  Octl§  Ox20  Ocr2l 022 Ox23  Oct24 Ox25 O 02?02
Date

Hourly averagad data

Fig. 3. Temperature °C (top) and relative humidity % (bottom) measured by IDAD LabQAr, CAM_10 and CAM_11 sensor boxes.

Nevertheless, the wind speed and direction data can be used to highlight local or regional
sources of pollution. For example, Fig. 4 and Fig. 5 show pollution rose plots' of NO, and
PM2.5 conditioned with CO. This process effectively plots x and y variables against a third

! http://www.openair-project.orq
10



|
L

ACCEPTED MANUSCRIPT

379  variable, in this case CO, as concentrations increased during the period of monitoring. As CO

380  can be used as a tracer for combustion processes, this helps to pinpoint clean and polluted air.
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383 Fig. 4. Pollution rose plots of NO, (ppb) vs wind direction conditioned by CO.’| Ar (top) and CAM_11 (bottom). The
384 concentration of CO (ppm) increases from left-to-right. Concentration g i n by the coloured intervals, and wind
385 directional frequency by the grey contour lines. Maurly averaged data.
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388 Fig. 5. Percentile ;se plots of PM10 (1g.m™) vs wind direction derived from CAM_11 sensor data, split for day and night periods.
389 In this case, one-minute averaged data were used. The percentile intervals are shaded and are shown by wind direction, with the
390 concentration in ppbv indicated by the contours.
391 The IDAD LabQAr reference and CAM_11 sensors both indicate that as the CO+NO,
392 burden increases, greater than 60% of the highest concentrations originate in the E/NE direction.
393 Traffic flow was NE to SW alongside the measurement site (Fig. 1), so under low wind speeds
394  local emissions will dominate. In contrast under S/SW conditions (Fig. 2), the CO+NO, burden
395 isreduced dramatically (less than 15 ppb NO,) indicating the importance of higher wind speeds
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for transporting cleaner background air and subsequent mixing and transport of these local
emissions away from the site,

Similarly, the CO+PM2.5 concentrations are greatest in the E/NE direction for both sensor
nodes, suggesting traffic andfor other local sources of combustion. During the second week of
measurements, low wind speeds, high solar insolation and stagnant conditions lead to an
inversion and build-up of pollutants (Borrego et al., 2016). However, there is also a source of
PM2.5 to the WSW of the CAM_11 sensor node, seen to lesser extent in the IDAD data. The
CAM 11 particle sensor uses an optical, not gravimetric technique and shows ephanced
response under high relative humidity (experienced during the first week) and this ipferference
cannot be ruled out.

The examples above show how local meteorological data combined wi cro-sensor
networks, can be of use to pinpoint pollution sources, and could be a valua r policy
decisions regarding urban traffic control and development. However sliere Jre caveats.
Meteorological sensors need to be properly sited with adequate protectia% rect sunlight
and rain, and need to be close to the pollution sensors themselves, idea}fy in th&same enclosure.
Care needs to be taken with post-processing of the data (for exampldwith/the CAM PT1000
thermocouple temperature sensors used in this study) and whe{%s e a WMO certified

weather station should be used for quality checks.
3.2. Parameter dependencies Q
The analysis with the aid of the t-SNE method led
presented in Fig. 6.

er of visualizations like the one
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Fig. 6. A visualisation of the Aveiro dataset based on the t-SNE method. Proximity is a measure of similarity. Labels by the dots
indicate the AQ node and the parameter (feature) monitored.

Although such graphs are not straightforward to analyse, it is possible to identify parameters
that are visualised as being “close” to each other, via rotation and figure magnification. This
“closeness” should actually be interpreted as the tendency that the data points have to organise
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themselves in neighbourhoods (clusters) of data, on the basis of a mathematically defined
similarity. On this basis, we identified that when it comes to meteorological parameters like
pressure, measurements of UCL as well as of AUTh-ISAG are close to the reference node of
IDAD. For gaseous pollutants, it was evident that CAM_11 is close to the reference node, thus
indicating a good overall agreement (this being suggested already by the findings of Borrego et
al., 2016).

Such similarities can also be identified regarding different sensor types belonging to the
same node, as it is the case with the VITO sensors for CO (MiCS-5525, MiCS-5521, Figaro
2201, Alphasense CO-BF), all of which produce mV as initial output: all four sepSgrs were
visualised very close to each other, thus suggesting that they can be considered as simifagand
providing “equivalent” information. Such findings are useful for selecting, in apekt step, the
sensor that is also more easily calibrated and possesses additional characteristieg ITkg response

time for example, in order to deploy a node implementation in a future appl'iﬁion.

3.3. Calibration of sensors
To transform the sensor responses into air pollutant concentration®it ishecessary to create

a calibration function. In some cases, the calibration function is gfovjded by the manufacturer
and it is usually determined by comparing the sensor responge wersys reference values in a
r

laboratory environment. In the laboratory, the conditions of gempegature and relative humidity
are controlled and the pollutant concentrations are precise d. However, the laboratory
calibration in most cases is not encugh to cope with envjcgnaieatal variability and unpredictable
interferences found in the field. In these cases, thé\gensor performance (in terms of
concentration estimation quality) often decrease dra Rdeaty; presenting in some cases biases
that can be partially corrected if a field calibratideis dmployed as described in Spinelle et al.
(2015). In this section, the results are presentgd fraghe field calibration obtained comparing
Mthe reference instruments in Aveiro,

simple linear regression, highlight the néy field calibration, as most of the sensors present a
slope and an intercept that signifi
respactively. This confirms the fi of Ahe target diagram regarding the bias of sensor values
(Borrego et al., 2016). Actions mus¥pe taken to correct both the zero and range of sensors

in field calibration conditions, Overaltesults suggest that the CO sensors are generally the most

effective, with intercept cl 0 and uncertainty in the slope within 35%.

To minimize the cop€eptratien estimation errors, we made use of the (1-h) IDAD dataset of
reference meteorolo %surements, plus microsensor data, to construct multivariate
calibration models. Asmentoned in section 2.4, two computational intelligence (Cl) algorithms
were employed, nawgely RF and FFNN. We compared the results received with those obtained
via the basic la#i-based™and linear calibration methods. Table S2 defines all statistical indicators
and Table S3%ghows the values of all four calibration methods used (see Supplementary
Material), %lg. 7 compares all methods for all sensor nodes and pollutants in terms of

correlation chéfficient.

13
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Fig. 7. Comparison of the basic, linear, RF and FFNN oriented calibration methods in terms of reference correl4 ” oefficient
achieved for all sensor nodes and pollutants based on hourly measurements. Missing values indicate insuffic: %

In the case of CO the good performance of the basic and linear, %ﬂn procedures
(max(r)=0.88) is further improved via RF and FFNN (max(r)=0.91). atel’ demonstrates a

higher MRE and a lower FOEX (in absolute values) when compared tQFFNN for AQMesh and
CAM_11 thus indicating that Cl-based calibration procedures are tive to errors and require

further improvement.
Regarding NO sensors, both RF and FFNN improve t@y good performance of the

basic and the linear calibration method in terms of almost istical indices. Thus basic and
linear methods reach a max(r)=0.84 that rises up to r=0, itthE FN N,

All six NO, sensor nodes demonstrate good perfi indicators (max(r)=0.91 with basic
and linear methods, reaching up to max(r)=0.96). I} is noting that the application of RF or
FFNN algorithms leads to a strong improvemen correlation coefficient especially for
those nodes that demonstrated the worst pe cein basic calibration mode, thus greatly
improving their operative capabilities. This is th&case for AUTh-ISAG, ENEA and NanoEnvi,

where the calibrated values reach now r>077
For O; the correlation coefficient,4 % for basic calibration ranges from r=0.22 up to

r=0.82, while with linear calibrati ed from r=0.29 up to 0.82. RF leads to very good
correlation coefficients ranging b 0.89 to r=0.91 while FFNNs demonstrate a range of
r=0.47 to r=0.92. The MAE o(% and FFNN calibration results is lower than basic or
linear calibration results. Ondfis basfs, the two Cl methods improve the calibration outcomes
for O;.

For PM10, results/in ct a good overall correlation between the reference and the
available measuremits rrelation coefficient of r=0.91 was the maximum value (for

&@

ENEA) and of r=088 wag the minimum value (for CAM_11) achieved with the use of RF. On
the other hand, on coefficient of r=0.84 was the maximum value (for CAM_11) and
r= 0.7 was thefninimum value (for ENEA) achieved with the use of FFNN.. In all cases, FFNN
surpasses basi on field linear calibration methods, while RF performs even better than
FFNN, for or boxes. On the other hand, the CRMSE (Centred Root Mean Square Error)
achieved witR_the use of FFNN (being in all cases below 25) is much lower than the one
achieved via RF (being in all cases above 145) for all sensor nodes, the best one observed for
CAM_11. Concerning the MBE, RF led to lower values in comparison to FFNN. The FOEX
index of over/under estimation is closer to the ideal one (zero) for RF results with respect to
FFNN results, yet both are clearly closer to zero in comparison to basic calibration, while linear
calibration is similar to FENN.

For PM2.5, results indicate that both RF and FFNN improve the correlation coefficient
ranging from r=0.53 up to r=0.63 in comparison to the best one achieved with basic calibration
(ranging from r=0.36 up to r=0.53). The CRMSE with FFNN is again much better compared to
the one achieved with RF.

14
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Both sensor boxes (CAM_11 and ENEA) with SO, measurement demonstrate high
correlation coefficient (with a maximum surpassing 0.9), low MBE, and low CRMSE. The
FOEX index is also improved, with RF providing with the best values,

Considering fast sampling systems suitable for mobile and pervasive deployments, results at
1-min sampling rate have been computed. Basic statistical performance indicators are reported
for the sensors that provided 1-min data in Table 2, considering the same indices adopted by
Borrego et al. (2016). In this case, the sensor performance analysis was carried out using the

ohserved data from sensor platforms with 1-min sampling rate and the reference data
by the 1-min IDAD dataset. As a further comparison baseline, univariate linear

ovided

Pollutant Sensor node MBE r e CRMSE | NMSE

0; CAM_11 2222 | 024 | 0.06 2122 178

0; VITO -16.05 | 009 [ 0.01 1091 3645 | -1 !
NG, CAM_11 228 [ 082 [ 067 6.76 043 A0 034
NO, ECN 093 | 087 | 075 | 636 0.26, gt 0.33

VITO

NG, (NoMics2710) | 928 | 030 | 009 1144 .2’7\\. %6 0.70
NO, VITO (Figaro) -1001 |-039 [ 015 1188 A0t 177 0.81
co CAM_11 -0.21 | 080 | 0.4 017 % -1.38 0.86
CcO Siemens - - - - - - - - -
(&) VITO (Alphasense) | 136 | 043 | 0.19 o.w.m 182 | 4803 | 136 | 543
co VITO (MiCS5525) | 181 | 030 | 0.09 25V |7 069 188 | 4803 | 182 711
co VITO (MiCS5521) | 247 | 059 | 035 & Y| o1 193 | 4789 | 247 | 962
co VITO {Figaro) 103 | 077 | 05 4 0.54 173 | 4781 | 1.03 3.95
NO CAM_11 991 | 047 | 022 [N\.65 154 112 | 2799 | 1525 | 869
50, CAM_11 30.14 | -0.23 1254 6.92 199 | 3005 | 3015 | 1915

Table 3. Linear regression outc

Pollutant

Sensor node

omes {1-minute gens

ta

ed). Acronyms are explained in Table S2 of the supplementary

aterial,

CAM 11 ) ; ) . ] 1997 | 669 | 066
0; VITO 019 | 6%¢ | 001 | 1089 | 10835 | 002 | -026 | 880 | 185
NO; CAM_11 2 | 083 | 068 6.25 045 | 004 | 581 | 425 | 060
NO; ECN 1) 088 | 078 5.92 031 | 026 | 600 | 376 | 038
NG| o mgmmég‘)z 030 | 009 | 1075 | 98 | o000 | 197 | 820 | 131
NO; VITO (Figffo) 00 | 039 | 015 | 1038 | 564 | 680 | 1322 | 172 | 112
o CAM_ L 002 | 080 | o064 0.16 058 | 012 | -439 | 011 | 040
co SiemengTAppSe 000 | 050 | 025 0.23 2.90 0,01 4,90 0.16 0.55
CO | Siemes(AppSgns2) | 0.00 | 058 | 033 0.22 208 | 001 | 497 | 015 | 054
o |s ensM%p) 000 | 034 | 012 0.25 729 | 000 | 814 | 018 | 064
co maseaten 0.00 | 0.30 | 0.09 055 | 1058 | o0 | 1022 | o8 | os3
co ‘Mics:;n;:::w 000 | 026 | 06.07 026 | 148 | 400 | 867 | o1 | oss
co Siemens 000 | 617 | 6.03 026 | 3135

(MicronasPt_L) 000 | 868 | 018 | 069
CO | VITO (Alphasense) | 0.00 | 0.43 | 0.18 0.24 443 | G601 | 565 | 018 | 01
€O | VITO(MICS5525) | 0.00 | 030 | 0.8 0.25 925 | 000 | 958 | 018 | 0.70
€O | VITO(MiCs5521) | 0.00 | 0.60 | 0.35 0.21 173 | <001 | 647 | 016 | 061
1) VITO (Figaro) 0.00 | 0.8 | 0.9 017 065 | -001 | 3.02 | 012 | 046
NO CAM 11 026 | 040 | 016 | 2005 | 515 | 004 | 1685 | 1100 | 453
SO, CAM_11 001 | 022 | 0.05 052 | 2185 | -0.003 | -075 | 044 | 027
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By using the same experimental design for the 1-minute data, we also report the results
obtained by:

(a) the application of the Random Forest algorithm (Table 4)

(b) a FFNN (three layers with 5 hidden layer neurons) (Table 5)

In all cases both RF and FFNN greatly improve the node performance in comparison to the
basic calibration and the linear correlation based-calibration.

Obtained results show a significant improvement of the performance indices with both CI
architectures. The use of RF as well as FFNN , strongly improves the performances objained by
linear regression estimators: in all cases (with the exception of CAM_11 monitoﬁ){ for
FFNN), both RF and FFNN greatly outperform linear and basic calibration jerformgnce,
confirming the power of multivariate non-linear regression when coupled wi d data for
microsensor based air quality monitor calibration. Moreover, the obtained re cate that
the RF approach outperforms the Neural one in several cases. To the best r kndwledge this
is the first study to report this advantage in this particular field; providin
field calibration for further investigation.

Table 4. Random Forests (RF) based non-linear multivariate regression outcomes. Acronyms a ined in Table S2 of the
supplementary material.
Pollutant | Sensor node MBE r P CRMSE | NMSE = OEX | MAE MRE

O CAM_11 0.00 098 | 0.97 4.20 0.03 0y 0.77 1.32 0.20
[0 VITO 0.01 094 | 0.89 14.17 0& 2,68 2.05 0.29
NO, CAM_11 0.01 094 | 0.89 14.39 0 11.06 1.97 0.17
NO; ECN -0.04 094 | 0.88 14.73 5 0 5.46 231 0.29
NO; VITO -0.02 092 | 085 19.48 0 10.92 2.38 0.27
Cco CAM_11 0.005 094 | 0.88 0. 0.13 0.01 4.98 0.07 2.80
Cco Siemens 0.003 092 | 0.85 O.h 0.15 0.01 0.37 0.07 473
co VITO 0002 | 079 | 0.62 |7goss | 038 0 481 | 011 | 6.35
NO CAM_11 0.07 0.86 | 0.74 112) 0.26 0 2147 4.76 1.27
S0, CAM_11 -0.002 0.97 @ 0.02 0.05 0 0.39 0.09 0.05
Table 5. Feed Forward Neural network (FFNN) pased nBygljffear multivariate regression outcomes. Acronyms are explained in
Table S fTe upplementary material.

Pollutant | Sensor node MBE r CRMSE | NMSE FB FOEX | MAE MRE
03 CAM_11 2,79 (& 0.86 4.49 0.16 0.28 -27.712 2.60 0.18
03 VITO -0.16 0.98 Y| 0.96 231 0.05 -0.02 0.25 1.64 0.20
NO, CAM_11 3.5 0.90 0.81 4.90 0.23 -0.61 | -24.77 2.00 0.25
NO, ECN J 4 .90 0.81 4.96 0.24 0.11 -31.69 3.25 0.31
NO, VITO 70.91 0.84 4.50 0.19 0.00 5.15 2.84 0.30
Cco CAM_11 /\% 0.71 0.51 0.14 091 -0.35 | -25.80 0.09 0.34
CO Siemens 011 0.76 0.58 0.17 0.71 0.04 1.47 0.12 0.44
Cco VITOs 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 -134 | -2237 2.39 0.84
SO, CA -0.06 0.93 0.86 0.22 0.16 -0.07 | -27.32 0.16 0.10

3.4. Mea¥girement of nodes expanded uncertainty

The results for the relative expanded uncertainty (see EU, 2018; EC WG, 2010) of the single
sensors show that, generally, the relative uncertainty of CO targeted sensors is the lowest among
the different target gases under analysis. Slightly higher values have been recorded for the
uncertainty of some of the NO and NO, sensors. AQMesh and ECN nodes demonstrate the
lower relative expanded uncertainty U_r for NO,, with U_r reaching below 30% and 60% for
concentrations above 20 ppb, for the two aforementioned nodes. However, the AQMesh NO,
sensor seems to increase the U_r for concentrations over 30 ppb. For PM10, the results vary
considerably from platform to platform; the ECN platform, for example, presents lower relative
uncertainty for concentration values above 80 pg.m? approaching DQO limits, while the CAM
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platforms present an U_r over 600% for all the concentration range. For O3, AQMesh and
NanoEnvi nodes show a reduction in U_r values for concentrations over 10 ppb, while with
AQMesh presents the lowest relative uncertainty. SO, sensors are generally characterised by the
highest relative uncertainty values for all the gas sensors analysed, with uncertainties values
over 5000%: it should be underlined that these results are influenced by the very low
concentrations recorded during the exercise. Overall, the aforementioned analysis verifies that
even when some of the sensors demonstrate promising uncertainty results, sensor platforms are
still not in compliance with the DQO imposed by the European Air Quality Directive (AQD) for
indicative measurements when off the shelf calibration is used (EU, 2008).

Considering the results of the FFNN processed multisensors response, the results

expanded uncertainty of the platforms versus reference data with the

multisensors response. As usual, figures show results obtained on test sapagles
been used in the network training phase. %f
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Fig. 8. Relative expanded uncertainty (%) of the FFNN processed multisensors versus the reference data, for PM10 (ug.m?3), PM2.5
(1g.m?), NO, (ppb), NO (ppb), O (ppb) and CO (ppb). Each colour identifies a specific platform: black (CAM_11), red
(NanoEnvi), grey (CAM_10), green (ECNBox10), magenta (ECNBox38), blue (ENEA), orchid (AQMesh), pink (AUTh_ISAG).

For PM10 sensors, the estimated uncertainties generally meet the AQD data quality
objective in part of the measurement range (40 - 100 pg.m?). On the contrary, for PM2.5,
despite the improvement obtained with FFNN calibration, the estimated uncertainty is still
higher than the AQD objective for all values in the relevant range (1 - 80 pg.m?).

With regards to NO,, the majority of platforms show results that match with the upeertainty
criteria defined in the AQD when concentration exceeds a node dependent thresh&this
case, only the results for NanoEnvi and ISAG sensors are above the AQD objecling across the
entire measurement range (2 - 50 ppb). For O; sensors, an equivalent result j ined, with
some of the platforms showing very promising results.

With the NO sensors, the limited number of data available is reflec
results. In this case the uncertainty is below the reference value in measurement
range when concentration exceeds 5 ppb and 18 ppb respectively for tife AQMésh and CAM_11
node. For CO, all but the NanoEnvi and CAM11 nodes meet the (Pmective at least in a
small concentration interval starting from 300 ppb for AQMes 400 ppb for CAM_11
node and 600 ppb for ENEA node. Given the usual relevant coffsentkation 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 processed multisensors versus the reference data, (ng.m?), PM2.5
(1g.m™®), NO, (ppb), NO (ppb), Os (ppb) and CO (ppb). Each colour identifies a specific pl : bIRUGCAM_11), red
(NanoEnvi), grey (CAM_10), green (ECNBox10), magenta (ECNBox38), blue (ENEA), orchidf(AQMesh)! pink (AUTh_ISAG).

Similar results are obtained by the use of the RF algorithm (i . For PM10, the results
reflect what has already been shown with the aid of FFNN,”Wwith~ap¥ increased homogeneity
among the node’s performances. For PM2.5, again none of thg nodds is capable of reaching the
DQO levels. For NO,, slightly worse results are obtained 7 however it can be seen that
most of the nodes are able to reach the DQO in relev ntration ranges. Results for the
NO sensors could not reach the quality objective ach with the use of RF. On the other
hand, results obtained for O3 sensors suggest thag by\ie Mise of RF regression, all the nodes,
including NanoEnvi and AUTh-ISAG are able to t Yhe intended objectives. Finally, for the
carbon monoxide, results with RF reflect the E already presented in Table 3.

ith

4, Conclusions

Continuing developments in Air, litVJ¢¥AQ) microsensor technologies present the need to
evaluate their ability to support mplement standard monitoring procedures. This paper
introduced the second part of restlts of an intercomparison of AQ microsensors with

reference methods during an moRjtoring campaign in Aveiro (Borrego et al., 2016).
appPh

Microsensor nodes ar cost devices with considerable application potential, offset by
important limitations w d to urban air quality monitoring. Heterogeneity of hardware
and calibration proced calp for an additional “calibration layer” that should be implemented
in any AQ informatfon sysf€m that uses them. Sensor uncertainty and performance indicators
need to be addressethin a gtructured way allowing for field-based sensor comparison and use.

This work focused on the analysis of the uncertainty estimation along with the development
of a ComputatignalAntelligence-based “calibration” layer focusing on the hourly data, while
also addre h temporal resolution (1-min) data. The aim was to estimate the uncertainty
of the meast{rements according to the DQO of the European Air Quality Directive and to
improve their’performance with the aid of a computationally-oriented methodology. For this
purpose, linear regression in addition to Feed Forward Neural Networks and Random Forests
algorithms were employed, in an effort to improve sensor performance based solely on sensor
data and local meteorological data from a reference station.

The results confirm that the standard in-factory calibration performances can be strongly
ameliorated by Cl-based algorithms with positive outcomes on several statistical indices, as
already reported in the literature (De Vito et. al., 2018). Improved results can also be obtained
for sensor nodes for which no in-factory calibration has been performed. For the first time, this
is confirmed with tests on several multisensor nodes based on different type of solid state
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sensors and from different independent institutions, including academia and commercial
companies, adding an unprecedented generalization value to the presented result. The latter also
allows for the adoption of the proposed sensor calibration methodology in order to make sensor
readings compliant with the DQO, thus also for the first time suggesting a method that may
render AQ microsensors as appropriate for the support of official AQ monitoring tasks.

Nonetheless, this procedure should be regarded as an on-site calibration, as it requires

ground truth data from the area of interest, thus posing a considerable challenge in terms of
method scalability, required for rapid deployment,
Generalization of these results should take into account possible sensor and cq@;ﬂriﬁ
impacts on concentration estimation quality. It is well known, actually, that the ageing sor
drifts} and seasonal changes in the pollutants and/or environmental variables jafnth
distribution (concept drifts), may lead to suboptimal estimations negdtiyéty
performance estimator values (Esposito et al., 2017).

Furthermore, the performance degradation rate due to ageing effect different for
each sensor. This behaviour could only be observed and qualgp ing long-term

deployment campaigns and are not the subject of this study.
Further work should evaluate the robustness of the methodol%

prefiling with the aid of CI methods in addition to SOM can
addition, model performance may take benefit from an e,@

ribed herein. Sensor
‘orementioned tasks. In
pproach where different
models based on different algorithms can be used in combigat
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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 complemen#current

monitoring networks
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