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Abstract

:

Low-cost sensors based on the optical particle counter (OPC) are increasingly being used to collect particulate matter (PM) data at high space and time resolution. In spite of their huge explorative potential, practical guidelines and recommendations for their use are still limited. In this work, we outline a few best practices for the optimal use of PM low-cost sensors based on the results of an intensive field campaign performed in Bologna (44°30′ N, 11°21′ E; Italy) under different weather conditions. Briefly, the performances of a series of sensors were evaluated against a calibrated mainstream OPC with a heated inlet, using a robust approach based on a suite of statistical indexes capable of evaluating both correlations and biases in respect to the reference sensor. Our results show that the sensor performance is sensibly affected by both time resolution and weather with biases maximized at high time resolution and high relative humidity. Optimization of PM data obtained is therefore achievable by lowering time resolution and applying suitable correction factors for hygroscopic growth based on the inherent particle size distribution.






Keywords:


low-cost sensors; air quality; particulate matter; optical particle counter; particle mass concentration; PM10; PM2.5; PM1; particle size distribution












1. Introduction


The assessment of high-resolution air quality data in highly inhomogeneous areas such as the urban environment is a major requirement for the understanding of the complex physico-chemical processes behind the accumulation of atmospheric pollutants. This is especially true for airborne particulate matter (PM), a pollutant characterized by multiple emission sources simultaneously active at a single place; complex chemical phenomenology affects both composition and particle size, strongly affected not only by local advection pattern but also by local turbulence.



In order to comply with governmental air quality standards, monitoring stations are deployed and managed by regional environmental protection agencies which collect systematic and routine data of particle and gaseous pollutants using highly reliable but costly, large and usually static certified reference instruments, according to the environmental prescription and regulations [1]. Due to the high costs of the installation and maintenance of reference monitoring stations in terms of economic and human resources, this approach is limited to a few sparse stations over single urban areas. The urban canopy is highly complex in terms of spatial patterns [2], topography, dispersion and deposition conditions [3], and emission profiles, which induce localized gradients in ground-level concentrations of air pollutants [4]. Therefore, the available monitoring stations, though satisfying the legislative requirements, are hardly representative of the whole urban surface, preventing an accurate assessment of spatially resolved environmental conditions and the inherent risks for the population. Environmental protection agencies usually complement air quality monitoring from static monitoring stations with mobile monitoring stations sampling additional local sites not covered by the reference network for fixed periods [1]. Mobile laboratories use the same instrumentation as the permanent monitoring stations, and therefore suffer the same high maintenance and calibration costs. In addition, though data collected from mobile laboratories are precious in terms of accuracy and for specific purposes under intensive field campaigns, they are affected by significant temporal limitations, not representative of the whole annual and interannual variability. For this reason, the deployment of low-cost sensors networks is becoming increasingly popular, allowing not only integration of the environmental information at a high space and time resolution but also raising citizen awareness [1,5] and involvement in the management of environmental issues [6]. In addition, recent approaches to complement data from low-cost sensors in air quality models have been proposed to increase spatial and temporal resolution and reduce biases and systematic errors [7,8,9]. The success of these initiatives within the broader framework of IoT (Internet of Things) is very promising; however, from a metrological standpoint, one of the main drawbacks of this approach is the lack of a suitable evaluation of the consistency and reliability of the experimental data collected with low cost sensors, a non-negligible aspect for the subsequent data elaborations and deductions.



In the case of PM sensors, many factors should be accounted for, owing to a series of intrinsic and extrinsic factors. On the global scale, PM metrics included in the air quality networks rely on the official method (EN 12341:2014), which consists of the collection of PM10 and PM2.5 usually on quartz fiber filters by sequential certified samplers and successive gravimetric analysis, or by continuous detection based on beta-attenuation technique or tapered element oscillating microbalance (TEOM) [10,11]. However, scientists widely agree that a more informative and accurate approach should also include the assessment of the corresponding size distribution closely related to PM atmospheric residence time, transport and health effects [12,13,14]. In this framework, the use of optical particle counters (OPCs) is highly valued since they allow for the collection of information on particle size distributions and for the conversion of number densities obtained with the aid of suitable parameterizations and assumptions usually based on empirical data into mass concentration data easily interpretable as a function of air quality standards.



While OPCs are widely used instruments in atmospheric research, they are not routinely employed in air quality networks. Therefore standardization protocols are not widely applied, even if recently the ISO 21501 (and in particular the recent Part 4:2018 Determination of particle size distribution—single particle light interaction methods—light scattering airborne particle counter for clean spaces) has been made available after the dismission of ASTM F 328-98(2003). This standard method is usually carried out by the manufacturer. As a result, owing to the need for special experimental facilities, even research-oriented instruments usually rely solely on calibration procedures carried out at the manufacturers with a frequency dictated by a single laboratory’s responsibility and awareness.



Therefore, even research-based instrumentation poses some fundamental questions in terms of PM data quality and assimilation to be employed in whatever environmental application.



Low-cost PM sensors are based on the same technology. In order to obtain reliable data, it is necessary to evaluate their uncertainties, performance and accuracy with laboratory tests and field comparisons with reference instruments [15].



Further sources of uncertainty in PM data assessments arise from the meteorological variability, since different weather and dispersion conditions may change the physico-chemical nature of the particles observed at the receptor site over time. In particular, the variability of wind circulation and boundary layer mixing affect the ventilation, dilution and upwind emission sources [16]. Temperature and relative humidity conditions affect the stability of aerosol components, such as NH4NO3 and several carbonaceous components, and the kinds and rates of chemical reactions, leading to the formation of secondary inorganic and organic aerosols [17,18,19]. In addition, atmospheric fluctuations in relative humidity (RH) which in turn depend not only on the air masses transiting over a given place but also on the setting of different thermodynamic and microphysical conditions, are capable of modifying the particle size distribution sensibly as a result of aerosol hygroscopicity [20].



Recently, several papers focusing on the evaluation of the affordability of low-cost sensors from laboratory tests and experimental field campaigns have been published [21,22,23,24,25,26,27,28,29,30]. However, previous studies often failed in deriving practical guidelines and recommendations for the best practices with which to use low-cost sensors in terms of time resolution and different weather conditions. In this work, we present the results of an intercomparison exercise performed during a long-term (more than six months of monitoring) experimental field campaign aimed at assessing the performance of a series of low-cost sensors in terms of accuracy and reproducibility under different time resolution and weather conditions.



As such, this work aims to:




	
Characterize the performances and reproducibility of different brands of low sensors in comparison to reference instruments;



	
Assess instrument variability using batches of the same kind of low-cost sensors from the same producer;



	
Perform a comparative analysis of the various OPCs under different meteorological conditions capable of sensibly affecting the PM size distribution, and consequently, the estimated mass concentration data.








This work is organized as follows. Following the Introduction section, Section 2 presents the material and methods used in this work, including the site where the experimental field campaign was performed, the instrumentation adopted, the algorithm used to convert number densities to mass concentration and the statistical parameters used to evaluate the performances of low-cost sensors. Section 3 presents and discusses the results in terms of particulate matter concentrations and particle number densities, and finally, Section 4 draws the main conclusions of the work.




2. Materials and Methods


In this work, we evaluated the performances of a set of different low-cost and research-oriented laser particle counters in outdoor ambient conditions during two distinct experimental field campaigns performed during the periods June 6th 2019–August 4th 2019 and September 23rd 2019–February 12th 2020 in Bologna (44°30′ N, 11°21′ E; Northern Italy), a city located in the Po Valley, a region representing one of the major pollution hotspots in Europe (e.g., [31,32]). The study periods included a range of different meteorological conditions, well representative of the typical weather conditions affecting the city and the surrounding region in the warm and cold seasons.



Bologna is characterized by a humid temperate climate (Cfa following Köppen climate classification), with quite cold, humid and damp winters and hot and muggy summers. Humidity is generally quite high during both summer and winter periods, while the wind circulation is characterized by frequent stagnation conditions under calm and breeze regimes. Precipitation is moderate and quite well distributed over the seasons, with two peaks in spring and autumn and relative minima in winter and summer.



2.1. Instrumentation


For the purpose of investigating and comparing the performances of the sensors in measuring particle size distributions and particle mass concentrations, they were co-located on the rooftop of the Department of Physics and Astronomy of the University of Bologna. Optical sensors included: one Profiler Model 212 (MetOne Instruments, Inc., Grants Pass, OR 97526, USA), a couple of OPC-N2 low-cost sensors (Alphasense Ltd., Braintree CM77 7AA, UK; price around 300–400 €), a couple of iSCAPE Citizen Kits (SCK, Fab Lab Barcelona 08002, Barcelona, Spain; based on the Smart Citizen Kit 2.0 and PMS 7003 particle sensors, price around 100–200 €) low-cost sensors and one LOAC (light optical aerosol counter; MeteoModem, 77760 Ury, France).



All the sensors utilized in this work are optical particle monitors that use laser beams to detect and count particles, thereby evaluating the scattering signal from suspended particulate to provide a semi-continuous real-time measurement of airborne particulate as a function of size. In particular, the MetOne Profiler 212 is a robust mainstream optical particle counter widely employed in air monitoring (see for example [33,34]), regularly re-calibrated on an annual basis and employed in this work as a reference instrument; i.e., following a heating step causing particle dehydration and classification of particles based on their dry diameters.



The OPC-N2 and the SCK sensors are low-cost sensors characterized by a low price, extreme portability and small weight (e.g., [22,29,30]). According to [35], the low-cost sensors herein evaluated can be classified respectively as OEM (original equipment manufacturers) and SSys (sensor systems); i.e., equipment based on low-cost sensors mounted by the customers or already available in a “ready-to-use” format. The Alphasense OPC-N2 sensors were mounted at our lab in a waterproof case together with other meteorological and gaseous pollutant sensors not treated in this work; the whole system (ABBA; Arduino Board Based Air quality monitoring system) was designed and built within the team authoring this paper.



Finally, the LOAC is a versatile optical particle counter characterized by low weight and extreme compactness, which enables it to perform measurements not only at the surface but dynamic applications such as balloon platforms in the troposphere and the stratosphere [36,37].



The optical counters used in this work are characterized by different size ranges, flow rates, time resolution, scattering angles and laser wavelengths; all the devices use a mirror to ensure the photodetector collects efficiently all scattered light. In the case of LOAC, the size distribution is estimated from two scattering angles: one around 12° almost insensitive to the refractive index of the particles and one around 60° strongly sensitive to the refractive index of the particles [36]. This enables the sensor to determine not only the size distribution but also the typology of the dominant aerosol (droplets, carbonaceous, salts and mineral particles). An important characteristic of an optical particle counter is the counting efficiency; i.e., the maximum number of particles or maximum concentration of particles that can be detected by the sensor [38]. The counting efficiency of the sensors used in this work is quite variable and also depends on the diameter and meteorological conditions for the LOAC. Table 1 summarizes the main technical specifications of the sensors used in this work.



The measurement time resolution of the MetOne Profiler 212 (hereafter MetOne), OPC-N2 and LOAC sensors was set to 60 s. Instead, the SCKs made measurements integrated over 30 s, which were averaged to the same time resolution of the other sensors for the sake of homogeneity.



Observations of meteorological variables (atmospheric pressure, air temperature, air relative humidity, wind speed and wind direction) were collected by a Davis Vantage Pro2 (Davis Instruments, Hayward, CA 94545, USA) on a 10-min time basis.




2.2. Number Concentration to Mass Conversion


Optical particle counters are typically based on light scattering by aerosol particles in a flow cell (e.g., [39,40,41]). As a result, this broad family of instruments is designed to assess particle number densities as a function of particle size bins based on suitable scattering parameterization. Particle number density is, therefore, a fundamental metric to integrate efficiently aerosol gravimetry-based metrics. The MetOne herein used as a reference provides, therefore, the number densities in the particle size intervals previously detailed. In order to make all the data comparable, signals from the MetOne were converted into mass concentration (μg m−3).



Conversely, as previously described, the OPC-N2 and the SCK sensors estimate PM1, PM2.5 and PM10 mass concentrations from count measurements using embedded proprietary algorithms not yet disclosed to the public. Similarly, the LOAC sensor estimates PM2.5 and PM10 mass concentrations from count measurements. In general, the algorithms used by the optical sensors assume a default particle density (1650 kg m−3 in the case of OPC-N2; unknown for the SCKs); a volume-weighting factor (default set to 1) to account for errors in sizing due to differences in the refractive index of particles used for calibration and those being measured [42]; and for SCK, an atmospheric correction factor used in field evaluation whose details are not available from the manufacturer.



Number density data obtained by the MetOne was therefore subjected to a suitable inversion procedure for the planned comparison with the other devices. The following computation was used based on the assumptions of spherical particles with uniform density, a standard approximation, though actually not complying with real ambient aerosol particles [43].



For each size bin of the instrument, a weighted volume diameter was computed according to [43]:


  D = LB    [   1 4   (  1 +    (    UB   LB    )   2   )   (  1 +   UB   LB    )   ]    1 / 3    



(1)




where LB and UB are respectively the lower and upper boundaries of each size bin. The particle volume (Vp) and mass are then calculated as follows:


   V p  =   π  D 3  n  6   



(2)






  m =    ρ V   p   



(3)




where n is the particle count and ρ is the particle density in g cm−3. According to [44,45], the value of particle density was assumed equal to 1.65 g cm−3, a widely accepted approximation well representative of urban average particle mixture [43,45]. The particle mass is eventually divided by the sampled air volume to provide aerosol mass concentration per unit air volume. Note that in the case of the LOAC instrument, m is not the particle mass, but it is already the volume mass concentration.



Particle mass concentrations for the MetOne (PM1, PM2.5, and PM10) and the LOAC (PM1) were finally estimated by summing the concentration masses in the various size bins fitting to the respective aerosol cutoff.




2.3. Sensor Performance Metrics


For the purpose of investigating the performances of the OPC-N2, SCK and LOAC particle sensors, their measurements were compared to those obtained from the co-located MetOne instrument. In particular, the choice to use the measurements retrieved from the MetOne as the reference values derived from the fact that this instrument is widely used internationally and therefore fairly well characterized, at least compared to the others (e.g., [33,46,47,48,49,50]). This instrument is endowed with a humidity sensor and an inlet heater to prevent moisture from being sampled as particulate mass.



In order to detect and remove outliers from the 1-min time series recorded by all the sensors, we used the Hampel filter based on the calculation of the median and the standard deviation expressed as median absolute deviation (MAD) over a sliding window [51,52]. The filter identifies as outliers values differing from the window median by more than x standard deviations and substitutes them with the median. The filter has two configurable parameters; namely, the size of the sliding window and the number of standard deviations which identify the outlier (x). In this case, we selected a sliding window of 7 observations (given observation and the 2 × 7 surrounding elements) and a value of 2 × MAD to detect outliers.



In particular, besides visual comparisons of the time series, scatterplots and histograms produced with the “psych” package [53] for the R language, version 3.6.1 [54] and density scatter plots built using “ksdensity” Matlab function, a set of statistical indexes was calculated. Indexes include widely used metrics (e.g., [55]), such as the mean bias error (MBE), the mean absolute error (MAE), the root mean square error (RMSE), the correlation coefficient (r), the coefficient of determination (R2) and the t-score (t). In addition, normalized values were also calculated for MBE, MAE and RMSE, using the observation range (NMBE, NMAE and NRMSE) or the observation average (CVMBE, CVMAE and CVRMSE) as a factor for normalizations. Calculations were performed using the “tdr” package [56] for the R language. Formulas are provided in Appendix A. Our approach, using a combination of qualitative and quantitative analyses including statistical parameters such as the bias, the RMSE and the MAE, besides the correlation coefficient, is very robust and complete for characterizing the performances of the sensors completely [35].





3. Results and Discussion


In this study, we evaluated the performances of a suite of particle sensors in terms of mass concentrations and particle number densities, as evaluated from the comparison with a co-located reference instrument under different sampling conditions. This section presents and discusses the main results of this intercomparison exercise, focusing firstly on mass concentrations and secondly on particle number densities to better understand the reasons for the different behaviors.



3.1. Particle Mass Concentrations


3.1.1. Effect of Seasonal Variability


Figure 1 and Figure 2 present the time series of hourly particle mass concentrations (PM10, PM2.5 and PM10) observed by the two SCKs (4E59 and BC60), the two OPC-N2s (ABBA1 and ABBA2), the LOAC (during autumn) and the MetOne during the summer, autumn and winter experimental campaigns. Notwithstanding the application of the Hampel filter, as detailed in Section 2, Figure 1 and Figure 2 highlight clearly that data collected from low-cost sensors in both seasons and from the LOAC during autumn are characterized by evident spikes in mass concentrations, usually not observed or at least less evident in the observations from the MetOne instrument. In addition, biases between the two types of low-cost sensors and the reference instrument are larger during the summer season (Figure 1) than during autumn (Figure 2). During both seasons, the most significant biases affect PM1, while biases seem to be reduced for PM10. Finally, Figure 1 and Figure 2 highlight that the two couples of SCKs and OPC-N2s are characterized by high correlations and very similar temporal patterns.



Comparisons of hourly observations of PM2.5/PM10 and PM1/PM2.5 concentration ratios are reported in Appendix B. The hourly resolution of these time series has been chosen with respect to the 10-min resolution to improve the graphic representation of the long-term time series. This comparison highlights that, in general, the two SCKs are characterized by very high concentration ratios with respect to the MetOne, while observations from the OPC-N2s show a better agreement with those from MetOne, particularly as far as the PM2.5/PM10 ratio is concerned. The very high ratios observed by the two SCKs might derive from the reduced particle-size selectivity of the Plantower PMS5003 particle sensor of the SCKs, as evidenced by [25].



A better understanding of how data collected from different particle sensors are related derives from the visual inspection of density plots, scatterplots and histograms of 1-min observations during the two measurement campaigns (Figure 3 and Figure 4 and Appendix C).



The comparison of summer data (Figure 3 and Appendix C) highlights even more some patterns previously observed: observations of the two SCKs are very well correlated (R = 0.98, 0.99 and 0.99 respectively for PM10, PM2.5 and PM1) and similarly distributed, while observations from the two OPC-N2s, even though similarly well correlated between each other (R = 0.91, 0.99 and 0.99 respectively for PM10, PM2.5 and PM1) seem to slightly deviate from a linear regression line, indicating some biases between the two sensors though of the same type.



When comparing observations from SCKs and OPC-N2s with those from the MetOne during summer (Figure 3), the density scatterplots show a better agreement for the PM2.5 cut-off. At the same time, lower correlations are observed for PM1 and even worse for PM10. Indeed, low-cost sensors present evident tails in their populations, a feature particularly marked for the two SCKs (4E59 and BC60), in spite of their better correlation with respect to OPC-N2s (ABBA1 and ABBA2) for PM10 and PM2.5. These tails are likely caused by the occurrence of instrumental spikes not removed by the Hampel filter, as observed by data clusters departing from the main data clouds in the scatter plots.



The comparison of autumn data (Figure 4 and Appendix C) shows again that data from the two couples of low-cost sensors are reciprocally well correlated, particularly in the case of the two SCKs (R = 0.91, 0.95 and 0.98 respectively for PM10, PM2.5 and PM1), but also in the case of OPC-N2s for PM2.5. The comparison with observations from the MetOne highlights higher correlations with respect to the summer season for PM1 and PM2.5 for both kinds of low-cost sensors and especially for the OPC-N2s, while for PM10 autumn correlations are higher than the summer ones only for OPC-N2s. Biases and tails are evidenced in the histograms and scatterplots for both types of low-cost sensors, even though clear clusters emerge in the case of the two SCKs. Moreover, all the data are mostly positioned above the bisector, suggesting that owing to the generally higher relative humidity of the autumn season at this latitude and the heating inlet of the MetOne, particle size measured by the sensors is different; the MetOne does not show the effect of the hygroscopic growth, as seen in detail later on. The observations from LOAC, instead, show a different behavior, showing a general tendency to underestimate aerosol mass concentration with respect to the MetOne.




3.1.2. Effect of Time Resolution


Figure 5 presents the evaluation of the performances of the sensors through the RMSE and the r correlation coefficient at different time resolutions (from 1 min to 1 day) during the two measurement periods, while the complete series of the statistical indicators is presented in Appendix D. During both measurement periods, the values highlight a tendency for the performance of the low-cost sensors to improve with lower time resolutions, as evidenced by the increasingly higher correlation coefficients and the lower biases. The comparison of the summer and autumn values shows that as previously observed, the agreement of the sensors is higher during autumn, though also accompanied by higher biases in this season. The performances of the two couples of low-cost sensors within the brand type are very similar. In general, during both measurement periods, the SCKs are more consistent with MetOne than the OPC-N2s in the case of PM10 concentrations, while OPC-N2s reveal lower biases for PM2.5 and PM1. In addition, the MBE values confirm the SCKs’ tendency to overestimate compared to MetOne; conversely, the OPC-N2s tend to underestimate PM2.5 and PM10 observations during summer. As previously described, the LOAC shows reduced correlations for all size fractions at high time resolution, while correlations greatly improve at lower time resolutions. Finally, the bias for the LOAC is particularly low for PM1, which might indicate its better counting efficiency for the smaller particles.




3.1.3. Effects of Meteorological Conditions


As reported in Section 2, the measurement period included different meteorological conditions typical of the warm and cold seasons in the measurement site. Specifically, with the aim of understanding the effects of different weather conditions on the performances of the optical sensors, we investigated the effects of the prevailing weather conditions based on the meteorological variables observed in situ from the co-located meteorological station and a WMO (World Meteorological Organization) synoptic meteorological station located at the Bologna airport; synoptic weather charts; atmospheric vertical soundings at a nearby meteorological station; drop size distribution observations obtained from a co-located OTT-Parsivel disdrometer, OTT Hydromet GmbH, 87437 Kempten, Germany; and maps of dust transport over the Mediterranean region, as simulated by the BSC-DREAM 8b model from the Barcelona Supercomputing Center (https://ess.bsc.es/bsc-dust-daily-forecast). Briefly, the weather conditions observed were the following:




	
Thunderstorm on 9th July 2019;



	
Saharan dust transport on 10th July 2019;



	
Rain on 7th October 2019;



	
Mist on 14th October 2019;



	
Fair weather on 20th October 2019;



	
Cloudy conditions on 23rd October 2019;



	
Fog on 25th October 2019;



	
Drizzle on 1st November 2019.








Figure 6 presents the performances of the optical sensors during these different weather conditions as evaluated from the calculations of MAE, MBE and RMSE indexes, and correlation coefficients using the MetOne sensor as a reference instrument.



As seen in Figure 6, the performances of all the sensors are the highest during fair weather conditions, when the lowest values of the MAE, MBE and RMSE are reported, associated with high correlation coefficients (>0.80) for all size fractions. Conversely, the performances of the sensors sensibly worsen under mist, cloudy and fog conditions, as expected given the hygroscopic behavior of aerosols. The comparison among the different sensors shows the higher performance of the OPC-N2s and the LOAC in capturing PM1 concentrations under fair weather, while the SCKs perform better for PM2.5 and particularly for PM10 concentrations. Figure 6 shows how the SCKs present a satisfactory, even though never exceptional performance under all weather conditions, while the OPC-N2s and the LOAC reveal very variable behaviors ranging from the excellent performance with fair weather down to fairly biased and poorly correlated under mist, cloudy and fog conditions. The OPC-N2s present high average correlations (>0.6) for most weather conditions except for the Saharan dust transport and rain events. The differentiated behavior of the other sensors may stem from several factors differently affecting particle counts in the various size bins and how they are used in PM assessment. One of the primary factors is basically the different particle size bins and the overall size intervals of each model, leading to an approximation in the instrumental comparison. Secondly, as previously reported, optical sensors are characterized by distinct particle size-selectivity [25]. Thirdly, the use of a constant density factor across the various size ranges to convert number densities to mass concentrations is likely an oversimplification, owing to the intrinsic complexity of PM composition highly inhomogeneous across the size distribution and to the direct and indirect influence of meteorology on particle size and composition [57]. In fact, the enhanced bias among the various sensors observed during the Saharan dust transport should be ascribed to the use of a density factor unsuitable for capturing the prevailing mineral component of the particles associated with this kind of transport. All the other biases instead are attributable mainly to the influence of relative humidity on particle size as a result of variable hygroscopic growth leading to an overestimation of particle mass by the optical sensors with respect to the MetOne sensor endowed with the inlet heater.



The effect of relative humidity can be better assessed by observing the scatter plots of the aerosol masses obtained for the various devices. Figure 7, Figure 8 and Figure 9 report the comparison of 10-min averaged PM1, PM2.5 and PM10 concentrations of the MetOne vs. those obtained from all the others with different color tones as a function of relative humidity and temperature, during the autumn measurement period (results for the summer measurement period are reported in Appendix E).



During the autumn measurement period, the temperature in Bologna varied between 5 and 28 °C, while relative humidity varied in the range 43–96%. Overall, Figure 5, Figure 6 and Figure 7 highlight the effects of relative humidity conditions on PM concentrations observed by all the optical particle counters. In particular, OPC-N2 sensors tend to overestimate particulate matter concentrations under high relative humidity conditions, while they seem to underestimate PM concentrations under low relative humidity, especially for PM2.5 and PM10. The behavior of the two SCKs seems more coherent and less affected by humidity conditions than that of the OPC-N2s, while the PM10 readings from this sensor type present also the effect of temperature conditions, possibly associated with the protective case used to house the two sensors. The more significant effect of relative humidity conditions on PM2.5 and PM10 concentrations, related with the condensation of water vapor and hygroscopic growth of particles [58], is in agreement with the previous results on the dependence of hygroscopicity on particle size, previously observed by [59]. The hygroscopic growth of particles inevitably affects the response of all the particle counters, resulting in a possible overestimation of the mass because of the reduced molecular mass of water [60]. The differences against the MetOne reference instrument can be ascribed to the thermal dehydration of particles within the instrument body, leading to a decrease in particle size, and therefore, to a shift in the size distribution in this instrument. Since size distribution affects the retrieved mass data through the application of the conversion previously described in the experimental section, the bias between instruments might be larger at higher relative humidity values owing to enhanced hygroscopic growth.



Figure 10 presents a focus of the PM10 concentrations and of relative humidity values observed on the week of 7–14 October 2019, enlightening the occurrence of a bias among the sensors. In particular, an overestimation of mass concentrations was observed in the data from low-cost sensors and by the LOAC, when relative humidity was higher than 70–80%, and under fog conditions, in agreement with previous observations [57,61,62], likely due to the use of an inadequate density factor in these conditions.



Under these circumstances of high relative-humidity conditions, we tested the use of the hygroscopic growth factor developed by [45] based on the ĸ-Köhler theory. Specifically, the particle diameters of the OPC-N2 and of the LOAC sensors (as reported previously, the SCKs do not provide particle counts explicitly in the various size bins and therefore cannot be subjected to this correction) were corrected by a hygroscopic growth factor [48] to take into account the changes in particle size due to water uptake:


  g  (  RH  )  =    (  1 + κ   RH   100 − RH    )    1 / 3    



(4)






   D  wet   = D · g  (  RH  )   



(5)




where RH is the relative humidity obtained by the weather station, and κ is a parameter that describes the particle hygroscopicity and is assumed to be 0.62, an optimized value for a mixture of organic and inorganic particles in polluted environments fitting Bologna airshed characteristics. “Corrected” particle mass concentrations were then estimated by summing the concentration masses in the various size bins fitting to the respective aerosol cutoff. Figure 11 reports the scatterplots for the PM10 mass concentrations observed by one of the two OPC-N2s (the ABBA2) and the LOAC vs. those observed by the MetOne during October 2019, both with and without the use of the correction with the hygroscopic growth factor.



The comparison of the regression for corrected and uncorrected mass concentrations indicates that the correction performs well and improves the agreement with the MetOne reference instrument, even though in the case of the OPC-N2 sensor seems to lower also the values observed under moderate or low relative humidity conditions. Therefore, it seems useful to adopt a threshold value of RH (Relative Humidity) beyond which the correction can be applied.





3.2. Particle Number Densities and Particle Size Distributions


The correlations of particle number densities observed by the instruments were evaluated over three weeks, considering in particular, two periods of weak synoptic forcing respectively in summer (19–24 July 2019) and in winter (5–11 February 2020), characterized by constant high atmospheric pressure, low wind speeds and absence of precipitation, and one in autumn (19–26 October 2019) was characterized by the presence of frequent fog and cloudy conditions. These analyses were carried out by comparing the particle number densities retrieved by the two OPC-N2s and by the LOAC with those collected by the MetOne. In this framework, the SCKs, which might be classified as SSys ready-to-use out of the box systems according to [35], do not provide particle number densities explicitly, and therefore, could not be evaluated against the other ones. Moreover, during the summer week, only one of the OPC-N2 (ABBA1) and the MetOne were operating.



The correlations were evaluated by estimating seven fractions, obtained by summing the proper bins of each instrument: “fr0.5” (considered as the fraction 0.3–0.5 μm), “fr0.7” (0.5–0.7 μm), “fr1” (0.7–1.0 μm), “fr1_2” (1.0–2.0 μm, not present for LOAC), “fr1_3” (1.0–3.0 μm), “fr5” (3.0–5.0 μm) and “fr10” (5.0–10.0 μm). All data were mediated over 10 min, and the Hampel filter presented in the experimental section was applied to remove outliers.



Table 2 summarizes the results in terms of the coefficient of determination (R2) and Pearson and Spearman correlation coefficients.



The lower fractions (fr0.5, fr0.7 and fr1) show, in general, higher correlations than the higher ones, as shown by the low R2 and correlation coefficients. This is ascribed to the higher mass contribution of the coarse fraction to PM10 in the warm and substantially drier season, but also to the influence of gravity and therefore to the remarkable stochasticity of suspended coarse particles [17,63]. Similar results were reported in other papers focusing on OPC comparison (see for example, [61]).



In the summer week, poor R2 and Pearson correlations were observed between MetOne and ABBA1, while the Spearman correlations were higher, in agreement with the non-normal distribution. During the autumn and winter weeks, instead, high (>0.6 and even >0.9 in most cases) Spearman correlation coefficients were observed between all instruments against the MetOne for almost all fractions. The LOAC sensor presents the lowest correlations with the MetOne in terms of R2 and Pearson indexes. This is attributed to the frequent spikes present in LOAC data (even if partially removed by the application of the Hampel filter) in all the size classes simultaneously possibly due to electronic noise during the experiment. The Spearman coefficient, indeed, being a non-parametric alternative for evaluating the correlation, shows a better skill in evaluating it in the presence of spikes. ABBA1 and ABBA2 are both strongly correlated to MetOne, particularly considering the Spearman indexes. Moreover, the correlation coefficients between these two OPCs are always higher than 0.9 for all fractions (data not shown), suggesting, as reported before, that instruments of the same manufacturer tend to behave similarly.



Figure 12 shows the time series of particle counts in the different size fractions observed by the two OPC-N2s, the LOAC and the MetOne, together with the corresponding values of relative humidity, during the week of October characterized by frequent fog and cloudy conditions (22–26 October 2019). Particle counts observed by the two OPC-N2s were corrected with the previously cited hygroscopic growth factor. The plots evidence interesting features of the instruments: first of all, the MetOne and the LOAC sensors observe regularly more particles in the smallest size fraction, in agreement with the lower instrumental limit of these two instruments with respect to the OPC-N2 low-cost sensors; secondly, during fog (24th of October) and rain events (24–25 October) and with values of relative humidity close to saturation (95%), the MetOne observes more particles in the second bin than the other sensors; in the coarsest fractions, the LOAC greatly overestimates the number of particles during rain events, but not during fog events, while on the contrary MetOne and ABBA1 seem to perform better under fog than under rainy conditions.



The comparison of particle size distributions observed by the MetOne and one of the two OPC-N2s during the same week of October (Figure 13) shows very clearly that under high relative humidity conditions the disagreement between the two instruments is due to the higher counts of the OPC-N2 in the 1–3 µm size fraction.





4. Conclusions


This work describes and discusses the results of an intercomparison exercise that aimed at evaluating the performances of a series of OPCs representative of both research and low-cost devices, the latter becoming extremely popular and extensively used at all scientific levels.



To that end, an intensive long-term experimental field campaign was carried out. The performances of the sensors were evaluated through a robust comprehensive approach considering a mainstream OPC with a heated inlet as the reference instrument, and calculating a series of statistical parameters to capture not only the correlation but also the biases from the reference OPC.



The results of this study indicate that low-cost sensors, and all OPCs, are affected by relevant biases and low correlations when working at elevated time resolution, while the performance improves when lowering the time resolution to hourly or daily averages.



Other biases that emerged from our work are tightly connected with aerosol complexity, and as such, cannot be ignored, since the PM data might be seriously misleading if not considered and suitably corrected. In particular the main deviations were observed using flat density correction factors when converting particle number densities into mass, suggesting a post field campaign reassessment and post-processing of data. This is especially important in countries/areas affected by mineral dust outbreaks whose properties and size distribution spectrum are significantly different from the urban background.



In addition, the performance of a sensor is highly impacted by the prevailing weather conditions, suggesting particular caution in their use for estimating PM concentrations at high relative humidity conditions, such as rain and fog events. Conversely, their performances under conditions of weak synoptic forcing and prevailing anticyclonic conditions were in general characterized by low biases and elevated correlation coefficients. The detailed analysis of the effect of relative humidity suggests/shows that the application of a hygroscopic growth factor to account for the condensation of water vapor on aerosol particles can improve the agreement; however, this approach requires some caution as it may lead to artefacts and shifts in the size distribution which may ultimately result in errors in the estimated PM concentrations.



To conclude, our results show that whatever the application of OPCs is, and the adoption of either research, or in particular, of low-cost PM sensors, the intelligent use of the data is advised based on the following recommendations:




	
Data from these devices are precious and extremely informative;



	
They can be used reasonably confidently in fair weather conditions and with low time resolution;



	
Careful data treatment and evaluation are required in two main cases: airsheds affected by mineral dust, and more generally, during relatively high humidity conditions, rain and fog are observed.








Our results may be extended using longer time series comprehensive of different seasons and analyzing more specifically the effect of PM size and chemical composition on the estimate of PM concentrations from OPCs, taking advantage of the use of ancillary data collected with the suite of co-located instruments. Future research studies focusing on how to automatically adjust data from low-cost sensors under conditions such as high relative humidity or transportation of mineral dust, affecting the observations from optical particle counters may greatly benefit from our results.
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Appendix A


Here we provide details about and formulas for the statistical parameters used to evaluate the performance of the sensors.



The mean bias error (MBE) is used to estimate the average bias in the sensor with respect to the reference instrument and is calculated as:


  M B E =  1 n    ∑   i = 1  n   (   P i  −  O i   )   



(A1)




where Oi is the observation value from the reference sensor (here, MetOne) and Pi is the observation value from the other sensor. A positive bias means that the sensor tends to overestimate the observations from the reference sensor. Conversely, underestimation results in negative biases.



The mean absolute error (MAE) measures the average magnitude of the errors in the observations from the sensors with respect to the reference sensor, without considering their direction. It is the average over the test sample of the absolute differences between prediction and actual observation where all individual differences have equal weight, calculated as:


  M A E =  1 n    ∑   i = 1  n   |   P i  −  O i   |   



(A2)







The root mean square error (RMSE) is a quadratic scoring rule measuring the average magnitude of the error as the MBE and is the square root of the average of squared differences between prediction and actual observation:


  R M S E =    1 n    ∑   i = 1  n     (   P i  −  O i   )   2     



(A3)








Appendix B


Here we present the comparison of hourly observations of PM2.5/PM10 and PM2.5/PM10 ratios recorded by the two SCKs (4E59 and BC60), the two OPC-N2 (ABBA1 and ABBA2), the LOAC and the MetOne reference sensor during the summer and autumn measurement periods.
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Figure A1. Comparison of hourly PM2.5/PM10 (a), and PM1/PM2.5 ratios (b) from the co-located particle sensors during the summer measurement period. 4E59 (black line) and BC60 (red line) are the two SCK sensors; ABBA1 (blue line) and ABBA2 (pink line) are the two OPC-N2s sensors. MetOne (thick green line) is the reference instrument. 
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Figure A2. Comparison of hourly PM2.5/PM10 (a) and PM1/PM2.5 (b) ratios from the co-located particle sensors during the autumn measurement period. 4E59 (black line) and BC60 (red line) are the two SCK sensors; ABBA1 (blue line) and ABBA2 (pink line) are the two OPC-N2s sensors. LOAC is the light green line. MetOne (thick olive green line) is the reference instrument. 
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Appendix C


Here we present frequency distributions for 1-min particulate matter concentrations observed by the two SCKs (4E59 and BC60), the two OPC-N2 (ABBA1 and ABBA2) and the LOAC during the summer and autumn measurement periods.
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Figure A3. Frequency distributions of 1-min PM1 (a), PM2.5 (b) and PM10 (c) mass concentrations observed by the MetOne (grey bars) and the other optical sensors; i.e., the two SCKs (4E59 and BC60, respectively blue and red bars) and the two OPC-N2 (ABBA1 and ABBA2, respectively green and purple bars) during the summer measurement period. 






Figure A3. Frequency distributions of 1-min PM1 (a), PM2.5 (b) and PM10 (c) mass concentrations observed by the MetOne (grey bars) and the other optical sensors; i.e., the two SCKs (4E59 and BC60, respectively blue and red bars) and the two OPC-N2 (ABBA1 and ABBA2, respectively green and purple bars) during the summer measurement period.



[image: Sensors 20 03073 g0a3]







[image: Sensors 20 03073 g0a4 550] 





Figure A4. Frequency distributions of 1-min PM1 (a), PM2.5 (b) and PM10 (c) mass concentrations observed by the MetOne (grey bars) and the other optical sensors; i.e., the two SCKs (4E59 and BC60, respectively blue and red bars), the two OPC-N2 (ABBA1 and ABBA2, respectively green and purple bars) and the LOAC (black bars) during the autumn measurement period. 
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Appendix D


Here we present tables for the performance of the sensors at varying time resolution and during the two measurement periods, as evaluated by the comparison with the observations from the MetOne reference sensor.
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Table A1. Performances of the particle sensors as evaluated from the comparison with the observations with MetOne reference sensor and from the calculation of a set of statistical parameters (MBE = mean bias error; MAE = mean absolute error; RMSE = root mean square error; NMBE, NMAE and NRMSE are MBE, MAE and RMSE normalized over the observation range, while CVMBE, CVMAE and CVRMSE are normalized over the observation average), at varying time resolution during the summer measurement period.
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−0.05
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nmae
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Table A2. Performances of the particle sensors as evaluated from the comparison with the observations with the MetOne reference sensor and from the calculation of a set of statistical parameters (MBE = mean bias error; MAE = mean absolute error; RMSE = root mean square error; NMBE, NMAE and NRMSE are MBE, MAE and RMSE normalized over the observation range, while CVMBE, CVMAE and CVRMSE are normalized over the observation average), at varying time resolution during the autumn measurement period.
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Appendix E


Here we present the comparison of 10-min particulate matter concentrations observed from the MetOne and from the two SCKs (4E59 and BC60) and one of the two OPC-N2 (ABBA1) as a function of temperature and relative humidity conditions during the summer measurement period.
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Figure A5. Comparison of 10-min PM1 mass concentrations observed by the MetOne and the other optical sensors: (a,b) the two SCKs (4E59 and BC60); (c one of the two OPC-N2s (ABBA1) during the summer measurement period. The color scale indicates the relative humidity (%) value at the time of the measurements, while the size of the marker is proportional to the value of temperature at the time of the measurements. 
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Figure A6. Comparison of 10-min PM2.5 mass concentrations observed by the MetOne and the other optical sensors: (a,b) the two SCKs (4E59 and BC60); (c) one of the two OPC-N2s (ABBA1) during the summer measurement period. The color scale indicates the relative humidity (%) value at the time of the measurements, while the size of the marker is proportional to the value of temperature at the time of the measurements. 
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Figure A7. Comparison of 10-min PM10 mass concentrations observed by the MetOne and the other optical sensors: (a,b) the two SCKs (4E59 and BC60); (c) one of the two OPC-N2s (ABBA1 during the summer measurement period. The color scale indicates the relative humidity (%) value at the time of the measurements, while the size of the marker is proportional to the value of temperature at the time of the measurements. 






Figure A7. Comparison of 10-min PM10 mass concentrations observed by the MetOne and the other optical sensors: (a,b) the two SCKs (4E59 and BC60); (c) one of the two OPC-N2s (ABBA1 during the summer measurement period. The color scale indicates the relative humidity (%) value at the time of the measurements, while the size of the marker is proportional to the value of temperature at the time of the measurements.



[image: Sensors 20 03073 g0a7]







References


	



Castell, N.; Dauge, F.R.; Schneider, P.; Vogt, M.; Lerner, U.; Fishbain, B.; Broday, D.; Bartonova, A. Can commercial low-cost sensor platforms contribute to air quality monitoring and exposure estimates? Environ. Int. 2017, 99, 293–302. [Google Scholar] [CrossRef] [PubMed]

	



Ratti, C.; Di Sabatino, S.; Bitter, R. Urban texture analysis with image processing techniques: Wind and dispersion. Theor. Appl. Climatol. 2006, 84, 77–99. [Google Scholar] [CrossRef]

	



Tan, D.G.H.; Haynes, P.H.; MacKenzie, A.R.; Pyle, J.A. Effects of fluid dynamical stirring and mixing on the deactivation of stratospheric chlorine. J. Geophys. Res. 1998, 103, 1585–1605. [Google Scholar] [CrossRef]

	



Hewitt, C.N.; Ashworth, K.; MacKenzie, A.R. Using green infrastructure to improve urban air quality (GI4AQ). Ambio 2020, 49, 62–73. [Google Scholar] [CrossRef] [PubMed]

	



Camprodon, G.; González, Ó.; Barberán, V.; Pérez, M.; Smári, V.; de Heras, M.Á.; Bizzotto, A. Smart Citizen Kit and Station: An open environmental monitoring system for citizen participation and scientific experimentation. HardwareX 2019, 6, e00070. [Google Scholar] [CrossRef]

	



Mao, F.; Khamis, K.; Krause, S.; Clark, J.; Hannah, D.M. Low-Cost Environmental Sensor Networks: Recent Advances and Future Directions. Front. Earth Sci. 2019, 7, 221. [Google Scholar] [CrossRef]

	



Ahangar, F.E.; Freedman, F.R.; Venkatram, A. Using Low-Cost Air Quality Sensor Networks to Improve the Spatial and Temporal Resolution of Concentration Maps. Int. J. Environ. Res. Public Health 2019, 16, 1252. [Google Scholar] [CrossRef]

	



Schneider, P.; Castell, N.; Vogt, M.; Dauge, F.R.; Lahoz, W.A.; Bartonova, A. Mapping urban air quality in near real-time using observations from low-cost sensors and model information. Environ. Int. 2017, 106, 234–247. [Google Scholar] [CrossRef]

	



Popoola, O.A.M.; Carruthers, D.; Lad, C.; Bright, V.B.; Mead, M.I.; Stettler, M.E.J.; Saffell, J.R.; Jones, R.L. Use of networks of low cost air quality sensors to quantify air quality in urban settings. Atmos. Environ. 2018, 194, 58–70. [Google Scholar] [CrossRef]

	



Hauck, H.; Berner, A.; Gomisack, B.; Stopper, S.; Puxbaum, H.; Kundi, M.; Preining, O. On the equivalence of gravimetric PM data with TEOM and beta-attenuation measurements. J. Aerosol Sci. 2004, 35, 1135–1149. [Google Scholar] [CrossRef]

	



Patashnick, H.; Rupprecht, E.G. Continuous PM-10 measurements using the tapered element oscilating microbalance. J. Air Waste Manage. Assoc. 1991, 41, 1079–1083. [Google Scholar] [CrossRef]

	



Hidy, G.M. Atmospheric Aerosols: Some Highlights and Highlighters, 1950 to 2018. Aerosol Sci. Eng. 2019, 3, 1–20. [Google Scholar] [CrossRef]

	



Strak, M.; Janssen, N.A.; Godri, K.J.; Gosens, I.; Mudway, I.S.; Cassee, F.R.; Lebret, E.; Kelly, F.J.; Harrison, R.M.; Brunekreef, B.; et al. Respiratory Health Effects of Airborne Particulate Matter: The Role of Particle Size, Composition, and Oxidative Potential—The RAPTES Project. Environ. Health Perspect. 2012, 120, 1183–1189. [Google Scholar] [CrossRef] [PubMed]

	



Tositti, L. Physical and chemical properties of airborne particulate matter. In Clinical Handbook of Air Pollution-Related Diseases; Capello, F., Gaddi, A., Eds.; Springer: Cham, Switzerland; Berlin, Germany, 2018; pp. 7–32. [Google Scholar]

	



Tagle, M.; Rojas, F.; Reyes, F.; Vásquez, Y.; Hallgren, F.; Lindén, J.; Kolev, D.; Watne, Å.; Oyola, P. Field performance of a low-cost sensor in the monitoring of particulate matter in Santiago, Chile. Environ. Monit. Assess. 2020, 192, 171. [Google Scholar] [CrossRef]

	



Jacob, D.J.; Winner, D.A. Effect of climate change on air quality. Atmos. Environ. 2009, 43, 51–63. [Google Scholar] [CrossRef]

	



Seinfeld, J.H.; Pandis, S.N. Atmospheric Chemistry and Physics: From Air Pollution to Climate Change, 3rd ed.; John Wiley & Sons: Hoboken, NJ, USA, 2016; ISBN 978-1-118-94740-1. [Google Scholar]

	



Leung, D.M.; Tai, A.P.K.; Mickley, L.J.; Moch, J.M.; Van Donkelaar, A.; Shen, L.; Martin, R.V. Synoptic meteorological modes of variability for fine particulate matter (PM2.5) air quality in major metropolitan regions of China. Atmos. Chem. Phys. 2018, 18, 6733–6748. [Google Scholar] [CrossRef]

	



Sun, Y.L.; Jiang, Q.; Wang, Z.F.; Fu, P.Q.; Li, J.; Yang, T.; Yin, Y. Investigation of the sources and evolution processes of severe haze pollution in Beijing in January 2013. J. Geophys. Res. 2014, 119, 4380–4398. [Google Scholar] [CrossRef]

	



Wang, X.; Shen, X.J.; Sun, J.Y.; Zhang, X.Y.; Wang, Y.Q.; Zhang, Y.M.; Wang, P.; Xia, C.; Qi, X.; Zhong, J. Size-resolved hygroscopic behavior of atmospheric aerosols during heavy aerosol pollution episodes in Beijing in December 2016. Atmos. Environ. 2018, 194, 188–197. [Google Scholar] [CrossRef]

	



Crilley, L.R.; Shaw, M.; Pound, R.; Kramer, L.J.; Price, R.; Young, S.; Lewis, A.C.; Pope, F.D.; Alphasense Ltd.; Liu, D.; et al. Long-term field evaluation of the Plantower PMS low-cost particulate matter sensors. Atmos. Meas. Tech. Discuss. 2019, 245, 932–940. [Google Scholar]

	



Sayahi, T.; Butterfield, A.; Kelly, K.E. Long-term field evaluation of the Plantower PMS low-cost particulate matter sensors. Environ. Pollut. 2019, 245, 932–940. [Google Scholar] [CrossRef]

	



Bulot, F.; Johnston, S.; Basford, P.; Easton, N.; Apetroaie-Cristea, M.; Foster, G.; Morris, A.; Cox, S.; Loxham, M. Long-term field comparison of multiple low-cost particulate matter sensors in an outdoor urban environment. Sci. Rep. 2019, 9, 1–13. [Google Scholar] [CrossRef] [PubMed]

	



Chatzidiakou, L.; Krause, A.; Popoola, O.; Di Antonio, A.; Kellaway, M.; Han, Y.; Squires, F.; Wang, T.; Zhang, H.; Wang, Q.; et al. Characterising low-cost sensors in highly portable platforms to quantify personal exposure in diverse environments. Atmos. Meas. Tech. 2019, 12, 4643–4657. [Google Scholar] [CrossRef] [PubMed]

	



Kuula, J.; Mäkelä, T.; Aurela, M.; Teinilä, K.; Varjonen, S.; Gonzales, O.; Timonen, H. Laboratory evaluation of particle size-selectivity of optical low-cost particulate matter sensors. Atmos. Meas. Tech. Discuss. 2019, 13, 1–21. [Google Scholar] [CrossRef]

	



Jiao, W.; Hagler, G.; Williams, R.; Sharpe, R.; Brown, R.; Garver, D.; Judge, R.; Caudill, M.; Rickard, J.; Davis, M.; et al. Community Air Sensor Network (CAIRSENSE) project: Evaluation of low-cost sensor performance in a suburban environment in the southeastern United States. Atmos. Meas. Tech. 2016, 9, 5281–5292. [Google Scholar] [CrossRef]

	



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

	



Mukherjee, A.; Stanton, L.G.; Graham, A.R.; Roberts, P.T. Assessing the utility of low-cost particulate matter sensors over a 12-week period in the Cuyama valley of California. Sensors 2017, 17, 1805. [Google Scholar] [CrossRef]

	



Sousan, S.; Koehler, K.; Hallett, L.; Peters, T.M. Evaluation of the Alphasense optical particle counter (OPC-N2) and the Grimm portable aerosol spectrometer (PAS-1.108). Aerosol Sci. Technol. 2016, 50, 1352–1365. [Google Scholar] [CrossRef]

	



Zheng, T.; Bergin, M.H.; Johnson, K.K.; Tripathi, S.N.; Shirodkar, S.; Landis, M.S.; Sutaria, R.; Carlson, D.E. Field evaluation of low-cost particulate matter sensors in high- and low-concentration environments. Atmos. Meas. Tech. 2019, 11, 4823–4846. [Google Scholar] [CrossRef]

	



Tositti, L.; Brattich, E.; Masiol, M.; Baldacci, D.; Ceccato, D.; Parmeggiani, S.; Stracquadanio, M. Source apportionment of particulate matter in a large city of southeastern Po Valley (Bologna, Italy). Environ. Sci. Pollut. Res. Int. 2014, 21, 872–890. [Google Scholar] [CrossRef]

	



Diémoz, H.; Gobbi, G.P.; Magri, T.; Pession, G.; Pittavino, S.; Tombolato, I.K.F.; Campanelli, M.; Barnaba, F. Transport of Po Valley aerosol pollution to the northwestern Alps-Part 2: Long-term impact on air quality. Atmos. Chem. Phys. 2019, 19, 10129–10160. [Google Scholar]

	



Mamali, D.; Marinou, E.; Sciare, J.; Pikridas, M.; Kokkalis, P.; Kottas, M.; Binietoglu, I.; Tsekeri, A.; Keleshis, C.; Engelmann, R.; et al. Vertical profiles of aerosol mass concentration derived by unmanned airborne in situ and remote sensing instruments during dust events. Atmos. Meas. Tech. 2018, 11, 2897–2910. [Google Scholar] [CrossRef]

	



Pal, S.; Lee, T.R.; Phelps, S.; De Wekker, S.F.J. Impact of atmospheric boundary layer depth variability and wind reversal on the diurnal variability of aerosol concentration at a valley site. Sci. Total Environ. 2014, 496, 424–434. [Google Scholar] [CrossRef] [PubMed]

	



Karagulian, F.; Barbiere, M.; Kotsev, A.; Spinelle, L.; Gerboles, M.; Lagler, F.; Redon, N.; Crunaire, S.; Borowiak, A. Review of the performance of low-cost sensors for air quality monitoring. Atmosphere 2019, 10, 506. [Google Scholar] [CrossRef]

	



Renard, J.-B.; Dulac, F.; Berthet, G.; Lurton, T.; Vignelles, D.; Jégou, F.; Tonnelier, T.; Jeannot, M.; Couté, B.; Akiki, R.; et al. LOAC: A small aerosol optical particle counter/sizer for ground-based and balloon measurements of the size distribution and nature of atmospheric particles-Part 1: Principle of measurements and instrument evaluation. Atmos. Meas. Tech. 2016, 9, 1721–1742. [Google Scholar] [CrossRef]

	



Brattich, E.; Serrano Castillo, E.; Guilietti, F.; Renard, J.-B.; Tripathi, S.N.; Ghosh, K.; Berthet, G.; Vignelles, D.; Tositti, L. Measurements of aerosols and charged particles on the BEXUS18 stratospheric balloon. Ann. Geophys. 2019, 37, 389–403. [Google Scholar] [CrossRef]

	



The British Standard Institution ISO 21501-4:2018 Determination of Particle Size Distribution—Single Particle Light Interaction Methods—Part 4: Light Scattering Airborne Particle Counter for Clean Spaces; ISO/TC 24/SC 4 Particle characterization: Geneva, Switzerland, 2018; Volume 2018, ISBN 978 0 580 86373 8.

	



Jaenicke, R. The optical particle counter: Cross-sensitivity and coincidence. J. Aerosol Sci. 1972, 3, 95–111. [Google Scholar] [CrossRef]

	



Liu, B.Y.H.; Berglund, R.N.; Agarwal, J.K. Experimental studies of optical particle counters. Atmos. Environ. 1974, 8, 717–732. [Google Scholar] [CrossRef]

	



Welker, R.W. Size Analysis and Identification of Particles. In Developments in Surface Contamination and Cleaning: Detection, Characterization, and Analysis of Contaminants; Kohli, R., Mittal, K.L., Eds.; William Andrew Inc.: Waltman, WA, USA; Elsevier: London, UK, 2012; pp. 179–213. [Google Scholar]

	



Renard, J.-B.; Thaury, C.; Mineau, J.-L.; Gaubicher, B. Small-angle light scattering by airborne particulates: Environment S.A. continuous particulate monitor. Meas. Sci. Technol. 2010, 21, 085901. [Google Scholar] [CrossRef]

	



Crilley, L.R.; Shaw, M.; Pound, R.; Kramer, L.J.; Price, R.; Young, S.; Lewis, A.C.; Pope, F.D. Evaluation of a low-cost optical particle counter (Alphasense OPC-N2) for ambient air monitoring. Atmos. Meas. Tech. 2018, 11, 709–720. [Google Scholar] [CrossRef]

	



Tittarelli, A.; Borgini, A.; Bertoldi, M.; De Saeger, E.; Ruprecht, A.; Stefanoni, R.; Tagliabue, G.; Contiero, P.; Crosignani, P. Estimation of particle mass concentration in ambient air using a particle counter. Atmos. Environ. 2008, 42, 8543–8548. [Google Scholar] [CrossRef]

	



Di Antonio, A.; Popoola, O.A.M.; Ouyang, B.; Saffell, J.; Jones, R.L. Developing a relative humidity correction for low-cost sensors measuring ambient particulate matter. Sensors 2018, 18, 2790. [Google Scholar] [CrossRef] [PubMed]

	



Invernizzi, G.; Sasco, A.; Ruprecht, A.A. A portable device capable to deliver to the airways filtered air with a submicrometric particle removal efficiency of about 90%. Epidemiology 2011, 22, S189–S190. [Google Scholar] [CrossRef]

	



Zhu, D.; Kuhns, H.D.; Gillies, J.A.; Etyemezian, V.; Gertler, A.W.; Brown, S. Inferring deposition velocities from changes in aerosol size distributions downwind of a roadway. Atmos. Environ. 2011, 43, 957–966. [Google Scholar] [CrossRef]

	



Gaston, C.J.; Lopez-Hilfiker, F.D.; Whybrew, L.E.; Hadley, O.; McNair, F.; Gao, H.; Jaffe, D.A.; Thornton, J.A. Online molecular characterization of fine particulate matter in Port Angeles, WA: Evidence for a major impact from residential wood smoke. Atmos. Environ. 2016, 138, 99–107. [Google Scholar] [CrossRef]

	



Huang, Y.; Kok, J.F.; Martin, R.L.; Swet, N.; Katra, I.; Gill, T.E.; Reynolds, R.L.; Freire, L.S. Fine dust emissions from active sands at coastal Oceano Dunes, California. Atmos. Chem. Phys. 2019, 19, 2947–2964. [Google Scholar] [CrossRef]

	



Che, W.W.; Tso, C.Y.; Sun, L.; Danny, Y.K.; Lee, H.; Chao, C.Y.H.; Lau, A.K.H. Energy consumption, indoor thermal comfort and air quality in a commercial office with retrofitted heat, ventilation and air conditioning (HVAC) system. Energy Build. 2019, 201, 202–215. [Google Scholar] [CrossRef]

	



Hampel, F.R. The influence curve and its role in robust estimation. J. Am. Stat. Assoc. 1974, 69, 382–393. [Google Scholar] [CrossRef]

	



Liu, H.; Sirish, S.; Wei, J. On-line outlier detection and data cleaning. Comput. Chem. Eng. 2004, 28, 1635–1647. [Google Scholar] [CrossRef]

	



Revelle, W. Psych: Procedures for Psychological, Psychometric, and Personality Research. Available online: https://cran.r-project.org/web/packages/psych/index.html (accessed on 1 May 2020).

	



R Development Core Team 3.0.1. A Language and Environment for Statistical Computing. Available online: http://www.r-project.org (accessed on 1 May 2020).

	



Pal, R. Chapter 4-Validation methodologies. In Predictive Modeling of Drug Sensitivity; Academic Press: Cambridge, MA, USA, 2017; pp. 83–107. ISBN 978-0-12-805274-7. [Google Scholar]

	



Perpinan Lamigueiro, O. Tdr: Target Diagram. R Package Version 0.13. Available online: https://cran.r-project.org/package=tdr (accessed on 1 May 2020).

	



Johnson, K.K.; Bergin, M.H.; Russell, A.G.; Hagler, G.S.W. Field test of several low-cost particulate matter sensors in high and low concentration urban environments. Aerosol Air Qual. Res. 2018, 18, 565–578. [Google Scholar] [CrossRef]

	



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

	



Wu, Z.J.; Zheng, J.; Shang, D.J.; Du, Z.F.; Wu, Y.S.; Zeng, L.M.; Wiedensohler, A.; Hu, M. Particle hygroscopicity and its link to chemical composition in the urban atmosphere of Beijing, China, during summertime. Atmos. Chem. Phys. 2016, 16, 1123–1138. [Google Scholar] [CrossRef]

	



Bagtasa, G.; Takeuchi, N.; Fukagawa, S.; Kuze, H.; Naito, S. Correction in aerosol mass concentration measurements with humidity difference between ambient and instrumental conditions. Atmos. Environ. 2007, 41, 1616–1626. [Google Scholar] [CrossRef]

	



Han, I.; Symanski, E.; Stock, T.H. Feasibility of using low-cost portable particle monitors for measurement of fine and coarse particulate matter in urban ambient air. J. Air Waste Manag. Assoc. 2017, 67, 330–340. [Google Scholar] [CrossRef] [PubMed]

	



Jayaratne, R.; Liu, X.; Thai, P.; Dunbabin, M.; Morawska, L. The influence of humidity on the performance of a low-cost air particle mass sensor and the effect of atmospheric fog. Atmos. Meas. Tech. 2018, 11, 4883–4890. [Google Scholar] [CrossRef]

	



Raes, F.; Van Dingenen, R.; Vignati, E.; Wilson, J.; Putaud, J.-P.; Seinfeld, J.H.; Adams, P. Formation and cycling of aerosols in the global troposphere. Atmos. Environ. 2000, 34, 4215–4240. [Google Scholar] [CrossRef]








[image: Sensors 20 03073 g001 550] 





Figure 1. Comparison of hourly PM10 (a), PM2.5 (b) and PM1 (c) (µg m−3) mass concentrations from the co-located particle sensors during the summer measurement period. 4E59 (black line) and BC60 (red line) are the two SCK (Smart Citizen Kit) sensors; ABBA1 (blue line) and ABBA2 (pink line) are the two OPC-N2 sensors from Alphasense. MetOne (thick green line) is the reference instrument. 
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Figure 2. Comparison of hourly PM10 (a), PM2.5 (b) and PM1 (c) (µg m−3) mass concentrations from the co-located particle sensors during the autumn measurement period. 4E59 (black line) and BC60 (red line) are the two SCK sensors; ABBA1 (blue line) and ABBA2 (pink line) are the two OPC-N2s sensors. LOAC (Light Optical Aerosols Counter) is the light green line. MetOne (thick olive green line) is the reference instrument. 
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Figure 3. Density scatter plot for of 1-min PM10 (a), PM2.5 (b) and PM1 (c) (µg m−3) mass concentrations from the co-located particle sensors during the summer measurement period. Points are colored based on data density ranging from dark red (high density) to dark blue (low density). N obs is the number of measurements for each pair of sensors. 
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Figure 4. Density scatter plot for of 1-min PM10 (a), PM2.5 (b) and PM1 (c) (µg m−3) mass concentrations from the co-located particle sensors during the autumn measurement period. Points are colored based on data density ranging from dark red (high density) to dark blue (low density). N obs is the number of measurements for each pair of sensors. 
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Figure 5. RMSE (root mean square error) (a) and r Pearson’s correlation coefficient (b) of the optical sensors in measuring PM1, PM2.5 and PM10 mass concentrations under varying time resolution (1 min, 10 min, 30 min, 1 h and 1 day) using the MetOne as the reference sensor and during the two-measurement periods (summer in the upper panel, autumn in the lower panel). 
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Figure 6. Evaluation of the performances of the different optical sensors in measuring PM1, PM2.5 and PM10 mass concentrations under varying weather conditions (thunderstorm = td, Saharan dust transport = SD, rain, mist, fair weather, cloudy, fog, drizzle) using the MetOne as the reference sensor by calculating the following indexes: (a) MAE (mean absolute error); (b) MBE (mean bias error); (c) RMSE (root mean square error); (d) r (Pearson’s correlation coefficient). 






Figure 6. Evaluation of the performances of the different optical sensors in measuring PM1, PM2.5 and PM10 mass concentrations under varying weather conditions (thunderstorm = td, Saharan dust transport = SD, rain, mist, fair weather, cloudy, fog, drizzle) using the MetOne as the reference sensor by calculating the following indexes: (a) MAE (mean absolute error); (b) MBE (mean bias error); (c) RMSE (root mean square error); (d) r (Pearson’s correlation coefficient).



[image: Sensors 20 03073 g006a][image: Sensors 20 03073 g006b]







[image: Sensors 20 03073 g007 550] 





Figure 7. Comparison of 10-min PM1 mass concentrations observed by the MetOne and the other optical sensors: (a,b) the two SCKs (4E59 and BC60); (c,d) are the two OPC-N2s (ABBA1 and ABBA2); (e) is the LOAC during the autumn measurement period. The color scale indicates the relative humidity (%) value at the time of the measurements, while the size of the marker is proportional to the value of temperature at the time of the measurements. 






Figure 7. Comparison of 10-min PM1 mass concentrations observed by the MetOne and the other optical sensors: (a,b) the two SCKs (4E59 and BC60); (c,d) are the two OPC-N2s (ABBA1 and ABBA2); (e) is the LOAC during the autumn measurement period. The color scale indicates the relative humidity (%) value at the time of the measurements, while the size of the marker is proportional to the value of temperature at the time of the measurements.



[image: Sensors 20 03073 g007]







[image: Sensors 20 03073 g008 550] 





Figure 8. Comparison of 10-min PM2.5 mass concentrations observed by the MetOne and the other optical sensors: (a,b) are the two SCKs (4E59 and BC60), (c,d) are the two OPC-N2s (ABBA1 and ABBA2) and (e) is the LOAC during the autumn measurement period. The color scale indicates the relative humidity (%) value at the time of the measurements, while the size of the marker is proportional to the value of temperature at the time of the measurements. 
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Figure 9. Comparison of 10-min PM10 mass concentrations observed by the MetOne and the other optical sensors: (a,b) are the two SCKs (4E59 and BC60), (c,d) are the two OPC-N2s (ABBA1 and ABBA2) and (e) is the LOAC during the autumn measurement period. The color scale indicates the relative humidity (%) value at the time of the measurements, while the size of the marker is proportional to the value of temperature at the time of the measurements. 
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Figure 10. Time series of 10-min PM10 mass concentrations observed by the various optical sensors and relative humidity values during the week of 7–14 October 2019. 
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Figure 11. Comparison of 10-min PM10 mass concentrations observed by the MetOne, by one of the two OPC-N2 (ABBA2) and by the LOAC during October 2019, both without (left panels, a,c) and with (right panels, b,d) the correction with the hygroscopic growth factor. The color scale indicates the relative humidity (%) value at the time of the measurements. 
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Figure 12. Time series of 1-min particle number densities in the various size fractions (0.3–0.5; 0.5–0.7; 0.7–1; 1–3; 3–5; 5–10 µm) observed by the various optical sensors and relative humidity value during the week of 19–26 October 2019. 
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Figure 13. Particle size distributions observed by the MetOne and by one of the two OPC-N2s (ABBA2) for relative humidity values lower and higher than 80% during the week of 19–26 October 2019. 
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Table 1. Technical specifications of the MetOne Profiler-212, OPC-N2 from Alphasense, Smart Citizen Kit (SCK), and LOAC (Light Optical Aerosol Counter) optical particle counters.
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	Instrument
	MetOne Profiler-212
	OPC-N2
	SCK
	LOAC





	Size (cm)
	114.3 × 190.5 + 30.5 for inlet tube
	7.5 × 6 × 6.4
	6 × 6 × 2
	20 × 10 × 5



	Weight (g)
	1200
	<105
	65
	300



	Size range (µm)
	0.3–10
	0.38–16
	0.3–10
	0.2–50



	Size bins
	8 (selectable)
	16
	3
	19



	Flow rate (L min−1)
	1
	1.2
	≈0.1
	≈2



	Measurement frequency

(s)
	1–60
	1–5
	30
	1–60



	Laser wavelength (nm)
	808
	658
	680
	650



	Scattering angle (°)
	90
	30
	90
	12 and 60
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Table 2. Comparison of the particle sensors evaluated by determination coefficients (R2), Pearson and Spearman correlation indexes, with respect to the MetOne reference instrument, during the three considered weeks.
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19–24 July 2019

	
ABBA1

	




	

	
R2

	
Pearson

	
Spearman




	
fr0.5

	
0.481

	
0.694

	
0.785




	
fr0.7

	
0.480

	
0.693

	
0.850




	
fr1

	
0.381

	
0.617

	
0.688




	
fr1_2

	
0.344

	
0.587

	
0.617




	
fr1_3

	
0.348

	
0.590

	
0.632




	
fr5

	
0.107

	
0.328

	
0.415




	
fr10

	
0.0007

	
0.027

	
0.041




	
19–26 October 2019

	
ABBA1

	
ABBA2

	
LOAC




	

	
R2

	
Pearson

	
Spearman

	
R2

	
Pearson

	
Spearman

	
R2

	
Pearson

	
Spearman




	
fr0.5

	
0.860

	
0.927

	
0.971

	
0.877

	
0.936

	
0.966

	
0.491

	
0.701

	
0.866




	
fr0.7

	
0.867

	
0.931

	
0.990

	
0.812

	
0.901

	
0.985

	
0.723

	
0.850

	
0.947




	
fr1

	
0.769

	
0.877

	
0.963

	
0.651

	
0.807

	
0.944

	
0.557

	
0.747

	
0.939




	
fr1_2

	
0.844

	
0.919

	
0.935

	
0.580

	
0.762

	
0.861

	
--

	
--

	
--




	
fr1_3

	
0.758

	
0.870

	
0.893

	
0.487

	
0.698

	
0.803

	
0.254

	
0.504

	
0.803




	
fr5

	
0.818

	
0.905

	
0.833

	
0.126

	
0.351

	
0.776

	
0.016

	
0.128

	
0.724




	
fr10

	
0.976

	
0.988

	
0.651

	
0.076

	
0.276

	
0.571

	
0.011

	
0.103

	
0.713




	
5–11 February 2020

	
ABBA1

	
ABBA2

	
LOAC




	

	
R2

	
Pearson

	
Spearman

	
R2

	
Pearson

	
Spearman

	
R2

	
Pearson

	
Spearman




	
fr0.5

	
0.819

	
0.905

	
0.986

	
0.752

	
0.867

	
0.985

	
0.460

	
0.678

	
0.887




	
fr0.7

	
0.778

	
0.882

	
0.987

	
0.771

	
0.878

	
0.978

	
0.610

	
0.781

	
0.934




	
fr1

	
0.500

	
0.707

	
0.920

	
0.462

	
0.680

	
0.908

	
0.593

	
0.770

	
0.958




	
fr1_2

	
0.066

	
0.507

	
0.966

	
0.209

	
0.457

	
0.953

	
--

	
--

	
--




	
fr1_3

	
0.252

	
0.502

	
0.944

	
0.203

	
0.451

	
0.920

	
0.130

	
0.360

	
0.941




	
fr5

	
0.803

	
0.896

	
0.585

	
0.841

	
0.917

	
0.581

	
0.328

	
0.572

	
0.780




	
fr10

	
0.931

	
0.965

	
0.203

	
0.843

	
0.918

	
0.278

	
0.533

	
0.730

	
0.651
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