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Low concentrations of pollutants may already be associated with significant health effects. An
accurate assessment of individual exposure to pollutants therefore requires measuring pollutant
concentrations at the finest possible spatial and temporal scales. Low-cost sensors (LCS) of
particulate matter (PM) meet this need so well that their use is constantly growing worldwide.
However, everyone agrees that LCS must be calibrated before use. Several calibration studies have
already been published, but there is not yet a standardized and well-established methodology for
PM sensors. In this work, we develop a method combining an adaptation of an approach developed
for gas-phase pollutants with a dust event preprocessing to calibrate PM LCS (PMS7003)
commonly used in urban environments. From the selection of outliers to model tuning and error
estimation, the developed protocol allows to analyze, process and calibrate LCS data using
multilinear (MLR) and random forest (RFR) regressions for comparison to a reference instrument.
We demonstrate that the calibration performance was very good for PM; and PMb> s but turns out
less good for PM o (R?= 0.94, RMSE = 0.55 pg/m?3, NRMSE = 12% for PM; with MLR, R?>= 0.92,
RMSE = 0.70 ug/m?, NRMSE = 12% for PM,s with RFR and R? = 0.54, RMSE = 2.98 ug/m?,
NRMSE = 27% for PMo with RFR). Dust events removal significantly improved LCS accuracy
for PM2s (11% increase of R? and 49% decrease of RMSE) but no significant changes for PM;.
Best calibration models included internal relative humidity and temperature for PMzs and only
internal relative humidity for PM;. It turns out that PMjo cannot be properly measured and
calibrated because of technical limitations of the PMS7003 sensor. This work therefore provides
guidelines for PM LCS calibration. This represents a first step towards standardizing calibration

protocols and facilitating collaborative research.
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1. INTRODUCTION.

Air pollution is a leading environmental risk factor, causing around 7 million deaths each year
(Fuller et al., 2022). In 2021, new World Health Organization guidelines were established and
most of the limits per pollutant were lowered as a result of new evidence from epidemiological
studies (World Health Organization, 2021). It was found that even small rises (of 1 ug/m?) in
pollutants could trigger mortality increases (Danesh Yazdi et al., 2021). Particulate matter (PM) is
a complex mixture of solid and liquid particles suspended in air (Adams et al., 2015). In Europe,
it is mainly emitted from anthropogenic sources like residential heating, industry, traffic or
agriculture (European Environment Agency, 2020). PM represents a threat to the environment and
human health (Rai, 2016). Classified as carcinogenic (Loomis et al., 2013), PM induces public
health effects depending on its size (Valavanidis et al., 2008). A growing body of research shows
that PM; may be more toxic than PM2s (Han Wu et al., 2022; Zhang et al., 2020a; Zhang et al.,
2020b). A considerate amount of damage is also caused to plants where PM can inhibit
photosynthesis and protein synthesis (Rai, 2016). For all these reasons, it is important to effectively
measure PM.

Regulatory-grade stations, also called reference monitors, are highly reliable. However, they are
expensive (10,000 to 100,000€) and few are implemented, especially in developing countries
(deSouza et al., 2020). Moreover, they cannot be easily moved close to people’s breathing zone
and are not always well located to properly capture population exposure (Duyzer et al., 2015).

Low-cost sensors (LCS) are small portable systems measuring PM at a fine scale, both

temporally and spatially. They provide almost real-time data and are affordable, generally less than
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€300 per unit. LCS use is increasing worldwide and studies are emerging in developing countries
(McFarlane et al., 2021a; Raheja et al., 2022), where official measurement stations are rare. It is
expected that LCS will not achieve the same accuracy as reference-grade instruments
(Zimmerman, 2022), so it is imperative that LCS undergo a calibration before being used. Once
calibrated and quality checked, they compare well with traditional reference instruments and can
supplement regulatory-grade networks (Malings et al., 2020).

Various methods are used to calibrate LCS including linear regression (Barkjohn et al., 2021;
Hua et al., 2021; Kosmopoulos et al., 2020), multiple linear regression (Barkjohn et al., 2021;
Malings et al., 2020; Puttaswamy et al., 2022), mechanistic models based on hygroscopic growth
correction (Barkjohn et al., 2021; Crilley et al., 2020; Malings et al., 2020) and machine learning
(Kumar and Sahu, 2021; Nowack et al., 2021; Patra et al., 2021). Spatial calibration using
regulatory and satellite data also proved to be efficient to calibrate PM2 s (Lu et al., 2021; Mousavi
and Wu, 2021). Linear regression (LR) generally lacks accuracy compared to multiple linear
regression (MLR) considering several factors (Badura et al., 2019). Mechanistic models
accounting for PM aerosol hygroscopic growth can further improve precision. The performance
of traditional linear methods is generally limited compared to mechanistic approaches or machine
learning. They struggle to capture cross-sensitivities between variables (Jiang et al., 2021;
McFarlane et al., 2021a), but their simplicity and transparency are key advantages compared to
machine learning.

Although various methodologies have been developed to evaluate LCS performance (Duvall et
al., 2021; Fishbain et al., 2017; Languille et al., 2020), there is currently no harmonized protocol
to calibrate LCS, which makes calibration studies difficult to start and compare. Calibrating LCS

is a complex topic that can involves several questions (Giordano et al., 2021). For example, LCS
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users typically wonder how to detect outliers, which calibration model to select, and how long the
calibration is valid. In 2019, researchers stated that there was no methodology indicating how to
calibrate sensor networks and no ready-to-use open-source code (Barcelo-Ordinas et al., 2019).
Since then, scientists developed process workflows (Bi et al., 2020; Chojer et al., 2022; Hong et
al., 2021) but none of these studies offered an open-source code or went through a pre-processing
step removing dust events. However, it is critical to check the presence of dust events in a dataset
(Giordano et al., 2021), especially when using a LCS which can be blind to dust events like
PMS7003. Molina Rueda et al. (2023) recently acknowledged that other popular LCS like
Sensirion SPS30 and Piera IPS-7100 were also affected by this issue.

Schmitz et al. (2021) tackled complexity and transparency issues by developing a transparent
approach to select the best calibration model. Their 7-step method and open-access code were
made available for easy implementation (Schmitz et al., 2020). In this study, we employ and adapt
this open-source protocol, initially developed for gas-phase pollutants, to calibrate a LCS
measuring PM. In addition, we integrate critical measures such as dust events pre-processing and
degradation checks to ensure accuracy and reliability. The originality of our approach lies in this
holistic methodology which makes a valuable contribution to the field of low-cost PM sensors.
Our objective was not to provide calibration formulas for various environments but to develop a
complete protocol applicable to different settings. Our objective is not to provide a calibration
formula that could be used in various environments but rather to develop a complete protocol
applicable to different settings demonstrating hence how it is possible to construct a formula by
using the same protocol for different settings. This new framework will be illustrated on a LCS

collocation case study conducted in Grenoble.
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2. MATERIALS AND METHODS.

2.1. Field evaluation in Grenoble
2.1.1. Low-cost sensors

Nine low-cost air quality stations measuring PMi, PM2s, PMjo, temperature, and relative
humidity (RH) were assembled. Each air quality station (AQS) had an optical PM sensor
(Plantower PMS7003) and a MaxDetect DHT22 sensor measuring internal RH (RHi,) and
temperature (Tint). PMS7003 usually shows a high correlation with reference instrument (Bauerova
et al., 2020; Kang et al., 2021), stability over at least 15 months (Bathory et al., 2021), and good
reproducibility (Badura et al., 2019). The AQS operates by drawing PM-carrying air through a
pipe (Figures S1 and S2). The air then passes through a laser (wavelength =~ 650 nm), which gets
scattered by PM and impacts a photodiode detector (Kelly et al., 2017). The resulting signal is
converted into an electrical signal and transmitted to the microcontroller (ESP8266), which uses a
proprietary algorithm to calculate PM concentrations in pg/m?>.

2.1.2. Collocation site, timeframe, and reference device

The study was conducted in Grenoble (France), the largest city in the Alps with 450,000
inhabitants. The local climate is semi-continental with cold winters and hot summers. Before
deploying our AQSs, we had to calibrate them through comparison with reference-grade
instruments certified for regulatory use. Therefore, we conducted a collocation study with Atmo
Auvergne-Rhone-Alpes, the local regulatory instance measuring air quality. We hung our AQSs
close to the inlet of their reference monitor (approximately 3m) for 8 months from January 28,
2021 to September 29, 2021. The reference station, called “Les Frénes”, was located close to a
park in a low-traffic zone of Grenoble (GPS coordinates: latitude = 45.162°, longitude = 5.735°).

Considered as an urban background station, it uses a Fidas Palas GmbH 200, a certified optical
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aerosol spectrometer for regulatory air pollution monitoring. Contrary to the LCS, it is equipped
with a sampler drawing air at a constant flow rate and an aerosol drying system removing water
vapor. The gold standard method to determine PM mass is based on a gravimetric analysis
(Giordano et al., 2021; Noble et al., 2001). It involves collecting PM on a pre-weighed filter and
subsequently weighing it after sampling and conditioning to eliminate particle-bound water
(Wallace and Hopke, 2022). Fidas 200 does not weight particles but uses the light scattered to
determine particles sizes and count them. It assumes the particles have a spherical shape and a
specific density to calculate their mass concentration using a proprietary algorithm. Fidas 200 is
considered equivalent to the gravimetric EN12341 method for urban background environments by
the Central Laboratory for Air quality Monitoring (LCSQA, 2017).
2.1.3. Meteorological data

We sourced weather data from ROMMA (Réseau d'Observation Météo du Massif Alpin, 2022),
an association maintaining automatic semi-professional stations. The nearest to our collocation
site was located 3km away (GPS coordinates: latitude = 45.169°, longitude = 5.768°). A Davis
Vantage Pro2 instrument registered all parameters and rainfall (in mm) was measured using an
Ultimeter gauge. The following ambient variables were used: temperature (Tamb, in °C), relative
humidity (RHamb, in %), and average wind speed (WS, in km/h). WS was measured as a 10-min
average, with a measurement frequency of 2.5-3 s. All other data had a 10-min time resolution. A
binary time-of-day factor (ToD) from the NOAA Solar Calculator
(https://gml.noaa.gov/grad/solcalc/) was extracted to account for diurnal changes. Hourly
measurements made during the night were assigned a value of zero, while daytime measurements
were given a value of one. All data analyses were performed with RStudio Server 2021.09.1 (Build

372) for Ubuntu Bionic and R statistical software (R Core Team, 2022).
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2.1.4. Data cleaning

After collocation, the next crucial step is to prepare data for the first analyses. This involves
checking sensors working ranges, performing time alignments to match LCS and reference data,
and determining whether to fuse sensor data for comparison. The PMS7003 technical datasheet
(Plantower, 2016) specifies a working humidity of 0 to 99%, to which we added a 1% safety
margin. Consequently, LCS measurements were filtered out if the internal LCS RH was less than
1% or greater than 98%. Between 0% and 14% of the dataset was removed depending on the AQS.
Approximately 78% of RH values exceeding 98% were recorded after 6 months of service. PM
concentrations, RHint and Tine recorded every 180 s by the LCS but also weather data reported
every 10 min, had to be rescaled to hourly values and converted to UTC (Universal Time
Coordinated). The value of the current hour represented the average of measurements during the
previous hour. As all LCS stations were giving highly correlated results within units over the whole
study period (Pearson’s correlation coefficient, r > 0.99 for PMi, PMa2s, PMio, Tin, and r > 0.97
for RHin¢), we used the “sensor fusion” method by calculating medians of the nine LCS outputs to
ease data processing. Such a clustering method is considered more robust because it reduces
calibration errors and inter-sensor variability effects (Barcelo-Ordinas et al., 2019; Smith et al.,
2017; Smith et al., 2019).

2.2. Target accuracy metrics for PM sensors

Upon completion of the initial data cleaning process, it still remains to check LCS data quality.
Checking raw sensor performances to see if calibration is needed should always be the first step.
This entails assessing the closeness of the data to the reference values. The US EPA (United States
Environmental Protection Agency) developed guidelines for assessing PM sensors (Duvall et al.,

2021), including 5 accuracy metrics: Root Mean Square Error (RMSE), Normalized Root Mean
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Square Error (NRMSE), coefficient of determination (R?), slope and intercept. A scatter plot is
drawn to compare LCS outputs to reference data, and a fitted regression line is used to calculate
slope and intercept. If all points align with the bisector, LCS calibration is unnecessary. The US
EPA recommends that the intercept be within -5 and +5 pg/m3 with a target slope of 1.0 + 0.35.

R? should exceed 0,70 for linearity reasons. RMSE is calculated as follows:

I Jzzzl G = %) »

n

where y; and x; are PM concentrations measured with the reference and LCS, respectively. R?
reflects the accuracy as the closeness between LCS and reference values. For PMz s the EPA

recommends a RMSE target below 7 ug/m3 and NRMSE < 30%, calculated as:

RMSE
NRMSE = 5 x 100 )

where Y is the average reference value.

The EPA recommends checking either the RMSE or NRMSE metrics to assess LCS
performance. Although the EPA metrics were originally designed for PM 5 performance testing,
we also applied them to PM; and PMjo. In France, the Central Laboratory for Air quality
Monitoring (LCSQA) established uniform calibration criteria for PM2.s and PM o, using a relative
extended uncertainty (REU) metric rather than RMSE (LCSQA, 2020). The 7 ug/m?® EPA limit
for RMSE may not be suitable for PM; or PMjo due to their varying magnitudes. As a result, we
mostly used NRMSE when assessing compliance with EPA criteria for PM; and PMo, which also
enables easy comparison across studies. We followed the EPA guidelines to analyze our dataset
and during the regression analysis of LCS values against the reference as per the US EPA

requirement, we observed a distortion of the point cloud (Figure 1, A). There were two distinct
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patterns for PM2s and PMio that were associated with two different slopes. Further investigation
revealed that the lower slope outliers corresponded to dust events from Sahara Desert.

2.3. Pre-processing technique for the detection and removal of dust events

In the European Alps, a significant proportion of dust events comes from the Sahara (Di Mauro
et al., 2019). We confirmed that PM measurement was impacted by those events by checking the
daily Pearson correlation coefficient (r) between LCS and reference hourly values (Figure 2, A).
Each time a dust event occurred, r was negative because LCS from Plantower (PMS) can be
“blind” to coarse particles like desert dust (Kosmopoulos et al., 2020; Kuula et al., 2020; Vogt et
al., 2021). The following two steps method, shown in Figure 2, was used on PM2s to remove dust
events on all datasets: (1) select all times with negative r, (2) validate the presence of a dust event
with CAMS (Copernicus Atmosphere Monitoring Service) satellite data (retrieved 0.1° x 0.1°
resolution dust values from ENSEMBLE dataset (Météo-France, 2020) (‘analysis’ type)) (Figure
2, B). These satellite data were recovered via a free CAMS Web Application Programming
Interface (API). The code we developed for extracting dust events from Copernicus API is
available in the open-source repository Zenodo (see DOI below). It turned out that all events with
negative r corresponded to dust events seen by CAMS. All those events (5% of the full period)
were removed from the complete datasets for PM;, PM» s, and PMj (Figure 2, C). Next, using
analysis of EPA accuracy criteria revealed some metrics did not meet standards, indicating
calibration was necessary.

2.4. Calibration

After having pre-processed the dataset and checked EPA metrics, we were ready to apply the
Schmitz 7-step calibration method. We also intended to compare this method to more traditional

approaches that do not use artificial intelligence. Following the same approach as Schmitz et al.,
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we split the dataset into training and testing sets using a 75/25 ratio for both Schmitz and traditional
approaches (Figure 3). The first 183 days of the collocation were used to identify the best models,
which were then evaluated using the final 60 days.
2.4.1. Traditional approaches
Linear regression aims at finding a linear relationship between reference measurements
(dependent variable) and LCS data (predictor variables). As an example, the equation for PM; 5 is:
PMy 5 ey = ag + a1 PMy5 3)
where PM2 s ref represents reference concentrations, PM» 5 the LCS concentrations, o, the slope
of linear regression and oo the intercept. In the mechanistic approach, temperature and RH are
included in the calibration formula. When moisture is high, there is more condensed water on PM
surface which scatters more light. This can affect the LCS which tends to give higher values than
it should (Wang et al., 2015). As such, numerous studies recommend including RH in calibration
equations (Badura et al., 2019; Crilley et al., 2020; Hua et al., 2021). Although with a relatively
small influence (Wang et al., 2015), the temperature is also mentioned in various works together
with RH as a confounding factor (Chakraborty et al., 2020; Giordano et al., 2021). As an extension
of Eq.(3), the following equation involving both RHin and Tin is used (Chakraborty et al., 2020;

Streibl, 2017):

PM, 5
PMy 5 er = @ + alﬂR—I-%% + a;Tine 4)

where g(RHin), the hygroscopic growth factor, defined as the ratio of wet to dry particle

diameters at a given RH, is determined by Di Antonio et al. (2018):

Wl

RHint )

RH;:) = (1 —_—
g(RHin;) ( +K100_RHint

(5)
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in which « refers to the degree of hygroscopicity of a particle, depending on the local aerosol. The
parameters @, a4, &, and k were estimated with the nls() function (R Core Team, 2022).
2.4.2. Schmitz methodology

The Schmitz open-source method is a 7-step methodology (see blue boxes in Figure 4) initially
developed to calibrate gas-phase pollutants such as nitrogen dioxide (NOz) or ozone (O3). An open-
access code can be found online (Schmitz et al., 2020). Step 1 aims to provide a better
understanding of the data by analyzing distributions and identifying potential quality issues to be
addressed before calibration. This includes checking the distributions of the reference
concentrations, LCS data, and weather variables. This is done on both training and testing sets
through histograms, violin plots, and time series plots. Step 2 involves removing outliers as they
can affect calibration models. Data normality is checked with a Shapiro-Wilk test, followed by a
z-test with running mean and standard deviation to detect outliers. Visualization of the outliers on
a time-series aids in ensuring a meaningful time window and z-test threshold. Step 3 involves
flagging test data falling outside the range of the training data, as well as training data outside the
range of the test data. The objective is to identify data points that may be less reliable for prediction
and assign them a higher level of uncertainty. Step 4 selects and optimizes the best calibration
models, dividing the training dataset into smaller sets using a moving window. In their case-study,
Schmitz et al. use a 5 days window, with the models trained on four days and tested on the fifth
day. Models with the smaller average RMSE over the various fifth-day predictions are selected.
Subsequently, measures of AIC (Akaike Information Criterion) for the MLR model and VI
(Variable Importance) for the RFR model are assessed to determine which predictors should
remain. VI assesses the relative importance of each predictor variable in predicting the target

variable and AIC quantifies the balance between model goodness of fit and complexity. Finally,
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models are tested on the test subset and assessed using RMSE and R?. The most accurate MLR
and RFR models are then sent to the next step. Step 5 allows to validate models by splitting the
training set into training and testing subsets at a 75/25 ratio. Those continuous blocks of data allow
accounting for autocorrelation in the data. Stability across blocks is then checked using R?, RMSE
and VI. Step 6 is about exporting predictions given by the best MLR and RFR models and plotting
them using time series. Step 7 evaluates the overall error and confidence intervals associated with
the predictions. The reference instrument's technical error is merged with the statistical error
associated with the model’s predictions. The former is derived from reference specifications, while
the latter is computed as the median mean absolute error (MAE) across all blocks during model
validation. We adapted this method to our PM dataset (Figure 5):

(Step 1) Data analysis. Distributions of weather and PM data were similar (Figure S3) in both
training and testing datasets allowing us to continue the analysis.

(Step 2) Outliers removal. Before running the z-test, normality was checked on each sliding
window by the detectOutlier function. For PMio, between 6.8% and 9% of the data failed the
normality test depending on the device. For PM2 s, between 7.9% and 9.9% of the data did not pass
the normality test, while between 8.6% and 10.8% of PM, data failed the test. Furthermore,
between 2.2% and 3% of the RH data and between 2.6% and 3.3% of the temperature data failed
the test. We assumed that most of the data aligned sufficiently with the normal distribution for the
z-test to be applicable and we conducted a visual inspection of outliers (Figure S3) to ensure that
the function did not erroneously flag the extreme values of typical data spikes as outliers. Outliers
represented less than 0.1% of the LCS data.

(Step 3) Flagging. 12 out-of-bounds points were flagged for RHin (n=10), Tint (n=1), and rain

(n=1), all occurring during the first two weeks of August (Figure S3).
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(Step 4) Model selection and tuning.

(a) After conducting an extensive literature search on calibration for LCS measuring PM, we
identified key variables and the most promising calibration formulas to be tested (models in Tables
S1, S2, S3 and S4).

(b) To find the best RFR and MLR models, a moving window of 30 days was used to train
models and 10 days to test (Step 4.2 in Figure 5). This ratio was chosen proportionally to what
was done by Schmitz et al.

(c) The trainControl function (caret R package) was used on all blocks.

(d) The models with the lowest RMSE averaged over the various sliding windows were kept.
For RFR, the number of features to be considered at each node of trees (mtry) was adjusted by
selecting the best performing in terms of RMSE.

(Step 5) Model validation. RMSE and R? were considered stable enough (Figure S4) compared
to what was observed in Schmitz et al.”’s work, so we decided to go further.

(Step 6) Model prediction. Final concentrations predictions were exported.

(Step 7) Predictive error calculation (see output example in Figure S4). Regarding technical
errors in the reference instrument, it was found that the Fidas 200 datasheet (Palas GmbH, 2020)
had an uncertainty of 10% for PMzs and 8% for PM1o. However, local official comparison tests
performed with the gold-standard gravimetric method on the Fidas 200 in Grenoble revealed an
expanded uncertainty (k=2) of 11.3% for PM> 5 and 13.4% for PMo (LCSQA, 2020) so we applied
this expanded uncertainty. We assumed that PM; had an 11.3% uncertainty like PM>s.

2.4.3. Calibrations performances metrics

14
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After having used both traditional and Schmitz approaches to generate calibration formulas, we
tested these formulas on the test dataset. To select the best models, we used both R? (coefficient
of determination) and RMSE:

2

_ ?zl (yi_xi)
_\2

(v, -y

R*=1 (6)

where y; are the PM concentrations measured by the reference, x; represents PM values predicted

by the various correction models and ¥ is the mean of reference values.

n

RMSE = \/Z;L1 O = x)? 7

And after having chosen the best models according to those two criteria, we checked EPA
accuracy metrics again. Nonzero intercepts and nonunity slopes are less concerning for optical
LCS due to their sensitivity to aerosol characteristics like shape and refractive index. They just
have to be calibrated for specific aerosol conditions when accuracy is needed (Giordano et al.,
2021; Molina Rueda et al., 2023). R? indicates the prediction quality of a model and RMSE the
accuracy. These two metrics should be given a higher priority to choose the best models. Once the
best calibration models have been selected and predictions made, it may be important to ensure
the stability of the corrected values over time.

2.4.4. Drift in the corrected measurements over time

An assessment of potential degradation in the corrected measurements over time was conducted
using a methodology proposed by deSouza et al. (2023a). To this end, we used PM values from
the best calibration formulas (see Table 1, formulas in bold) and called them PMcorrected. A drift

error was then computed for PMio, PM2 s and PM; using this formula:
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Drift = PM correctea — PMRef €©)
The goal was to investigate the time-dependence of the error between corrected LCS data and

reference values.
3. RESULTS.

3.1. Raw data analysis

In line with the EPA guidelines, we started our data analysis by drawing scatterplots showing
measured LCS values against the reference concentrations with a regression line (Figure 1, A).
The R? did not meet EPA compliance standards for PMjo, and the NRMSE was non-conforming
for all PM sizes. During the analysis of the scatterplots, some clusters of points were observed to
deviate from the overall trend of the dataset, particularly for PM2s and PMio. These clusters
exhibited a smaller slope compared to the majority of the dataset, and further examination revealed
that they were associated with Saharan dust events.

3.2. Preprocessing with dust events removal

The dust events pre-processing, previously explained in Section 2.3, allowed us to color-code
the dust events on the scatterplot (Figure 1, B) which visually demonstrated that these outliers
would be eliminated with our technique. We then removed all those dust events in the dataset and
proceeded with a new quality check according to EPA standards (Figure 1, C). Dust events
removal yielded notable improvements in R? values, with a significant 93% increase for PMo and
a23% increase for PMz 5. After preprocessing, data from LCS for PM; and PM; s already explained
93% and 90% variability of the reference data respectively, whereas PMio had a much lower R?
(0.52), reflecting a poor correlation with REF. NRMSE remained non-compliant for all PM sizes,
indicating a need for further calibration. A statistical analysis of the dataset cleared of dust events

(Table S5) showed that mean PMjo reference concentrations were higher than mean LCS
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concentrations, unlike PM> 5 and PM; where the LCS tended to overestimate the concentrations.
ROMMA temperature values were smaller than LCS values, which was not unexpected as the LCS
temperature sensor was located inside the device and therefore subject to heating. This might as
well have been enhanced by the southern orientation of the collocation site.

3.3. Performance of calibration protocols

A range of correction formulas (Table 1) was generated using the different calibration methods.
The best RFR formulas included wind speed for PMzs and PMio. However, the accuracy
improvement was not significant compared to formulas solely involving RHint and Tine. Therefore,
we pursued with RF formulas using RHine and Tine only. This would make the calibration simpler
because LCS systematically provide RHiy and Tin. Moreover, ambient parameters from external
weather stations do not represent the local LCS environment, so it is better to use internal LCS
parameters for calibration.

PM; models were performing the best in terms of precision and all metrics for PM; and PM> s,
including those obtained through the LR technique, were found to be conform with the EPA
checklist. However, the Schmitz protocol outperformed the traditional methods for all PM sizes.
Simple LR always performed significantly less well than the other techniques. Compared to LR,
mechanistic models brought a 38% accuracy improvement for PM; and a 13% accuracy
improvement for PM2s. MLR worked better for PM; but RFR performed better (lowest RMSE
and highest R?) for PM, s and PMjo. None of the methods used to calibrate PM;o produced results
that met EPA standards. To compare the four model’s fitting more in detail, we regressed reference
PM concentrations against predicted values on the test dataset (Figure 6). It highlights the
difficulty in accurately predicting PMo levels, as the scatter in the data is large and R? does not

comply with EPA standards. Corrected PM2 s and PM; gave more accurate results with a better fit.
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3.4. PMj calibration improvement essay

To investigate the lower performance of LCS compared to the reference station for PMio, we
considered the concentration difference between PMio and PM> 5 for both reference and LCS as
PM(10-2.5)Ref = PMjgRrer = PMysRerand PMyg_p 5 = PM;, - PM; 5. The reasoning was to try
to estimate the concentration of PM2 s counted as PMio. We found that the scatterplot of PM(i0-2.5)
Ref vVersus PMas rer shows almost no relationship with a rather high variability (Figure SS, A)
whereas PMjo.2.5 versus PMa s exhibits a two-slope linear relation with a breakpoint at 28 pg/m?
(Figure S5, B). This clearly indicates that although the reference and the LCS both use optical
probes, the PMio counting methods (and the transcription algorithms used) lead to qualitatively
and quantitatively different results. These two profiles are so different that they cannot be
superimposed by making simple transformations such as regressions. The regressions obtained are
the best we can do.

3.5. The importance of combining preprocessing with the Schmitz method

To evaluate the efficacy of dust events pre-processing, we calibrated our LCS without removing
dust events (Figure 7, C) and we compared performances with the full combined method (Figure
7, A). The RFR and MLR methods used the same predictor variables regardless of whether dust
events were present in the dataset or not. Removing dust events was highly beneficial for PMa s,
as all metrics exhibited significant improvement. We observed an 11% increase in R? and a 49%
decrease in RMSE for PM» 5. The situation was more nuanced for PM, as dust events removal led
to a slight degradation of R? (-1%) and NRMSE (+3%). For PMio, all metrics improved by
removing dust events, apart from R?, decreasing by 10%. We also observed that relying solely on
dust events processing without using the Schmitz method would not be sufficient to meet the EPA

standards (Figure 7, B).
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3.6. Long-term stability of corrected PM measurements

The degradation over the course of the experiment is shown in Figure S6. No bias over time
was observed on the drift. The mean drift over the whole 8 months period was 0.069 (95% CI.: -
0.020, 0.157) pg/m? for PMjo, 0.042 (95% CI: 0.018, 0.066) ug/m? for PM, s and -0.001 (95% CI:

-0.028, 0.026) ug/m? for PM;. Therefore, degradation over time was not an issue in our study.

4. DISCUSSION.

Our findings indicate that PMS7003 is more effective in measuring PM; compared to PMzs,
with a lower NRMSE and higher R?. This is consistent with previous research by Molina Rueda
et al. (2023) on PMS5003, with similar raw metrics observed. Our results showed an R? correlation
of 0.73 for PM2s and 0.93 for PM;, which are consistent with their findings of 0.76 and 0.9,
respectively. In line with their research, our study also confirms that PMS7003 is a poor probe for
measuring PMjo. First, PMS7003 clearly underestimated increases in PMjo as already shown
(Sayahi et al., 2019; Vogt et al., 2021). This discrepancy in the PMo between the reference and
the LCS is linked to the size distribution of the particles detected as a function of both the optical
wavelength of the PMS7003 and the angles of diffusion toward the photodiode. Second, it seems
hardly feasible to predict the coarse fraction (PMio25) by using the PMzs cumulative
concentrations. The LCS is technically limited to detect PMio so our calibrations could not improve
performances tremendously. It is reassuring that models for PM; and PM; s are the best performing
since these small particles penetrate the respiratory and circulatory system more deeply than PMio
and can have stronger toxicity (Valavanidis et al., 2008).

To achieve better alignment with the reference concentrations, four calibration techniques were
used to enhance the accuracy of LCS measurements. None of the methods used for PMi¢ produced

results that met EPA compliance standards, while all PM; and PM;s performance metrics,
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including those obtained via the LR technique, met EPA criteria. Among the four tested methods,
RFR was the best for PM» 5 whereas MLR performed better for PM;. Recently, deSouza et al.
(2023b) calibrated a LCS for PM> 5 measurement and also stated that RFR gave better results than
MLR in a stationary setting. Interestingly, for PM; we found that a mechanistic approach could
perform as well as a bootstrap RFR technique (RMSE = 0.62 pg/m? for both approaches). But
bootstrap MLR still performed better for PM; (RMSE = 0.55 pg/m?). The best RMSEs found in
our study (0.55 pg/m? for PM; and 0.70 pg/m? for PM> 5) were excellent compared to what can be
seen in the literature. It is difficult to compare RMSEs from one study to another because
experimental conditions are different, but we believe that the dust events preprocessing brought a
competitive advantage as it is seldom used before calibrating LCS in ambient conditions. We only
found a study from Kosmopoulos et al. (2020) removing dust events before calibration, but they
only used LR afterwards. Our dust events removal method using satellite analyses could be further
automated using CAMS API. In our study, dust events removal immediately increased R? for PM o
and PM2 s but this preprocessing had less influence on PM;. These observations were similar to
what had been observed by Kosmopoulos et al. (2020). They stated that the impact of dust events
on LCS was more important for PM2 s than for PM1, due to a considerable portion of the smaller-
sized particles falling within the 1-2.5 um range. It would be interesting to develop algorithms to
calibrate PM measurements during dust events without discarding them. Stavroulas et al. (2020)
used polynomial regression using ratios related to the presence of dust events (PMi/PMzs or
PM:>5/PMio) and had good performances (40% NRMSE improvement) predicting PM» 5 with a
quadratic equation. Regarding PM, removing dust events led to a slight degradation of R? (-1%)
and NRMSE (+3%), so we could use the PM; dataset without discarding dust events. However,

for PM> s, dust events removal brought an 11% increase in R?, a 49% decrease in RMSE, and all
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other metrics improved as well. Therefore, we recommend checking the presence of dust events
by considering scatterplot linearity before step 1 of the Schmitz method. Other types of LCS might
react differently to dust events, and the occurrence of dust events may not be consistent across all
regions and seasons. However, in this case-study, removing dust events improved considerably the
LCS accuracy for PMa s, which was further enhanced by the Schmitz method. Only a few studies
had similar accuracy metrics. Puttaswamy et al. (2022) found a 15% NRMSE for PM 5 using LR
with temperature, but their study only lasted 100 days. Kelly et al. (2021) had NRMSEs ranging
from 13.1% to 22.9% for wildfires using a Gaussian process model. Model accuracy is considered
as good when 10% < NRMSE < 20% (Li et al., 2013) and we found NRMSE = 12% for the best
PM> s and PM; models. As also found by Schmitz et al. on their experimental dataset, models with
internal parameters coming from LCS performed better than models using external weather
variables. There is an exception yet with WS playing an important role in the first retrieved RFR
models for PM» s and PMjo. WS was implicated in many LCS studies (Béthory et al., 2021; Hua
etal., 2021; Tian et al., 2022). Wind influence seems logical as official measurement stations draw
the air inside a pipe at a constant flow rate while the LCS air intake is subject to more variability.
It would be interesting to place an anemometer close to the LCS for a more local measure of WS.
It seems important to use RH when correcting LCS PM concentrations. Kosmopoulos et al. (2020)
found the effects of RH and temperature to be negligible, but their study took place in the Eastern
Mediterranean, where RH is smaller than in Grenoble and temperatures are warmer. Many studies
concluded that involving RH and temperature can improve models (Badura et al., 2019; Magi et
al., 2020). Moreover, RH and temperature might have synergistic effects on sensor performance
(Dan Wu et al., 2022). A switch from LR to mechanistic regression involving RHin and Tinc led to

a significant improvement in accuracy (13% for PMas and 38% for PMi). This implies that
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temperature and humidity sensors should work properly. Maintenance on MaxDetect DHT22
devices should be considered, especially after 6 months. Another suggestion for improvement
would be to replace MaxDetect DHT22 sensor with possibly more robust low-cost sensors like
Bosch BME280 or Sensirion SHT85. Even if we did not find any evidence of a significant
correlation between rainy days and MaxDetect DHT22 degradation, we could hypothesize that it
was enhanced by an unusually humid 2021 summer (Météo-France, 2021). This was flagged
during step 3, where out-of-bound points were found during the first two August weeks for RHin,
Tint, and rain. In the case study conducted by Schmitz et al. on gas-phase pollutants, the most
precise models for predicting NO2 or O3 concentrations on a longer experimental dataset involved
Tint, while O3 models also included RHin and ToD. These findings are consistent with our study,
where we observed that internal parameters outperformed ambient parameters. However, ToD had
no significant impact on our predictions. In their study, RFR was found to be the better predictor
of gas concentrations, albeit only slightly, compared to MLR. Our results showed the same, except
for PMio, where RFR models performed substantially better than MLR.

Degradation over time did not seem to be an issue in this study, in consistency with the 15-month
stability reported by Bathory et al. (2021). However, we recommend performing a degradation
check because drift might be sensor dependent. It is also important to remind that all these
calibration functions remain site-dependent because LCS performance depends on the site-specific
PM source mixture (Malyan et al., 2023). We did not perform a validation across different sites,
but we had a wide range of weather conditions covered during the 8 months experiment. We do
not recommend to blindly transpose these formulas to other sites with different characteristics and
aerosols compositions. The applicability of the models stays geographically limited but the

Schmitz calibration protocol itself is available online (Schmitz et al., 2020) and can be applied to
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any location. We recommend coupling it with the aforementioned preprocessing and drift analysis
steps (flowchart in Figure 4, see brown boxes). Further research might explore Gaussian Mixture
Regression (GMR) to further improve our methodology. This probabilistic technique handles well
nonlinear relationships in non-identically distributed explanatory variables. GMR models already
demonstrated better R? and mean absolute error in comparison to MLR and RFR (McFarlane et

al., 2021b).

5. CONCLUSION.

Taken together, our results show that combining dust events preprocessing with the Schmitz
approach can lead to highly accurate results for low-cost sensors measuring PM. Here this
combined framework yielded excellent results for PMz 5 (R?= 0.92, RMSE = 0.70 pg/m?, NRMSE
= 12%) and performed even better for PM; (R?= 0.94, RMSE = 0.55 pug/m?, NRMSE = 12%),
although the preprocessing step did not significantly improving PM; results. PMjo could not be
properly measured and calibrated due to the technical limitations of the PMS7003. This work
represents a novel approach that has not been previously reported in the literature. It demonstrates
that without dust events preprocessing, PM2s data may comply with the EPA guidelines but fall
short of achieving optimal accuracy. On the other hand, relying solely on dust events processing
without using the Schmitz method would not be sufficient to meet the EPA target metrics. These
findings underscore the importance of taking a holistic approach to PM data measurement, which
involves integrating multiple techniques to achieve optimal accuracy and compliance with
regulatory standards. Moving forward, it may be worthwhile to explore ways to calibrate PM
measurements during dust events without discarding them from the dataset, as this could further

improve the usefulness of LCS.
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Code availability

The code for the Schmitz methodology can be found in this open-access Zenodo repository:
https://doi.org/10.5281/zenodo.4317521 (Schmitz et al., 2020).

The code used to retrieve data from the Copernicus API can be found here:
https://doi.org/10.5281/zenodo.7795898 (Aix et al., 2023).

Supporting information

Air quality station schematic description (Figure S1); Air quality station picture (Figure S2);
Seven-step protocol outputs examples (steps 1 to 4) (Figure S3); Seven-step protocol outputs
examples (steps 5 to 7) (Figure S4); Scatterplots of PM(10-2.5) Ret versus PMz s ref and PM 0.2 5 versus
PM: 5 on the train dataset (Figure S5); Drift evaluation: difference between the corrected LCS
median measurements (given by the best regression models) and the corresponding hourly
reference measurements (Figure S6); list of tested calibration formulas for Multiple Linear
Regression using LCS temperature and relative humidity (Table S1); list of tested calibration
formulas for Multiple Linear Regression using ambient parameters (Table S2); list of tested
calibration equations for Random Forest Regression involving LCS internal temperature and
relative humidity (Table S3); list of tested calibration equations for Random Forest Regression
using ambient parameters (Table S4); Descriptive statistics for hourly PM concentrations,

temperature and relative humidity (Table S5) (PDF).
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Figure 1. Effect of dust event pre-processing on regressions of LCS versus reference
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Figure 1. Effect of dust pre-processing on regressions of LCS versus reference concentrations
(hourly values) and accuracy metrics. The dashed red lines indicate the parity (y = x), and the
black lines are the best linear fit. The raw dataset is shown in (A), while (B) displays the dusts
identified with our method (in blue), (C) shows the dataset after dust removal. Accuracy metrics
such as R2, RMSE (ug/m3), NRMSE (%), intercept (ug/m3) and slope are included (see section

2.2 for metrics definitions). The use of green colour indicates EPA compliant metrics, while
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Change No calibration
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Figure 4. Methodology flowchart. In blue, the Schmitz method (section 2.4.2 of the
manuscript). In brown, the adaptations made for this PM related study. The numbers (for

example 2.1.4) refer to the corresponding Materials and Methods subsections.
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STEP 1. RAW DATAANALYSIS == Variables distribution

STEP 2. OUTLIERS REMOVAL =—p 2z-test

Variables z-score threshold Window Outliers (dataset %)
PMs, PM2s, PMo, Tint, RHint 6 2h <010
PM1 ref, PMa2.5 ref, PM 1o ref 6 10 days <0.09
Weather 6 25 days <0.25
STEP 3. FLAGGING Variables Flagged points
Tin n=1
- Flag test data outside train data range RH-t 10
- Flag train data outside test data range nt n=
Precipitation n=1

STEP 4. MODEL SELECTION AND TUNING

1. Literature Calibrati PM25ref ~ PM25 + RHint + Tint
aloration | pag, o ¢ ~ PMas + (1/RHin) + T

formlligs ... (Tables S1-S4)

07-30-2021
2. Sliding window size definition Block  =—p ’

01-28-2021 I 183 days ol V) 09-29-2021

/" _ TRAIN TEST
30 days 10 days
train test

3. Model tuning

- trainControl function - trainControl function
- method « timeslice » - method « ranger »

num.trees = 1000

boot.stepAlC \ / v = 2 or 3
Lowest RMSE miry =< or

STEP 5. MODEL VALIDATION — R? and RMSE stability across blocks

STEP 6. MODEL PREDICTIONS — Export concentrations predictions

STEP 7. PREDICTIVE ERROR CALCULATION

_ Reference technical error + Statistical error
—  PM;i PM2s: 11.3%, PMio : 13.4% (Mean absolute error)

Figure 5. Flowchart of adapting the Schmitz method
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Figure 6. Scatterplot of hourly PM reference concentrations versus predicted PM
concentrations (test dataset). The red dashed line shows the parity line (y = x) and the black

solid line shows the fitted linear regressions.
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Figure 7. Calibration performances: (A) complete method involving the Schmitz technique and
dust event preprocessing, (B) with removal of dust events but without having yet applied the
Schmitz method, (C) with the Schmitz method but without dust event removal. The green color

indicates EPA compliant metrics, while red values denote non-EPA compliant metrics.
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Table 1. Model performances on the test dataset, using hourly values.

Method Correction formula R?> RMSE® NRMSE" Slope Intercept
PM;
LR PM ret = 0.70 PM + 0.93 0.80 1.00 2170 1.06  0.12
PM,
~ PM, per = 0.08 + 0.83 4 0.03 Ty
Mechanistic ) 3 0.92 0.62 1342 1.05 -0.05
(1+ 013 gpoime_)?
+°700 — RHp,
MLR PM ret = PM1 * RHint 094 055 1195 1.07 -0.33
RFR PM1 ret= PM1 + RHing + Tint 092 0.62 1345 098 033
PM2;s
LR PM2.5 rer = 0.49 PM2s + 2.49 083 1.03 1775 086 112
PM, s
Mechanistic Mz Ref = 0.50 +0.65 7+008Tne 087 090 1557 088  0.84
RHjpe  \3
(1+025955— RHim)
MLR PMa.s Ret = PM2s * RHin 090 078 1346 086 048
PM2.s ret= PM2.5s + RHint + Tint + WS 0.92  0.70 1202 096 046
RFR
PM2.s Ret = PM2.5 + RHint + Tint 092 070 1202 096 0.44
PMio
LR PMio get = 0.45 PM 10+ 7.71 039 342 3145 033 7.63
PMy,
 PMjgRer= 175+ 1.12 -+ 0,23 Tine
Mechanistic RH. 3 0.43 3.31 3040  0.53 5.40
(1 +2,68 —mt)
2% 700 — RHjp;
PM =1.15+0.89 PMio 0,27 T,
MLR 10Rer = 1.15+0. RH I +0,27 Tint 042 333 3061 054 5.53
1+ int
( 100 — RHint)
PMio ref=PMi0 + RHint + Tint + WS 0.54 296 2721 0.64 4.29
RFR
PMio ret = PM10 + RHint + Tint 0.54  2.98 2736 0.66  4.02

PM rer= PM; concentrations in pg/m> measured by the reference, PM; = PM; concentrations in ug/m* measured by
the LCS, RHiy = internal relative humidity in % measured by the LCS, Tjn = internal (LCS) temperature in °C, WS
= average wind speed in km/h, * = the model has interactions. ® in pg/m>. ®* NRMSE or normalized RMSE (in %) =
RMSE divided by the mean of the observed (reference) concentrations and multiplied by 100.



COLOCATION CALIBRATION

PM, PMg. | Preprocessing - Seven steps
Tin RHint dusts method
- 1. Data analysis

2. Outliers

3. Flagging

4. Model tuning
5. Validation

6. Predictions
7. Error






