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Abstract. Low cost sensors (LCSs) for measuring the concentrations of gaseous pollutants hold great promises for air quality
monitoring (AQM) as they can improve the spatio-temporal resolution of observational networks. However, the performance of
LCSs is affected by a number of factors including temperature and relative humidity of ambient air, as well as cross-sensitivities
with gaseous species other than the target gas, thereby deteriorating the quality of their measurements. To address these issues,
data from LCSs can be calibrated against reference instruments using machine learning (ML) algorithms. Here, we have
evaluated the performance of a number of ML algorithms for calibrating measurements from CO, NO,, O3 and SO, LCSs
against respective reference measurements. The best model is then used to determine (1) the influence of temporal resolution
of the measurements to the calibration performance, (2) the minimum fraction of data needed for model training while
maintaining the quality of calibrated measurements within acceptable levels, and (3) the ideal calibration frequency with
collocated reference measurements. We found that the quality of LCS measurements improve significantly for all sensors
after ML calibration, with Random Forest (RF) being the best performing algorithm, corroborating previous works. By
varying the temporal resolution of the training data from 1 h to 2 min, the performance of the RF model in terms of the
normalized root mean squared error and the relative expanded uncertainty calculated at maximum observed concentration
improves by 11-21%. The results also suggest that the minimum fraction of data required for training the ML models depends
on the frequency of carrying out collocated measurements with reference instruments and using the resulting datasets for
training the calibration model. If the calibrations are carried out on a monthly basis, ca. 50% of the period is needed for
collecting data to train the RF algorithm and qualify the LCSs for indicative measurements as defined by the EU directive
(2008/50/EC). If the training is carried out every 3 or 6 months by sampling the training data continuously, then ca. 60% of
the measuring period is required for collecting training data. In those cases, if the sampling of the training data is made over
specific periods every month, but the entire training dataset is used to calibrate the measurements over 3 or 6 months, the
amount of data required for qualifying the LCSs for indicative measurements can significantly reduce to 22%. However, this
would require that the measurements from the LCSs be calibrated retrospectively, which for specific applications is not such

of a problem.
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1 Introduction

The adverse effects of air pollution on human health and the environment warrant for continuous monitoring of air quality
(Heal et al., 2012). Traditionally, air quality monitoring for regulatory purposes is carried out at a number of observational
stations equipped with reference-grade air quality monitors. The number of stations that can be operated within a given
geographical area, however, is limited by the high installation and operation cost of the instruments (Kumar and Sahu, 2021;
Arroyo et al., 2021). This has spurred the development of low-cost air quality gas sensors (Kumar et al., 2015) that are
significantly less expensive compared to their reference-grade instrument counterparts, motivating research towards improving
their very sensing nanomaterials to meet requirements in air quality monitoring (Baranwal et al., 2022; Isaac et al., 2022). In
fact, low-cost sensors (LCSs) are increasingly being used to complement the reference instruments in measuring the
concentration of air pollutants, as they can significantly increase spatio-temporal resolution of air quality monitoring (AQM)
networks (Lewis et al., 2018; Chen et al., 2018; Zuidema et al., 2021; Nowack et al., 2021; Zimmerman, 2022) and capture
spatial and temporal gradiences (Papaconstantinou et al., 2026). Their low cost and ease of operation also allow personal use
for monitoring air quality in the indoor and outdoor environments, providing great means for assessing the impacts of air
pollutants on human health (Schifer et al., 2021; Patra et al., 2021).

Although LCSs hold great promises for expanding existing AQM networks, they have a number of technical limitations
including high limits of detection, low precision and accuracy, and signal drift, which at the moment prohibit their widespread
use (Papaconstantinou et al., 2023; Rai et al., 2015). Some of these technical limitations are related to environmental conditions
they are operated under (i.e., temperature and Relative Humidity; RH), and cross-sensitivities to other gaseous pollutants. As
a result, when LCSs are deployed for field measurements at ambient conditions where these factors vary substantially, the
deviation between the measurements they provide and those reported by reference instruments can become large, failing to
meet the requirements defined by environmental regulatory agencies (Samad et al., 2020; Schéfer et al., 2021). According to
the European Union (EU) directive on ambient and cleaner air (2008/50/EC), for air quality measurements to qualify as
reference measurements, they should exhibit relative expanded uncertainties (REUs) lower than 15%; i.e., something that is
achieved by reference-grade instruments typically used in AQ monitoring. If the REUs are higher than 15% and lower than
25% for CO, NO; and SO,, and 30% for O3, the measurements can be qualified as indicative (EU-directive, 2008; Equivalence,
2010), which can be useful for a number of applications; e.g., for identifying pollution sources and hotpots in cities, and
determining the spatio-temporal variability in the concentration of air pollutants (Schéfer et al., 2021).

The poor agreement between LCS and reference-grade instrument measurements is not a surprise considering that the former

typically come calibrated by the manufacturers at laboratory conditions, which do not capture the complexity encountered in
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the field (Zuidema et al., 2021; Koziel et al., 2024; Garbagna et al., 2025). To address this gap, previous efforts have focused
on the post calibration of LCS measurements using machine learning (ML) models that take into account the variability of
temperature, relative humidity and interfering pollutants, as well as other factors that may influence measurements carried out
in the field (Zimmerman et al., 2018; Ferrer-Cid et al., 2020; Mahajan and Kumar, 2020; Okafor and Delaney, 2020; Song et
al., 2020; Nowack et al., 2021; Patra et al., 2021; Kumar and Sahu, 2021; Vajs et al., 2021; Podder et al., 2024; Sousan et al.,
2025). To do so, one needs to collocate the LCSs with respective reference instruments for a certain amount of time in order
to gather data for training the calibration models.

In this work, we use concentration measurements of atmospheric pollutants recorded by LCSs and reference instruments over
a period of 6 months in a traffic station in the city of Nicosia, Cyprus, in order to train and evaluate the performance of five
ML algorithms; namely Linear Regression (LR; Kumar and Sahu 2021); Support Vector Regression (SVR; Kumar and Sahu
2021); Random Forest Regressor (RF; Zimmerman et al. 2018); Artificial Neural Network (ANN; Spinelle et al. 2015); and
Extreme Gradient Boosting (XGBoost; Chen and Guestrin 2016). The best model is then used to determine the effects of a
number of practical parameters including the temporal resolution of the training data, how the training data is sampled and the
frequency of training/calibration on the performance of the algorithm, as well as the minimum fraction of data needed for

training without compromising significantly their quality (i.e., the accuracy of the resulted post calibrated measurements).

2 Experimental

In this work, we employed four electrochemical sensors manufactured by Alphasense to measure the concentrations of CO,
NO,, O3 and SO,. More information about the technical specifications of each sensor is provided by Papaconstantinou et al.
(2023) and in Table S1 of the Supplement. Each sensor provides two raw analogue voltage signals: one from the working
electrode and the other from an auxiliary electrode that serves as the zero background signal against which the signal of the
working electrode is compared (Masic et al., 2018; ANN803-05, 2019; Arroyo et al., 2021). These signals are then converted
to corresponding concentrations, expressed in ppb, using calibration equations provided by the manufacturer (ANN803-05,
2019). For our analysis, we will refer to the concentrations calculated based on such equations as laboratory (LAB) calibrated

concentrations.
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Figure 1: Satellite image showing the island of Cyprus (Figure 1a). Figure 2b illustrates the greater area of the capital of Cyprus, Nicosia
and Figure 3c indicates the location of the traffic station where the measurements were carried out. The station is located next to one of the
busiest avenues, i.e., Strovolou Avenue, in Nicosia, Cyprus, with coordinates 35°0907.2" N and 33°20'52.0" E. Base map from Google Earth,
imagery © Google, Maxar Technologies, accessed February 2026.

The measurements were carried out between 2 October 2019 and 31 March 2020 at one of the national regulatory air quality
monitoring stations in Nicosia. As shown in Figure 1c, the station is located approximately 10 m away from one of the busiest
avenues and is equipped with reference-grade instruments for measuring the concentration of CO (Ecotech Serinus 30), NO,
(Ecotech Serinus 40), Oz (Thermo Scientific 491) and SO, (Ecotech Serinus 50). These instruments are calibrated at least once
every 3 months, and after maintenance. More detailed information on the technical specifications of these instruments is

provided in the Supplement Table S2.

2.1 ML calibration procedure

Figure 2 shows the steps followed for ML calibration of the LCS measurements. The data from the reference instruments, as
well as the temperature and RH recorded by the sensors located close to the reference station, had a time resolution of 2 min,
whereas the measurements from the LCSs were recorded every 2 s. To align the dataset, the LCS measurements were averaged
every 2 min and concatenated with the respective reference data, temperature and RH. Subsequently, data cleaning was done
by dropping all rows with the missing values and those with negative net sensor signals (i.e., obtained by subtracting the signals
reported by the auxiliary electrode from those reported by working electrode). From the cleaned dataset, the net sensor signals

(NSS), temperature, relative humidity (RH), month, day of week and hour were selected as input variables (also referred to as
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features) for each algorithm, whereas the respective reference concentrations were used as response (also referred to as
dependent) variables. The temporal variables (month, day of week, and hour) were included as input to unravel the importance
of monthly, weekly and diurnal variabilities. For the ML calibration of the NO, and O3 LCSs we also included the O3 and NO»
reference concentrations, respectively, as input variables in order to account for cross-sensitivities. According to manufacturer
and literature reports, the O3 LCS is affected by NO, (ANN803-05, 2019; Pang et al., 2017), and vice versa (Maag et al.,
2016).
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Figure 2: Flow diagram showing the stages of the ML calibration process employed in this work. First, we merge the
measurements from the LCSs, the reference instruments and the meteorological sensors. The resulting dataset are then pre-
processed and segmented into training and testing sets. The training sets are used to train the ML models while the testing sets
are used to evaluate their performance. The best-performing model is then used to assess (1) the significance of input variables
to model performance, and (2) how different calibration practices affect the fraction of training data required.

E>[ — }

.

LCS calibration was performed using five ML models as mentioned in the introduction: LR, SVR, RF, ANN and XGBoost.
All calculations were carried out in the anaconda environment using python version 3.8.6. To train and evaluate the
performance of these models, the 6-month datasets were split into training and testing sets. The training sets were derived from
the first 80% of the data of each month and used to train and tune the parameters of the models. The testing sets, which were
used to evaluate the performance of the models, comprised of the remaining 20% of the data (see Fig. S1 in the Supplement).
The hyper-parameters for the SVR and ANN ML models were tuned through a 5-fold cross-validation and grid search, whereas
those of the RF and XGBoost algorithms were auto-tuned through the AutoML library (FLAML) developed by Microsoft
(Wang et al., 2021). The optimal values for the main hyper-parameters obtained for each model are provided in Table S3 in
the Supplement. The other parameters for each model were kept at their default values. The calibration performance of the
tuned models were then evaluated based on a number of statistical indicators and the best-performing model was used to
determine the importance of each feature in the model and assess the effect of (1) the temporal resolution of the training data,

(2) how the training data are sampled, and (3) the calibration frequency on the fraction of data required for training the ML
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algorithms. We should note that the importance of each input variable in the model was determined using the permutation

feature importance function within the Scikit-learn ML library.

2.2 ML calibration procedure

Performance evaluation of the models was done in two stages. In the first stage we evaluated the accuracy of their calibration
based on Pearson correlation coefficient (r), coefficient of determination (R?) and normalized root mean squared error

(NRMSE), given respectively as:

r= Z?=1(ca1t_a)(Reft_m) , (1)

JEh(cale—Can? 5 (Refi—Ren?

2 _ q _ Zt=i(Cale— Refp?
RT=1 2 (Refr—Ref)? @)

,z?=1(Calt—Reft)2
NRMSE= Y —_1n 3)

Ref

Here Cal;, Cal, Refi, Ref and n denote respectively the calibrated concentration at time t, the mean of calibrated concentrations,
the reference concentration at time t, the mean of the reference concentrations, and the total number of data points. The Pearson
correlation coefficient, r, provides information on the strength of associations between the calibrated concentrations and their
corresponding reference concentrations. R? is a measure of the extent to which the input variables used in the models explain
the variation in the dependent variable, whereas NRMSE expresses the error between the calibrated and reference

concentrations normalized by the mean of the reference concentrations.

In the second stage, we created target diagrams to infer the level of bias and variance in the model, which are key parameters
for diagnosing whether a model is over-fitting or under-fitting the data. An under-fitted model has high bias and low variance,
whereas the opposite is true for an over-fitted model (Kumar and Sahu, 2021; Yu et al., 2006). For LCS calibration, the root
mean square error (RMSE) of the calibration model captures both the bias and the variance in the data provided by LCSs, and
is typically used to create target diagrams (Jolliff et al., 2009) and to visualize the performance of different models. The RMSE

is determined as:

RMSE? = MBE? + CRMSE? (4)
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Here, MBE and CRMSE are the mean bias error and the centred root mean square error (Zimmerman et al., 2018; Thunis et al.,

2012), expressed as:
MBE = %z{’ﬂ(Calt — Ref,) )

CRMSE = \/GZCal + 0%Ref — 2I'0Ca1ORef ©)

where 0¢q; and og, are the standard deviation of calibrated and reference concentrations, respectively.

2.3 Data quality assessments

The goal of calibrating measurements from LCSs using ML models is to improve their accuracy to meet the data quality levels
required for specific applications. Here we use the EU directive 2008/50/EC as a guideline to assess the quality of the data
produced by the LCSs and the different calibration schemes we tried. According to the directive, the LCSs can primarily be
used for indicative measurements (i.e., measurements with less stringent uncertainty requirements in comparison to regulatory
measurements), in which case the uncertainty limits are set to 25% for CO, NO; and SO, and 30% for Os. These uncertainty
requirements have to be met at specific limit values for CO, NO; and SO», and at the target value for Oz. Limit values are
specific concentrations below which the harmful effects of gaseous pollutants on human health and the environment are
reduced. Similarly, target values are fixed levels below which the long-term effects of air pollutants on human health and the
environment are minimized (Equivalence, 2010). Limit or target values are determined for specific periods over which the
measurements are averaged depending on the pollutant. For example, the limit values for NO; and SO, are determined on an
hourly basis and have values of 200 and 350 ppb, respectively, whereas the limit value for CO and the target value for O3 are
determined based on an 8-hour averaging, having respective values of 10 ppm and 125 ppb (EU-directive, 2008). We should
note here that the concentrations for CO, NO», O3 and SO observed at the station used in this study were lower than the above-
mentioned limit or target values. Considering that, the uncertainties reported in this work are calculated at the maximum
concentrations reported by the reference instruments.

The EU directive uses the relative expanded uncertainty (REU) as a data quality indicator (DQI), calculated based on the
guidelines provided by Walker and Schneider (2020). According to those, the calibrated LCS concentrations are assumed to

have a linear relationship with the reference concentrations given as:

Cal =0y + 0, - Ref (7

where Cal and Ref are calibrated and reference concentrations, respectively, whereas o and 61 are regression parameters
obtained by a two-step adjusted orthogonal regression. The relative expanded uncertainty at the maximum concentration is then

7
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calculated at 95% confidence interval as:

RSS
2 [ 4 (01~ 12 U2 ety 00+ (81 ~1) Refman)?

REU oy = ——2 — +100% , (8)
where,
RSS = X ((Cal;— 6o — 6y - Reft)z) - (912 +2)- UzRefmaxa and 9
_ (UCalmaX)Z
N (URefmax)Z (10)

Here, RSS, REU yax, Refimax, Calmax, Ucal,,,, and Uger

max

are the residual sum of squares, the relative expanded uncertainty at

max

the maximum concentration observed, the maximum reference concentration, the maximum calibrated concentration, the
random uncertainty for maximum calibrated concentration, and the random uncertainty for maximum reference concentration,

respectively. For CO, NO; and SO, the Uk,

max

values were obtained from the technical specification of each reference in-

strument as provided by the manufacturers (see Table S2 in the Supplement). For the O3 reference measurements, for which

no information about the accuracy of the reference instrument is provided by the manufacturer, we assumed Ugef,,, to be 0.1%.

fmax

For Uca,,,, which is difficult to determine considering that its value depends on uncertainty of the reference concentrations,

= Ugref,

max

'max »

we assumed Ucy

(2020).

and thus A = 1 in our calculations following recommendation provided by Walker and Schneider

max

3 Results and discussion

Table 1 provides summary statistics of the concentration measurements reported by the reference instruments and the
LAB calibrated LCSs. The differences in the mean and standard deviation between the measurements obtained by the
LCSs and the reference instruments for the four pollutants range between ca. 10 and 1300% and ca. 30 and 2600%,
respectively. To evaluate the statistical significance of these differences, we first checked normality of all LCS and
reference measurements by running Shipiro-Wilk tests, which returned p-values less than 0.05, indicating that all the
LCS and reference measurements were normally distributed. Next, we performed t-tests for all the pollutants to assess
the statistical significance of the difference between the mean of LCS and reference concentrations (Tiku and Akkaya,
2004). To evaluate the statistical significance of the differences in variances of the LCS and reference concentration

measurements, we performed the Fligner and Killeen tests (F-K tests; Si et al. 2020) for all the cases.
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Table 1: Summary statistics of concentration measurements of CO, NO;, SO, and O3 recorded by the LCS, using the laboratory (LAB)
calibrations, and the reference (REF) instruments.

CO (REF) CO (LAB) NO:2(REF) NO:(LAB) O3(REF) O3(LAB) SO:(REF) SO:(LAB)

Number of data points 111,025 111,025 102,427 102,427 94,520 94,520 44,520 44,520
Average (ppb) 470 430 18 33 18 62 1.6 27
Standard deviation (ppb) 288 262 13 26 15 39 0.98 23
Minimum (ppb) 2.87 1.79 0.26 0.030 0.002 0.070 0.001 0.170
Maximum (ppb) 3,573 3,110 99 1,365 64 1,789 96 252

The t-tests showed p-values < 1073 for all four pollutants, which is lower than the set significance level of 0.05, suggesting
that the difference in mean values of the laboratory calibrated and reference concentrations are statistically significant.
Similarly, the F-K tests returned p-values < 107!, indicating that the differences in variances of laboratory calibrated LCSs
and reference concentration measurements for all the pollutants are statistically significant considering that a significance
level of 0.05 was used in the calculations. We should note here that the difference between LCS and reference measurements
was more pronounced for SO,. This can be explained by the fact that the concentration of SO, at the observational site was
on average less than Sppb, which was lower than the limit of detection (LoD) of the SO, LCS (see Table Sl in the
Supplement).

The statistically significant difference between the measurements recorded with the LCSs and the respective reference
instruments is not surprising considering that the laboratory calibrations carried out by the manufacturer only account for the
effect of the temperature at room conditions, which does not fully capture the meteorological variabilities in ambient
conditions. Moreover, the calibration equations provided by the manufacturer do not take into account the influence of other
factors, such as RH which can significantly affect the performance of the LCSs (Papaconstantinou et al., 2023; Samad et al.,
2020; Gonzalez et al., 2019; Pang et al., 2018).

3.1 Evaluation of ML algorithms

Figure 3 shows the correlation between the calibrated and reference concentrations for the CO, NO,, O3 and SO, for all
calibration approaches we tested. We should note that for all the tests we used 80 % of the entire dataset for training and 20%
for validation, whereas all the measurements had a 2-min time resolution. Evidently, we observe a good agreement between
the measurements from the CO LCS and the corresponding reference measurements, even without using any of the ML
calibrations (see Fig. 3a). The rest of the LCSs, however, exhibit moderate to low correlation with their respective reference
measurements (see Fig. 3g, 3m and 3s). The measurements reported by the SO, LCS highly overestimate the SO,
concentrations as compared to those reported by the reference instrument. Overall, we observe an improvement in the

agreement between measurements reported by the LCS and the respective reference instruments after ML calibration. This
9
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improvement is more pronounced for CO, NO; and O3 measurements, as reflected by the high r values that are larger than 0.9,
following ML calibration. In contrast, for SO2, despite that there was a general improvement in agreement between the SO2
LCS and reference measurements when using ML calibration, they exhibited r values that were hardly above 0.5 (see Fig. 3s-
x). As mentioned above, this can be attributed to the low concentrations of SO, observed at the measuring site, which on
average were far lower (i.e., 1.6 + 1 ppb; see Table 1) than the LoD of the SO2 LCS (i.e., 5 ppb; see Table S1 in the Supplement
and Alphasense-SO2-B4 2019).
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Figure 3: Correlation between calibrated LCS and reference concentration measurements for CO, NOz, O3 and SO,. The black dotted
correspond to 1:1 relation.

Figure 4 provides heat maps that show the performance of LAB and ML calibrations based on R2 and NRMSE. With the
exception of the SO, LCS, all the ML calibrations performed reasonably well in terms of R2 as indicated in Figure 4a. Overall,
the RF model exhibited the highest R? values for all pollutants, followed by the ANN and the XGBoost models. The good
performance of the ML calibrations was also reflected by the relatively low NRMSE values (see Fig. 4b), which exhibit a

significant improvement compared to the values of their corresponding LAB calibration. Another key point to note here is
10
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that, even though the CO LCS exhibited a good performance without ML calibration, it is evident that performance of ML
260 calibrations for NO; and O3 measurements are generally better than that of the CO. This is explained by the fact that, for the
NO; and O3 ML calibrations we accounted for cross-sensitivities by including O3 and NO; reference concentrations,

respectively, as input variables.
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Figure 4: Heat maps showing the performance of the LCSs in terms of (a) coefficient of determination (R?), and (b) normalized root mean
265  squared error (NRMSE) after calibration using the laboratory tests carried out by the manufacturer (LAB) and the five ML algorithms
employed in this work.
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Figure 5 shows target diagrams that help to further assess the performance of the ML models in terms of the bias and variance,
and to compare the standard deviations of their predictions with those of their respective reference concentrations. In each
diagram the normalised MBE is plotted against the normalized CRMSE. The MBE and CRMSE were normalised by the
270 standard deviation of their corresponding reference concentrations to facilitate comparison of the calibration performance of
the models across different pollutants. Consequently, the distance of each point from the centre of the diagrams corresponds
to the RMSE normalized by the standard deviation of the respective reference concentrations. We will denote this with nRMSE
to distinguish it from the one described in Eq. (3). As shown in the diagrams, the ML calibrations generally exhibited lower
nRMSE values compared to corresponding laboratory calibrations. The RF, ANN and XGBoost models generally performed
275  better in terms of nRMSE when compared to the LR and SVR models.
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Figure 5: Target diagrams showing the overall performance of the laboratory and ML learning calibrations of the data from the LCS tested
in this work. The light blue circles show the region where the NRMSE is less than unity and the variance of residuals of the calibrated
concentrations are lower than those of their corresponding reference concentrations.
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The horizontal lines passing through the centers of the circles in Figure 5 correspond to cases with zero bias. Any point above
or below these lines indicate that the corresponding algorithm overestimates or underestimates the values reported by the
reference instruments, respectively. The CO LAB calibration exhibit a small bias and thus corroborating the good correlation
between those, and the respective reference measurements as shown in Figure 3. This is not the case for the other sensors. As
indicated in Figure 5b-d, the LAB calibrations for the measurements with the NO,, O3 and SO, LCSs overestimate the
respective reference measurements. With the exception of the SO, measurements, the calibrations by the ML models have a
bias close to zero, indicating a significant improvement in the agreement between the LCS and reference concentration
measurements.

When the standard deviation of the calibrated LCS data is lower than that of their respective reference measurements, the point
associated with the model used for calibration would be illustrated on the left quadrant of the respective target diagram and
vice versa. Therefore, the standard deviations of LAB calibrated measurements from all the LCSs, except the one for CO, are
higher than those of their respective reference concentrations, whereas ML calibrated concentrations generally have standard
deviations which are lower than those of the corresponding reference concentrations. All the points corresponding to ML
models generally lie inside the unit circles, indicating that the variance of residuals of their calibrated concentrations are lower

than those of the respective reference concentrations and thus that they do not over-fit on the training data.

3.2 Feature importance

To quantify the influence of a number of features that affect the performance of the CO, NO,, O3 and SO, LCSs, we carried
out sensitivity analysis using the RF model, which exhibited the best performance as discussed in the previous sections. To do
that, the model is trained with the entire 6-month dataset by using reference concentrations, temperature, relative humidity,
month, day of week and hour as input/independent variables, and the NSS as dependent variables. As stated earlier, the NO2
LCS is highly cross-sensitive to O3 and vice versa (ANN803-05, 2019). To assess the effect of cross-sensitivity on model
performance, O3 and NO; reference concentrations were included as additional input variables in the training of the RF model
for the NO; and the O; LCSs, respectively. The influence of a given input variable to model performance was then calculated
by permuting its values and determining the change in the performance. For each variable, 20 random permutations were
carried out and the average change in R? was calculated and expressed as a percentage of the total contribution from all the

variables.
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Figure 6: Estimated importance of each input feature in determining the variability of the signals reported by CO, NO2, O3 and SO2 LCSs,
determined for each sensor using the RF model. For CO and SO2 the model is trained using respective reference concentrations of the target
gases, temperature, relative humidity, month, day of week and hour as input variables, and the NSS as dependent variable. For NO2 and O3,
the training of the RF algorithm also includes respectively, the O3 and NO2 reference concentrations as input variables in order to assess
cross-sensitivity.

For the CO (see Fig. 6a), the target gas (i.c., the CO reference concentration) has the highest degree of importance in the
performance of the model relative to the importance of other variables. This implies that the CO sensor is not affected much
by the other variables used as input to the model, and thus responds well to the fluctuations of the CO concentration in ambient
air. This is not the case for NO, and Os. For these two cases, the influence of target gases on the performance of the model
seems to be low, with temperature and RH having strong influence. By accounting for cross-sensitivity, the performance of
the models further improved by 6-9% (see Fig. 6¢ and 6d). For the SO, the performance of the model is almost equally affected
by the target gas, temperature and RH as well as some of the temporal parameters (see Fig. 6d). This is expected considering

that the SO, LoD is higher compared to what is observed.
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3.3 Assessing calibration practices

For the evaluation of the models described in subsection 3.1, we have used 80% of the dataset for training the models. While
it is a good practice in ML to use higher fraction of data (e.g., > 70 %) for training, it is not practical for calibrating the data
from the LCSs as that will require collocating LCSs with corresponding reference instruments for long periods of time, adding
significantly to the cost of the measurements. Using RF model, here we investigate how the amount of training data can be
minimized, while not significantly sacrificing their quality, by varying practical parameters such as (1) the temporal resolution

of the training data, (2) how the training is sampled, and (3) the frequency of calibration.

(a) (b) 2 min

Ul
o

40 | B NRMSE —_
i X
: REU o co 25 45 =
=30 | g
X | 40 2
21% | 21% ©
2 ’ ! ° NO.| 30 35 =
c i o)
© L 14%
. c
6 ; 11% 305
! 43
! 0. 22 22 25 &
! i
0 ! 20
cO NO:z (o co NO:2 O3

Figure 7: (a) Percentage change in the normalized root mean squared error (NRMSE) and the average relative expanded uncertainty
calculated at maximum concentration observed (REUmax) when the resolution of the data used to train the RF model is increase from 1 h
to 2 min, and (b) the minimum fraction for 2 min and 1 h measurements required to train the RF model that will guarantee its calibrations to
meet the data quality objective for indicative measurements defined by the EU directive.

Figure 7 shows the percentage change in (1) the normalized root mean squared error (ANRMSE), and (2) the relative expanded
uncertainty calculated at maximum concentration observed (AREUmax), when the resolution of the data used to train the RF

models increases from 1 h to 2 min. ANRMSE and AREUmax were calculated respectively as ANRMSE =

|[NRMSE(2min)—NRMSE(1h)|
NRMSE(1h)

%X 100% and AREU,,.x = IREU'““S;M)_ZT;'““(M X 100%. The results show that by increasing the
max

temporal resolution of the training data from 1 h to 2 min (which is the base case here), the performance of the RF model in
terms of NRMSE and REUmax improves by 11-21%. As a result, the minimum fraction of data required for training the RF
models that will qualify their calibrations for indicative measurements as defined by EU directive reduces by an average of
6.3% (see Fig. 7b)

To investigate the effect of how the training data is sampled and calibration frequency on the amount of data required for

training, we performed calibrations using different fractions of the dataset every 1, 3 and 6 months. For 1 month calibration,
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the training data is obtained through continuously sampling, i.e, training data sampled continuously at the start of each month.
For 3- and 6-month calibrations, in addition to continuous data sampling, we also considered interceptive data sampling, where
the training datasets were sampled from all the months. Note that for the latter case, the post-calibration of the LCSs by
applying the trained ML algorithm and the evaluation of the algorithm are conducted retrospectively at the end each period

(i.e., every 3 or 6 months for the 3- and 6- month periods, respectively).
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Figure 8: Average normalized root mean squared error (NRMSE; a-c), and the average relative expanded uncertainty calculated at maximum
concentration observed (REUmax: d-f) for 1, 3 and 6 calibrations obtained by training RF following continuous data sampling (i.e.,
continuously at the beginning of each period). The dotted lines in the bottom show the EU DQOs for indicative measurements, which are
set to 25% for CO and NO2, and 30 % for Os.

Figure 8 shows the average NRMSE and REUmax for 1-, 3- and 6-months calibrations for CO, NO2 and O3 obtained through
continuous data sampling and varying the training data from 10 to 80 %. The NRMSE and the REUmax decreases with increase
in the fraction of training data. The results also show that under the continuous data sampling scheme, the monthly calibration
performing better in terms of NRMSE and REUmax values compared to calibration after 3- or 6-month. This is explained by
the fact that the RF algorithm lacks the power to extrapolate on training data, and thus will perform better in monthly calibration
where the seasonal variabilities of the training and testing datasets are lower compared to calibration after 3 or 6 months. It is
also evident that under the continuous data sampling, a larger fraction of data (at least 70% for CO and NO», and 50% for O3)
is needed to train the models for the quality of calibrated data to meet the EU directive DQOs for indicative measurements

(see Fig. 8d-1).
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Figure 9: Average normalized root mean squared error (NRMSE: a-c), and the average relative expanded uncertainty calculated at maximum
concentration observed (REUmax: d-f) for 1, 3 and 6 month calibration periods obtained by training the RF following interceptive data
sampling for 3 and 6 month calibrations and comparing with monthly calibration carried out through continuous data sampling. The dotted
lines in the bottom show the EU DQOs for indicative measurements, which are set to 25 % for CO and NO2, and 30 % for Os.

Figure 9 shows the average NRMSE and REUmax for CO, NO; and O3 obtained by performing 3- and 6-months through
interceptive sampling. Note that the results of monthly calibrations are added here for comparison. As shown in the figure,
performing calibration after 3 or 6 months using interceptive data sampling scheme requires less training data for achieving a
data quality meeting the requirements of EU directive DQOs. For instance, performing 6-month calibration under this scheme
will reduce the fraction of training data to as low as 22% without deteriorating the quality of the data to levels below those that
will qualify them for indicative measurements. This reduces substantially the cost of these measurements, as significantly less
amount of time (from 70-80% down to 22%) is needed for collocated measurements with expensive reference grade

instruments.

4 Conclusion

We have evaluated the performance of various ML algorithms for calibrating LCSs data from CO, NO», O3 and SO, and
identified that the Random Forest model provides the best results. This model is then used (1) to investigate how different

input variables affect the calibration performance, and (2) to investigate the extent to which practical parameters such as the
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temporal resolution of the measurements, how the training data is sampled, and the frequency of calibration reduces the fraction
of data needed for training, while keeping the quality of calibrated data within the accepted levels. Our results show that the
CO LCS responds well to the target gas and is not affected much by the other variables such as temperature and RH. This is
not the case for the NO; and O3 LCSs. For these two cases, the influence of target gases on the performance of the model
seems to be low, while temperature and RH having strong influence on their performance. By increasing the temporal
resolution of the training data from 1 h to 2 min, the minimum fraction of data required for training the RF models that will
qualify their calibrations for indicative measurements as defined by EU directive reduces by an average of 6.3%. The results
also suggest that the minimum fraction of data required for training the ML models depends on the frequency of carrying out
collocated measurements with reference instruments and using the resulting datasets for training the calibration model. If the
calibrations are carried out monthly, ca. 50 % of the period is needed for collecting data to train the RF algorithm and qualify
the LCSs for indicative measurements as defined by the EU directive (2008/50/EC). If the training is carried out every 3- or
6-months by following continuous data sampling, then ca. 60% of the measuring period is required for collecting training data.
In those cases, if the sampling of the training data is collected over specific periods every month, but the entire training dataset
is used to calibrate the measurements over 3 or 6 months, then the amount of data required for qualifying the LCSs for
indicative measurements can reduce to 22 %. This reduces substantially the costs, as the amount of time needed for collocated
measurements with reference grade instruments significantly reduce from 70-80% to 22%. This not only improves the quality

of measurements obtained by LCS networks but assures quality in the most cost-effective manner.
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