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Abstract  16 

Citizen science projects that monitor air quality have recently drastically expanded in scale. 17 

Projects involving thousands of citizens generate spatially dense datasets using low-cost passive 18 

samplers for nitrogen dioxide (NO2), which complement data from the sparse reference network 19 

operated by environmental agencies. However, there is a critical bottleneck in using these citizen-20 

derived datasets for air quality policy. Passive samplers typically determine the average 21 

concentration over a time span of only a few weeks, and this time-limited character of the 22 

monitoring effort prohibits policy use, as compliance checking requires annual averaged 23 

concentrations, which are not affected by seasonal fluctuations in air quality.  Here, we describe a 24 

model approach to reliably transform passive sampler NO2 data from multi-week averages to  25 

annual averaged values. We verify the assumptions underlying the model procedure, and 26 

demonstrate that model uncertainty complies with the EU quality objectives for air quality 27 

monitoring. Our approach allows a considerable cost-optimization of passive sampler campaigns 28 

and removes a critical bottleneck for citizen-derived data to be used for compliance checking and 29 

air quality policy use.  30 

1. Introduction  31 

Air quality remains an important environmental problem, as 92% of the global population lives 32 

in areas where pollutant levels exceed health-based standards for ambient air quality (1). To 33 

support air quality policies, environmental protection agencies (EPAs) have developed systematic 34 

monitoring programs, which involve a network of reference stations that provide a continuous data 35 

stream for a wide array of air pollutants (2). However, the construction and maintenance of these 36 

reference stations is resource intensive, and hence EPA networks only include a limited number 37 
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of stations (3). Especially in urban environments, traffic-related air pollution like NO2 can vary 38 

over small distances (4–6), and so data from a single monitoring station can only be considered 39 

representative of a small surrounding area (7–9). To obtain a more detailed insight into the small-40 

scale variation of air quality, complementary methods are needed that enable the low-cost 41 

collection of datasets with high spatial resolution. Such spatially dense datasets are critical for the 42 

validation and improvement of air quality models that are used for policy guidance, while they 43 

also allow to investigate the spatial representativeness of the reference stations included in official 44 

monitoring networks (10,11). 45 

Passive NO2 samplers enable the collection of spatially distributed data in cost-efficient manner 46 

(12), while retaining sufficient data quality (13,14), and have been used in local networks of 50-47 

100 samplers by governmental agencies and researchers to measure NO2 levels complementary to 48 

reference stations (e.g. (15–17)). Very recently, the scale at which these NO2 passive samplers are 49 

used has greatly expanded, through citizen science projects involving up to 20.0000 participants, 50 

which monitor the air quality outside their house (18–20). However, the policy use of these citizen 51 

science data is currently strongly hampered by the particular way these citizen science projects are 52 

conducted. Citizen-based passive sampler campaigns are typically executed only once, and the 53 

monitoring period is relatively short (e.g. 1-4 weeks for NO2 in an urban context) to avoid that 54 

passive samplers become saturated (21). Consequently, citizen-derived datasets typically produce 55 

NO2 concentrations averaged over multiple weeks . In contrast, compliance checking for NO2 with 56 

guideline values of the World Health Organisation (WHO) or legal limit values requires averaging 57 

periods of 1 hour or 1 year (22,23). Additionally, annual averaged NO2 values also require a 58 

regularly distributed measurement effort throughout the year (23). Data collected within citizen 59 
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science projects do not meet these criteria, and so, these data cannot be directly implemented for 60 

compliance checking.  61 

Here, we describe an extrapolation method to obtain annual averages from time-limited NO2 62 

passive sampler measurements. Our model approach builds upon previous observations that spatial 63 

patterns of NO2 remain remarkably stable in time across urban regions (6,16,17,24–26). Different 64 

extrapolation models are tested, and the uncertainty associated with each model approach is 65 

quantified. Additionally, the effect of sampling period on the model uncertainty is evaluated, 66 

allowing insight in the optimal experimental design of sampler campaigns. We evaluate our results 67 

with respect to EU standards for air quality monitoring.  68 

2. Methods 69 

2.1. Rationale  70 

The rationale of our approach is summarised in Fig. 1. We consider certain a geographical 71 

domain (e.g. city or region) over which air quality is monitored by a network of reference 72 

monitoring stations (NR sites), complemented with an additional dense network of passive 73 

samplers (NS sites). The reference network is sparse (NR << NS), but provides continuous NO2 data 74 

at high temporal resolution, which allows to extract both monthly averages (Xi
R for i=1.. NR) and 75 

annual averages (Yi
R for i=1.. NR). The passive sampler network has a high spatial resolution, but 76 

only provides averaged data for over a period of multiple weeks (Xj
S for j=1.. NS). The objective 77 

is to predict the annual averaged values Yj
S based on knowledge of Xi

R , Yi
R and Xj

S (Fig. 1c). 78 
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Figure 1. [a] Map showing the NR = 67 reference stations (red squares) in the monitoring network 80 

of the Flanders Environment Agency across the region of Flanders (Belgium). Additionally, the 81 

map shows the NS = 17.886 locations at which 4-weekly averaged NO2 data were collected in the 82 

citizen science project CurieuzeNeuzen via passive samplers (data locations retained after quality 83 

control - blue dots). [b] Schematic illustration of the difference in spatial correlation between both 84 

short-term (30 min averaged) and long-term (4 week averaged) NO2 variations. A fictitious 85 

monitoring network consists of 5 stations (S1 to S5) with different NO2 levels typifying spatial 86 

variability. Short-term fluctuations show little correlation between stations, while long-term 87 

fluctuations show large correlation. [c] Model-based extrapolation procedure to calculate annual 88 

averaged sampler data from multi-week averaged sampler data.  89 

 90 

As a real world example, Fig. 1a shows the NR = 67 reference stations in the monitoring network 91 

of the Flanders Environment Agency (Vlaamse Milieumaatschappij, VMM), which are 92 

geographically distributed across the region of Flanders (Belgium). Additionally, Fig. 1a shows 93 

the locations at which 4-weekly averaged NO2 data was collected in the Citizen Science project 94 

CurieuzeNeuzen in May 2018 (NS = 17.886 data locations retained after quality control). 95 

The starting premise of our model approach is illustrated in a conceptual way in Fig. 1b. The 96 

NO2 concentration at a given site within a monitoring network is determined by the interplay of 97 

production (e.g. traffic emissions), transport (e.g. upwind supply and dispersal) and removal (e.g. 98 

washout with precipitation or photochemical oxidation). The relative strength of these processes 99 

will differ between sites, thus giving rise to spatial variability (i.e. systematic differences in NO2 100 

concentrations between stations S1 to S5). Additionally, the NO2 concentration at a given site will 101 

show both short-term and long-term variations, but a critical aspect is that these variations have 102 
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different drivers. Short-term variations (minutes to days) can be driven by site-specific changes in 103 

local emissions (e.g. a temporary traffic jam) or meteo conditions (e.g. a local rain shower), and 104 

as a result, short-term NO2 variations will show little correlation between sites (Fig. 1b). In 105 

contrast, the longer-term variations (weeks to years) are mostly driven by changes in weather (e.g. 106 

seasonal variation in atmospheric boundary layer) or economic activity (e.g. summer holidays) 107 

that tend to affect all stations across the domain in a similar manner, so that long-term NO2 108 

variations will tend to be correlated between sites (Fig. 1b). Consequently, when averaged over a 109 

sufficiently long period, the site-specific short-time variations will be filtered out, and what 110 

remains are long-term effects that commonly influence all stations. As a result, one expects the 111 

long-term averaged NO2 levels to move up and down in a synchronous way at different locations, 112 

thus preserving the spatial pattern (Fig. 1b lower panel). Moreover, if a period of a few weeks is 113 

sufficient to filter away short-term effects, one also expects a predictable model relation between 114 

multi-week-averaged and annual averaged NO2 concentrations that is similar across the whole 115 

monitoring domain (due to temporal stability of inter-site variations). If this is the case, we can use 116 

a model approach that maps multi-week sampler data onto annual averages via the following steps 117 

(Fig. 1c): 118 

• Determine the time-averaged NO2 value for the reference stations over the same time 119 

period as passive sampler campaign (Xi
R data) 120 

• Determine the time-averaged annual NO2 value for the reference stations over the year 121 

that contains the passive sampler campaign (Yi
R data) 122 

• Develop a statistical regression model between the independent variable Xi
R and  the 123 

outcome variable Yi
R for the NR reference stations 124 
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• Apply this same statistical model to the NS sampler stations to obtain the annual averaged 125 

estimate Yj
S  from the available monthly-averaged Xj

S data for each station in the passive 126 

sampler network. Datasets and model validation 127 

We tested this model approach using two datasets collected by the Flanders Environment Agency. 128 

A first dataset includes hourly-averaged NO2 concentrations (measured by chemiluminescence) 129 

from the 67 reference stations that make up the regular monitoring network (Fig. 1a). This 130 

“monitor dataset” spans a period of 8 consecutive years from 1 January 2011 to 31 December 131 

2018. We used this dataset to verify whether NO2 concentrations at different locations in a 132 

geographical area show similar long-term temporal trends.  133 

The second dataset includes NO2 concentrations that were obtained via passive samplers (Palmes 134 

diffusion tubes,(12)) over 2-week sampling periods by the Flanders Environment Agency. Passive 135 

samplers were co-located at a subset of 24 stations within the reference monitoring network. This 136 

“sampler” dataset spans a period of 1 year and consists of 26 consecutive measurement periods of 137 

two weeks, lasting from 28 December 2017 until 26 December 2018. NO2 sampler data are 138 

reported as the mean of 2-4 replicates at each station and time point. Due to analytical problems, 139 

data from periods 4 and 5 (8 February to 7 March) were not available, thus leaving 24 biweekly 140 

data points at each station. In order to reduce sampler bias, NO2 concentrations from passive 141 

samplers were calibrated by orthogonal regression against the data from the reference stations at 142 

which they were co-located (21). We used this “sampler dataset” to validate the model procedure 143 

in a real setting (i.e. with actual passive sampler data). and to verify if and how changes in wind 144 

patterns can compromise the results. To this end, daily data on wind speed and direction for 2018 145 

were obtained from one monitoring station (M802, Havanastraat, Antwerpen) equipped with a 146 

weather station. This allowed comparison of monthly and annual wind patterns.  147 
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All averages denote arithmetic means over a given time period, and the necessary data 148 

processing and handling of missing data is described in detail in the Supplementary Information. 149 

All data processing and analysis was performed in R 3.6.0. Wind roses were constructed from the 150 

wind speed and direction data using the R package ‘openair’ (27). 151 

2.2. Model development  152 

The extrapolation model seeks a relationship between the average NO2 concentration measured 153 

over a limited time period (T =2, 4, 6, 8 weeks) at a given location (the predictor variable Xi with 154 

i = 1,.., NR the number of stations), and the annual averaged NO2 concentration from that same 155 

location (Yi). Three different models were tested: orthogonal regression, constant off-set and ratio 156 

multiplication. The equations are provided in Sup. Mat. In the orthogonal regression model, the 157 

slope a and intercept b were calculated using Deming regression using the ‘mcreg‘ function in the 158 

R package ‘mcr’ (28), assuming equal uncertainties for Xi and Yi. We used the jackknife or leave-159 

one-out (LOO) method to estimate the model error, implementing the ‘jackknife‘ function from 160 

the R package ‘bootstrap’ (29). Air quality directives require that the uncertainty of model 161 

approaches is explicitly quantified (30,31), and associated model quality objectives are typically 162 

expressed as the relative uncertainty at the limit value of a given pollutant (22). The EU air quality 163 

directive defines the model uncertainty as the maximum deviation between the measured and 164 

calculated concentrations for 90 % of monitoring points, and specifies that this uncertainty should 165 

be less than 30% for annual NO2 values, defined at the limit value Clim = 40 µg/m3 (22). To verify 166 

whether our model meets the EU model quality objectives, we quantified the model uncertainty as 167 

the P90 value of the frequency distribution of residuals 𝜀𝜀𝑖𝑖,𝑝𝑝𝑅𝑅 (𝑇𝑇,𝑀𝑀) divided by Clim (see Sup. Mat. 168 

for a definition of residuals and model errors).  169 

 170 
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3. Results 171 

3.1. Model assumptions 172 

The central assumption of our extrapolation approach is that ambient NO2 shows spatial 173 

synchrony when averaged over a multiple weeks, i.e. the relative concentration differences 174 

between locations within the study area remain stable in time. Figure 2a examines this idea of 175 

spatial synchrony for NO2 data obtained from the reference stations in the official monitoring 176 

network in the region of Flanders (Belgium). It shows a two-year time series from reference 177 

stations that are situated in different geographical locations and cover a range of emissions and 178 

concentrations levels (countryside, urban, industrial). Comparison of the 4-week moving averages 179 

reveals considerable covariation in time between the stations (for clarity only 5 stations are 180 

displayed; a plot for all 67 available stations over the whole 8-yaer period shows the same 181 

behaviour – Fig. S1a). Spatial synchrony becomes even more apparent when the concentration at 182 

each site is normalised (as 𝑋𝑋𝑖𝑖 − 𝑋𝑋𝚤𝚤� , where 𝑋𝑋�𝑖𝑖 is mean over the whole 8-year period at station i). 183 

The normalized concentrations at all 67 stations display a similar seasonal pattern and slowly 184 

decreasing trend with time (Fig. S1b).  185 

Time series analysis shows that spatial synchrony becomes stronger as the integration period of 186 

the passive sampler become longer. To demonstrate this, we performed a pair-wise comparison of 187 

the time series of all stations (32), after adopting a moving average that broadly encompasses the 188 

measurement period of passive samplers (Fig. S2). The average Pearson correlation across all 189 

station pairs rapidly increases from 1 day to 7 day averaging, as short term fluctuations are filtered 190 

away. Subsequently, the correlation increases more slowly. Pairwise t-tests (in which the degrees 191 

of freedom were reduced for temporal autocorrelation with a lag period of 365 days) show that the 192 

correlation was significant for 98.5% of the pairs at an averaging period of 4-weeks .  193 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/synchrony
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/synchrony
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The dominant frequency component in the NO2 data from the reference stations is the seasonal 194 

cycle. Figure 2b shows the evolution over eight years of the deviation between the inter-site mean 195 

of annual averages and 4-week averages, i.e, ∆ =  〈𝑌𝑌𝑖𝑖𝑅𝑅〉 − 〈𝑋𝑋𝑖𝑖,𝑝𝑝𝑅𝑅 〉, where the operator 〈 〉 takes the 196 

arithmetic mean over all stations. The deviation ∆  shows a clear seasonal cycle, where 4-week 197 

averaged NO2 levels in summer are lower compared to the annual average, while they exceed the 198 

annual average in winter. The underlying mechanism is likely meteorology (more stable 199 

atmospheric conditions with less dispersion) and increased emissions that favour higher 200 

concentrations in winter months compared to the annual average, and lower concentrations in 201 

summer (33). The reference station that shows the least covariation with other stations is situated 202 

at an oil refinery in the harbour of Antwerp (purple curve in Figure 2a). This is not unexpected, as 203 

industries at different locations may show different temporal economic activity and associated 204 

emissions patterns, thus diminishing covariation. Overall however, the temporal covariation of this 205 

industrial station with urban and residential stations remains substantial, suggesting that region-206 

wide changes in meteorology remain an important driver at this industrial station. 207 

The fact that the NO2 data are spatially synchronous suggests that there could be a strong 208 

correlation between multi-week averaged values Xi
R and annual averaged values Yi

R for the 209 

reference monitoring stations, regardless of the time of year. This is indeed the case, as illustrated 210 

in Figure 2c-d for two separate 4-week periods, respectively in the winter and summer of 2017. 211 

For all reference stations in the official monitoring network with available data (NR = 57 stations), 212 

the multi-week-average Xi
R is plotted versus the year-average Yi

R  over 2017. The  Xi
R and Yi

R 213 

values show a high correlation (Pearson R: 0.962 in winter, 0.968 in summer) and the best fit of 214 

the regression, offset and ratio models are shown. In winter the data fall below the 1:1 line 215 

(negative ∆), while in summer one has the opposite situation (positive ∆). These examples are 216 
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highly representative for other periods in the 8 year data series. In all instances the data show a 217 

clear linear relationship between multi-week-averaged and annual averaged NO2 data (mean 218 

Pearson R = 0.961 over all n=103 periods; range 0.88-0.99; Fig. S3).  219 

 220 

Figure 2. [a] NO2 time series over 2 consecutive years at 5 stations selected from the reference 221 

monitoring network in Flanders. The curves denote the 4-week moving average of hourly NO2 222 
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data. [b] The deviation between annual averaged NO2 values and 4-week averages across the 223 

reference monitoring network over 8 consecutive years. The deviation ∆ =  〈𝑌𝑌𝑖𝑖𝑅𝑅〉 − 〈𝑋𝑋𝑖𝑖,𝑝𝑝𝑅𝑅 〉  takes 224 

the mean over all NR = 67 stations in the network. Winter (Dec 21 to Mar 20) and summer (21 Jun 225 

to 20 Sept) are shown in blue and red shading respectively. [c-d] Scatterplots of NO2 data for NR 226 

= 67 reference stations showing 4-week averages against annual averages for 2017 in [c] winter 227 

(period 1 of 2017) and [d] summer (period 6 of 2017). Dashed line denotes 1:1 equality. Solid lines 228 

denote model fits. 229 

3.2. Model comparison  230 

Our analysis hence suggests that multi-week-averaged NO2 data can be predictably extrapolated 231 

to annual averaged values. So, what extrapolation model performs best? Table 1 depicts the overall 232 

model performance for the three models (M = Regression, Offset and Ratio) as a function of the 233 

averaging period (T = 2, 4, 6 or 8 weeks).  Irrespective of the averaging period T, the Regression 234 

model performs best (lowest RMSE), closely followed by the Offset model, while the Ratio model 235 

gives a substantially higher RMSE in all cases. For all models, an increase in the length of the 236 

averaging period T increases the model performance. The largest decrease in RMSE is realized 237 

when going from 2 to 4 weeks, whereas subsequent increases in T have a smaller effect, which is 238 

congruent with how the co-variation between stations depends upon the measurement period of 239 

passive samplers (Fig. S2).  240 

Table 1. Summary of model-based extrapolation approach applied to the monitor dataset (upper 241 

part) and sampler dataset (lower part). A model-data comparison is performed for three different 242 

statistical models (Regression, Offset, Ratio) and for different averaging periods (T). The Root 243 

Mean Square Error (RMSE) and model uncertainty are tabulated. See paragraph 2.2 for 244 

mathematical formulae.  245 
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Monitor dataset Regression Offset Ratio 

Period 
T 

(weeks) 

# 
periods 

RMSE 
(µg/m³) 

Uncertainty 
(%) 

RMSE 
(µg/m³) 

Uncertainty 
(%) 

RMSE 
(µg/m³) 

Uncertainty 
(%) 

2 206 2.8 11.2 3.0 12.0 3.7 14.3 

4 103 2.2 9.0 2.3 9.5 3.0 11.4 

6 64 2.0 8.1 2.1 8.5 2.7 10.2 

8 48 1.8 7.5 1.9 7.5 2.6 9.6 

   

Sampler dataset Regression Offset Ratio 

Period 
T 

(weeks) 

# 
periods 

RMSE 
(µg/m³) 

Uncertainty 
(%) 

RMSE 
(µg/m³) 

Uncertainty 
(%) 

RMSE 
(µg/m³) 

Uncertainty 
(%) 

2 24 3.5 13.1 3.5 13.7 4.3 16.2 

4 11 2.8 11.0 2.9 11.7 3.7 14.1 

6 8 2.4 9.4 2.5 10.9 3.3 13.2 

8 5 2.2 9.6 2.3 9.7 2.9 11.1 

 246 

Normal Q-Q plots reveal that the residuals from the Regression and Offset models are normally 247 

distributed, while the residuals of the Ratio model show tailing to the right (Fig. S4). Furthermore, 248 

analysis of variance (ANOVA) on the monitoring dataset shows that the residuals do not depend 249 

on the averaging period T, the year or their interaction (P>0.9 for all associations). The model 250 

uncertainty for the three models ranges between 7.5% and 11.2%, well below the model quality 251 

objective of 30% as specified in the EU directive (Table 1).   252 

3.3. Model application to sampler data  253 

Until now our analysis has been exclusively based on NO2 data obtained from reference 254 

monitoring stations. In real life however, the extrapolation procedure will principally target data 255 

obtained from passive sampler deployments. To verify whether this makes a difference, we 256 
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investigated a data series of one year (13 consecutive periods of 4 weeks over the year 2018) where 257 

both reference monitor data and passive sampler data were collected at the same location (NS = 24 258 

stations). We implemented the Regression, Offset and Ratio models to calculate the year-averaged 259 

values 𝑌𝑌𝑖𝑖,𝑝𝑝
𝑆𝑆,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑇𝑇,𝑀𝑀) and compared these values the corresponding year-averaged values 𝑌𝑌𝑖𝑖

𝑆𝑆,𝑡𝑡𝑡𝑡𝑡𝑡𝑚𝑚 260 

as derived by directly averaging the sampler data. Model results are highly similar to above (Table 261 

1). Irrespective of the averaging period T, the Regression model performs best, closely followed 262 

by the Offset model. Model uncertainties are slightly higher than above (9.3-13.6%), but still fall 263 

well below the 30% model quality objective of the EU directive.  264 

The model uncertainty in Table 1 is calculated from the model errors 𝜎𝜎𝑝𝑝𝑆𝑆(𝑇𝑇,𝑀𝑀) , which require 265 

a year-long coverage of sampler data. In real-world applications however, sampler campaigns will 266 

only be conducted at a single instance, and not over a whole year. As a consequence, one cannot 267 

determine the model error 𝜎𝜎𝑝𝑝𝑆𝑆(𝑇𝑇,𝑀𝑀) directly. Still, when reference data are available, one can 268 

calculate the model error 𝜎𝜎𝑝𝑝𝑅𝑅(𝑇𝑇,𝑀𝑀) via the LOO approach, and then use the resulting value as an 269 

estimate for 𝜎𝜎𝑝𝑝𝑆𝑆(𝑇𝑇,𝑀𝑀). To evaluate this, Figure 3a compares the corresponding model errors 270 

𝜎𝜎𝑝𝑝𝑅𝑅(𝑇𝑇,𝑀𝑀) and 𝜎𝜎𝑝𝑝𝑆𝑆(𝑇𝑇,𝑀𝑀) for each time period of 4 weeks (residuals for all individual stations are 271 

shown in Fig. S5). The monitor-based and sampler-based model errors are of similar magnitude 272 

(ranging between 1 and 4 µg/m3) and show the same temporal trend across the different 273 

measurements periods (Fig. 3a). Moreover, there is an excellent linear relation between both model 274 

errors (Fig. 3b), showing that 𝜎𝜎𝑝𝑝𝑅𝑅(𝑇𝑇,𝑀𝑀) indeed provides a good estimate of the sought-after model 275 

error 𝜎𝜎𝑝𝑝𝑆𝑆(𝑇𝑇,𝑀𝑀). Consequently, the LOO approach based on monitor data provides an appropriate 276 

way to estimate the model uncertainty when performing the model extrapolation on sampler data.  277 

 278 
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 279 

Figure 3. [a] Model errors from the orthogonal regression model as derived from both the sampler 280 

dataset 𝜎𝜎𝑝𝑝𝑆𝑆(𝑇𝑇,𝑀𝑀)  (green bars) and as derived from the monitor dataset by the LOO approach 281 

𝜎𝜎𝑝𝑝𝑅𝑅(𝑇𝑇,𝑀𝑀) (red bars). Values are plotted for each 4-week period in 2018. Data for periods 2 and 3 282 

are missing. [b] Scatterplot of model errors as derived from sampler and monitor datasets.  Solid 283 

line denotes 1:1 equality. Numbers indicate the 4-week period.  284 

3.4. Wind effects 285 

The above results demonstrate that multi-week NO2 sampler data can be predictably extrapolated 286 

to annual averaged values, and that this can be achieved with a relative small uncertainty (< 11 % 287 

at T = 4 weeks). An important question is whether there are conditions where this model-based 288 

extrapolation may induce large errors? In the 2018 passive sampling campaign, the largest residual 289 

𝜀𝜀𝑖𝑖,𝑝𝑝𝑆𝑆 (𝑇𝑇,𝑀𝑀) was obtained in period p = 12 at station R804 (M = Regression, T = 4 week). The 290 

measured annual NO2 concentration at this station was 15 µg/m³ higher than the model-predicted 291 

value from this period (Fig. S5), and this residual was outside the 95% confidence interval of ± 292 
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5.6 µg/m³. A closer inspection of the positioning and wind dynamics provides an explanation for 293 

this high deviation. Station R804 is situated immediately east of the R1 Ring Road, which is the 294 

stretch of highway with the highest traffic intensity in Flanders (Fig. S6). Period 12 had an 295 

unusually high proportion of easterly winds compared to the average wind pattern for 2018 (winds 296 

from the southwest are dominant), which transport the high emissions from the highway away 297 

from the monitoring station, thus explaining the observed underestimation of the annual averaged 298 

NO2 concentration. Accordingly, in stations located closed to strong emissions sources, the wind 299 

regime during the measurement period should be suitably representative to avoid large 300 

extrapolation errors. To counteract bias at such locations, the sampling design could be adapted 301 

and multiple samplers could be positioned around the emission source (e.g. upwind and downwind 302 

locations).   303 

4. Discussion 304 

Recently, large-scale citizen science projects involving thousands of participants have generated 305 

extensive NO2 datasets via passive samplers (18–20,34). These datasets typically assess the 306 

averaged air quality over a limited time period (1-4 weeks), and could provide a valuable 307 

contribution to air quality policy, provided the data can be reliably upscaled to year-averaged 308 

values. Here, we have evaluated a procedure to reliably extrapolate the time-limited results of NO2 309 

passive samplers from multi-week to annual averaged values. Note that this approach implies an 310 

inversion of the traditional approach to air quality monitoring. Conventionally, the temporal 311 

variation of air quality is characterized in detail via reference stations, and subsequently, suitable 312 

spatial extrapolation occurs via geo-spatial interpolation, LUR or atmospheric dispersion models 313 

(35). In the procedure developed here, one first characterize the air quality in high spatial detail 314 
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using citizen-based monitoring, and subsequently, one extrapolates these data in time to arrive at 315 

annual averages, which can then be used for compliance checking. 316 

4.1. Spatial synchrony in NO2 data  317 

The central premise of our model procedure is that air quality shows spatial synchrony: when 318 

averaged over a suitably long period, sampling locations will preserve the spatial pattern in NO2 319 

concentrations, when assessed at different times. Early work with NO2 passive samplers (2 week 320 

averages) already noted that areas with high pollution tend to remain polluted, and that sites rank 321 

in the same order during repeated surveys, although the absolute NO2 concentrations may vary 322 

(17). This temporal stability of spatial contrasts was corroborated in follow-up studies (6,16,17,24–323 

26). Our statistical analysis of an 8-year NO2 data series from the reference stations in the official 324 

monitoring network of Flanders (Belgium) confirms the existence of strong spatial synchrony, but 325 

additionally demonstrates that spatial synchrony increases with the integration period of the 326 

samplers (Fig. S2). Reference stations that are situated in different geographical locations and 327 

different emission regimes (countryside, urban, industrial) show a similar temporal variation, when 328 

short-term fluctuations are filtered away (Figure 2; Fig. S1). This indicates that the key drivers of 329 

longer-term NO2 variation must act in a synchronous manner across the whole region. Such drivers 330 

could include region-wide changes in economic activity that synchronize traffic NO2 emissions, 331 

seasonal patterns in heating activity and household emissions, as well as seasonal variation in the 332 

structure of the atmospheric boundary layer, which could synchronize changes in dispersal 333 

between locations. Given this, we expect the spatial synchronicity to hold on a scale of a city, 334 

region or small country, but to break down on the larger scale of a large country or a continent. 335 

Our finding that spatial contrasts in pollutant concentrations remain stable over a time span of 8 336 

years, is of particular importance for the development of land-use regression (LUR) models, which 337 
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provide a cost-effective approach for predicting the air quality at sites not covered by reference 338 

networks (36,37). LUR models have been widely used in epidemiological studies and are often 339 

applied to time periods before (hindcasting) or after (forecasting) the period of air quality 340 

monitoring used in model development. The spatial synchrony as observed in our data justifies the 341 

temporal stability of LUR models, thus increasing their predictive power and reliability (24–26).          342 

4.2. Model-based extrapolation to annual NO2 concentrations  343 

Spatial synchrony of NO2 data has an important additional advantage: it implies that here is a 344 

good correlation between multi-week-averaged NO2 values and annual averaged values NO2 for 345 

sampling stations within a wider region. This property has been occasionally employed to adjust 346 

passive sampler data for seasonal variability (38), but its validity has not been systematically 347 

investigated. Here, we evaluated three different models to assess this correlation and estimated the 348 

model uncertainty associated with each of these models. The orthogonal regression model 349 

performs best overall though it is closely followed by the constant offset model, while the Ratio 350 

model performs less well. The orthogonal regression model systematically shows a 1:1 slope and 351 

a non-zero offset, hence explaining the similar performance of the Regression and Offset models. 352 

This “offset” response is consistently observed throughout the 8 year long time series (Figure 2 c-353 

d), and has been casually reported in passive sampler studies (16,38). To explain this, one needs a 354 

process that affects countryside locations (low NO2) and urban stations (high NO2) in the same 355 

absolute manner, i.e., by subtraction or addition of a similar concentration difference. A simple 356 

seasonal change in the ventilation rate of the atmospheric boundary layer cannot account for this, 357 

as this would change the slope, but would not create an offset. One option is that seasonal weather 358 

patterns predominantly influence the regional background, with lower NO2 values in summer 359 

compared to winter due to e.g. an expanded atmospheric boundary layer and increased 360 



20 

 

photochemical oxidation of NO2 in summer (Fig. 2b). This would affect all stations in a similar 361 

fashion, thus explaining the offset seen in the relation between multi-week-averaged and annual 362 

averaged NO2 values (Figure 2c-d). 363 

Our analysis demonstrates that the extrapolation from multi-week-averaged to annual averaged 364 

NO2 values works well in the majority of cases. Still, there are a number of specific circumstances 365 

where the approach may lead to biased results. Locations that are heavily influenced by variable 366 

industrial emissions need not be synchronous with other locations (Figure 2a). Another point of 367 

attention are locations with a major nearby pollution source (e.g. stations near high traffic 368 

intensities) exposed to non-representative wind conditions. These locations may show strong 369 

underestimation or overestimation, depending on the direction of the wind (Fig. S6). More 370 

generally, the extrapolation of passive sampler data can be biased when the emission source 371 

contributions and meteorological conditions during the measurement period are not representative 372 

for the year over which the extrapolation occurs. Accordingly, one should scrutinize for local 373 

abnormalities in meteo-conditions and source emissions, for example, when the traffic intensity 374 

deviates at a given location during the measurement period (e.g. due to road works).  375 

4.3. Cost-efficient design of passive sampler campaigns  376 

In addition to citizen science, low-cost passive sampler approaches are also widely employed by 377 

EPA’s to identify localized hotspots or to complement the existing measurement network in a cost-378 

efficient manner (4,16). To meet with the data quality objectives for ambient air quality 379 

assessment, passive sampler campaigns are typically repeated throughout the year to ensure full 380 

time coverage (e.g. 12 consecutive monthly passive sampler campaigns). However, this is labour 381 

intensive, and so the capability to reliably extrapolate the data for a multi-week single to a annual 382 

averaged value – as proposed here - implies a substantial gain in terms of cost efficiency. The 383 
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extrapolation approach thus allows to increase the number of measurement locations by a factor 384 

of 12 for the same deployment effort (i.e. for the same amount of passive samplers analysed). 385 

Our results provide some valuable guidelines for the optimal experimental design of passive 386 

sampler campaigns. Table 1 shows the model uncertainty as a function of the measurement period 387 

(T = 2, 4, 6, 8 weeks). The model uncertainty decreases for longer measurement periods, as 388 

emissions and meteorology will show higher spatial synchrony when averaged over a longer period 389 

(Fig. S2). When increasing T from 2 to 4 weeks, the model uncertainty substantially decreases, but 390 

after that, the further improvement of the model uncertainty is marginal.  391 

A critical concern with passive sampler measurements for longer periods is the saturation of the 392 

samplers. For example, NO2 diffusion tubes typically saturate after 4 weeks at urban traffic stations 393 

with daily NO2 values > 50 µg/m³. Deployment of these samplers over 2 weeks requires a similar 394 

effort than deployment over 4 weeks (both require one single campaign), but due to the risk of 395 

saturation, deployment over 6 or 8 weeks necessitates a doubling of the effort (2 consecutive 396 

campaigns are needed). Accordingly, 4-week deployment seems to be an optimal balance 397 

(enlarging T to reduce model uncertainty while avoiding the risk of saturation).    398 

4.4. Compliance with EU legislation 399 

The spatially dense datasets resulting from large-scale citizen science projects complement the 400 

data resulting from the sparse official networks of reference monitor stations. But to what extent 401 

do they comply with current legislation? Currently, the EU Directive on ambient air quality and 402 

cleaner air for Europe (22) allows for two types of data in addition to data from reference stations: 403 

indicative measurements and model estimates. For indicative measurements, the EU Directive 404 

requires a minimum of time coverage of 14% (i.e., at least one measurement a week at random, 405 

evenly distributed over the year, or eight weeks evenly distributed over the year). Data collected 406 
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within citizen science projects (e.g. in a single 4-week campaign) typically do not meet this 407 

criterion, and so they cannot qualify as indicative measurements.  408 

In essence, the annual averaged NO2 data derived from our extrapolation procedure are model 409 

estimates. However, the legal status of these data is uncertain, because it is not clear whether they 410 

comply with the strict definition of “model estimates” as described in the EU Directive. This is 411 

because the EU Directive currently adopts a different view on the usage of models, which does not 412 

include the model approach adopted here. When the EU Directive considers “model approaches”, 413 

the underlying idea is that datasets are available with high temporal resolution and low spatial 414 

resolution (as generated by reference networks), and that geo-spatial, LUR or transport models are 415 

used to perform spatial interpolation (see article 6, paragraph 2 in the EU Directive :“provide 416 

adequate information on the spatial distribution”). Here however, we tackle the opposite problem: 417 

citizen science typically generates datasets that have high spatial resolution (thousands of 418 

participants) but low temporal coverage (only a few weeks). As a consequence, one needs a model 419 

approach that performs temporal extrapolation: passive sampler data collected over a measuring 420 

period of weeks need to be extrapolated to annual averaged values.  421 

The emergence of large-scale air quality datasets from citizen science, as discussed here, is a 422 

recent phenomenon and hence it is not surprising that the existing legislation does not properly 423 

accommodate these particular data types. Future legal guidelines may include additional data types 424 

and model protocols, provided they can demonstrate suitable compliance with quality standards. 425 

Our results here demonstrate that citizen derived annual averaged NO2 data do meet the stringent 426 

data quality criteria imposed the current EU directive, which requires a maximal model uncertainty 427 

of 30%. Based on the deviation for a 4-week period extrapolation using the orthogonal regression 428 

in Table 1 (2.2 – 2.8 µg/m³), the model uncertainty at 40 µg/m³ (the current WHO and EU limit 429 



23 

 

for annual averages) is 9-11%, which is well below the quality criterion of 30% imposed by the 430 

EU Directive.  431 

In summary, short term but spatially extensive measurements campaigns through citizen science 432 

provide an important new data resource, complementing data from official reference networks. 433 

While the existing air quality legislation is currently not well adapted to accommodate these 434 

spatially distributed data with short-term coverage, our results demonstrate that reliable statistical 435 

model extrapolation approaches exist that comply with stringent quality standards. Accordingly, 436 

we propose that future air quality legislation should explicitly consider the existence and use of 437 

these data types and model approaches, and in this way, citizen-derived data could directly feed 438 

into air quality policy. As it happens, the prospect of producing data that are useful to society and 439 

policy is an important motivation for citizens to participate in citizen science projects (18).  440 
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1. Supplementary methods  1 

1.1. Data processing and handling of missing data  2 

For the 67 stations in the “monitor” dataset, we used 3 different models to describe the relation 3 

between monthly-averaged values Xi
R and yearly-averaged values Yi

R for a subset of stations, and 4 

then applied these models to calculate the yearly-averaged concentrations Yj
R, model  for an 5 

independent subset of stations. We subsequently compared the model estimates Yj
R, model  to the 6 

“true” yearly-averaged values Yj
R, true that were obtained by direct averaging of the monitoring 7 

data. Furthermore, we determined the uncertainty associated with each regression approach and 8 

investigated the impact of the specific time averaging window (T = 2, 4, 6 and 8 weeks) used for 9 

the independent variables  Xi
R. 10 

For the “monitor” dataset, day-averaged NO2 values were calculated from hourly monitor data at 11 

each individual reference station. Day-averaged values were coded as missing when less than 75% 12 

of the hourly data were available. Time-averaged Xi
R  values were calculated from day-averaged 13 

data for distinct time periods (T = 2, 4, 6 and 8 weeks) and were coded as missing when <75% of 14 

the daily data was present. Year-averaged Yi
R  values were also calculated from day-averaged data 15 

and were coded as missing when <90% of the daily data were available.  16 

For each of the 24 stations in the “sampler” dataset, we extrapolated the sampler data Xj
S  from 17 

different sampling periods to yearly-averaged Yj
S . To this end, we first performed a regression 18 

model between the biweekly-averaged Xi
R  values and yearly-averaged Yi

R  values for the 24 19 

reference monitoring stations at which the samplers were co-located. We then applied this model 20 

to the measured sampler concentrations Xj
S to arrive at model estimates  Yj

S,model. Because we have 21 

a full annual cycle of passive sampler measurements, we can compare the model estimates  Yj
S,model  22 
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to the true yearly averaged sampler data Yj
S, true. Subsequently, we investigated the largest 23 

deviations between modeled Yj
S, model  and measured Yj

S, true yearly averages. 24 

For the “sampler” dataset, bi-weekly sampler data were either used as such, or averaged over 25 

longer time periods (T = 4, 6 and 8 weeks). Xj
S  values were set as missing when one or more of 26 

the bi-weekly measurements were missing. Yearly averaged Yj
S  values were coded as missing 27 

when <75% of the data were available (not counting periods 4 and 5 for which no sampler data 28 

were available).  29 

1.2 Model development  30 

Three different models were tested: orthogonal regression, constant off-set and ratio 31 

multiplication: 32 

𝑌𝑌𝑖𝑖 =  𝑎𝑎 ∗ 𝑋𝑋𝑖𝑖 + 𝑏𝑏 (1) 33 

𝑌𝑌𝑖𝑖 = 𝑋𝑋𝑖𝑖 + 𝑐𝑐 (2) 34 

𝑌𝑌𝑖𝑖 = 𝑟𝑟 ∗ 𝑋𝑋𝑖𝑖 (3) 35 

In the orthogonal regression model, the slope a and intercept b were calculated using Deming 36 

regression using the ‘mcreg‘ function in the R package ‘mcr’ (28), assuming equal uncertainties 37 

for Xi and Yi. The parameter c in the constant off-set model was determined as the mean of all 38 

individual offsets  39 

𝑐𝑐 =
1
𝑛𝑛
�(𝑌𝑌𝑖𝑖 − 𝑋𝑋𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

(4) 40 

In the ratio multiplication model, the parameter r was determined as the mean of the individual 41 

ratios for all stations 42 
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𝑟𝑟 =
1
𝑛𝑛
��

𝑌𝑌𝑖𝑖
𝑋𝑋𝑖𝑖
�

𝑛𝑛

𝑖𝑖=1

(5) 43 

 44 

Model application on monitoring data 45 

We used the above 3 models (M = regression, offset, ratio) to describe the relation between the 46 

multi-week-averages Xi,p
R (averaging period length  T = 2, 4, 6 or 8 weeks) and the associated 47 

annual averaged values Yi,p
R . The subscript i denotes the specific station (i = 1..NR), while p 48 

denotes the specific time period (p=1..n; the total time series is covered by n periods of length T). 49 

We used the jackknife or leave-one-out (LOO) method to estimate the model error, implementing 50 

the ‘jackknife‘ function from the R package ‘bootstrap’ (29). For a given station i and a given 51 

period p, we predicted first the annual average Yj,p
R, model  by implementing a given model to the 52 

data for all other Np
R -1 stations (hence excluding station i). The residual is then defined as the 53 

difference between the model value and the true value as directly calculated from the data series 54 

𝜀𝜀𝑖𝑖,𝑝𝑝𝑅𝑅 (𝑇𝑇,𝑀𝑀) =  𝑌𝑌𝑖𝑖,𝑝𝑝
𝑅𝑅,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑇𝑇,𝑀𝑀) −  𝑌𝑌𝑖𝑖

𝑅𝑅,𝑡𝑡𝑡𝑡𝑡𝑡𝑚𝑚 (6) 55 

The model error for the period p is then calculated as the Root Mean Square Error over all stations, 56 

i.e., the standard deviation of the residuals  57 

𝜎𝜎𝑝𝑝𝑅𝑅(𝑇𝑇,𝑀𝑀) =  �
1
𝑁𝑁𝑅𝑅

�𝜀𝜀𝑖𝑖,𝑝𝑝𝑅𝑅 (𝑇𝑇,𝑀𝑀)2
𝑖𝑖

(7) 58 

The model error is dependent upon a specific period p, a specific model M and a specific averaging 59 

period length T.  We can subsequently define the overall model error as the Root Mean Square 60 

Error over all stations for all periods   61 
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𝜎𝜎𝑅𝑅(𝑇𝑇,𝑀𝑀) =  �
1
𝑛𝑛𝑁𝑁𝑅𝑅

��𝜀𝜀𝑖𝑖𝑝𝑝𝑅𝑅 (𝑇𝑇,𝑀𝑀)2
𝑖𝑖𝑝𝑝

(8) 62 

This way, we can compare the model errors for different models M and different averaging period 63 

lengths T.  64 

Model application on passive sampler data 65 

The 3 models (M = regression, offset, ratio) were applied in a similar way as above. The only 66 

difference is that models are derived from an independent dataset (i.e., the Xi
R  and Yi

R at the 67 

monitoring stations where samplers are co-located), and so we do not need to use the leave-one-68 

out (LOO) method. The residual is now directly defined as the difference between the model 69 

estimate and the true value at the sampler station as calculated from the sampler data series 70 

𝜀𝜀𝑖𝑖,𝑝𝑝𝑆𝑆 (𝑇𝑇,𝑀𝑀) =  𝑌𝑌𝑖𝑖,𝑝𝑝
𝑆𝑆,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑇𝑇,𝑀𝑀) −  𝑌𝑌𝑖𝑖

𝑆𝑆,𝑡𝑡𝑡𝑡𝑡𝑡𝑚𝑚 (9) 71 

The overall model error becomes  72 

𝜎𝜎𝑆𝑆(𝑇𝑇,𝑀𝑀) =  �
1
𝑛𝑛𝑁𝑁𝑆𝑆

��𝜀𝜀𝑖𝑖𝑝𝑝𝑆𝑆 (𝑇𝑇,𝑀𝑀)2
𝑖𝑖𝑝𝑝

(10) 73 

 74 

2. Supplementary figures  75 

 76 

 77 
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 78 

79 
Figure S1. Temporal variation in NO2 concentration for the official reference monitoring in Flanders 80 
(Belgium). The curves denote 4-week moving averages of hourly NO2 data. [a] NO2 time series over 8 81 
consecutive years at all 67 stations of the monitoring network. [b] The same time series, but normalized. 82 
For each station, the mean NO2 concentration over the 8 year period is subtracted. All 67 stations display 83 
a similar seasonal pattern and slowly decreasing trend with time.  84 

[b] 
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 85 

Figure S2. Time series analysis of the NO2 time series for all 67 stations in the official reference monitoring 86 
in Flanders (Belgium). A pair-wise comparison of the time series of the stations is performed after 87 
application of a moving averaging filter (we restricted the analysis to station pairs that had at least 13 88 
months of overlapping data). The average Pearson correlation R across all 1934 station pairs is plotted as 89 
a function of the moving averaging period. The time series become more correlated as the averaging period 90 
increases.  91 

 92 

 93 

 94 
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 95 

Figure S3. Temporal variation in the Pearson R correlation between monthly and yearly NO2 data from 96 
the official reference monitoring in Flanders (Belgium). The correlation is systematically high (>90%). 97 
The data are displayed per 4 week period. Winter (December 21 to March 20) and summer (June 21 to 98 
September 20) periods are shown in respectively blue and red shading. 99 
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Figure S4. Histogram and Q-Q plots of residuals obtained by analysis of the monitor dataset. Residuals 100 
(Jackknife errors) as determined by Eq (6) in the main text through application of the Leave-One-Out 101 
procedure to model extrapolation from the 4-week periods to year averaged NO2 values. The results are 102 
displayed for three different models (regression, offset and ratio) are displayed.  103 
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 104 

  105 

Figure S5. Residuals for the sampler dataset (i.e. the difference between modelled and measured yearly 106 
averaged NO2 values as calculated by Eq(10) in the main text). Residuals are displayed per 4-week period 107 
over the year 2018. Black dots denote the average values per period for all stations. Residuals from periods 108 
2 and 3 are missing due to absence of sampler data .  109 

 110 

  111 
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 112 

Figure S6. The highway station R804 shows a high model error over period 12 in 2018. [a] Location of 113 
highway station R804 (red dot) and local traffic flows (blue arrows). [b]  Wind rose only for period 12 in 114 
2018 [c] Wind rose for the whole of 2018. Colors show fraction of winds at a certain wind speed for each 115 
direction. 116 

 117 
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