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Figure S1. Aerial photo of the bus stop, where the measurements have been made. The location

of the AQMesh pod is marked with a red dot. Data source: Google Earth.

S1.Pruned Exact Linear Time algorithm

Given an ordered sequence of data (in this case air quality measurements) Yim = Gy n),

the aim of the algorithm is to find the number of changepoints m with positions

T1m = (Tl""’Tm). To this end, the following expression is minimised:

m+1

2 [C(y (r,_ L+ 1)::)] +Bf(m) (1)

i=1

Where Cis a cost function for segment i and Bf () is a penalty function to prevent overfitting.
In the PELT algorithm twice the negative log likelihood is used as cost function! and the

penalty function is set equal to the number of changepoints. Calculating this expression for all

possible combinations would yield 2" 1calcula‘cionsz. The PELT algorithm is a faster way to

minimise equation 1, and the interested reader is referred to! for details.

S2. k-Nearest Neighbor outlier detection



In k-Nearest Neighbor outlier detection, “The anomaly score of a data instance is defined as its
distance to its k" nearest neighbor in a given data set”3. In the present study the Euclidian distance is

used:

d(f?ﬁ) = \/(CI1 - pl)z + (qZ - Pz)z +..t (qn - pn)z (2)

Where P and 4 are two air quality measurements with the species representing the components

of the vectors.

S3. Regression based outlier detection

In the present implementation of regression based outlier detection, an Auto-Regressive
Integrated Moving Average (ARIMA) model is fitted to the data. The equation for the ARIMA

model is*:
¢(B)(1-BY)y,=c+ 0(B)e, 3)

Where V't is the time series of air quality measurements, B is the backshift operator, #(2) and
68(2) are polynomials of order p and ¢ respectively. The outlier score is subsequently defined

as the residual between the fitted model and the measurements.

S4. Multivariate Linear regression

Given an air quality measurement with multiple species p=y ""pn), where P1is missing, the

multivariate linear regression fits a function for P1as a function of the remaining species:

p1= ap,+aps+ .. t+a, p,+ B 4)

Where @ and B are regression coefficients.



Table S1. Summary statistics for the multivariate gap filling methods. A is the difference
between the parameter for the distribution without gaps and the parameter for the filled
distribution. The following statistics are presented: (1) mean, (o) standard deviation, ()
skewness, (k) kurtosis, (R) correlation, (d) index of agreement, (RMSE) Root Mean Square
Error, (MAE) Mean Average Error.

Ah Ac Ay Acx R d RMSE MAE

NO
No gap filling 1.35 1.48 0.08 0.63
Linear interpolation 0.36 0.15 0.02 0.17 0.79 0.88 14.25 8.35
Linear regression 0.82 054 0.03 046 0.76 0.83 16.02 12.44
Neural Networks 1.57 0.73 0.15 096 0.72 0.80 22.13 1580
NO;
No gap filling 0.96 0.53 0.05 0.19
Linear interpolation 0.23 0.10 0.01 0.05 0.82 0.90 8.32 591
Linear regression 0.73 0.77 0.05 049 0.11 0.39 16.53  13.34
Neural Networks 1.02 030 0.09 030 022 055 21.71 16.37
SO,
No gap filling 0.12 0.10 0.04 0.48
Linear interpolation 0.04 0.03 0.02 0.08 0.96 0.98 1.69 1.07
Linear regression 0.13 0.24 0.04 0.67 0.86 0.86 342 2.97
Neural Networks 0.22 0.13 0.04 039 087 0.89 2.98 1.90
CO
No gap filling 326 1.86 0.08 0.92
Linear interpolation 0.21 0.28 0.01 0.05 096 098 2381 1590
Linear regression 2.34 631 0.11 1.59 0.68 0.66 7636 55.58
Neural Networks 2.10 294 0.08 0.74 0.81 0.85 5395 38.04
0;
No gap filling 0.82 0.47 0.08 0.19
Linear interpolation 0.13 0.11 0.01 0.05 094 0.97 7.17 5.18
Linear regression 0.51 0.79 0.04 042 0.78 0.84 15.67 1247
Neural Networks 0.61 035 0.05 0.17 0.86 0.91 12.79 9.40
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Figure S2. Performance statistics for the two multivariate gap filling methods and linear
interpolation as a function of gap length in hours. A is the difference between the parameter for
the distribution without gaps and the parameter for the filled distribution. The following
statistics are presents: (1) mean, (o) standard deviation, (y) skewness, (k) kurtosis, (R)
correlation, (d) index of agreement, (RMSE) Root Mean Square Error, (MAE) Mean Average

Error.
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Figure S3. Performance statistics for the two multivariate gap filling methods and linear
interpolation as a function of gap percentage. A is the difference between the parameter for the
distribution without gaps and the parameter for the filled distribution. The following statistics
are presents: (1) mean, (o) standard deviation, (y) skewness, (k) kurtosis, (R) correlation, (d)
index of agreement, (RMSE) Root Mean Square Error, (MAE) Mean Average Error.
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