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Summary

A semi-automated technique was developed for performing annual updates of the
dataset on background concentrations in Norway which was produced in previous
years. The code is written in the Matlab programming language and large parts of
the code base are included in the Appendix of this report.

The spatial component of the system was updated to include data from 2009 through
2011. Acquiring and preparing the input data for the spatial component still requires
a relatively small amount of manual effort, however the majority of the remaining
process has been automated to the largest extent possible, such that only the deriva-
tion of the semivariograms for the residual kriging step requires very brief interaction
by an expert user.

The temporal component has been updated to version 8 of the European air quality
database (AirBase), now including several additional years up to and including 2013.
Entirely new anomaly matrices have been calculated from the updated data for all
background stations in Norway.

Asssuming that the availability and the format of the required input data remains
unchanged, future annual updates of the system can be carried out within a very
short time frame on the order of around 1-2 days.
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1 Introduction

Many applications related to air quality require approximate estimates of the spatial
and temporal dynamics of background concentrations of the main air pollutants. To
some extent such information has already been available for several years. For ex-
ample, the spatial distribution of some air pollutants is routinely mapped in an oper-
ational fashion for the European Environment Agency (EEA) by the European Topic
Centre on Air Quality and Climate Change Mitigation (ETC/ACM) (Denby et al.,
2005; Horalek et al., 2005, 2007, 2008, 2010; De Smet et al., 2010; Denby et al.,
2011a,b). However, these maps are not routinely produced for NO, and only par-
tially for O3 and further do not provide any information on the temporal variability
that can be found at a particular location throughout the year.

For this reason a prototype system for providing the approximate spatial and tem-
poral patterns of background concentrations of PM;,, PM, 5, O3, and NO, over Nor-
way has been developed at the Norwegian Institute for Air Research (NILU) in recent
years (Schneider et al., 2011; Schneider and Obracaj, 2013; Schneider, 2013). The
following sections summarize the basic principles of the system and describe some
of the more recent work.

1.1 Basic outline of the system

The system for mapping background concentrations in Norway is based on two in-
dependent components, namely a spatial and a temporal component. Coupled to-
gether, these two components are intended to represent a typical year in Norway. The
typical conditions are based on the idea of long-term averages in order to eliminate
inter-annual variability. The spatial component consists of interpolated observations
of background stations throughout Norway. For particulate matter gridded annual
mean concentrations provided operationally by the EEA are used, whereas for the
other two species (NO, and O3) a geostatistical approach using several auxiliary
datasets is applied in order to obtain the best possible estimates.

The temporal component is constructed using the average of the long-term time se-
ries of hourly observations at all relevant Norwegian stations for the various species.
The time series generally have a length of between approximately five and fifteen
years depending on species and the particular station. These datasets are acquired
from the quality-controlled European air quality database Airbase.

A coupling of the two components was then carried out by averaging several years
of hourly measurements on an annual- as well as on a daily basis. The resulting
time series for a typical year and a typical day were further smoothed using a two-
dimensional low-pass filter to ensure that the observations are representative of cycli-
cal temporal patterns and do not just reflect short-term variability or outliers that are
only present in a single year but do not reflect a typical situation. The representative
annual and daily time series are subsequently converted from absolute concentra-
tions given in ug m™ to anomalies from the long-term mean at the station given in
percent. This ensures the applicability of the temporal information for neighboring
areas with differing mean annual background concentrations.

Due to the often short time series available at each station and the associated small
sample size, random noise which is not representative of the overall long-term tem-
poral variability is abundant in the time series and needs to be removed before us-
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ing the relative anomalies for estimating concentrations at other locations. Such a
task can for example be performed by using a moving average filter. However, for
practical purposes this smoothing was performed here in the operational applica-
tion by applying an asymmetric two-dimensional low-pass filter on an hour-by-hour
anomaly matrix for an average year. This results in a simultaneous smoothing of
both the annual and daily average time series. An example is shown in Figure 1. It
should be noted that the application of the filter was performed while the matrix was
augmented by itself on all four sides in order to avoid erroneous edge effects caused
by the filter.

The smoothed relative anomalies can then be applied to neighboring locations with
different absolute annual mean concentrations, and as such the average concentra-
tion can be estimated for a certain location given a certain day of the year and a
time of day. The final report submitted to Klif/Miljgdirektoratet for the 2011 work
(Schneider et al., 2011) as well as follow-up reports (Schneider and Obracaj, 2013;
Schneider, 2013) describe in detail the basic methodology of the system and some
of the initial results. Figure 2 shows an example of the currently available online
application of the background concentration mapping system.

1.2 Work carried out in 2014

The main goal of the work carried out in 2014 was centered around the automa-
tization of the annual updating process in order to be able to accomplish this task
relatively quickly (on the order of a few days per annual update cycle) and yet keep
the consistent methodology developed previously. The updating of both the spatial
and the temporal component of the system can be automated to a relatively large
extent (the latter more than the former). While a certain manual effort is still re-
quired to acquire and prepare the necessary input data, extensive efforts have been
made to automate the remaining processing steps to as large an extent as possible.
These efforts are described in the following sections.

2 Practical aspects of the updating procedure

In practical terms, carrying out an annual update of the system is very straightfor-
ward and can easily be accomplished in less than two work days. Initially, the newest
available data has to be acquired from the various data sources (primarily from the
EEA but also from EMEP). Subsequently, the user must simply edit the required pa-
rameters in the Matlab script BackgroundAtlas_Main.mand run it. This main
control script then performs the required preprocessing and calls the various sub-
scripts in the required order.

Figure 3 shows how the various scripts are called by the main control script. All
relevant code is further shown in Appendix A.

3 Automatization of the spatial component

While the annual updating of the temporal component could be fully automated,
the spatial component was semi-automated due to the fact that the geostatistical
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Luftkvalitet.info - ModLUFT

HJEM PLAMRETNINGSLINJER KILDEBIDRAG MODELLER INMGANGSDATA TILTAK VARSLING SITEMAP

ModLUFT = Inngangsdata > Bakgrunnskonsentrasioner =

g BAKGRUNNSKONSENTRASJONER
Bakgrunnsapplikasjon

g BAKGRUNNSTEORI

MILL har (gjennom BAKGRUMNMNprosjektet) utviklet en applikasjon som gir et anslag over gjennomsnittlig konsentrasjon. Kartene
med arlige konsentrasjoner gjelder for 2007 (NO2) og 2008 (03, PM10, PM2.5), mens tidsseriene er middelverdier fra de siste fem
til ti drene. Resultatene fra applikasjonen ertenkt 3 gi en indikasjon pa bakarunnsverdier, og resultatene ber brukes med omtanke
siden de har en usikkerhet.

Component | NO2 |Z| (<] "______“ )
(][]

Latitude 59.913
Longitude  |10.742

[ & +] (4]

Fromtime  |01.01. 00:00
To time 31.12,23:00

c¥c

For data in the selected range:

Daownload Data] [Regenerate Graph]

- 7
f Eesti (7 o

I}:mg GCBy-SAby Qg‘ enSiregis 1

a 2 4 i} 8 10
NO, [ng )

pglm?

-20 T T T T T T T T T T T ]
01.04. 01.02. 01.03. 01.04. 04.05. 01.06. 01.07. 01.08. 01.09. 01.10. 0114, 0142, 01.04.

Figure 2 - Screenshot of the mapping component of the online web map-
ping application used for visualizing the results and providing access to the
data, here showing background concentrations of NO, throughout all of Nor-
way and the corresponding time series for central Oslo.  The website can
be found at http://www.luftkvalitet.info/ModLUFT/Inngangsdata/
Bakgrunnskonsentrasjoner/BAKGRUNNproj.aspx.
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Involves mostly data from

the European Environment Runs the update of the
Agency and EMEP spatial component
Manual acquisition of input | BackgroundAtlas SpatialComponent.m ‘
datasets

Runs the update of the
temporal component

v

‘ BackgroundAtlas TemporalComponent.m ‘

Combines the updated
components

v ‘

BackgroundAtlas ComponentCombination.m ‘

. P Exports the updated
Main control script: Edit
global parameters and run hJ datasets to NefCDE

‘ BackgroundAtlas Export.m ‘

Upload final datasets to NILU
server (luftkvalitet.info)

updated data

Figure 3 — Technical overview of the automated updating procedure for performing the
annual updates of the background atlas.

approach for developing the annual average concentration maps in the spatial com-
ponent requires some expert guidance to get the optimal results. However, besides
some preparation of the input datasets and some visual interpretation of the semivar-
iograms used for residual kriging, no further user interaction is necessary. Assuming
no change in the format or content of the required input datasets (primarily those
acquired from the European Environment Agency and the EMEP model), the spatial
component can be updated in future with new annual data in one to two days.

3.1 Acquisition of input data

The system is based on a large variety of input datasets. An annual update requires
that the most up-to-date version of these datasets are acquired by the user. In the
following section the various input datasets are described and explanations about
the corresponding updating procedures are given.

Figure 4 shows a directory tree of the system and describes the directory structure
of the input datasets required for both the spatial and temporal components. Note
that some non-essential subdirectories are not listed there for clarity. As can be seen,
the spatial component requires several types of input datasets, including primarily
GIS data from the EEA, modelling output from EMEP annual average observations
for all European stations and hourly raw observations for stations in Norway. Note
that the scripts rely on the input data being stored exactly in the directory structure
shown. However, the root folder of the system is flexible and can be specified in the
script BackgroundAtlas_Main.m.

NILU OR 52/2014
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/rootDirectory

LA,InputData This subdirectory contains all
input data required for the
entire system (both spatial and
temporal component)

| SpatialComponent Includes all datasets required
for running the spatial
component of the system

| Airbase Contains the annual statistics
of all Airbase stations in
Europe

| EEA_GIS_Data Contains the annual average
concentration grids produced
by the ETC/ACM

| EMEP Contains the annual average
concentration grids produced
by the EMEP model

| TemporalComponent Includes all datasets required
for running the temporal
component of the system

Airbase

Norway Contains the entire time series
of hourly raw Airbase data for
all stations in Norway

| Output All output files will be written
into this subdirectory

Figure 4 — Directory tree of the system, mostly describing the various directories in
which the relevant input data are stored. Note that some unessential subdirectories are
not listed here.
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Convention on Long-range Transboundary’

) Co—operative programme for monitoring
e]_ I I ep and evaluation of the long—range

transtnissions of air pellutants in Europe.

Table 1: Data selection

Countries / Areas Years
Albania - |I|2013
Armenia 2012
Austria 2011
Azerbaijan 2010
Baltic Sea - ||/|2010 v2013 -
|Air Concentrations Depositions
Main Pollutants PM Main Pollutants
s02 PM10 Dry deposition of oxidized sulphur
S04 PM2.5 Wet deposition of oxidized sulphur
NO2 PMcoarse Total deposition of oxidized sulphur
NH3 + NH4+ Primary PM10 Dry deposition of oxidized nitrogen
HNO3 + NO3 - ||Primary PM2.5 - Wet deposition of oxidized nitrogen A
Type and Format
\ Grid (50km x 50km), Semicolon-Separated v |
Clear All Show Data

Model versions

« 2012.2013 data EMEPMSC-W model version rvd.5

+ 2011 data and 1990,2000-2010 recalculated data: EMEP/MSC-W model version rvd.4
+ 2010 data: EMEP/MSC-W model version rv4

+ 2009 data: EMEPMSC-W model v.2011-06

+ 2008 data: Unified EMEP model version rv3.6

The mam differences between versions rv3.1 and rv3.6 are summarized 1 Chapter 9 m the EMEP Status Report
1/2010

EMEP/MSC-W Model Results

Figure 5 — Screenshot of the download interface for obtaining the annual average con-
centration fields for the EMEP model. The gridded CSV format has to be chosen.

3.1.1 Airbase GIS Data

Annual average GIS data grids for PM;, and PM, 5 are acquired from the European
Environment Agency (EEA). These maps are provided with a roughly 3-year time

delay which is why this year (2014) data up to and including the year 2011 could
be used.

The GIS data can be downloaded from http://www.eea.europa.eu/data-
and-maps/data/interpolated-air—-quality—-data-2. The Shapefile
version of the datasets named as gis_data_2011_shapefile.zip and sim-
ilar for other years are needed. When extracted, these files contain the subdirecto-
ries \data\20xx\pm10\ and \data\20xx\pm25\ for which annual average
GeoTIFF files for PM;, and PM, s for the various years can be found. The Geo-
TIFFs then need to be converted from their projection to geographic coordinates with
WGS84 datum before they can be stored in the input data directory (\InputData\
SpatialComponent \EEA_GIS_Data) and be used by the Matlab script for the
processing of the spatial component.

3.1.2 EMEP Modelling Results

Data supplied by the Unified EMEP model (Simpson et al., 2003) are essential for
producing realistic concentration fields for those species that are not provided as part
of the annual European air quality maps provided by the EEA.

NILU OR 52/2014
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pgm

Figure 6 — Updated spatial patterns of PM;, concentrations in Norway as provided by the
spatial component of the system. Here the average for the 3-year period 2009 through
2011 is shown.

The Unified EMEP model is a Eulerian chemical transport model that has been devel-
oped at the EMEP/MSC-W (Meteorological Synthesizing Centre West of EMEP) and
has been extensively validated (Fagerli et al., 2003). Emissions used for the model
are described in Vestreng et al. (2007). The modeled annual average concentrations
were acquired as a grid with a 50 x 50 km horizontal spatial resolution. They were
resampled to the final grid resolution of 10 km x 10 km used here through cubic
convolution.

The species which need to be mapped as part of the system and which were not avail-
able from the EEA datasets are NO, and O3. Annual average EMEP model concen-
trations for these two species are obtained in CSV format from http://webdab.
emep.int/Unified_Model_Results/. Figure 5 shows a screenshot of the
download interface in which the latest year has to be chosen and the annual average
concentration fields for all four species have to be downloaded. These are then stored
in the appropriate subdirectories in \InputData\SpatialComponent \EMEP.
The import routine read_emep .m can then be used to read these datasets. This
routine is automatically called by the primary processing script for updating the spa-
tial component (RackgroundAtlas_SpatialComponent .m, see Appendix).
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Figure 7 - Updated spatial patterns of PM, s concentrations in Norway as provided
by the spatial component of the system. Here the average for the 3-year period 2009
through 2011 is shown. Note that the color scale here has been slightly modified com-
pared to PM,, in order to bring out more spatial detail.
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Figure 8 — Updated spatial patterns of O5 concentrations in Norway as provided by the
spatial component of the system. Here the average for the 3-year period 2009 through
2011 is shown.
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Figure 9 — Updated spatial patterns of NO, concentrations in Norway as provided by the
spatial component of the system. Here the average for the 3-year period 2009 through
2011 is shown.
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3.2 Updating the spatial component

The script BackgroundAtlas_SpatialComponent .m handles the entire up-
date of the spatial component. Once the required input datasets have been acquired
and are stored in the right subdirectories, this script will call all the necessary func-
tions to perform the import, processing, and analysis. Note that this script does
not need to be called by the user but is rather called by the main control script
BackgroundAtlas_Main.m. Figures 6 through 9 show the updated 2009-2011
average concentrations for PM;,, PM, 5, O3, and NO, in Norway.

4 Automatization of the temporal component

The annual updating procedure for the temporal component could be automated
to a very large extent. Only a single input dataset (country-level Airbase annual
data file including hourly raw data) needs to be acquired by the user. No further
manual processing is necessary. The main Matlab script for updating the temporal
component (BackgroundAtlas_TemporalComponent .m) then updates the
temporal component fully automatically based on this input dataset without any
further user involvement.

4.1 Acquisition of input data

Raw data from air quality stations was used for both spatial mapping using resid-
ual kriging as well as for temporal decomposition of the time series. All station
data was obtained from the European Air quality dataBase, AirBase (http://acm.
eionet.europa.eu/databases/airbase/). However, different datasets
were acquired for the spatial- versus the temporal component. For the geostatis-
tical analysis and the mapping, annual mean concentrations were acquired for all
European background stations in order to achieve a large enough sample size for
variogram modeling and regression analysis.

For the temporal characterization, only data for Norwegian stations were acquired
for all four species, however this was done for the entire available record and at an
hourly temporal resolution. The only input data set required for the update of the
temporal component is therefore the country-level raw Airbase dataset for Norway.
This dataset differs from the AirBase dataset used in the spatial component as it
does not provide annual average statistics at the European scale but rather provides
the original raw data of hourly observations from all AirBase-supported stations in
Norway.

This dataset can be found at the time of this writingathttp: //www.eea.europa.
eu/data-and-maps/data/airbase-the-european—-air-quality-database-
8/. This dataset needs to be acquired and stored in the input data directory at
\InputData\TemporalComponent\Airbase\Norway.

The Matlab scripts provided will automatically select the suitable background sta-
tions in Norway, import the data, and compute the average annual and daily anoma-
lies at the hourly level.

NILU OR 52/2014
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4.2 Updating the temporal component

The temporal component was automated in such a way that only the latest version
of the European Air Quality Database Airbase is necessary as an input. The Matlab
script BackgroundAtlas_TemporalComponent .m, which is in turn called
by BackgroundAtlas_Main.m, will automatically call required functions and
routines to read, process, and analyse the temporal component. See also Figure 3 for
an overview about how the various scripts interact with each other. See Appendix A
for the specific code listings.

For completeness, Appendix B includes all the new updated anomaly matrices for all
background stations in Norway, now containing observations up to and including the
year 2013. Compared to the anomaly matrices provided in Schneider et al. (2011),
these updated matrices now include three more years of data and thus are able to
show temporal behavior that is much more representative of the typical conditions
in Norway. Due to the higher number of years these anomaly matrices further have
a significantly reduced number of outliers and similar issues with non-representative
short-scale temporal variability.

5 Integration of spatial and temporal component and ex-
port

After the spatial and temporal component are updated individually, they need to be
combined. This is performed primarily through computing the respective area of in-
fluence for each station and to then calculate the typical annual behavior at each grid
cell based on a) the average annual mean at that location (obtained from the spatial
component) and b) the long-term average temporal anomaly of the hourly values
observed at the closest background air quality monitoring station for the respective
species (obtained from the temporal component). This functionality is handled by
the script BackgroundAtlas_ComponentCombination.m.

Schneider et al. (2011) as well as follow-on reports (Schneider and Obracaj, 2013;
Schneider, 2013) provide more detail on how the combination of the spatial and
temporal components of the system are handled, both in terms of theoretical con-
siderations as well as practical implementation.

6 Data export

Finally, the script BackgroundAtlas_Export .m writes out the final datasets
resulting from the combination of the spatial and the temporal component into self-
describing NetCDF files and further exports annaul average maps in GeoTiff format,
which are used as the main layers in GeoServer. The NetCDF files contain the typical
hourly time series for each grid cell in Norway and are used by the online application
to display the time series for the selected location.

NetCDF files are a very convenient, self-describing format for storing gridded spatio-
temporal data. Figure 10 shows an example illustrating which variables are stored in
the pm10.nc file by the BackgroundAtlas_Export .m script as well as their
respective dimensions.

NILU OR 52/2014



20

Source:

N:\Inby\Aktive-prosjekter\o0l114057-Bakgrunnd\

Output\pml0.nc
Format:

classic
Global Attributes:

Description

Creation_Date

= ’'Estimated mean background
concentration of PM10 for
3902 locations over Norway
given for all 8760 hours in
a typical year’
’25-Nov-2014 09:38:49’

Dimensions:
rows = 3902
columns = 8760
Variables:
Latitude
Size: 3902x1
Dimensions: rows
Datatype: double
Longitude
Size: 3902x1
Dimensions: rows
Datatype: double
Annual_mean_PM10
Size: 3902x1
Dimensions: rows
Datatype: double
Day_of_year
Size: 8760x1
Dimensions: columns
Datatype: double
Hour_of_day
Size: 8760x1
Dimensions: columns
Datatype: double
PM10
Size: 3902x8760
Dimensions: rows,columns
Datatype: double
Uncertainty
Size: 3902x1
Dimensions: rows
Datatype: double

Figure 10 — Example output of the pm10.nc file illustrating the different variables
stored by the BackgroundAtlas_Export .m script and their various dimensions.
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7 Conclusions

An automatization of the Norwegian spatial and temporal mapping system for back-
ground concentrations of PM;,, PM, 5, NO,, and O5 has been carried out. This au-
tomatization allows for a simplified annual update procedure in future years, which
will then be possible to be carried out in a short period on the order of 2 days. The
user only needs to provide the input data sets (primarily EMEP model output and
European-scale annual average air quality maps for PM;, and PM, s provided by the
European Environment Agency). The rest of the updating procedure is handled by
Matlab scripts, which are to some extent provided in Appendix A.

While the updating procedure could be automated to a very large extent, a relatively
small amount of manual user intervention is still necessary to a) acquire the most
recent input datasets, b) ensure their validity and internal consistency, and c) to
provide some expert guidance for the derivation of the theoretical semi-variogram
used in the geostatistical mapping routines in the spatial component. Nonetheless
the implemented automating procedures ensure that future updates of the system for
Norwegian background concentrations can be carried out in a time-efficient manner.

While the current version of the background atlas can be updated very easily and in
a relatively short time period, the system is to some extent still mostly based on the
initial design decisions made in the initial project in 2011. As such, there are several
aspects that in hindsight have proven to be less than ideal and should be improved
in future work. These include two main aspects, namely the used mapping grid and
the way station representativity is handled.

The original mapping grid was based on unprojected geographic coordinates. While
this had some initial practical advantages related to the combined handling of several
datasets, in turned out that for geostatistical applications as they are required as part
of the spatial component, unprojected datasets are less than ideal. Furthermore the
unprojected grid resulted in rectangular grid cells of uneven size throughout Norway.
It is therefore recommended to replace the existing unprojected grid by a projected
grid in the Universal Transverse Mercator (UTM) projection with WGS84 datum.

In addition, the original system simply used the nearest station to determine the tem-
poral behavior at any given point in Norway. While this is a reasonable first approach,
it is recommended to investigate possible methods for improving this technique, for
example by computing a linear combination of the typical time series from several
surrounding stations.

In combination these two changes have the potential to drastically improve the use-
fulness of the system for providing background concentrations in Norway.
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Appendices

A Code listings

The following section provides code snippets and functions written in the Matlab
programming language that were developed for achieving a semi-automatization of
the updating procedure of the Norwegian atlas of background conncentrations.

A.1 Main control script

Listing 1 — Main control script: BackgroundAtlas_Main.m

555555555 55555%55%55%555555555%%%55%55%55%5%5%55%5%55%5%5%%5%5%5%5%5%%
$%%%%%%%%%% Norwegian Background Cocentrations %$%$%%%%%%%%
$%%%%%5%5%5%5%5%5%5%5%%%% Main Control Script %%%%%%%5%%%%%%%%%%%%
5555555555 55555%55%55%555555555%5%5%5%55%5%5%5%5%5%5%55%5%5%5%5%5%5%5%5%5%%

o

% User-defined parameters

%% GENERAL
% Define the root folder containing the main folder structure
rootfolder = 'N:\Inby\Aktive-prosijekter\ol114057-Bakgrunn4\’;

% SPATIAL COMPONENT

Define averaging period for spatial component

begYear = 2009; % First year of averaging period
endYear = 2011; % Last year of averaging period

o
°
<)

<

%% TEMPORAL COMPONENT

min_number_ of years = 3; $ Minimum number of years with available
data before a station is considered suitable for the temporal
component

%% RUN THE SPATIAL COMPONENT
run (" BackgroundAtlas_SpatialComponent’)

%% RUN THE TEMPORAL COMPONENT
run (" BackgroundAtlas_TemporalComponent’)

%% COMBINE THE OUTPUT FROM SPATIAL AND TEMPORAL COMPONENT
run (" BackgroundAtlas_ComponentCombination’)

%% OUTPUT THE RESULTS
run (' BackgroundAtlas_Export’)

disp (' Update ,completed.’)

A.2 Spatial Component

Listing 2 — Main script for the spatial component:
BackgroundAtlas_SpatialComponent.m

©99009099909000000000000009090000000000000009090090000000000
0000000000000 000 0000000000000000000000
$%%%5%%5%5%%%5%%%5%%%5 SPATIAL COMPONENT %%$%%%%%%%%%%%%%%%%%%5%%
0000000000000 00 o O 0. 0 0 O 0. 0 0 O 00 0000000000000000000
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% Todo: Ideally upgrade the kriging to use UTM coordinates?

%% Initialization
cd (rootfolder) ;

% Initalize latitude longitude grids

% Get the lat/lon grids from the PM2.5 grid

bbox = [20 73 -20 40];

[pm25_2008 R] = geotiffread([rootfolder ’InputDatal\SpatialComponent)\
EEA_GIS_Data\PM25\EEA_10kmgrid_2008_pm25_avg_wgs84.tif’]);

[lat lon] = meshgrat (pm25_2008, R);

[mask R] = geotiffread([rootfolder ’InputDatal\SpatialComponent\
Auxiliary\norway_mask.tif’]);
mask (mask==0) = NaN;

lat_no = lat (1:120,240:500);
lon_no = lon(1:120,240:500) ;
mask_no = mask (1:120,240:500) ;

%% Read static datasets

% DEM

load([rootfolder ’'InputData\SpatialComponent\Auxiliary\
digital_elevation _model.mat’]);

[)

% Compute 3 year average for PMI10

years = [begYear:endYear];

for i = 1l:length (years)

year = years (i);

geotifffile = [rootfolder ’InputDatal\SpatialComponent\
EEA_GIS_Data\PM10\EEA_10kmgrid_’ num2str (year) '
_pml0_avg_wgs84.tif’];

[pml10_stack(:,:,1i) R] = geotiffread(geotifffile);
end
pml0_stack (pml0_stack == 0) = NaN;
[emeplat emeplon] = meshgrat (pml0O_stack(:,:,1), R);
pml0_avg_temp = nanmean (pml0_stack, 3);

pml0_avg = interp2 (emeplon, emeplat, pmlO_avg_temp, lon_no, lat_no,
"cublic’);

[)

% Compute 3 year average for PM25

years = [begYear:endYear];

for i = 1l:length (years)

year = years(i);

geotifffile = [rootfolder ’InputDatal\SpatialComponent)\
EEA_GIS_Data\PM25\EEA_10kmgrid_’ num2str (year) '
_pm25_avg_wgs84.tif’1];

[pm25_stack(:,:,1) R] = geotiffread(geotifffile);
end
pm25_stack (pm25_stack == 0) = NaN;
[emeplat emeplon] = meshgrat (pm25_stack(:,:,1), R);
pm25_avg_temp = nanmean (pm25_stack, 3);
pm25_avg = interp2 (emeplon, emeplat, pm25_avg_temp, lon_no, lat_no,

"cublic’);

% Generate grids of Ozone concentrations

% Read entire Airbase data base statistics (not hourly data)
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meta_europe = readAirbaseStationFile ([rootfolder ’InputData\
SpatialComponent\Airbase\Europe\AirBase_v8_stations.csv’]);

years = [begYear:endYear];
for j = 1l:length (years)
year = years (j);

% Get Airbase data for the current year
[ 4

airbase airbase_bg] = readAirbaseStatsFile ([rootfolder
InputData\SpatialComponent\Airbase\Europe\
AirBase_v8_statistics.csv’], meta_europe, year);

03 = [airbase_bg.o3]’;

lat = [airbase_bg.station_latitude_deg]’;
lon = [airbase_bg.station_longitude_deg]l’;
alt = [airbase_bg.station_altitude]’;

pos = [lon lat];

% Read EMEP data

emepfilename = [rootfolder ’InputDatal\SpatialComponent\EMEP\03\
EMEP_O3_' num2str (year) ’.txt’];

[emeplat emeplon emepo3] = readEMEP (emepfilename) ;

bbox = [20 73 -20 40];

resolution = 0.25;

[xi,yi] = meshgrid(bbox(3) :resolution:bbox(4),bbox (1) :resolution
:bbox (2)) ;

xic = reshape(xi, numel (xi), 1);

yic = reshape(yi, numel(yi), 1);

pos_est = [xic yic];

emepi = griddata(emeplon, emeplat, emepo3, xi, yi, ’‘cubic’);

% extract emep 03 at stations
for i=1l:length (airbase_bqg)

[row col minval] = 1ll2rowcol (yi, xi, airbase_bg(i) .
station_latitude_deg, airbase_bg (i) .
station_longitude_deq) ;

if row <= size(emepi,l) & col <= size (emepi,?2)

emepo3_at_station(i,1l) = emepi (row,col);
else

emepo3_at_station(i,1l) = NaN;
end
$disp (i)

end
% Rcompute emepi just for Norway
emepil = griddata(emeplon, emeplat, emepo3, lon_no, lat_no,

14

cubic’) ;
rst = regstats (o3, [alt emepo3_at_station], ’linear’);
regr_o3 = rst.beta(l) + rst.beta(2) .» demi + rst.beta(3) .=*
emepi;
% Fit semivariogram
[S V] = semiAutoVario (pos, rst.r);

% krige residuals

good = ~isnan(rst.r);

xic = reshape (lon_no, numel (lon_no), 1);

yic = reshape(lat_no, numel (lat_no), 1);

pos_est = [xic yic];
[r_est,r_var]=gstat_krig(pos(good, :),rst.r (good),pos_est,V);
rout = reshape (r_est, size(lat_no));

rout_var = reshape(r_var, size(lat_no));
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temp_final_ o3 = rout + regr_o3;
grid_o3(:,:,]J) = temp_final_ o3 .* mask_no;
grid_se_o3 = sqrt(rout_var) .x mask_no;
masko3 = double (~isnan(grid_o3(:,:,3)));
masko3 (masko3==0) = NaN;
grid_se_o3(:,:,]J) = grid_se_o3 .* masko3;
disp([’03: Year, / num2str(year) ’_finished.’])
end
0o3_avg = nanmean (grid_o3,3);

[)

°

ye
fo

Generate grids of NO2 concentrations

ars = [begYear:endYear];
r j = l:length (years)
year = years(j);

%$Get Airbase data for the current year

[airbase airbase_bg] = readAirbaseStatsFile ([rootfolder ’
InputDatal\SpatialComponent\Airbase\Europe\
AirBase_v8_statistics.csv’], meta_europe, year);

no2 = [airbase_bg.no2]’;

lat = [airbase_bg.station_latitude_deqg]’;
lon = [airbase_bg.station_longitude_deg]’;
alt = [airbase_bg.station_altitude]’;

pos = [lon lat];

%$Read EMEP data

emepfilename = [rootfolder ’InputDatal\SpatialComponent\EMEP\NO2\
EMEP_NO2_' num2str (year) ’.txt’];
[emeplat emeplon emepno2] = readEMEP (emepfilename) ;

bbox = [20 73 =20 40]
resolution = 0.25;

[xi,yi] = meshgrid (bbox(3) :resolution:bbox(4),bbox(1l):resolution
:bbox (2)) ;

xic = reshape (xi, numel (xi), 1);

yic = reshape(yi, numel (yi), 1);

pos_est = [xic yic];

emepi = griddata(emeplon, emeplat, emepno2, xi, yi, ’'cubic’);

%$extract emep NO2 at stations
for i=1l:length (airbase_bqg)

[row col minval] = 1ll2rowcol (yi, xi, airbase_bg(i) .
station_latitude_deg, airbase_bg(i).
station_longitude_deq);

if row <= size(emepi,l) & col <= size (emepi, 2)

emepno2_at_station(i,l) = emepi (row,col);
else
emepno2_at_station(i,1l) = NaN;
end
disp (1)
end

% Read population density for Europe

pdfile = "H:\DataArchive\GPWv3\euds00ag.asc’;

[pd R] = arcgridread(pdfile);

[pdlon pdlat] = pixcenters (R, size(pd), ’'makegrid’);
pd(isnan(pd)) = 0;

pdi = griddata(pdlon, pdlat, pd, xi, yi, ’cubic’);
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for i=1l:length (airbase_bqg)

[row col minval] = 1ll2rowcol (pdlat, pdlon, airbase_bg(i) .
station_latitude_deg, airbase_bg(i).
station_longitude_deq) ;

[row col] = getrowcol (airbase_bg (i) .station_latitude_deg,
airbase_bg (i) .station_longitude_deg, pdlat, pdlon, pd);

airbase_v7_2008_bg(i).pd = pd(row,col);

pd_at_station(i,1l) = pd(row,col);
disp (1)
end
$OMI NO2
load OMI_NASA_highres_Annual_Mean_2009_from daily.mat
$lathr = repmat (lathr, 1, size(lonhr,1));
%$lonhr = repmat (lonhr, 1, size(lathr,1))’;
for i=1l:length (airbase_bqg)

[row col] = getrowcol (airbase_bg(i).station_latitude_deg,
airbase_bg (i) .station_longitude_deg, lathr, lonhr,
omino2e2009hr) ;

omino2_atstation(i,1l) = omino2e2009hr (row,col) ;

disp (1)

end

4

emepi_no = griddata (emeplon, emeplat, emepno2, lon_no, lat_no,
cubic’) ;

pdi_no = griddata (pdlon, pdlat, pd, lon_no, lat_no, ’cubic’);

omii_no = griddata (lonhr,lathr,omino2e2009%hr, lon_no, lat_no,’
cubic’) ;

rst = regstats(no2, [omino2_atstation emepno2_at_station
pd_at_station], [1 0 0; 0 1 0; O O 11);
regr_no2 = rst.beta(l) .* omii_no + rst.beta(2) .x emepi_no +

rst.beta(3) .x pdi_no;

$Fit semivariogram
[S V] = semiAutoVario (pos, rst.r);

$krige residuals

good = ~isnan(rst.r);

xic = reshape(lon_no, numel (lon_no), 1);

yic = reshape(lat_no, numel (lat_no), 1);
pos_est = [xic yicl;

[r_est,r var]=gstat_krig(pos (good, :),rst.r (good),pos_est,V);
rout = reshape (r_est, size(lat_no));
rout_var = reshape(r_var, size(lat_no));
temp_final no2 = rout + regr_no2;
grid_no2(:,:,j) = temp_final no2 .x mask_no;
grid_se_no2 = sqrt (rout_var) .+* mask_no;
maskno2 = double (~isnan(grid_no2(:,:,3)));
maskno2 (maskno2==0) = NaN;
grid_se_no2(:,:,3) = grid_se_no2 .x maskno?2;

disp ([’NO2: _ Year ' num2str(year) ’_finished.’])
end
no2_avg = nanmean (grid_no2,3);

[

% Mask the average grids
no2_avg = no2_avg .x* mask_no;
no2_avg(no2_avg < 0) = NaNj;
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o3_avg = o3_avg .* mask_no;
03_avg(o3_avg < 0) = NaN;
pm25_avg = pm25_avg .* mask_no;
pm25_avg (pm25_avg < 0 ) = NaNj;
pml0_avg = pml0O_avg .* mask_no;
pml0_avg (pml0_avg < 0 ) = NaNj;

Listing 3 — Reads in Airbase station metadata

function meta = readAirbaseStationFile(station_metadata_file)

[)

% Reads in Airbase station metadata

fid = fopen(station_metadata_file)
header = textscan(fid, ’'%s_%s_%s._%s_%s_%s_%5,%5,,%S,,%5,%5_%5_%5_%
S.%s,.,%s,.%s,.%s,.,%s.,%s’, 1, ’'Delimiter’, ’"\t’, ’'CollectOutput’,
1)
metaraw - i O O

= textscan(fid, ’%s_%s_%s_%s.%s5.,%S.,%s_%s_%5_,%5,,%5,,%s,5%f
$f %f _%s_%s.%s.%s,_%s’, ’'Delimiter’, ’\t’, ’HeaderLines’, 1)
fclose (fid)
fieldnames = header{l};
% now create the metadata struct
nStations = length (metaraw{l});
nFields = length (fieldnames);
for i=1l:nStations
for j=1l:nFields
if ~isnumeric (metaraw{j} (i))
meta(i,l) . (fieldnames{j})
else
meta(i,l) . (fieldnames{j}) = metaraw{j} (i);

metaraw{j}{i};

end
end
end

%$save ’C:\Users\ps\Dropbox\Work\NILU\Data\Matlab Data\
Airbase_Metadata_v7.mat’ meta

end

A.3 Temporal Component

Listing 4 — Main script for the temporal component:
BackgroundAtlas_TemporalComponent.m

©00000000000000000000000000000000000000000000000000000000
©©000000000000000000000 0000 0000000000000 000 000 000000000000
©.00000000000000 9900000000000 000000000
555 sss0s0s0s0ss IEMPORAL COMPONENT %%%%%%5%%5%%5%%5%0606050635%0
©00000000000000000000000000000000000000000000000000000000

[)

%cd (airbase_rootfolder)

[)

% Read in metadata for the Norwegian background stations

meta = readCSVinStruct ([rootfolder ’InputData\TemporalComponent\
Airbase\Norway\AirBase_ NO_v8_stations.csv’], "\t’);

ind = find(strcmp ('NO’, {meta.country_iso_code}’) & strcmp (’

Background’, {meta.type_of_ station}’));

% Fix lat/lon of Stener Heyerdahl station
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meta (find (strcmp ({meta.station_european_code}, ’'NO0063A’))).
station_latitude_deg = 58.14888; % Coordinates measured in situ
by CH

meta (find (strcmp ({meta.station_european_code}, ’'NO0063A’))).

station_longitude_deg = 7.99183; % Coordinates measured in situ
by CH

% Find all the files with raw data
%cd (airbase_rawdatafolder)
$filenames = dir (airbase_rawdatafolder) ;
$files = rdir (airbase_rawdatafolder) ;
$files = files(3:end);
airbase_rawdatafolder = [rootfolder ’InputData\TemporalComponent\
Airbase\Norway\AirBase_NO_v8_rawdata\’];
filenames = dir (airbase_rawdatafolder);
filenames = {filenames (3:end) .name}’;
for i=1l:length(filenames)
station_european_code{i,1l} = filenames{i} (1:7);
component_code (i,1) = str2num(filenames{i} (8:12));
datatype{i, 1} = filenames{i} (18:22);
end
for i=l:length(filenames)
metaind (i, 1) = strmatch(station_european_code (i), {meta.
station_european_code}l’);
if strmatch (meta (metaind(i)) .type_of_station, ’‘Background’);
isBackground (i, 1) = 1;
else
isBackground(i, 1) = 0;
end
end
% Get stations with suitable record length for NO2
no2filesind = find(component_code == 8 & isBackground == 1 & strncmp
("hour.’”, datatype, 5));
for i=l:1length(no2filesind)

[sd data] = importHourlyRawAirbase ([airbase_rawdatafolder
filenames{no2filesind (i) }1]);

reclengthno2 (i, 1) = length(~isnan (data))/24/30/12;

disp ([’NO2, ,station_number ' num2str(i)]);

end
no2filesind = no2filesind(reclengthno2 > min_number_of_years); %
stations with more than N years of data

no2stations = station_european_code (no2filesind);
no2meta = meta( metaind(no2filesind) );
o3filesind = find(component_ code == 7 & isBackground == 1 & strncmp (

"hour.’, datatype, 5));
for i=1l:length(o3filesind)

[sd data] = importHourlyRawAirbase ([airbase_rawdatafolder
filenames{o3filesind (i) }1]1);
reclengtho3 (i, 1) = length(~isnan(data))/24/30/12;
disp([’03, ,station_number ' num2str(i)]);
end
o3filesind = o3filesind(reclengtho3 > min_number_ of_years);
o3stations = station_european_code (o3filesind);
o3meta = meta( metaind(o3filesind) );
pmlOfilesind = find(component_ code == 5 & isBackground == 1 &

strncmp (" hour.’, datatype, 5));
for i=l:length (pml0filesind)

[sd data] = importHourlyRawAirbase ([airbase_rawdatafolder
filenames{pmlOfilesind (i) }1);
reclengthpmlO(i,1) = length(~isnan(data))/24/30/12;
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disp ([’PM10, ,station_number ' num2str(i)]);
end
pmlO0filesind = pmlOfilesind(reclengthpml0 > min_number_ of_ years);
pmlOstations = station_european_code (pml0filesind) ;

pmlOmeta = meta( metaind(pmlOfilesind) );

pm25filesind = find(component_code == 6001 & isBackground == 1 &
strncmp (" hour.’, datatype, 5));

for i=1l:1length (pm25filesind)
[sd data] = importHourlyRawAirbase ([airbase_rawdatafolder

filenames{pm25filesind (i) }1);

reclengthpm25(i,1) = length(~isnan(data))/24/30/12;
disp([’PM2.5, ,station_number ' num2str(i)]);

end

pm25filesind = pm25filesind(reclengthpm25 > min_number_ of_ years);

pm25stations = station_european_code (pm25filesind) ;

pm25meta = meta( metaind(pm25filesind) );

[)

% Read in the data for the four species
no2 = no2meta;
for i=l:length (no2filesind)
[no2 (i) .sd no2(i).data] = importHourlyRawAirbase ([
alrbase_rawdatafolder filenames{no2filesind(i)}]);
disp ([’Reading NO2, station number ' num2str(i)]);
end

03 = o3meta;
for i=1l:1length(o3filesind)
[03(1) .sd 03 (1) .data] = importHourlyRawAirbase ([
airbase_rawdatafolder filenames{o3filesind (i) }]);
disp ([’Reading 03, ,station_number ' num2str(i)]);
end

pml0 = pmlOmeta;
for i=l:length(pml0filesind)

[pm10 (i) .sd pml0 (i) .data] = importHourlyRawAirbase ([
airbase_rawdatafolder filenames{pmlOfilesind(i)}]);
disp ([’Reading _PM10, ,station _number_ ' num2str(i)]);
end
pm25 = pm2bmeta;
for i=1:length (pm25filesind)
[pm25 (i) .sd pm25 (i) .data] = importHourlyRawAirbase ([
airbase_rawdatafolder filenames{pm25filesind(i)}]);
disp ([’ Reading, PM2.5, station number, ' num2str(i)]);
end

%% Filter out some stations with too big data gaps
for i=1l:1length (no2)
[dailycycle dailycycleN yearlycycleday yearlycycledayN
hourlymean hourlymeanN(:,:,1i)] = decompose_timeseries (no2 (i)
.sd, no2(i).data);

end

hourlymeanN (hourlymeanN < 3) = NaN;

nDaysWithNoData = squeeze (sum(sum(isnan (hourlymeanN) ,2) == 24));

no2 = no2 (find(nDaysWithNoData < 60 )); % Take 2 months as threshold

for now
clear nDaysWithNoData dailycycle dailycycleN yearlycycleday
yearlycycledayN hourlymean hourlymeanN

for i=1l:1length (03)
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$[dailycycle yearlycycleday hourlymean hourlymeanN(:,:,i)] =
decompose_timeseries (o3 (i) .sd, 03 (i) .data) ;
[dailycycle dailycycleN yearlycycleday yearlycycledayN

hourlymean hourlymeanN(:,:,1)] = decompose_timeseries (o3 (1) .
sd, o03(i).data);
disp (1)
end
hourlymeanN (hourlymeanN < 3) = NaN;
nDaysWithNoData = squeeze (sum(sum(isnan (hourlymeanN) ,2) == 24));
03 = o3 (find (nDaysWithNoData < 60 )); % Take 2 months as threshold
for now

clear nDaysWithNoData dailycycle dailycycleN yearlycycleday
yearlycycledayN hourlymean hourlymeanN

for i=1:1length (pml0)
[dailycycle dailycycleN yearlycycleday yearlycycledayN
hourlymean hourlymeanN(:,:,i)] = decompose_timeseries (pmlO0 (i
) .sd, pmlO(i).data);

end
hourlymeanN (hourlymeanN < 3) = NaN;
nDaysWithNoData = squeeze (sum(sum(isnan (hourlymeanN) ,2) == 24));

pml0 = pml0 (find (nDaysWithNoData < 60 )); % Take 2 months as
threshold for now

clear nDaysWithNoData dailycycle dailycycleN yearlycycleday
yearlycycledayN hourlymean hourlymeanN

for i=1:1length (pm25)
[dailycycle dailycycleN yearlycycleday yearlycycledayN
hourlymean hourlymeanN(:,:,i)] = decompose_timeseries (pm25 (i
) .sd, pm25(i).data);

end
hourlymeanN (hourlymeanN < 3) = NaN;
nDaysWithNoData = squeeze (sum(sum(isnan (hourlymeanN) ,b2) == 24));

pm25 = pm25 (find (nDaysWithNoData < 60 )); % Take 2 months as
threshold for now

clear nDaysWithNoData dailycycle dailycycleN yearlycycleday
yearlycycledayN hourlymean hourlymeanN

[

% Generate smooth 3D matrices of anomalies for each species

for i=1:1length (no2)

m = nanmean (no2 (i) .data);

[dailycycle dailycycleN yearlycycleday yearlycycledayN
hourlymean hourlymeanN] = decompose_timeseries (no2 (i) .sd,
no?2 (i) .data) ;

[

% Using hourlmean matrix and smoothing

hourlymean = naninterp (hourlymean); % first fix NaNs
hourlymean_anomaly = (hourlymean — m) ./ m x 100; % Compute
anomaly

Q

% Duplicate the matrix by itself on all sides to avoid edge
effects
temp = repmat (hourlymean_anomaly, 3, 3);

o\°

Create the smoothing filter

$h=ones (7) /49; % Create filter

h = ones(3,7)./(3x7);

$ Filter the matrix

smoothtemp= filter2 (h, temp); % smooth the extended matrix
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[

% Extract original matrix from the smoothed results
no2anomaly (:, :,1) = smoothtemp (366:366+364,25:25+23);
no2anomalyN (:, :,1) = hourlymeanN;

disp ([’ Generating, anomaly matrix for NO2, ,station_number '

num2str (i) ]);
end
for i=l:length (03)
m = nanmean (o3 (i) .data);
[

dailycycle dailycycleN yearlycycleday yearlycycledayN
hourlymean hourlymeanN] = decompose_timeseries (o3 (i) .sd, o3
(i) .data);

% Using hourlmean matrix and smoothing

hourlymean = naninterp (hourlymean); % first fix NaNs

hourlymean_anomaly = (hourlymean — m) ./ m * 100; % Compute
anomaly

temp = repmat (hourlymean_anomaly, 3, 3);

$h=ones (7) /49; % Create filter
h = ones(3,7)./(3%7);
smoothtemp= filter2 (h, temp); % smooth the extended matrix

o3anomaly(:,:,1) = smoothtemp (366:366+364,25:25+23); % extract
original matrix from the smoothed results
o3anomalyN(:, :,1) = hourlymeanN;
disp ([’ Generating_anomaly, matrix for 03, station_number '
num2str (i) ]);
end
for i=l:length (pml0)
m = nanmean (pmlO0 (i) .data);
[

dailycycle dailycycleN yearlycycleday yearlycycledayN
hourlymean hourlymeanN] = decompose_timeseries (pml0 (i) .sd,
pml0 (i) .data) ;

% Using hourlmean matrix and smoothing

hourlymean = naninterp (hourlymean); % first fix NaNs

hourlymean_anomaly = (hourlymean — m) ./ m * 100; % Compute
anomaly

temp = repmat (hourlymean_anomaly, 3, 3);

$h=ones (7) /49; % Create filter
h = ones(3,7)./(3x7);
smoothtemp= filter2(h, temp); % smooth the extended matrix

pmlOanomaly(:, :,1) = smoothtemp (366:366+364,25:25+23); $ extract
original matrix from the smoothed results
pmlOanomalyN(:, :,1) = hourlymeanN;
disp ([’ Generating, anomaly, matrix, for PM10, station number, /'
num2str (i) 1]);
end
for i=1:1length (pm25)
m = nanmean (pm25 (i) .data) ;
[

dailycycle dailycycleN yearlycycleday yearlycycledayN
hourlymean hourlymeanN] = decompose_timeseries (pm25 (i) .sd,
pm25 (i) .data) ;

% Using hourlmean matrix and smoothing

hourlymean = naninterp (hourlymean); % first fix NaNs

hourlymean_anomaly = (hourlymean — m) ./ m * 100; % Compute
anomaly

temp = repmat (hourlymean_anomaly, 3, 3);

$h=ones (7) /49; % Create filter
h = ones(3,7)./(3%7);
smoothtemp= filter2(h, temp); % smooth the extended matrix
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pm25anomaly (:, :,1) = smoothtemp(366:366+364,25:25+23); % extract
original matrix from the smoothed results
pm25anomalyN(:, :,1) = hourlymeanN;
disp ([’ Generating_anomaly matrix_for PM2.5, station_number '
num2str (i) 1) ;
end

Listing 5 — The Matlab script importHourlyRawAirbase .mwhichis used for read-
ing the hourly observations from the raw AirBase dataset.

function [sd data] = importHourlyRawAirbase (file)
[raw meta]= readtext (file, "\t’, '’, '’);

values = cellZ2mat (raw(l:end,2:2:end)) ;
qualflag = cell2mat (raw(l:end,3:2:end));
values (qualflag < 1) = NaNj;

data = reshape (transpose (values), numel (values), 1);

%$date = nan(size (values,1l) * 24,1);

sd = [1;

for i=l:size(values, 1)

sd = [sd; [datenum(raw{i,l}) + datenum(0,0,0,0:23,0,0)1"1;

end

end

Listing 6 — The Matlab script decompose_timeseries.m which is used for calcu-
lating the long-term averages in daily and seasonal cycles from the raw AirBase data at
background stations in Norway:.

function [dailycycle dailycycleN yearlycycleday yearlycycledayN
hourlymean hourlymeanN] = decompose_timeseries(sd, data)

[year month day hour minute second] = datevec (sd);
hours = 0:23;
for i=1l:1length (hours)

ind = find (hour == hours (1)) ;
dailycycle (i) = nanmean (data (ind)) ;
dailycyclestd (i) = nanstd(data(ind));
dailycycleN (i) = sum(~isnan(data(ind)));

end

months = 1:12;
for 1 = l:length (months)

ind = find(month == months (i));

yearlycycle (i) = nanmean (data (ind)) ;

yearlycyclestd (i) = nanstd(data (ind)) ;

yearlycycleN (i) = sum(~isnan (data(ind))) / 30 / 24; % number of
months

end

days = 1:365;
doy = datevec2doy (datevec(sd)) ;
for i = l:length (days)
ind = find(doy == days(i));
yearlycycleday (i) = nanmean (data(ind));
yearlycycledaystd (i) = nanstd(data(ind));
yearlycycledayN (i) = sum(~isnan (data(ind))) / 24; $ number
of days
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end

for i=1:1length (days)
for j=1:length (hours)

ind = find(doy == days (i) & hour == hours(j));
if ~isempty (ind)
hourlymean (i, j) = nanmean (data (ind)) ;
hourlymeanN (i, j) = sum(~isnan (data(ind)));
else
hourlymean (i, j) = NaN;
hourlymeanN (i, j) = 0;
end
end
end
end

A.4 Combination of spatial and temporal component

Listing 7 — Main script for combining the spatial and temporal component of the system:
BackgroundAtlas_ComponentCombination.m

©90000000000000000000000000000000000000000000000000000000
OO0OO0OO0OOOOOOOOOOOOOOOOOOODOOOOOOOOOOOOOOOODOOOOOOOOOOOOOOOOOLO™©
$%%%%%%%%%%%%%% COMBINATION OF COMPONENTS %%%%%%%%%%%%%%%
800000000000000000000000000000000000000000000000000000000
OO0OOOOOOOOOOOOOOOOOOOOOOOOWOOOOOOOOOOOOOOOOOWOOOOOOOOOOOOODO™©
gridlat = lat_no;

gridlon = lon_no;

[nRows nCols] = size(gridlat);

for row=1:nRows
for col=1:nCols

%$d = distance ([no2(1l) .station_latitude_deg]’, [no2(1l).
station_longitude_deg(l)]’, gridlat, gridlon);

d = distance(gridlat (row,col), gridlon (row,col), [no2.
station_latitude_deg]’, [no2.station_longitude_degl’);

[minval minind] = min (d);

station_no2 (row,col) = minind;

d = distance (gridlat (row,col), gridlon (row,col), [03.
station_latitude_deg]’, [o3.station_longitude_deg]’);

[minval minind] = min (d);

station_o3 (row,col) = minind;

d = distance(gridlat (row,col), gridlon (row,col), [pmlO.
station_latitude_deg]’, [pmlO.station_longitude_degl]’);

[minval minind] = min(d);

station_pml0 (row,col) = minind;

d = distance(gridlat (row,col), gridlon (row,col), [pm25.
station_latitude_deg]’, [pm25.station_longitude_degl]’);

[minval minind] = min (d);
station_pm25 (row,col) = minind;
end
disp (row)

end

%% Generate the final datatsets with the data for all hours and all
locations

% NO2

doy = reshape (repmat ([1:365],24,1), 365%x24, 1);
time = repmat ([0:23]’, 365, 1);
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a=1;
for row=1:nRows
for col=1:nCols

% Go through each pixel
if ~isnan (no2_avg (row,col))

linind = sub2ind(size(no2anomaly), doy, time+l, ones
size (doy) ) *station_no2 (row,col));
meta_no2(a,:) = [gridlat (row,col) gridlon (row,col)
no2_avg (row,col) ];
final no2(a,:) = [no2_avg(row,col) + no2_avg(row,col) =
no2anomaly (linind) ./ 100]’;
a=a+l;
end
end
disp (row)
end
% 03
a=1;
for row=1:nRows

for col=1:nCols

% Go through each pixel
if ~isnan(o3_avg(row,col))

linind = sub2ind(size (o3anomaly), doy, time+l, ones(size
(doy) ) »rstation_o3 (row,col));
meta_o3(a, :) = [gridlat (row,col) gridlon(row,col) o3_avg
(row,col) ];
final o3(a,:) = [03_avg(row,col) + o3_avg(row,col) =*
o3anomaly (linind) ./ 100]’;
a=a+tl;
end
end
disp (row)
end
% PM10
a=1;
for row=1:nRows

for col=1:nCols

% Go through each pixel
if ~isnan (pml0_avg (row,col))

linind = sub2ind(size (pmlOanomaly), doy, time+l, ones(
size (doy) ) xstation_pmlO0 (row,col));
meta_pmlO(a,:) = [gridlat (row,col) gridlon (row,col)
pml0_avg (row,col) ];
final pml0(a,:) = [pmlO_avg(row,col) + pml0O_avg(row,col)
* pmlOanomaly (linind) ./ 100]’;
a=a+tl;
end
end
disp (row)
end
% PM25
a=1;
for row=1:nRows

for col=1:nCols

% Go through each pixel
if ~isnan (pm25_avg(row,col))
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linind = sub2ind(size (pm25anomaly), doy, time+l, ones
size (doy)) *station_pm25 (row, col)) ;
meta_pm25(a, :) = [gridlat (row,col) gridlon (row,col)
pm25_avg (row,col) ];
final pm25(a,:) = [pm25_avg(row,col) + pm25_avg(row,col)
* pm25anomaly (linind) ./ 100]';
a=a+l;
end
end
disp (row)

end

A.5 Data export

Listing 8 — Main script for exporting the background information:
BackgroundAtlas_Export.m

outputdirectory = [rootfolder ’Output\’];
cd (outputdirectory) ;

$load([rootfolder ’InputDatal\AuxiliaryDatal\uncertainties.mat

[)

% Uncertainties
unc_no2 = 72.9462;
unc_o3 = 33.7579;
unc_pml0 = 96.1341;
unc_pm25 = 88.1881;

final_se_no2 = ones(size(final_no2,1), 1) * unc_no2;
final_se_o03 = ones(size(final_o03, 1), 1) * unc_o3;
final_se_pml0 = ones(size(final_pml0, 1), 1) % unc_pmlO0;
final se_pm25 = ones(size(final pm25, 1), 1) * unc_pm25;

%% Write out background datasets as Netcdf

[nRows nCols] = size(final_no2);

file = '"no2.nc’;

nccreate (file,’Latitude’,’Dimensions’, {/ rows’ nRows},’Format
classic’);

nccreate (file, ' Longitude’, 'Dimensions’, {’ rows’ nRows},’Format’,

classic’);

"1)

14 4
4

14

nccreate (file, ’Annual_mean_NO2’, ’'Dimensions’, {’rows’, nRows}, ’

Format’,’classic’);

nccreate (file, ’'Day_of_year’, ’'Dimensions’, {’columns’, nCols},

Format’,’classic’);

nccreate (file, ’'Hour_of_day’, ’'Dimensions’, {’columns’, nCols},

Format’,’classic’);

nccreate (file, "NO2’,’Dimensions’, {! rows’ nRows ’'columns’ nCols},

Format’,’classic’);
nccreate (file,’Uncertainty’, ’Dimensions’, {’rows’, nRows},

, "classic’);
ncwrite (file,’Latitude’, meta_no2(:,1));
ncwrite(file,’Longitude’, meta_no2(:,2));
ncwrite (file, ' Annual_mean_NO2’, meta_no2(:,3));
ncwrite (file, 'Day_of_year’, doy’);
ncwrite (file, ’Hour_of_day’, time’);

(

ncwrite (file, 'NO2’, final_no?2);
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ncwrite (file,’Uncertainty’, final_se_no2);

ncwriteatt (file, ’/’, ’'Description’, [’Estimated mean background
concentration_of NO2 for ' num2str (nRows) ’ locations_over,,
Norway, given_for_all 8760 _hours_in a typical_year’]);

ncwriteatt (file, ’/’, ’'Creation_Date’, datestr (now));

[nRows nCols] = size(final_o03);

file = "o3.nc’;

nccreate (file,’Latitude’, "Dimensions’, {' rows’ nRows},’Format’,’
classic’);

nccreate (file,’Longitude’,’'Dimensions’, {’ rows’ nRows},’Format’,’
classic’);

nccreate (file, ’Annual_mean_03’, ’'Dimensions’, {’rows’, nRows}, '
Format’,’classic’);

nccreate (file, ’'Day_of_year’, ’'Dimensions’, {’columns’, nCols}, '
Format’,’classic’);

nccreate (file, ’'Hour_of_day’, ’'Dimensions’, {’columns’, nCols}, '
Format’,’classic’);

nccreate (file, 03’ ,’Dimensions’, {/ rows’ nRows ’columns’ nCols}, '
Format’,’classic’);

nccreate (file, ’Uncertainty’, ’'Dimensions’, {’rows’, nRows}, ’'Format’
, 'classic’);

ncwrite (file, 'Latitude’, meta_o3(:,1));

ncwrite (file,’Longitude’, meta_o3(:,2));

ncwrite (file,’Annual_mean_03’, meta_o3(:,3));

ncwrite (file,’Day_of_year’, doy’);

ncwrite (file, ’Hour_of _day’, time’);

ncwrite (file,’03’, final_o03);

ncwrite (file,’Uncertainty’, final_se_o03);

ncwriteatt (file, ’/’, ’'Description’, [’Estimated_mean background,
concentration_of 03 _for / num2str (nRows) ’ _locations_over Norway
_given_for_all 8760 _hours_in_a typical_year’]);

ncwriteatt (file, ’/’, ’'Creation_Date’, datestr (now));

[nRows nCols] = size(final_ pmlO0) ;

file = "pml0.nc’;

nccreate (file, "Latitude’, 'Dimensions’, {’ rows’ nRows},’Format’,’
classic’);

nccreate (file, ’Longitude’,’'Dimensions’, {' rows’ nRows},’Format’,’
classic’);

nccreate (file, ’"Annual_mean_PM10’, ’'Dimensions’, {’rows’, nRows}, '
Format’,’classic’);

nccreate (file, ’'Day_of_year’, ’'Dimensions’, {’columns’, nCols}, '
Format’,’classic’);

nccreate (file, ’'Hour_of_day’, ’'Dimensions’, {’columns’, nCols}, '
Format’,’classic’);

nccreate (file, "PM10’, "Dimensions’, {’ rows’ nRows ’columns’ nCols}, '
Format’,’classic’);

nccreate (file, ’Uncertainty’, ’'Dimensions’, {’rows’, nRows}, ’'Format’
, '"classic’);

ncwrite (file,’Latitude’, meta_pmlO(:,1));

ncwrite (file,’Longitude’, meta_pmlO0(:,2));

ncwrite (file,’Annual_mean_PM10’, meta_pmlO(:,3));

ncwrite(file,’'Day_of_year’, doy’);

ncwrite (file,’Hour_of_day’, time’);

ncwrite (file, ’PM10’, final_ pmlO0);

ncwrite (file, ’Uncertainty’, final_se_pmlO0);

ncwriteatt (file, ’/’, ’'Description’, [’Estimated mean background
concentration_of PM10_for / num2str (nRows) ' _locations over,
Norway, given_for_all 8760 _hours,_in a, typical_year’]);

ncwriteatt (file, ’/’, ’'Creation_Date’, datestr (now)) ;
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[nRows nCols] = size(final_pm25) ;

file = 'pm25.nc’;

nccreate (file, "Latitude’, "Dimensions’, { rows’ nRows},’Format’,’
classic’);

nccreate (file,’Longitude’, 'Dimensions’, {’ rows’ nRows},’Format’,’
classic’);

nccreate (file, ’Annual_mean_PM2.5’, ’'Dimensions’, {’rows’, nRows},
Format’,’classic’);

nccreate (file, ’'Day_of_year’, ’'Dimensions’, {’columns’, nCols}, '
Format’,’classic’);

nccreate (file, ’"Hour_of_day’, ’'Dimensions’, {’columns’, nCols}, ’
Format’,’classic’);

nccreate (file, "PM2.5" ,’Dimensions’, {’ rows’ nRows ’columns’ nCols}, '
Format’,’classic’);

nccreate (file,’Uncertainty’, ’Dimensions’, {’rows’, nRows}, ’'Format’
, "classic’);

ncwrite(file,’Latitude’, meta_pm25(:,1));

ncwrite (file,’ Longitude’, meta_pm25(:,2));

ncwrite(file, ’Annual_mean_PM2.5’, meta_pm25(:,3));

ncwrite (file,’Day_of_year’, doy’);

(
(

14

ncwrite(file, ’Hour_of_day’, time’);

ncwrite(file, "PM2.5’, final pm25);

ncwrite(file,’Uncertainty’, final_se_pm25);

ncwriteatt (file, ’/’, ’'Description’, [’Estimated_mean, background
concentration_of PM2.5 for ' num2str (nRows) ’_Jlocations, over,
Norway, given_ for_all 8760_hours,_in a typical_year’]);

ncwriteatt (file, ’/’, ’'Creation_Date’, datestr (now));

%% Write out the annual mean maps as geotiffs

% NO2

file = "no2.nc’

lat = ncread(file,’Latitude’);

lon ncread(file,’Longitude’);

no2 ncread (file, ’Annual_mean_ NO2');

[longrid latgrid] = meshgrid(0:0.1:35, 55:0.1:75);
[no2grid y x] = gridding2 (lat,lon,no2,latgrid, longrid) ;
no2grid(isnan (no2grid)) = 0;

R = makerefmat (0,55,0.1, 0.1)

Sgeotiffwrite ('test2.tif’, test, R)

% [testlat testlon] =meshgrat (griddeddata,R);
no2grid(no2grid==0) = -9999;

geotiffwrite ('no2.tif’, no2grid, R)

$xlswrite ('background.xlsx’, flipud(latgrid), ’'lat’)
$xlswrite (' background.xlsx’, flipud(longrid), ’'lon’)
$xlswrite (' background.xlsx’, flipud(no2grid), ’'no2’)

% 03

file = "o3.nc’

lat = ncread(file,’Latitude’);

lon ncread(file,’Longitude’);

03 = ncread(file, ’'Annual_mean_03');

[longrid latgrid] = meshgrid(0:0.1:35, 55:0.1:75);
[o3grid y x] = gridding2 (lat,lon,o03,latgrid, longrid) ;
o3grid(isnan (o3grid)) = -9999;
R = makerefmat (0,55,0.1, 0.1)
Sgeotiffwrite(’test2.tif’, test, R)

[testlat testlon] =meshgrat (griddeddata,R) ;

S
°
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o3grid(o3grid==0) = -9999;
geotiffwrite(’03.tif’, o3grid, R)
$xlswrite ('background.xlsx’, flipud(o3grid), ’'o03’)

% PM10

file = "pml0.nc’

lat = ncread(file,’Latitude’);

lon = ncread(file,’Longitude’) ;

pml0 = ncread(file, ’'Annual_mean_ PM10’);

[longrid latgrid] = meshgrid(0:0.1:35, 55:0.1:75);
[pml10grid y x] = gridding2(lat,lon,pml0,latgrid, longrid) ;
pmlOgrid (isnan (pmlOgrid)) = -9999;

R = makerefmat (0,55,0.1, 0.1)

pmlOgrid (pmlOgrid==0) = -9999;

geotiffwrite ("pml0.tif’, pmlOgrid, R)

$xlswrite ("background.xlsx’, flipud(pmlOgrid), "pml0’)

% PM25

file = "pm25.nc’

lat = ncread(file,’Latitude’);

lon = ncread(file,’Longitude’) ;

pm25 = ncread(file, ’'Annual_mean_PM2.5');

[longrid latgrid] = meshgrid(0:0.1:35, 55:0.1:75);
[pm25grid y x] = gridding2 (lat, lon,pm25, latgrid, longrid) ;
pm25grid (isnan (pm25grid)) = -9999;

R = makerefmat (0,55,0.1, 0.1)

pm25grid (pm25grid==0) = -9999;

geotiffwrite ("pm25.tif’, pm25grid, R)

$xlswrite ('background.xlsx’, flipud(pm25grid), ’‘pm25’)

A.6 Various auxiliary scripts

Listing 9 — readCSVinStruct.m

function data = readCSVinStruct (file, separator)
% Currently assumes only one header line

temp r] = readtext (file, separator);

% Read header
headers = temp (1, :);
nCols = length (headers);
% Create struct based on variable names in header line
for i=1l:length (temp) -1

for j=1:length (headers)

data (i) . (headers{j}) = temp{i+l, j};

end

end

end

Listing 10 - plotStationMatrix.m

function ax = plotStationMatrix(sd, data, anomaly)
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m = nanmean (data) ;
[dailycycle dailycycleN yearlycycleday yearlycycledayN hourlymean
hourlymeanN] = decompose_timeseries (sd, data) ;

cfigure (30, 15)

ax(l) = subaxis(4,1,1, ’'"Margin’, 0.05);
pcolor (1:365,1:24, hourlymean’);
%$imagesc(1:365,1:24, hourlymean’);

%$set (gca, ’'YDir’, ’'normal’);
%$stationname = [data.station_city ’ - ' data.station_name];
datetick

hcb = colorbar
$cblabel (' Conc. [\mug m"{-3}]")
hcb.Label.String = 'Conc. _[\mug_m*{-3}]1’;
x1im ([0 365])
caxis ([quantile (hourlymean(:), 0.01) quantile (hourlymean(:),
0.99)1)
ax(2) = subaxis(4,1,2)
pcolor (1:365,1:24, hourlymeanN’) ;
hcb = colorbar
%$cblabel (N (samples)’)
hcb.Label.String = 'N_ (samples)’;
caxis ([0 157)

datetick
x1im ([0 365])
ax (3) = subaxis (4,1, 3)
m = nanmean (hourlymean(:));
pcolor (1:365,1:24, (hourlymean’ - m) ./ m .x 100);
hcb = colorbar

%$cblabel (" Anomaly [%]')
hcb.Label.String = ’"Anomaly,  [%]’;
caxis ([-100 10017)
set (hcb, ’"YTick’, [-100 -50 O 50 100])
datetick
x1im ([0 365])

ax(4) = subaxis(4,1,4)
pcolor (1:365,1:24, anomaly’);
hcb = colorbar
%scblabel (! Smoothed Anomaly [%]7)
hcb.Label.String = ’Smoothed _Anomaly,  [%]';
caxis ([-100 1007)
set (hcb, ’"YTick’, [-100 -50 O 50 100])
datetick
x1im ([0 365])

sublabel (ax, 0, -10, ’'FontName’, ’'helvetica’, ’'FontWeight’, ’bold’,
"BackgroundColor’, ’'none’, 'FontSize’, 8) 8

suplabel (' Time_of _day, [hours]’, 'y’, [.05 .075 .85 .85])

set (gcf,’Color’,"w’)

colormap (jet)

end

Listing 11 — read_emep.m

function [latemep lonemep val country] = read_emep (file)
%% Read EMEP file

$file = "C:\Users\ps\Dropbox\Work\NILU\Data\InSitu\EMEP\Gridded50km\
EMEP_NOx_2003.txt’;

[data, result]= readtext (file, ’';’, "#’, "', '");
data = data(2:end, :);
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i = [data{:,5}1";

j = [data{:,6}1";

val = [data{:,8}]1";

country = {data{:,1}}’;

[latemep lonemep] = compLLfromEMEP (i, 7j);
end

Listing 12 — compLLfromEMEPm

function [lat lon] = compLLfromEMEP (i, j)
% Computes latitude longitude of pixel center given row and col of
EMEP

% pixel

xpol = 8;

ypol = 110;

d = 50;

phi0 = pi/3;

R = 6370;

M = R/d (1 + sin(phiO0));

r = sqgqrt( (i - xpol).”2 + (j — ypol)."2 );
lambdaO0 = -32;

lat = 90 - 360/pi .* atan(r/M);

$if lat == 90
% lon = 0;
%else

lon = lambdaO + 180/pi .* atan((i - xpol) ./ (ypol - 3));
%end

% Fix North Pole

lon (lat==90) = 0;

% Fix special situations caused by atan() .see PDF PBL_CCE_EmepGrid.
pdf

quadrantlind = find(i > xpol & j > ypol);

quadrant2ind = find(i < xpol & j > ypol);

lon (quadrantlind) = lon (quadrantlind) + 180;

lon (quadrant2ind) = lon(quadrant2ind) - 180;

% lon(find (lon<-100)) = lon(find(lon<-100)) + 180; % fix the "

wrapping"

end
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B Updated anomaly matrices

For completeness, the following set of figures shows all the updated matrices of
anomalies from the long-term mean that were computed at all stations in Norway
for all four species of interest in this study. These datasets were computed from the
up-to-date version 8 of the European air quality database, AirBase. The database
provides data up to and including the year 2013. These anomaly matrices are used
to provide an approximate estimate of the annual and daily cycle of the background
concentrations.

B.1 Anomaly matrices for NO,
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Figure 11 — NO, at station NOOO15A Radhuset: Long-term average matrices of hourly observations computed over the entire available time series, shown
as a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from
the long-term mean smoothed using a low-pass filter. It should be noted that recent visits to this site have cast doubt on the fact if this station truly is
representative of urban background. Future work should take this into account.
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Figure 13 — NO, at station NOOO63A Stener Heyerdahl: Long-term average matrices of hourly observations computed over the entire available time series,
shown as a) original observations, b) number of years with available data, c¢) the relative anomaly computed from the long-term mean, and d) the anomaly
from the long-term mean smoothed using a low-pass filter.

NILU OR 52/2014



49

19)[J ssed-mo[ B 3uIsn payJoouls Ueall ULIAI-3UO0]
a1 woly A[ewoue 3y} (p pue ‘UesW WIdaI-3U0] 9Y3 W01 paIndwiod ATewioue SANB[RI 3 (9 ‘BIep I[qe[IBAR 1M SIBJA JO Ioquinu (q ‘SUOnBAIasqo [eurdLio (e
SB UMOU[S ‘S91I9$ W) S[e[IEAR IIUS 3] I9A0 PaInduod SUONBAISSqO A[INOY JO SIILNBW d3BISAR WLIN-3UOT :pUDIDA YS9OOON Uonels 18 ¢ON — 1 2indig

29( AON 190 des Bny ne unp Aepy Jdy =T ge4 uep
2 oot
3
5 06-
@
o
> 0
>
o
3
D
<
=X 00
- 29( AON 190 deg Bny inp unp Aepy Jdy =T ge4 uep
00}-
> 0S5
o
5
2 o |
< 3
< ®
o
00} =4
29( AON 190 deg Bny inp unp Aepy Jdy =T ge4 uep W
<
=
z 2
2 G,
3
=2
3
29(Q AON 190 deg Bny inp unp Rep Jdy e o4 uep
O
o
3
&
3

_% 0F

NILU OR 52/2014



50

g
]

40 E

=

s

o

o

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

8

Q.

€

= 2

w =z
=
>

% Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 100

©

g x

= 2

£

2

50 <

-100

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec _

100 22

>

50 ¢

2

0 <<

B

-50 m

o

-100 &

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Figure 15 — NO, at station NOOO75A Barnehagen: Long-term average matrices of hourly observations computed over the entire available time series, shown
as a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 17 — NO, at station NOOO88A Grgnland: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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B.2 Anomaly matrices for O,
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Figure 20 — O at station NOOO15A Rddhuset: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter. It should be noted that recent visits to this site have cast doubt on the fact if this station truly is representative
of urban background. Future work should take this into account.
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Figure 22 — Q5 at station NOOO39R Kdrvatn: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 24 — O; at station NOOO42R Zeppelin: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 26 — O5 at station NOOO45R Jelgya: Long-term average matrices of hourly observations computed over the entire available time series, shown as a)
original observations, b) number of years with available data, c¢) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 28 — O, at station NOOO55R Karasjok: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 30 — O, at station NOOO62A Haukenes: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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B.3 Anomaly matrices for PM,,
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Figure 33 — PM;, at station NOOO16A Nedre Storgate: Long-term average matrices of hourly observations computed over the entire available time series,
shown as a) original observations, b) number of years with available data, c¢) the relative anomaly computed from the long-term mean, and d) the anomaly
from the long-term mean smoothed using a low-pass filter.
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Figure 35 — PM;, at station NOOO65A Viland: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 37 — PM,, at station NOOO72A Skgyen: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 39 — PM,, at station NOOO75A Barnehagen: Long-term average matrices of hourly observations computed over the entire available time series, shown
as a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 41 — PM,, at station NOOO80A Dyekast: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 44 — PM, ; at station NOOO65A Viland: Long-term average matrices of hourly observations computed over the entire available time series, shown as
a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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Figure 46 — PM, ;5 at station NOOO75A Barnehagen: Long-term average matrices of hourly observations computed over the entire available time series, shown
as a) original observations, b) number of years with available data, c) the relative anomaly computed from the long-term mean, and d) the anomaly from the
long-term mean smoothed using a low-pass filter.
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