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ABSTRACT 
Spatial distribution of emissions is a key element in assessing human exposure to air pollution through 
use of dispersion modelling. The quality of the spatial emission mapping is crucial for the quality, 
applicability and reliability of modelled air pollution levels, estimated human exposure, incurred health 
effects and related costs; all very important information for policy makers in decisions of 
implementation of environmental policies and measures. The purpose of the MapEIre project, funded 
by Ireland’s Environmental Protection Agency, is to develop a high-resolution spatial mapping of the 
Irish emission inventory. The work is state-of-the-art and combines a large amount of statistical data 
with detailed spatial information to allow for a complete spatial emission mapping on a 1 kilometre by 
1-kilometre resolution. The spatial model is developed as an integrated database system focusing on 
user-friendliness and performance optimisation. The spatial model for Ireland integrates official 
statistics, such as the Irish emission inventory, and censuses of population, housing and agriculture, 
with a large number of spatial datasets as diverse as heat demand, building use, road network and land 
cover maps, selected through a comprehensive assessment of available spatial data. The model covers 
32 pollutants and 177 sectors and includes the entire Irish exclusive economic zone. The methodology 
developed and the lessons learned will be of great benefit to other countries, which are embarking to 
develop high-resolution spatial emission distributions. The detailed spatial distribution of emissions 
can be used by policy makers on both national and local level in decision making and prioritising of 
environmental measures. Further, it allows for a more detailed regulation, implementing measures 
targeting areas where emissions are highest, allowing for more cost-effective initiatives on local, 
regional and national scale. 
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1  INTRODUCTION 
Human exposure to air pollution is a significant challenge to human health. WHO estimates 
that there were 3.7 million premature deaths in 2012 from urban and rural sources worldwide 
due to outdoor air pollution [1]. Results by Brandt et al. [2] show that outdoor air pollution 
caused a total number of 570.000 premature deaths in the year 2011 in Europe. While 
emissions in Europe are generally decreasing according to the European Environment 
Agency, EEA [3] there are still challenges at the local and regional scale that can only be 
quantified using high-resolution spatial models. 
     The impacts from air pollution are not equally distributed, but depend on geography, 
socio-demographic and socio-economic factors, including place of work and residence, age, 
gender, social status, and level of income. Including detailed spatial and temporal distributed 
emissions improve air quality modelling and contribute to understand the link between air 
pollution and distribution of related health impacts by adding knowledge that influences 
modelling of human exposure levels. 
     Air pollution, in general, is a transboundary and scale dependent challenge with global, 
regional, national and local sources giving rise to large geographic variability and thereby 
large differences in the geographical distribution of human exposure to air pollution. 
Therefore, the lifetime exposure and personal risk factors for mortality and morbidity 
outcomes due to air pollution, and thereby their welfare, is very dependent on the individual’s 
possibilities to live in a clean environment. 
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     Spatial distribution of emissions is a key element in assessing human exposure to air 
pollution through the use of dispersion modelling. The quality of the spatial emissions 
distribution is crucial for the quality, applicability and reliability of the modelled air pollution 
levels, the estimated human exposure, incurred health effects and related costs; all issues that 
are very important information for policy makers in decisions of implementation of 
environmental policies and measures. 
     Several studies have endeavoured to make a spatial distribution for the whole of Europe. 
These include the EDGAR system [4] developed by the European Commission Joint 
Research Centre and the system developed by TNO [5]. In general, both of these projects 
used point source information, where it was available, but otherwise relied on very general 
proxies such as population density or land-use information. The point source information 
came from international databases such as EPER (European Pollutant Emission Register) and 
the World Electric Power Plants Database. For the area sources, both studies used very crude 
spatial proxies to distribute emissions, such as population density, FAO (the Food and 
Agriculture Organization) data on distribution of livestock, and CORINE (Coordination of 
Information on the Environment) land cover. With thorough research at the country level, it 
is possible to significantly improve the spatial distribution compared to these models 
attempting to cover the entire European continent. 
     Few studies have covered the whole range of pollutants or sectors, in fact most of the 
published studies have focussed on single pollutants [6]–[9] or single sectors [10]–[15]. In 
addition, many studies have not been at the national level but at a city or regional level [16]–
[18]. A few studies have focused on spatial distribution for a range of pollutants at the 
national level for all emission sectors [19]–[21]. 
     One of the primary objectives of the MapEIre project is to develop a high-resolution 
spatial emission model for Ireland that will allow for a more detailed regulation implementing 
measures targeting areas where the emissions are highest allowing for more cost-effective 
initiatives. Development of a national spatial emission model covering the entire country 
allows for assessment of effects of measures on local, regional and national scale. 

2  METHODOLOGY 
The integrated spatial emission mapping model for Ireland, MapEIre, is developed with the 
aim to use the most detailed data available regarding information on both emissions and 
spatial conditions, while still being easy to update as new knowledge becomes available.  
     The model is built as an integrated database system, aiming at being easy to operate for 
the end users, but still able to handle the large data amounts and run complex calculations at 
high speed. This is ensured through a well-organised setup, a clear data concept, and precise 
interrelationships between the incorporated parameters, e.g. via use of primary keys. The 
built-in simple user interfaces minimise the risk of introduction of errors by the user. The 
model includes all pollutants in the Irish emission inventory as reported to the Convention 
on Long-Range Transboundary Air Pollution, CLRTAP, for air pollution and to the United 
Nations Framework Convention on Climate Change, UNFCCC, for greenhouse gases. The 
sectoral levels in MapEIre follow the sectors in the corresponding reporting tables 
(Nomenclature for Reporting, NFR, and Common reporting format CRF). In total MapEIre 
covers 32 pollutants and 177 sectors. The model is linked directly to the data in the reporting 
tables, making it easy to update as recalculations are made in the emission inventory, and 
ensuring consistency of emission totals in the national and the spatial inventory. 
     The spatial resolution in MapEIre is a 1 km x 1 km orthogonal grid following the 1000-
meter x-axis and y-axis in the TM65/Irish Grid projection (EPSG 29902). The allocation of 
the national total emissions is based on a large number of spatial distribution keys (GeoKeys), 
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which are normalized tables holding the shares of the national total emission for a given 
sector and a given pollutant, to be allocated to the individual cells in a pre-defined grid. 
     The national emission inventories prepared by Ireland’s Environmental Protection 
Agency (EPA), including associated detailed background data, comprise the most accurate 
and detailed data source regarding emissions. For the sources that are included in the national 
emission inventory as point sources, the GeoKeys are based on the data available in the 
inventory (emissions, fuel consumption, activity level and/or geographical location). Annual 
plant specific emissions data result in the most accurate mapping but are available to a limited 
degree. The European Pollutant Release and Transfer Register (E-PRTR) holds data for 
plants in e.g. the energy and industrial sector that exceeds specified emission thresholds and 
Emission Trading Scheme (ETS) data contains activity data and CO2 emissions. E-PRTR 
data and ETS data have been used to prepare the GeoKey for the public electricity and heat 
production sector, which is covered only by point source emissions (Fig. 1). Plant specific 
emissions data provide the opportunity to prepare pollutant specific GeoKeys. When plant 
specific emissions are not available, fuel consumption data is used to prepare the GeoKeys, 
which in that case apply for all pollutants. If the location of the point sources in a sector are 
available without further details, GeoKeys are created to distribute the emissions evenly 
between the address points. 
     Spatial proxy data have to be used for emission mapping for sectors without plant specific 
data. A comprehensive assessment of the available spatial data is crucial to ensure the highest 
accuracy of the resulting spatial emissions. Many sources in the emission inventory are area 
sources, which refer to emissions that come from small point sources that are too large in 
number to be treated individually such as households, from line sources like roads and 
railways, or from area sources like fields or other areas with common land use. GeoKeys for 
area sources distribute the emissions to the relevant points, lines or areas according to the 
share of total number, length or area. 
 

 

Figure 1:  GeoKey for SO2 emissions from public electricity and heat production. 
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Figure 2:   GeoKey for manure management and enteric fermentation for goats based on 
animal numbers by county distributed. (a) Evenly in the county; (b) According 
to location of farms. 

     Official statistics, such as census of population, housing and agriculture, provide useful 
input for generating GeoKeys. Statistics are often available on an aggregated spatial level 
following administrative units, e.g. electoral districts or counties. In such a case land use data 
can be used to improve the spatial emission distribution by including relevant areas only, e.g. 
exclude urban areas from the GeoKey for open burning of waste so that it only allocate 
emissions to rural residential buildings or allocate emissions from animals to farm areas only. 
The latter is shown in Fig. 2 where it is clearly visible that areas without agricultural activities 
would be overestimated. 
     A number of sectors is made up of a combination of point and area sources, and the 
GeoKeys are prepared by combining a GeoKey for the point sources, e.g. large plants in the 
food and beverages industry based on plant specific fuel consumption, and a GeoKey for the 
area sources, e.g. allocation according to the heat demand in industrial buildings (Fig. 3). 
     In this case, the share of the sectoral emissions to be mapped according to the point source 
GeoKey follow the share of the total sectoral fuel consumption allocated to the point sources. 
In many cases, the most accurate spatial representation is made by combining several 
statistical and spatial datasets. 

3  RESULTS AND DISCUSSION 
Based on the model, emissions have been mapped on 1 km x 1 km for all pollutants and all 
sectors, and the output is available as emission maps that can be downloaded from the project 
website (www.mapeire.dk) as pictures (jpg files) and digital maps (shape files) for use in 
Geographical Information Systems, GIS. 
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Figure 3:  GeoKey for food and beverages industry. 

     Fig. 4 show the resulting spatial national total NOx and PM2.5 emission from the MapEIre 
model. The spatial patterns vary due to different sectoral contribution for different pollutants. 
The largest sources to emissions of NOx are road transport, industry, power plants, residential 
plants and other mobile sources, and correspondingly the map is dominated by point sources 
in the energy and industrial sector, major roads and urban areas. The largest sources to 
emissions of PM2.5 are residential homes, road transport, agriculture and industry, and hence 
urban, agricultural and industrial areas are visible on the map. The road network is not 
apparent on the map due to the large emissions from residential homes and agriculture 
covering most of the land area. 
     Different characteristics should be considered in the selection of which spatial data to 
include in the GeoKey preparation; coverage, accuracy and applicability.  
     The spatial data should preferably cover the entire domain of the spatial model to avoid 
lack of emissions in uncovered areas. An exception to this rule of thumb is made for road 
transport, where detailed mileage data are available for the national road network (NR), 
covering primary and secondary roads, including information on share of heavy vehicles, and 
representing around 45% of the national total mileage. The GeoKey for road transport is 
created as a combination of a GeoKey for NR and a GeoKey for other roads, where the 
remaining part of the national total mileage is allocated to the road network for other roads 
than NR according to the share of the total road length for the individual grid cells. The  
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Figure 4:  National total emissions. (a) NOx; and (b) PM2.5. 

GeoKey for passenger cars road transport is shown in Fig. 5(a). For comparison Fig. 5(b) 
show a GeoKey based solely on the location of the road network, leading to a more even 
distribution leading to underestimation of emissions on heavily trafficked roads. 
     The accuracy depend on the correctness of the spatial information i.e. the uncertainty 
level, the update frequency, and the time for the latest update. The correctness applies to both 
the spatial location and the attribute information. Spatial data on buildings from 
GeoDirectory are very accurate regarding the location of the individual buildings, while the 
building use categorisation are less accurate as some buildings fall into more categories or 
the building use is unknown. The agricultural census holds animal numbers aggregated on 
administrative units (electoral district or county). To improve the spatial allocation of 
emissions from animals, the census data is combined with the Land Parcel Identification 
System (LPIS), and the GeoKeys are calculated as a combination of the share of animals by 
administrative unit and share of the relevant LPIS areas by grid cell for the individual 
administrative units (Fig. 2). 
     The applicability is in this case the usefulness of a spatial data set as a proxy for an 
emission allocation. A spatial data set of high accuracy might not be a good proxy and vice 
versa. Population density based on detailed national statistics is an example of spatial data of 
high accuracy with low uncertainty level, high update frequency, and full geographical 
coverage, but a poor proxy for many sectors. In lack of sector specific spatial data, population 
density can be the best available proxy. Depending on the emission sector and the local 
circumstances, use of population density might lead to overestimation in densely populated 
areas, e.g. when used as a proxy for residential wood burning, which might be less common 
in city centres where the population density is highest. Fig. 6 shows the GeoKeys for PM2.5 
emissions from stationary combustion in the residential sector and for population density. 
The maps visualise the risk of overestimation of emissions in urban areas if population  
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Figure 5:   GeoKey for road transport with passenger cars. (a) Mileage data for national 
roads and other roads network for the remaining part of the total mileage; and 
(b) Road network. 

density is used to allocate emissions instead of the sector specific GeoKey based on data on 
primary heating for all dwellings from the census from the Central Statistics Office and 
average fuel use from the energy statistics. Simply using population density would 
overestimate emissions around the major urban areas and this error would be magnified when 
calculating human exposure, related health effect and costs. This highlights the need for 
combining multiple spatial and statistical datasets rather than using simple spatial proxies. 
     The poorest proxies in the MapEIre model are GeoKeys that allocate emissions evenly to 
the land area and the total domain area, respectively. These are only applied to few minor 
sources and to emissions from international navigation and aviation, which, due to reporting 
requirements, must be allocated to the national domain even though the emissions partly 
occur outside the domain.  
     In general, local or national data are preferable, but international data can be used as 
proxy, even though the accuracy is most likely lower. MapEIre include data from CORINE 
Land Cover (cropland, forestland, grassland, settlements, wetland and other land) and Open 
Street Map (point data for hospitals and clinics) for making GeoKeys for the LULUCF sector 
and for N2O from anaesthesia use. 

4  CONCLUSIONS 
In this work, a detailed spatial emission inventory at a 1 km x 1 km resolution has been 
developed. It covers all major pollutants for which there is a requirement to estimate and 
report emissions. In contrast to many other studies, the sectoral level in this study is highly 
detailed, and by including a much more detailed sectoral breakdown, it has been possible to 
use more detailed GeoKeys and hence get a much more accurate spatial distribution. 
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Figure 6:   GeoKeys. (a) PM2.5 from stationary combustion in the residential sector;  
and (b) Population density. 

     The results of the project (Fig. 4) clearly shows the hotspots of emissions, which will 
make it possible to target measures in areas of the country, where it will have the most effect 
and it forms a solid foundation to further assess the human exposure and the deposition of 
harmful substances to vulnerable nature. The outcome of this work will also support further 
research and development of an air quality modelling framework in Ireland and can be used 
internationally to improve the general knowledge of spatial distribution of emissions. 
     The methodology used in this study can serve as an example for other countries that are 
starting to make a high-resolution nationwide mapping. The identification of all available 
spatial data is paramount and this study shows that in many cases several spatial datasets 
have to be combined in order to achieve the most accurate result. 
     As alluded to in the discussion there is still room for improving the spatial inventory both 
related to the development of better GeoKeys, but also in the selection of the most suitable 
GeoKey to a given emission source. In addition, it is important to note that the current 
GeoKeys have been elaborated for 2015 and an important next step will be to develop time-
series, so that the changes in spatial emission patterns over time can be reflected in the model. 
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