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The analysis of urban form and CO2 emissions of the residential (heating and cooling for buildings) and on-road transport sectors is based on different spatial data sources, joined together using tools available in the R programming language. The starting point for these data consists of the urban boundaries identified following the Degree of Urbanization definition (where cities are defined based on a population threshold of at least 50,000 inhabitants and population density of at least 1,500 inhabitants per square km). To obtain the boundaries, we use the GHS-SMOD raster dataset, which codes 1 square km pixels based on whether they belong to rural or urban clusters, and assigns a specific code to pixels falling within the “Degree of Urbanization” population and density thresholds (Pesaresi, et al. 2019). We polygonise continuous raster pixels classified as “urban centres” and obtain spatial vector data on the boundaries of each of these entities. Figure A1 maps the polygonization process for a sample region, the greater Paris area in France, for our reference year, 2020 (the GHS-SMOD data cover the entire world at 5 years intervals between 1975 and 2020, and we repeat the same process each year). Figure A2 shows the changes in resulting boundaries across time periods, from 1975 to 2020, for two random cities in the sample.
To assign cities to corresponding information on CO2 emissions, population, GDP and climate variables (temperatures and precipitations) each year, we proceed with a spatial join of the different data sources available and listed in Table A1. For the merge, the polygons data on urban centres obtained starting from the GHS-SMOD raster data represents the master database, to which the raster information on other variables is joined. Before implementing the merge, the raster and the polygons data need to be projected spatially to the same Coordinate Reference System (CRS): we generally choose to re-project the polygons data to the same CRS as the raster data, which generally use the WGS84 projection, so we repeat this process for each spatial join. The only exceptions are information on population and built-up surface, which use the same CRS as our data on urban centres, and whose merge requires no re-projection. Figure A3 shows the spatial juxtaposition of the urban boundaries and the raster data on on-road transport CO2 emissions (taken as an example) in 2020, again for the Paris greater region. We match each polygon to the overlapping raster pixels, and we compute the share of raster cell surface that intersects the urban centre (the “coverage fraction”). This share will be equal to 1 for cells entirely inside the urban centre: in Figure A3, for instance, the raster pixel highlighted with an arrow has a value of emissions of 37,513 tonnes. Being entirely contained in the Paris urban centre, it is assigned weight 1 in the computation. Finally, we sum together all the emissions values within the polygon boundaries, multiplied by the weights corresponding to the coverage fraction values. We thus come up with estimates of values of the raster variables (e.g. emissions, GDP, etc.) within the territory of the urban centre. The assumption being made to aggregate the raster data at the urban level is that the values of raster variables are uniformly distributed across the surface occupied by the raster pixel. This assumption is more believable for climate variables such as temperature and precipitations, while it becomes more problematic for CO2 or GDP, whose values are clearly more concentrated where human activity is stronger. Nevertheless, the method allows for consistency in the way we estimate key variables across cities and provides us with an overview of urban socio-economic variables. Furthermore, for data at a higher resolution the bias due to the merge is reduced, even though estimates may be less accurate precisely because of the more pronounced spatial down-scaling. For information on population and built-up surface, the match with the urban boundaries is most reliable as the sources come from the same wider GHSL data project and share the same CRS and high resolution of 1 km.
Time trends for CO2 emissions and ancillary variables obtained from the merge are displayed in Figure A4, illustrating how urban population, share of built-up surface, per capita GDP and CO2 emissions evolved over the time span of our sample. Finally, we also assign to each urban centre information on the corresponding municipality, region and country using the Global Administrative Boundaries (GADM) database (University of California, Berkeley 2022). In this case, the spatial join is performed between two spatial vector datasets with polygon geometry, and the boundaries of polygons in the two datasets do not necessarily coincide. A city defined using the Degree of Urbanization criterion may in fact overlap the boundaries of different administrative-level municipalities. To merge the data, we assign to each urban centre the administrative unit with the largest overlapping surface, and the corresponding region, country, continent and country income class.


Table A1 – Sources used for the construction of the data
	Data Sources
	Resolution
	Years
	Type of spatial join
	Main Variables

	GHS-SMOD 2023 (Pesaresi, et al. 2019)
	1 km
	1975-2020 (5 years intervals)
	Master data
	Urban boundaries

	GHS-POP 2023 (Schiavina, et al. 2023)
	1 km
	1975-2020 (5 years intervals)
	Sum within urban boundaries
	Population

	GHS-BUILT 2023 (Pesaresi e Politis 2023)
	1 km
	1975-2020 (5 years intervals)
	Sum within urban boundaries
	Built-up surface: total, residential, non-residential (m2)

	EDGAR v7.1 (Crippa, et al. 2018, Janssens-Maenhout, et al. 2019)
	0.1 degrees (approx. 11.1x11.1 km at the equator)
	1970-2021 (yearly)

	Weighted sum of emissions over urban boundaries
	CO2 emissions for heating and cooling of buildings, from
on-road transport and total (tonnes)

	CRU TS v4.07 (Harris, et al. 2020)
	0.5 degrees (approx. 56x56 km at the equator)
	1901-2021 (yearly)
	Weighted mean within urban boundaries
	Temperature (°C) and precipitations (mm)

	Gridded data on GDP (Kummu, Taka e Guillaume 2018)
	5 arcmin (approx. 9x9 km at the equator)
	1990-2015 (yearly)
	Weighted sum over urban boundaries
	GDP (PPP, 2011 USD)

	GADM Dataset (University of California, Berkeley 2022)
	Geo-referenced boundaries of administrative units
	2022
	The name of the administrative unit with largest overlapping surface was joined
	Names of admin. units (country name, province name, municipality name)




Figure A1 – Polygonization of GHS-SMOD raster data for urban centres
	(a) GHS-SMOD raster data
	(b) Polygonized raster data
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Figure A2 – Changes in urban boundaries at selected time periods for two cities in the sample
	(a) Berlin, Germany
	(b) Havana, Cuba
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Figure A3 – Spatial juxtaposition of the boundaries of urban centres and on-road transport CO2 emissions data in 2020 for the Paris region
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