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Abstract. Cities have an increasingly integral role in addressing climate change and maintaining 

quality of life. To gain a common understanding on solutions, we require an adequate data 

presentation of urban areas, related GHG emissions, climate threats and socio-economic contexts. 

Here we review the current state of urban data science that is concerned with climate change. We 

outline three routes for upscaling urban data science for global climate solutions: 1) 

Mainstreaming and harmonizing data collection in cities worldwide; 2) Exploiting big data to 

upscale agent and/or building scale solutions while maintaining privacy; 3) Using high-resolution 

remote sensing data to automatize computation of first-order climate effects and solutions. We 

also argue that even in the absence of crucial background data, cities should systematically share 

knowledge and experiences on climate solution strategies. Collaborative efforts towards a joint 

data platform would provide the quantitative foundations of an emerging global urban 

sustainability science.  
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Introduction: Manhattan, Berlin, and everywhere else 
“First we take Manhattan, then we take Berlin”. The locations of choice in Leonhard Cohen’s terrorist 

phantasm are a nightmare for the urban greenhouse gas emission accountant. Manhattan 

inhabitants emit low amounts of CO2 per capita; but as part of the larger New York context, with 

ample commuting from less efficient building densities in surrounding areas, this positive example is 

compromised. Researchers are similarly perplexed as to how Berlin’s GHG emissions can be properly 

accounted, given its embedding in the wider Brandenburg area. Even Berlin’s area is unclear: should 

the administrative boundaries be chosen, including numerous parks and forests? Or only the built-up 

area, that itself requires proper definition? Or even the Brandenburg hinterland, which produces 

large amounts of renewable energy for the city itself? 

These kind of urban data challenges derive from the open system character of cities. It is one of the 

main reasons that a coherent global urban data-based sustainability science is still in its infancy. But 

the urgency to tackle this conundrum could not be greater. With an expected increase in global 

urban population to 66% by 2050 (UN-DESA 2015), cities will play a decisive role in the reduction of 

global CO2 emissions. By 2010, emissions from urban building and transport amounted to about 10 

GtCO2, of which 2.8 GtCO2 came from transport, and 6.8 GtCO2 from buildings (Creutzig et al 2016). 

By 2030, buildings could account for 12.6 GtCO2 (UN Environment 2017). And still, as cities will play 

an increasingly important role both for local adaption but also global mitigation efforts, a systematic 

data-driven global urban sustainability science is still missing.  

Gathering and interpreting urban emissions, climate, and ancillary data is troublesome for at least 

four reasons. First, boundaries of analysis are ambiguous and often inconsistent, making comparison 

on an equal footing challenging. This applies to all cities, not only to Manhattan and Berlin. 

Second, data gathering is cumbersome, and can easily turn into multi-million-dollar efforts. The best 

data exist for the richest and most committed cities such as Paris and Los Angeles, which leads to a 

huge bias in the data representation of cities. The expected urban agglomerations with the highest 

growth rate are medium-sized cities and cities with a population lower than 1 million in Asia and 

Africa (UN-DESA 2015), and the group of 47 least developed countries (LDCs) has the biggest 

population growth rate at 2.4 per cent per year (UN-DESA 2017). Precisely these cities are those 

without the economic resources and infrastructure capacities to systematically collect and assess the 

required urban data.  

Third, the data collected is often not the most useful for addressing urban climate solutions. For 

example, cities need building-stock data in order to understand and quantify the impact of 

retrofitting their buildings, and expanding their urban built-up area. And travel surveys remain often 

an insufficient base to address urban mobility challenges. This is also closely related to the first issue: 

the data taken usually are of varying quality and make intercity comparisons cumbersome.  

Forth, qualitative data are often missing in data gathering. Some of the most policy-relevant 

information are not captured in the quantitative data, but rather in narratives- e.g. who, why and 

how cities do things the way they do, that can provide the context and causal relations of the actions 

to the end result that are captured by the quantitative data. Such information, both for individual 

cities and systematic analysis across cities, is crucial for building up transferable knowledge, enabling 

cross-city learning, and guiding urban policy and practice (Bai et al 2010). 

Overcoming these issues is central to developing knowledge-based climate solutions that can be up-

scaled individual cities to cities worldwide, while still respecting the differences between cities. A 

harmonized and large-scale data infrastructure is needed to pave the way.  
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In this paper, we extensively review the efforts of different communities to collect and make use of 

urban data for addressing climate challenges. We then outline a vision: a platform for data and 

methods available to urban decision makers worldwide. To achieve this, we suggest a focus on 

harmonizing data gathering, exploiting big data, making best use of remote sensing data, and 

synthesizing research insights on solutions.  

Urbanization is a megatrend of the 21st century and has huge impact on climate change and other 

global environmental challenges, such as land use change. At the same time, cities are the focal 

points of social challenges as enshrined in Sustainable Development Goal 11 – making cities and 

human settlements inclusive, safe, resilient and sustainable. Researchers awake to these trends and 

repeatedly call for building a global urban science (Bai 2007b, Solecki et al 2013, Creutzig 2015, 

Solecki et al 2015, Bai et al 2016, Acuto et al 2018). However, development towards such global 

urban science remains stuck in well-trodden paths, as even conferences dedicated to the global 

dimension of urbanization continue to focus on case studies. Key barriers towards globalizing urban 

sciences involve data inconsistencies and inadequate model development. This paper focuses on the 

quantitative foundations and will help to create the envisaged Global Urban Sustainability Science.  

Current state of data-based efforts at the urban-climate-change nexus 
A number of disciplines and epistemic communities attempt to provide the data and understanding 

of urban characteristics pertinent for climate mitigation and adaptation. Here we review and 

organize these approaches by looking into: 

➢ Accounting for urban greenhouse gas emissions relying on urban metabolism studies, data 

science approaches and assessment studies 

➢ Making use of spatially gridded data based on remote sensing at global scale to characterize 

and typologize cities according to climate and other characteristics 

➢ Utilizing Big data approaches at the scale of individual cities 

➢ Data-based approaches for urban climate policies, based on insights from econometrics, 

urban economics and planning, and ex-post policy analysis. 

Accounting for urban greenhouse gas emissions 
Spatial boundaries of analysis are crucial and determine the quality and quantity of metrics assessed. 

The New York example demonstrates that differing the spatial scope changes interpretation notably: 

the efficiency of Manhattan is offset by high-emitting surround areas (Jones and Kammen 2014). 

Similarly in Europe supposedly green and compact cities, such as Freiburg and Barcelona, display low 

emissions in inner-city households, while the largest part of their transport emissions originate in 

commuters from areas far outside administrative boundaries (Creutzig et al 2012). A household 

consumption based analysis in Xiamen City in China shows up to 70% of the emission can be 

attributed to regional and national activities that support household consumptions (Lin et al 2013). 

Urban density and the distribution of activities also shape the urban metabolism. For example, the 

dense city center of Paris exports all of its waste but concentrates food consumption, whereas its 

surrounding areas consume high levels of construction materials and fuel (Barles 2009). A similar 

case can be made for infrastructures that often cross city boundaries. Airports, power plants or 

wastewater facilities may often be located outside of urban administrative boundaries (Hillman and 

Ramaswami 2010, Ramaswami et al 2008). Economic disparity within the city is a key factor that 

causes large disparities in household carbon footprints and underlying spatial resource flows (Lin et 

al 2013, Baiocchi et al 2015, Wiedenhofer et al 2017).  

Essentially, hence, cities are open systems, and can be well described by investigating in- and 

outward flows of energy, material and emissions, which is subject of urban metabolism studies 
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(Kennedy et al 2007) (Kennedy and Hoornweg 2012). Over the last two decades or so, urban 

metabolism studies have accumulated ample empirical and quantitative evidence to understanding 

cities as open system, e.g. energy and material budget and pathways; flow intensity; energy and 

material efficiency; rate of resource depletion, accumulation and transformation; self-sufficiency or 

external dependency; intra-system heterogeneity; intersystem and temporal variation; and 

regulating mechanism and governing capacity (Bai 2016). The importance of such a systemic 

assessment of all direct and indirect flows increases as the size of the unit of observation decreases 

(Minx 2017), i.e. smaller spatial units like cities are less self-sufficient are more dependent on trade 

and the GHG emissions arising outside the city boundaries in the supply chain of traded products. 

Urban metabolism researchers distinguish three major frameworks for assessing GHG emissions: 1) 

territorial or production-based accounting, 2) consumption-based footprint (CBF) and 3) trans-

boundary supply chain footprint (TBIF) methodology (Ramaswami et al 2011, Chavez and 

Ramaswami 2011). There is no superior choice among any of these frameworks for urban analysis, 

rather they complement each other and provide a more complete picture for devising effective 

urban emission reduction strategies. 

Territorial-based accounting is most common and aggregates all emissions occurring within urban 

administrative or functional boundaries (also denoted as scope 1 emissions) and is most straight-

forward to compute. Comparative studies investigate energy flows and greenhouse gas emissions in 

a number of cities and megacities (Kennedy et al 2009, 2015). If upstream emissions from electricity 

production are included, emissions are denoted as scope 2.  

The CBF method accounts all GHG emissions resulting from consumption with the urban boundary 

(scope 3 emissions). Hence, it leaves out GHG emissions that are export-related, for example for 

energy use for producing goods that are consumed elsewhere. Consumption-based emissions have 

been best investigated in the UK context, where consumption emissions are typically higher than 

territorial emissions, but are also more homogenous, driven by socio-economic drivers, whereas 

territorial emissions vary with production facilities (Minx et al 2013). Comparing the emissions of 

cities in the UK, China, and the US, patterns of production vs consumption-based emissions similarly 

reveal that UK and US city emissions have higher consumption-based emissions (Sudmant et al 2018) 

(Figure 1). 

The TBIF method accounts for all emissions that occur within the city boundary, plus all indirect 

emissions that serve the city and are relevant to its metabolism. The latter includes electricity, airline 

and commuter travel, water supply and other infrastructures (Ramaswami et al 2011). TBIF leaves 

out all life-cycle GHG emissions of non-infrastructure items, including goods and services 

consumption of households, but accounts for production and within the city. In a comparative TBIF 

study between Denver, USA, and Delhi, India (Chavez et al 2012) Denver shows much higher per-

capita consumption in all sectors. Floor space emerges as a crucial unit: Household area in Denver is 

double that of Delhi, while per-capita floor space is seven times higher.  

Most accounting efforts focus on CO2 emissions. However, one fifth of all methane (CH4) emissions, 

another potent GHG gas, have urban origin (Marcotullio et al 2013). Although, CH4 emissions 

reductions are typically economically attractive, and technologically straightforward, there is little 

systematic accounting for urban CH4 emissions, and important mitigation opportunities remain 

overlooked (Hopkins et al 2016).  

Bottom-up accounts of urban GHG emissions and sector-specific drivers have been comprehensively 

assessed in global assessment studies such as the Global Energy Assessment (Grubler et al 2012, 

Kahn Ribeiro et al 2012) or the IPCC (Seto et al 2014, Lucon et al 2014, Sims et al 2014), and larger 

databases of urban energy and greenhouse gas emissions have been compiled. 60 – 80% of global 
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energy is used in cities (Grubler et al 2012), highlighting the importance of focusing climate 

mitigation efforts on urban areas. A small but growing number of studies have made use of the 

aggregated data from (Grubler et al 2012, Grübler and Fisk 2013) and other sources, such as the 

World Bank and national statistic bureaus, to investigate patterns of urban greenhouse gas emissions 

and energy use across hundreds of cities worldwide. A statistical analysis making use of decision tree 

methods investigates energy use and emission patterns 274 cities worldwide, identifying the 

consistent relevance of GDP per capita, population density, heating degree days and transport fuel 

prices as drivers of energy use, albeit differentiated across 8 statistically distinct types of cities 

(Creutzig et al 2015a). Another quantitative paper aggregated data across multiple sources estimates 

that urban activities contribute directly 36.8 and 48.6 % of total greenhouse gas emissions, with 

significant differences in the urban share of greenhouse gas emissions between developed and 

developing countries as well as among source sectors for geographic regions (Marcotullio et al 2013). 

The same study also finds that the 50 largest urban emitting areas account for 38.8 % of all urban 

greenhouse gas emissions (Marcotullio et al 2013).  

At a regional level, nationally-consistent data sets can be used to assess greenhouse gas emissions 

across metropolitan areas and over time, as demonstrated for the US (Markolf et al 2017), and across 

all administrative units in England (Baiocchi et al 2015) (see figure 2 for the London case). In other 

cases, such as India, spatialized large-scale household surveys enable a nationally consistent emission 

footprinting of household energy use across all locations (Ahmad et al 2015). 

The construction of urban infrastructure is also creating significant emissions in its own right, and the 

way future cities are built now determines their energy demand and emissions tomorrow, given the 

strong path dependence and lock-in potential of urban form (Creutzig et al 2016). A high share of 

urban emissions from buildings and transport will originate from both the construction and the usage 

of new cities, particularly in Asia, the Middle East, and Africa (Creutzig et al 2016). It is hence of high 

importance to properly understand the energy and emission implications of urbanization in these 

world regions, explored in detail in the data spotlight on Asian cities (Box 1). Prospective studies of 

urban greenhouse gas emissions with a full infrastructure and life-cycle perspective however remain 

scarce and require further investigation.  

 

Figure 1. Production vs consumption based emissions in UK, US, and Chinese cities. Chinese cities have typically higher 
production-based footprints, corresponding to their industrial export-oriented activities, whereas US and UK cities have 
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higher consumption-based footprints, corresponding to imports of goods. Exceptions are Beijing and Shanghai, which also 
have a disproportionally high consumption footprint, and Houston dominated by oil refineries and hence production-based 
emissions. Source: (Sudmant et al 2018). See (Minx et al 2013) for similar results displaying full diversity of footprints of 
English districts. 

 

Figure 2. London administrative units are characterized by patterns of residential emission drivers. Each node corresponds 
to a statistically distinct combination of housing, climate, urban form and socio-economic characteristics explaining location-
specific residential GHG emissions. Source: (Baiocchi et al 2015) 

 

Box 1. Spotlight on Asian cities. 
As the quantitative scale of urbanization is nowhere as prominent as in Asia in the first decades of 
the 21st century, a focus on Asian cities is warranted. In fact, Asian cities are growing at a 
historically unprecedented scale and speed. Unfortunately, the scale of the phenomenon is not 
adequately matched with data. City scale data for Asian cities, especially for South and South East 
Asian remain precarious. Even cities seen as active contributors in climate change solutions have 
only unreliable and basic data on GHG emission inventories and underlying social-economic 
drivers. In CDP’s global data bank of 187 city data only 18 are from Asia, mostly from Japan, South 
Korea and Taiwan with the exception of two from the Philippines and two from Indonesia. 
However, existing city emissions and database systems in as Japan, South Korea, Taiwan, and Hong 
Kong provide high detail-resolution, but remain mostly undisclosed, as data are coded in local 
languages and few efforts have been made to bring them to English except for big cities like Tokyo, 
Kyoto, and Hiroshima. However, 50 mid-size Japanese cities’ emissions data have been reported 
and analyzed (Makido et al 2012).  
In China, the epicenter of current urbanization, there has been considerable increase in city data 
and studies related to city emissions. A recent study showed existence of 177 studies, 80 of them 
in English and 97 related to cities and emissions (Chen et al 2017). 122 (or about 45%) of 283 
prefecture-level cities have some emission estimates with various level of details and 
methodologies-used, mostly based on city energy consumption data only (Figure 3). Other studies 
have accounted for emissions in 18 (Xu et al 2018) and 24 Chinese cities (Shan et al 2017a), 
developed consumption-based emission accounts for 13 Chinese cities (Mi et al 2016), and have 
specifically highlighted emission accounts for Tibet (Shan et al 2017b). 
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Figure 3. Per capita emissions and GDP in 122 

Chinese cities between 2009 and 2012. Total 
city emissions vary 1000 fold (from 0.23-305 
million tCO2 per year). Source: (Chen et al 
2017). The time gap between data and 
publication is significant: the average gap 
between the year of the city carbon emissions 
data and the year of publication is reported as 
3.9 years. 
 
 
 
 
 
 
 

In India, urbanization is slower than in China, but urban areas are likely to hold 40% of India’s 
population and could contribute 75% of India’s GDP by 2030 (compared to 31% and 63% 
respectively in 2010). Only a few emissions data were reported. Selected cities where emission are 
estimated include Ahmadabad (Shukla et al 2009) and Delhi (Chavez et al 2012), followed by a 
comparative study of six major Indian cities among which Chennai has the highest emissions, at 
4.79 tCO2e per capita (Ramachandra et al 2015). Another recent study uses survey data to 
estimate urban household based GHG emissions for the largest 60 municipalities finding efficiency 
gains in larger cities (Ahmad et al 2015).  
Urban data scarcity is also pervasive in other South Asian countries. The Japanese Low Carbon 
Society supported emissions estimates in a number of smaller cities in Malaysia and Vietnam 
(National Institute for Environmental Studies 2018),  and a few other studies on specific cities, such 
as Kathmandu, have been reported (Shrestha and Rajbhandari 2010).  
The key data issues for Asian cities are similar to other world regions, and include a lack of reliable 
key socio-economic and activity data at city scale; data boundary mismatches; inconsistent 
methods application; and a lack of realistic assessments of climate solutions and potentials. 
Consistent evaluation, e.g., under the Global Protocol for Communities (GPC) and support for 
database development and analysis are crucial to upscale urban data-based climate solutions.  

 

Remote sensing in the assessment of cities 
Measuring CO2 concentrations with very high spatial and temporal resolutions, and hence enabling 

emissions source allocation, would enable unforeseen opportunities in urban GHG emission 

accounting, and the corresponding identification of climate solutions. First steps towards such 

measurements have already been taken. Already in the mid-2000s, remote sensing of huge emitters 

like power plants was technologically feasible (Bovensmann et al 2010), and is becoming increasingly 

possible for lower emissions and at higher resolutions with instruments like NASA’s Orbiting Carbon 

Observatory ( OCE-2 and OCO-3) (Eldering et al 2017) or ESA’s Sentinel-5 for Methane emissions 

(Gurney 2015). Los Angeles emerges as testbed for these advanced monitoring technologies and is 

following ambitious efforts to provide monitoring and controlling of its carbon emissions (Newman et 

al 2016). Urban CO2 emissions accounting based on remote sensing will be of increasing relevance in 

future climate-policies, and has the potential to alleviate data scarcity in global south cities. 

However, so far, remote sensing can best serve combined with other data.  

Remote sensing data offers extensive spatial coverage and (potentially) temporal consistency. Simple 

satellite imagery in the visual spectral lengths – photography – allows the inference of structural 

characteristics such as street networks and the historical development of the built-up areas (Yuan et 

al 2005, Xiao et al 2006). Multispectral analysis, aided by established indicators such as the 



8 
 

normalized density vegetation index (NDVI) (Tucker et al 2005, Gallo et al 1993) enables the 

determination of material properties or vegetation assessment (Ridd 1995), urban land-use structure 

(Herold et al 2002), temperature measurements (Imhoff et al 2010, Tran et al 2006) and pollution 

(Gupta et al 2006). A global analysis of the vertical shapes of cities has revealed how cities in 

different world regions grow differently: from 1999 – 2009, growth in Tokyo or New York has been 

into the vertical dimension, Indian cities have mostly expanded horizontally, while big Chinese cities 

have grown in both dimensions (Frolking et al 2013) (Figure 4). Combining satellite data with other 

datasets and analysing it via state-of-the-art machine learning even allows the estimation of poverty 

levels from satellite data (Jean et al 2016) (see also Box 2). 

 

Figure 4: Changes from 1999 - 2000 in backscatter power (PR) and nightlight intensity (NL) for 12 global cities. Large 
differences in growth characteristics are revealed. From Frolking et al (2013). 

Remote Sensing is a powerful tool, but only if combined with other sources (Seto and Christensen 

2013). The combination with weather data is an obvious candidate for a global analysis of urban 

areas and climate change. While weather models or climate reanalyses are able to provide live 

assessments and temporally highly resolved meteorological parameters, remote sensing and global 

climatological climate data sets can inform the long-term climatological characteristics of a city, 

Particularly interesting are temporal and spatial high-resolution microclimate data, including land 

surface air temperature and humidity, available for Europe (Haylock et al 2008) and worldwide 

(Kearney et al 2014), and urban heat island climatologies (CIESIN 2016). 

Contextualizing remote sensing data with spatialized socio-economic data emerges as an increasingly 

relevant area of study. In 2010, 4231 cities had a population of more than 100,000 (Atlas of Urban 

Expansion 2018). Remote Sensing offers the opportunity to assess these cities in a consistent manner 

and analyse the impacts that these settlements have on land-use, greenhouse gases, and how they 

will be impacted by climate change. Night-time imagery has been demonstrated to be a useful proxy 

for urban extent and economic affluence (Doll et al 2000), and can be used to estimate spatialized 

population density data (Bagan and Yamagata 2015). Visual observations of urban area can be 

combined with forecasts of economic growth to create spatially-explicit projections of future urban 
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expansion in global cities (Seto et al 2012), allowing an estimation of the associated loss of 

agricultural land (Bren d’Amour et al 2017). 

 

Figure 5. Mapping direction of change in temperature and precipitation in cities. The direction of change is indicated by 
colour, where I equals warmer and wetter; II colder and wetter; III colder and drier; and IV warmer and drier conditions. 
Source: (Scheuer et al 2017) 

Remote Sensing information is widely used for climate-change related risk assessment and disaster 

risk reduction. In particular, understanding flood risks requires a combination of spatially resolved 

data on physical flood exposure – containing data on elevation, hydrology and built-up area – as well 

as socio-economic data highlighting economic vulnerabilities to floods. Such a framework has been 

presented and applied to case studies, e.g. in Copenhagen (Ranger et al 2011, Hallegatte et al 2011) 

and in an overview of future flood risks in 136 major coastal cities (Hallegatte et al 2013). 

Downscaled models of climate impacts are crucial to map urban adaptation challenges worldwide. 

Scheurer et al. (2017) propose using the Theil-San estimate and Euclidian distance as a measure of 

magnitude of climate change, both in temperature and humidity, including long-term average 

changes as well as weather extremes. This method can be applied for any city and hence enables 

global comparisons and rankings of climate change impacts (Figure 5). A US-specific study combines 

Landsat and MODIS data in a land model to assess the impact of urbanization on US surface climate, 

finding relevant warming and increased surface run-off in built-up areas, but with varying patterns 

across cities (Bounoua et al 2015).  

Remote sensing can be used to help determine the urban heat island effect and properties of urban 

climates, enabling the application of a consistent methodology across many cities (Peng et al 2012). 

Specifically, quantities from satellite remote sensing, such as the normalized difference vegetation 

index NDVI (Grover and Singh 2015), can partially predict surface UHI (Zhou et al 2017, Peng et al 

2012). Remote sensing can reveal the growth of the urban heat island over time with growth of the 



10 
 

urban area extent (Streutker 2003). Urban climates will most significantly be impacted by more 

severe heat waves (Ganguly et al 2009) (Li and Bou-Zeid 2013), which can be explicitly scaled down 

to specific urban locations in climate models. This is of particular importance as heat waves lead to 

deadly outcomes (Mora et al 2017, Nissan et al 2017), with currently 30% of the global population 

living in areas experiencing deadly heat (Mora et al 2017). Such spatially-explicit data can help to 

assess and ease communications of climate impact and enable the identification of cities with similar 

adaptation challenges (Creutzig 2015). 

High-resolution maps containing population, settlements and urban footprints form the basis for an 

integrated assessment of global settlement patterns. Rapid Advances have been made in the past 

decade. Both new satellite technology – such as the Tandem-X radar satellites – and improved data 

processing via machine learning have facilitated rapid advances in accuracy and resolution of such 

maps. Until recently, the MODIS 500 urban land cover (Schneider et al 2010) represented the state of 

the art in urban land cover data sets (Potere et al 2009). It is now outperformed by both the Global 

Urban Footprint (GUF) data which provides higher resolution and accuracy than any other urban land 

cover data set (Esch et al 2017), even including the high quality Global Human Settlement Layer 

(GHSL) (Pesaresi et al 2013, 2016) or GlobeLand 30 (Chen et al 2015). The GUF features a binary 

urban footprint at a resolution as high as 0.4” (approximately 12 m) at the equator and 0.6” in the 

mid-latitudes on a global coverage, freely available for scientific use. This high resolution constitutes 

a paradigm shift in studying urban extent in cities worldwide. 

Box 2. Machine learning approaches to process remote sensing data 
Machine learning techniques, such as neural networks, are powerful tools for the analysis of big, 
multi-dimensional and often complex “Big Data”, where complexity needs to be reduced to 
understand its main drivers (Hinton and Salakhutdinov 2006). Convolutional neural networks 
(CNN) serve well to classify images (Krizhevsky et al 2012), and are increasingly used to assess land 
use patterns (Castelluccio et al 2015). Some research takes this approach further and combines it 
with the analysis of socio-economic data (Tapiador et al 2011, Jean et al 2016). Jean et al. (2016) 
are particularly instructive. They predict poverty in five different African countries - Nigeria, 
Tanzania, Uganda, Malawi and Rwanda – at a ward/village scale using a combination of CNN, 
daytime satellite imagery and nightlight data. They use a three-step approach. First the CNN is 
trained on ImageNet (Deng et al 2009) to learn how to distinguish visual properties like edges and 
corners. In the second step it is fine-tuned so that it is able to predict night-time intensities from 
daytime images. Nightlights are a globally consistent predictor of poverty, thus the model is 
trained to focus on the aspects in daytime imagery that are relevant to poverty estimation. In the 
third and final step, socioeconomic survey data is added to the analysis. It is used to train ridge-
regression models on both household surveys and the image features from steps 1 and 2. Their 
approach exploits night-time data as a globally consistent, but highly noisy proxy for poverty in an 
intermediate step and ultimately explains 37% to 55% of average household consumption, and 
55% to 75% of the variation in average household asset wealth. While using publicly available data, 
it provides better results than mobile-phone based studies and far outperforms products that rely 
solely on nightlights. Another recent study uses data taken from Google Street View images and 
machine learning techniques (feature extraction and v-support regression) to successfully estimate 
high income areas in U.S. cities, using (Glaeser et al 2018). The usage of phone records can reveal 
detailed mobility patterns for improving both the understanding of travel behaviour and traffic 
management (Toole et al 2015). 
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Big Data approaches at city-scale 

New forms of data, including “Big Data,” have the potential to generate new hypotheses and develop 

new methods for understanding interactions between social, biophysical, and infrastructure domains 

of complex urban systems under climate change (Herold et al 2002, McPhearson et al 2016). Crowd-

sourced and big data, such as the movement of people tracked by cell phones, offer manifold new 

possibilities for assessing the inner workings of a city. Crowd-sourced information can serve as a 

reliable proxy, with vastly improved resolution and replication, for more traditional empirical social 

survey methods (Wood et al 2013). This and similar social media analyses (Keeler et al 2015) offer 

the opportunity to complement existing traditional approaches to collecting information on 

especially human behavior in cities, that can be brought together with other sources of biophysical 

and infrastructural data, especially in spatial formats through GIS. Big data can also emerge from 

municipal hotlines, city planning offices, utility use and repair records, tax assessor databases, and 

the rapid emergence of sensors and instrumented buildings, roads, and even ecological spaces. The 

utility of big data for understanding urban systems including climate impacts and efficacy of climate 

solutions will only increase with time (Knox 2014). 

Urban decision-makers need improved and regularly updated information on human behavior and 

perceptions and how they relate to global and local climate change. Linking human behavior in cities 

to downscaled climate projections and remotely sensed observations of urban form, land use 

patterns, land cover, and social-demographic information from national and international databases 

has the potential to drive a much more nuanced, and high spatial resolution platform for improved 

decision-making.  Over the past decade, with the advance of Big Data and the digital social sciences, 

as well as the growing use of social media data (SMD) in geography studies, a host of new 

opportunities to augment and expand urban systems and climate impacts research have emerged.  

Geocoded social media data (SMD) from social media users (e.g., Flickr, Twitter, Foursquare, 

Facebook, Instagram) may offer one of the most important new opportunities to fill data gaps and 

tackle many of the barriers that prevent researchers and practitioners from understanding the 

human behavior component of urban system dynamics and climate change.  SMD and other “Big 

Data” enable researchers to ask a wide range of spatially explicit questions at an unprecedented 

scale. Most social media provide the possibility of either to manually select the location from where 

one posts a message, or have it automatically added through geolocation tracking services. Even 

though, at present, geolocated tweets and Flickr photographs represent a tiny fraction of the overall 

volume of SMD (e.g., tweets geocoded via GPS constitute only 1% of all tweets) (Crampton et al 

2013) the sheer quantity of these data makes them worth examining. Geotagged tweets can 

augment traditional control data (e.g., remotely sensed images, roads, parcels). For example, 

geolocated Twitter messages can serve as control data for modeling population distribution (Lin and 

Cromley 2015). 

Research using geolocated SMD to study socioeconomic disparities and its relationship to climate 

impacts in cities is also starting to take shape. Crowd-sourced data from Foursquare users in London, 

for instance, has been shown to be a reliable proxy for the localization of income variability and 

highlighting where more at risk neighborhoods are across the city (Quercia and Saez 2014). Yet, 

mapping based on demographically unrepresentative data can also reproduce spatial segregation 

and provide an unfair picture of the places that matter citywide (Cranshaw et al 2012). This holds 

true for global-scale analyses as well. The volume of geocoded tweets greatly differs across nations 

worldwide. The U.S. and Brazil are some of the countries where the ratio between geocoded and 

non-geocoded tweets is the highest, while countries like Denmark and Norway register significantly 

lower values (Graham et al 2013). The emergence of multiple forms of big data creates exciting 
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alternatives to assess how people use and respond to urban events, plans, policies, and designs for 

climate change adaptation and mitigation. New forms of data may be a crucial resource in examining 

the use, value, and social equity in access of particular spaces in the city that provide refuge during 

climate driven extreme events, such as the parks, vacant areas, and nonpark open spaces that can 

provide, for example, cooling during heat waves. Working with big data offers opportunities with 

multiyear to decadal data sets to understand human–nature interactions in the city as never before 

and could prove crucial to assessing progress on examining impacts of climate change and mitigation 

options in cities.  

Various sources of big data have already proving useful for informing disaster risk management and 

climate adaptation planning. Kusumo et al (2017) used volunteered geographic information through 

SMD as source for planning flood evacuation shelters, while Brouwer et al (2017) used SMD sourced 

observations of flooding to develop a method for estimating flood extent in Jakarta, Indonesia. In 

New York City following the devastating impact of Hurricane Sandy researchers used Twitter SMD to 

reveal the geographies of a range of social processes and practices that occurred immediately after 

the event (Shelton et al 2014). Stefanidis et al (2013) used Twitter data collected during the 

devastating Sendai (Tohoku) earthquake in Japan (3/11/11) to examine social networks and build a 

database for studying the human landscape of post-disaster impacts. Understanding interactions 

between climate change and fire prone landscapes is another important area of concern for both 

climate change adaptation and disaster risk reduction. Kent et al. (2013)  were able to use SMD 

(included Twitter, Flickr, Picassa, and Instagram data) to examine spatial patterns of situational 

awareness during the Horsethief Canyon Fire (2012) in Wyoming, USA and demonstrated that the 

utility of SMD for actionable content during a crisis. 

From big data application for specific analysis, big data can become a central tool for urban risk 

monitoring and climate policies, enabled by sensor-based cities and the vast amounts of data 

routinely generated by their inhabitants via social media (Box 3 illustrates the Newcastle case). 

Applications include: 

➢ Using real-time data feeds from local weather stations, rainfall gauges and sewer gauging to 

assimilate real-time data within hydrodynamic models for improved flood prediction; 

➢ Combining local high frequency observations, with regional/national monitoring and 

predictions, along with tracking of geospatial social messaging (e.g., tweets of incidents as 

they occur) to provide improved early warning of potential impacts; 

➢ Employing image processed CCTV feeds to understand hazards e.g. of surface water locations 

and social media feeds to validate in real-time the emergent patterns of flooding; 

➢ Integrating spatially heterogeneous sensor data feeds on flows and movements (e.g., traffic) 

with geospatial social messaging, CCTV and other data for improved understanding of the 

temporal dynamics of impacts; 

➢ Coupling CCTV monitoring with social media data feeds to understand better citizen reaction 

and response to emerging impacts for improved future hazard mitigation; and, 

➢ Using knowledge from previous events, including modelling result-sets of both hazards and 

impacts, to improve ‘ahead of event’ response from the site to the city-scale for future 

‘events’. 

However, in order to realise the full potential of the ‘big data’ sensor networks and social media 

feeds that are continuously capturing the dynamics of cities in real-time, new approaches are 

required.  These must rigorously evaluate and integrate real-time data and information from 

traditional and new ‘big data’ sources.  The sheer volume of information requires advanced analytics 
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and methods for uncertainty handling to process and assimilate this data for real-time decision-

making and long term planning. 

Box 3. The Newcastle Urban Observatory 

 
The Newcastle Urban Observatory records 1 million city observations a day, of over fifty social, 
environmental and technical processes, across the city.  These include transport emissions, 
precipitation, surface water and river flows, air and water quality, biodiversity health indices such 
as beehive weight. The data are openly available through an API and can inform adaptation and 
mitigation activities in sectors such as transport, building energy, urban greening and flood 
management.  The City Council are already using this high resolution dataset to inform 
environment and transport strategies. 

 

Data-based approaches for urban climate policies 
The greatest challenges in achieving sustainable cities seems to mould insights from studies and 

assessments into actual policies and urban planning practices. Three data-based approaches will help 

to directly address appropriate climate policies and their mitigation and adaptation potential. The 

first approach makes use of GHG accounting data and ancillary variables to identify drivers of 

emissions and climate risks, and infer policy levers. The second approach combines urban economic 

and urban planning insights to properly explain observed data and predict consequences of policy 

implementations. The third approach performs systematic policy reviews of urban municipalities, 

providing an ex-post analysis of climate actions. All three approaches are required to upscale urban 

climate solutions beyond individual cities.  

Driver analysis of urban climate data. Data of urban GHG emissions and energy use, combined with 

ancillary socio-economic, geographical, and urban form parameters, allow the identifications of 

policy levers stratified across types of cities. Globally, urban typologies demonstrate how climate 

mitigation efforts require different policies for different city types and how advanced statistical 

analysis of large data sets (decision tree methods) reveal the uniting and dividing drivers of urban 

energy use across different cities (Creutzig et al 2015a). Results demonstrate that transport fuel taxes 

are a main lever to not only influence urban transport emissions, but also urban GHG emission en 

large (Creutzig et al 2015a). The same method has also been successful applied for countries like the 

UK, enabling a more refined analysis of drivers, such as heating systems and building vintages 

(Baiocchi et al 2015). Intertemporally consistent household surveys similarly enable the spatially 

complete analysis of household energy demand and GHG emissions, stratified along individual social 
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and economic characteristics, as shown for India (Ahmad et al 2015). Arguably, similar typologies 

would also be suitable for identifying climate adaptation strategies (Creutzig 2015). 

The advantage of this approach is a globally consistent method identifying options stratified across 

city-specific characteristics. This inter alia allows mayors to learn from best-in-class cities of the same 

type. The disadvantage is that this method neither provides city-specific resolution on 

implementation, nor does it identify barriers and obstacles in the political economy.  

Urban economics and urban planning. Theory and conceptual insights are highly relevant for urban 

policy decisions, especially when empirically founded. A highly impactful urban planning empirical 

analysis pointed to the influential role of urban density for transport energy demand (Newman and 

Kenworthy 1989). However, population density was shown to be a proxy variable for more specific 

urban form parameters, such as street connectivity and commuting distance (Mindali et al 2004). 

More general meta-analysis highlights the relevance of the 5Ds (density, diversity, design, destination 

accessibility, and distance to transit) as key variables of urban planning for reducing GHG emissions 

(Ewing and Cervero 2010, Stevens 2017). And population density reveals to be useful proxy 

nonetheless: thresholds for energy-efficient public transportation of around 50-150 persons/ha point 

to sustainable urban development windows, enabling low-carbon mobility (Lohrey and Creutzig 

2016) and low-carbon residential energy use (Baiocchi et al 2015). 

Urban economic theory explains the core principle: land prices, land availability and transportation 

cost largely determine the density of a city, with lower costs for transport driving suburbanization 

and longer commuting distances, hence leading to a higher transport energy demand. At the 

intersection between urban planning and computational urban economics, detailed land-use and 

transport models (e.g. agent-based models) can capture system-wide emission effects of planning 

decisions over time (Echenique et al 2012). Such models are extremely promising but depend on rich 

data input from municipalities not everywhere available, and are not easily tractable in terms of 

identifying key drivers. Urban econometric models aim to identify key drivers of emissions that have 

complex repercussions (Creutzig 2014, Borck and Brueckner 2016). This theory supports the strong 

and non-linear effect of fuel prices (Creutzig 2014, see also Figure 6). Urban econometric analysis can 

reveal unexpected effects. In the U.S., urban planning regulations correlate lead to counterfactually 

higher emissions from non-regulated cities, as new city construction takes place in low density 

development and hot climates that demand energy for cooling (Glaeser and Kahn 2010).  
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Figure 6. .An urban economic model that explains the relationship between the marginal costs of car transport and public 
transit, and their interaction via urban form. With higher fuel prices and marginal transport costs for cars (coded as mc), 
transport distance r is reduced, more competition for land reduces average plot size s, urban sprawl is limited and urban 
form becomes more compact. This in turn makes public transit financially more viable, as ridership is improved, per unit of 
infrastructure investments C total passenger km traveled D increase, thus making the compact inner city even more 
attractive (marginal user fees of public transit to refinance infrastructure mp are decreasing). With lower fuel prices, the 
dynamics are inversed, urban sprawl is incentivized and public transit becomes financially unattractive. Source: (Creutzig 
2014). 

Ex-post analysis of urban policies. Triggered by the slow progress in international climate policy over 

the last two decades, cities and local governments increasingly cooperate to combat climate change 

from the bottom up: thousands have developed and implemented local climate action plans. Yet, 

little is known about the impact those measures had on reducing emissions (Seto et al., 2014; Minx, 

2017). This lack of knowledge is currently a direct barrier to learning about local climate solutions. 

Hence, developing a body of literature that aims to understand what solutions work for whom under 

what conditions and why would meet an important information demand by policymakers and 

practioners. Yet, conducting such analysis at the local scale is complex and littered by data 

challenges. 

Qualitative data is important for improving the understanding of adaptation and mitigation in cities.  

It is typically descriptive and often concerned with understanding behaviour, institutions, and 

context.  These have a strong impact upon climate impacts, vulnerability, and the effectiveness of 

adaptation and mitigation options (Bulkeley and Betsill 2005). Typically, qualitative data provide a 

depth of information not possible with the big data approaches described previously, although is 

usually more time consuming to collect and process. 

Analysis of urban adaptation and mitigation strategies in EU cities (Reckien et al 2014) and 

specifically in the UK (Heidrich et al 2013) highlighted that cities often use different baseline years, 

include different emissions in their accounts, set reduction targets differently, cover different 

sectors, and describe policies or approaches to influence demand in quite different ways.  Analysis of 

627 climate actions in 100 cities revealed the heterogeneous mix of actors, settings, governance 

arrangements and technologies involved in the governance of climate change in cities in different 

parts of the world (Broto and Bulkeley 2013). Along the same line, C40 highlighted a diversity of 
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governance structures in just 66 cities, which influence the levers available to city actors or other 

non-city actors to implement change (C40 2015).   

This heterogeneity and inconsistency in data makes it extremely difficult to answer questions such 

as, what effect will the combined mitigation plans of the world’s cities have on global greenhouse gas 

emissions?  How well protected are city inhabitants against a flood of any given return period?  What 

actions have been taken, and how effective have they been, to enhance adaptive capacity and 

reduce risks?  Which combination of city and non-city organisations need to be involved to deliver a 

particular climate action in a given city?   

There are a wide range of approaches to reporting governance structure, policies, regulation, culture, 

institutions, adaptation and mitigation actions, and other factors relevant to climate action.  The 

intra- and inter-urban variability of the quality, reliability and completeness of information is huge.  

The current lack of standardisation of records, quality assurance, and incomplete availability, poses a 

significant challenge for understanding climate risks, diagnosing greenhouse gas emissions, and 

assessing the effectiveness of climate action.   

Building the data foundation for a Global Urban Sustainability Science 
Urban data science has been compartmentalized for too long, even as data and observation is 

identified as one of the six research priorities in cities and climate change (Bai et al 2018) All of 

geography, geomatics, political science, urban planning, industrial ecology, urban economics, and 

most recently computer science (with machine learning approaches on big urban data) are tackling 

various aspects of building and transport energy demand with data analysis and modelling. Industrial 

ecology provides frameworks for analysis that take into account indicators across disciplines and 

scales (Bai 2007a). Geomatics provide data on urban extent and similar variables that are slowly 

taken up for global urbanization research (Seto et al 2012, Bren d’Amour et al 2017, Güneralp et al 

2017a). But urban research remains disparate, marginalized and ill-prepared to interact effectively 

with global policy (McPhearson et al 2016), leading inter alia the inaugural issue of Natural 

Sustainability to call for a Global Urban Science (Acuto et al 2018). But vocabulary is however 

inconsistent across disciplines, and cross-citation, and more importantly, cross-fertilization remain at 

low levels. 

Here we attempted to bring the insight and approaches from different urban data sciences together, 

demonstrating that the interdisciplinary research conveys the promise of extraordinary synergies, 

forming the quantitative foundation of Global Urban Sustainability Science (Figure 7).  
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Figure 7. Interdisciplinary efforts bringing data approaches from various epistemic communities together will provide the 
quantitative foundations for a globally applicable and consistent urban sustainability science. A multitude of disciplinary 
efforts tackles empirical and theoretical foundations relevant to quantify climate change issues in cities. Cross-disciplinary 
research becomes increasingly common, but only a strong joint effort will provide the quantitative foundations of GUSS. 
Some disciplines, such as geomatics and remote sensing studies provide globally consistent data, but not necessarily in 
metrics directly applicable to climate change issues. Other disciplines, such as industrial ecology, provide relevant metrics, 
but data gathering is insufficiently harmonized. Even other disciplines, such as theoretical economics developed theoretical 
explanations of how quantitative variables interact dynamically. Theoretical efforts can help the transformation of empirical 
variables into climate change relevant metrics; and in turn, empirical data can gauge the models and support the 
identification of relevant dynamics.  

 

We envision a platform for comprehensive and harmonized urban data and methods that is available 

to urban decision makers worldwide. This platform should have low transaction costs in knowledge 

exchange. Incentives should guarantee high level of contributions by scientists and decision-makers 

alike. We suggest three specific goals: 

1) Mainstreaming and harmonizing data collection in cities worldwide;  

2) Exploiting big data to upscale solutions on agent and/or building scale while maintaining 

privacy; using high-resolution remote sensing data, and social media data to automatize 

computation of first-order climate effects and solutions; 

3) Performing synthetic research on city case studies to aggregate qualitative information on 

cities and urban solution strategies.  
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Mainstreaming and harmonizing urban data 
Several attempts have been made so far to collect and present comparable data across cities to 

foster climate solutions. We shortly discuss a few relevant ones, and identify their strengths and 

weaknesses.  

Metabolism of cities (metabolismofcities.org). Recent efforts towards realizing unified indicators for 

the study of urban metabolism have led to the creation of the “Metabolism of Cities”, a collaborative 

platform and dataset that aims to connect researchers and practitioners (Metabolism of Cities 2018). 

The Metabolism of Cities project provides a data portal to assess the metabolism of cities, including 

mainly electricity consumption, waste numbers and GHG emissions. The current data set contains 

148 cities, with 465 total indicators and 8973 data points. Many of these data stem from Hoornweg 

et al. (2011). Vienna and Brussels have an exceptional abundance of data points (above 1000), with 

36 further cities featuring more than 10 data points each. 

CDP (cdp.net/en/cities). The CDP Open Data Portal collects self-reported urban greenhouse gas 

emission data, and currently presents a global dataset based on city self-reported CO2 emissions for 

the period 1990–2016 for 187 cities in five geographic regions for 2016 and 229 cities for 2017 (153 

overlap between the two years) (CDP 2017a). CDP reports units of CO2 equivalents correspond to 

different greenhouse gases with different warming potentials for a standard 100-year time horizon. 

CDP issues consistent guidelines for reporting(CDP 2017b). Of reported emissions, 89% are from the 

period 2010–2015, including Scope 1 (direct fossil CO2 emissions from residential and industrial 

heating, transport, industrial sectors), Scope 2 (indirect CO2 emissions from the consumption of 

electricity and steam generated upstream from the city), and Total Emissions, nominally equal to the 

sum of Scope 1 and Scope 2. Cities also reported the change in emissions between the most recent 

and the preceding reporting periods, explanations for this change, methodology details, and the 

gases included in the total emissions in CO2 equivalents. A detailed analysis of this data is in 

preparation (Nangini et al under review). 

UCCRN (uccrn.org/resources/case-study). The urban climate change research network (UCCRN) built 

up a case study data base of more than 100 cities world wide, covering topics such as vulnerability, 

hazards and impacts, mitigation and adaptation actions, and sector-specific themes, such as waste 

water and flood management.  

CEADS (ceads.net/). China Emission Accounts & Datasets (CEADS) provides up-to-date energy, 

emission and socioeconomic accounting inventories for China. Datasets published by CEADs are the 

results of research projects and data is free to download for academic usages. While most data are 

national or province level, recent contributions add detail on China city-level emissions (e.g., Shan et 

al 2017a, see also Box 1). 

The Atlas of Urban Expansion (http://atlasofurbanexpansion.org/). The Atlas of Urban Expansion 

(Atlas of Urban Expansion 2018) is a joint project by UNHABITAT, New York University (NYU) and the 

Lincoln Institute. It is the output of the first two phases of the Monitoring Global Expansion Program, 

an initiative that gathers data and evidence on cities worldwide, analysing quantitative and 

qualitative data on urban expansion in a stratified sample of 200 global cities. Their data is freely 

accessible on the website above, and an impressive collection of high-quality data that showcases 

urban growth dynamics and developments based on remote sensing and is one of the most 

comprehensive data bases of urban spatial data. Among others, the Atlas provides indicators 

representing the actual urban extent of a city, rather than describing its political or administrative 

boundaries. Data that applies to the actual urban extent overcomes one of the biggest hurdles in the 

analysis of urban spaces, but requires a detailed analysis of each individual city. For 30 cities, the 
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historical growth has been mapped and visualized by use of both historical maps and satellite 

observations.  

All these efforts are extremely valuable and enrich our understanding of cities and climate change. 

The advantage of the CDP, CEADS, and Metabolism of Cities projects are that they directly aim to 

gather GHG emission data. Their disadvantage is that data are obtained from diverse sources, and 

inconsistencies in methodologies remain unavoidable, often rendering interpretation difficult. In 

contrast, the Atlas of Urban Expansion gathers consistent satellite and map-based data. However, 

their data products are only indirectly relevant for climate change related issues.  

Data gathering, building on initiatives from CDP, Metabolism of Cities, and the Atlas of Urban 

Expansion, should further intensify, and based on common protocols and standards, such as the 

Global Protocol for Communities. This requires data verification and gauging, as done for the CDP 

data (Nangini et al under review).  

Building a data platform for global urban data requires combining existing data sources. A 

standardised tagging system for data sources can help to unify data across sources. One way to build 

a global data platform is hence to link existing data via a unified, standardized tagging design, rather 

than doubling efforts by duplicating data sets. Machine learning of meta-information, as outlined 

above, may be an efficient way to proceed in such a direction.  

It also requires financial efforts and leadership, and willingness from municipal employees worldwide 

to invest time and resources into improving urban data availability. International aid should support 

urban agencies from cities in Least Developing Countries, especially in smaller (<1million) 

municipalities and where informal settlements are abundant to overcome current bias in research 

(even as it remains important to properly estimate this bias). Importantly, locally generated 

knowledge about climate issues is not only relevant for data gathering efforts, but at least as relevant 

as precondition for locally motivated action. Even as remote sensing and other big data can help to 

generate consistent and harmonized data for all cities worldwide, local data competencies are crucial 

for urban planning and policy design (Brković-Bajić 2008).  
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Table 1. Key urban climate issues and their state of data. 

Urban 
climate 

issue 

State-of-the art knowledge / insights 
and key papers 

Relevant remote sensing data Relevant city-specific 
big data 

Degrees 
of data 

coverage 

Heat 
waves 

Detailed understanding of underlying 
physics (Oke 1973, 1982, Arnfield 2003) 
Deriving surface UHI from vegetation 
indices (Peng et al 2012) 
Understanding urban climate through 
geometric laws (Zhou et al 2017) 

Land surface temperature estimation 
from satellite data (Peng et al 2012) 
MODIS remote sensing data (Clinton 
and Gong 2013) 

CIESI’s urban heat wave 
climatology (CIESIN 
2016) 
Climate model output 
(Ganguly et al 2009, 
Meehl and Tebaldi 
2004, Mora et al 2017) 

Medium-
high 

Floods 
and storm 
surge 

Detailed understanding of individual 
flood maps, e.g. (Winsemius et al 2013) 
A general framework for assessing flood 
risk (Hallegatte et al 2013) 
Numerous case studies, e.g. (Ranger et al 
2011, Hallegatte et al 2011) 
Understanding the impact of 
urbanization and air quality in increased 
heavy rain (Shi et al 2017, Fan et al 2018)  

Flood maps are aggregated products of 
elevation and hydrology models, 
including: 
GLoFAS (Winsemius et al 2013), JBA 
flood risk maps (JBA 2018), and Digital 
Elevation Models such as SRTM 1 arc-
second topography (Farr et al 2007) 

Many cities employ 
individual flood maps 
that are locally 
constrained. Global 
models and data are 
mostly commercial (e.g. 
JBA flood risk model). 

high 

Land 
slides 

Global landslide risks (Dilley 2005, Glade 
et al 2006, Petley et al 2005) 

Digital Elevation Models such as SRTM 
1 arc-second topography (Farr et al 
2007) and Global Risk Data Platform 
(UNEP / UNISDR) 

Past disaster risk data, 
e.g. DesInventar or 
Munich Re 
NatCatServices 

medium 

GHG 
emissions 
from 
buildings 

Individual building modelling (Nouvel et 
al 2015), synthetic assessments (Muñoz 
Hidalgo. et al 2016, Muñoz Hidalgo 2016) 
Degree day models (De Rosa et al 2014) 
Theoretical assessment of urban areas 
(Rode et al 2014) 
Models for assessing energy needs assist 
(Zhao and Magoulès 2012)  
Models of limits of energy consumption 
reduction (Cullen et al 2011) 
Scenario models (Güneralp et al 2017b, 
Creutzig et al 2015a) 

Two-dimensional and three-
dimensional urban extent data can 
provide information on buildings and 
urban form, relevant to energy 
consumption. 
Visual satellite imagery, particularly 
from the AVHRR and MODIS 
instruments. Nightlight data (NOAA 
2018) 
Backscatter data for vertical extent 
studies: NASA SeaWinds and DLR 
TerraSAR-X 

Energy / fuel usage 
data from national data 
bases seperated by 
sector 
Case studies for 
individual buildings or 
cities, e.g. (Ghiaus 
2006, Inard et al 2011, 
Zangheri et al 2014, 
Santamouris et al 2001, 
Frank 2005, Persson et 
al 2006) 

medium 

GHG 
emissions 
from 
transport 

Global and conceptual approaches 
(Newman and Kenworthy 1989, Creutzig 
2014, Glaeser and Kahn 2010, Creutzig 
2016, Creutzig et al 2015b) 
Case studies, e.g. on Asian cities (Rode et 
al 2017, Creutzig and He 2009). 

GRUMP  
OpenStreetMap (Openstreetmap 2018) 
gRoads (CIESIN and ITOS 2013) 

Energy / fuel usage 
data from national data 
bases seperated by 
sector 
IEA energy data 
 

Low 

Consumpt
ion-based 
emissions 

Urban lifestyles have different emission 
patterns from rural ones (Minx 2017), 
particularly in aviation-use (Heinonen et 
al 2011, Ottelin et al 2014) 
Large disparities in household 
consumption based emission (Lin et al 
2013, Wiedenhofer et al 2017) 

Hybridization of multi-region input-out 
tables (MRIO) with spatially gridded 
population data and GDP data allows 
crude gridded estimates of 
consumption-based footprints (Moran 
et al 2017) 

 Low 

Urban 
land 
consumpt
ion 

Urban expansion (Seto et al 2012, Bren 
d’Amour et al 2017) 
Using radar backscatter to determine 
individual fingerprints of vertical vs. 
horizontal growth (Frolking et al 2013) 
Determining urban area extent using 
MODIS data using automized 
classification (Schneider et al 2009, 2010) 

Visual satellite imagery from the AVHRR 
and MODIS instruments. 
Nightlight data (NOAA 2018) 
GRUMP Urban Extent Database (CIESIN 
et al 2017, Balk et al 2006) 
Backscatter data for vertical extent 
studies: NASA SeaWinds and DLR 
TerraSAR-X 

Facebook’s population 
estimate (Facebook 
Connectivity Lab and 
CIESIN 2016) 
 

Medium 

Urban 
equity 

Climate change will impact very 
differently on various population groups 
(Reckien et al 2017) 

Visual satellite imagery, particularly 
from AVHRR instruments. 
Nightlight data (NOAA 2018) 
Google Street View, Mapillary, 
Determine poverty from visual and 
nighttime imagery (Jean et al 2016) 

UN-Habitat equity 
indicators 
Street level imagery 
(Glaeser et al 2018) 

Low 
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Exploiting big data 
Big data is already used widely, but neither remote sensing data nor social media and other 

geolocalized data are fully utilized to their full potential. Remote sensing data remain insufficiently 

integrated with other heterogeneous data sources, such as OpenStreetMaps, and SMD remain often 

constraint to specific application and cities. Table 1 lists the availability of data and approaches for 

different urban climate issues. It reveals that a high amount of data is already available, and full 

integration is likely to lead to relevant synergies. Several approaches promise high potential.  

A first approach involves systematic city-wide data gathering for the consistent application for 

multiple climate and sustainability related purposes, as tentatively attempted in Newcastle (Box 3). 

Making big data part of urban policies will produce synergies across reaching different policy goals.  

A second approach involve the more sophisticated hybridization of data sources and collaboration 

across disciplines. The need for interoperability between SMD-based research and the work of many 

public and private organizations by means of intelligible units of analysis (Housley et al 2014) and 

interdisciplinary approaches (Young 2014) are common hurdles to big data scholarship. To pool the 

necessary competencies for a strong SMD research agenda and its execution it would be key that 

researchers from different walks of science – such as computer scientists, computational social 

scientists, linguists, geographers, and urban climate modelers, and urban ecologists, among others – 

join forces and work side by side as part of the same Big Data research collective (Stefanidis et al 

2013). To overcome the relatively slow-pace of urban systems research for addressing pressing, and 

in many cases, urgent problems facing cities and urbanized regions (Harris 2012, McPhearson et al 

2016), linking more traditional remotely sensed and local data with new emerging, crowd-sourced 

data is necessary. This data linkage also requires creating new interdisciplinary institutional bridges 

for scientists in different disciplines to work across a range of big data sets applied to advancing 

climate change adaptation and urban sustainability. Promising examples include the training of high-

resolution gridded and/or remote sensing data for predicting building or transport energy use in the 

city of Porto (Silva et al 2017, 2018). Approaches can also be applied to the transport sector. Street 

networks can be classified with simple hierarchical clustering, producing distinct street block 

fingerprints, which can in turn be used to produce a typology of cities (Louf and Barthelemy 2014).  

A third approach includes the upscaling of a specific method from one specific city to national areas 

and beyond. The example of synthetic building stocks to investigate high-resolution strategies for 

energy conversation in buildings is summarized in Box 4. In each case, however, privacy is a concern, 

and strategies that prevent the profiling of individuals should have priority.  

Box 4. Merging big spatial data with models to build synthetic building stocks 
Datasets capturing the building stock of cities are becoming available worldwide, either through 
crowd-sourced data (e.g. OpenStreetMap) or through the combination of official property (tax 
records) and cadastral data (geometrical information). Many cities are starting to develop 3D 
digital cadastre of their building stock at different levels of detail, inter alia to compute 
heat/cooling demands of individual buildings (Nouvel et al 2015). However,  the precise geometry 
is mostly irrelevant for estimating energy demand (Kim et al 2014), and instead it is more 
important to hybridize spatial data with other data to develop more accurate and complete energy 
demand models.  
A novel modelling technique to achieve this goal involves the construction of a synthetic building 
stock, benchmarked to available small area census statistics allows to match the synthetic building 
stock data to available cadastre data (Muñoz Hidalgo. et al 2016). This method maintains relevant 
geometrical information of cadastre data, but additionally imports information from the census or 
other national surveys (Muñoz Hidalgo. et al 2016). The approach allocates construction materials 
to the individual buildings, allowing for the estimation of indirect GHG emissions in addition to 
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direct GHG emissions. The main advantage of this method is its transferability and scalability. The 
model does not depend on local data availability or specific data formats, and a synthetic building 
stock can be generated at national level (Muñoz Hidalgo 2016). 

 
Figure 8: Estimated heat demand with a synthetic building stock based on 3D cadastre data and synthetic families 
based on census data. Source: (Muñoz Hidalgo. et al 2016).  

As a demonstration of the method, the synthetic building stock for the city of Hamburg has been 
constructed with the available cadastral data and populated with synthetic families (Figure 8) 
(Muñoz Hidalgo. et al 2016), relying on a spatial microsimulation method (Orcutt 1957, Clarke 
1996, Tanton et al 2011). The World Bank has successfully implemented this methodology for the 
estimation and mapping of poverty levels (Hentschel et al 2000, Elbers et al 2003) and UN 
Environment is currently working on the development of a Spatial Microsimulation Urban 
Metabolism (SMUM) model for the simulation and projection of resource flows of cities (Muñoz 
Hidalgo 2018). The SMUM model creates a sample survey via a Markov-Chain Monte-Carlo 
(MCMC) sampling procedure and reweights this sample via a GREGWT algorithm (Generalized 
Regression Weighting procedure) to known small area aggregates. The SMUM model projects 
resource consumption based on official population projections, which is a standard practice for 
most statistical offices around the world and an important urban planning tool. Data sets required 
for the projection of populations (population census or registers) are available for 83 percent of 
the global population (UN-DESA 2016), making these the ideal based-input-data for cities around 
the globe. 
Projections of the buildings stock serve the estimation of future resource consumption of cities. 
The projections are simulated under a business-as-usual scenario, as well as under transition 
scenarios. Simulation models need to be able to compute the effect of policies at a 
household/individual level in order to identify vulnerable sections of the populations that might be 
disproportionately affected under these scenarios. The construction of synthetic populations is the 
only alternative to perform this type of analysis and maintain at the same time the anonymity of 
its population. 
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Synthetic literature reviews and the integration of qualitative data 
Triggered by the slow progress in international climate policy over the last two decades, cities and 

local governments have teamed-up to combat climate change from the bottom up: thousands have 

developed and implemented local climate action plans. Yet, little is known about the impact those 

measures had on reducing emissions (Seto et al., 2014; Minx, 2017). This lack of knowledge is 

currently a direct barrier to learning about local climate solutions. Hence, developing a body of 

literature that aims to understand what solutions work for whom under what conditions and why 

would meet an important information demand by policymakers and practioners. Yet, conducting 

such analysis at the local scale is complex and littered by data challenges. 

Data-science should also make use of the data and insights published in the scientific literature. The 

literature on climate change is growing exponentially (Minx et al 2017) and potentially thousands of 

new articles on urban climate solutions appear annually (Lamb et al 2018). As this volume of work is 

quickly becoming unmanageable for individuals to track, bibliometric methods and systematic review 

techniques are needed to identify, extract and synthesize relevant information. In principle, this may 

follow similar procedures to those found in data science, i.e. gathering, validation, extraction and 

consolidation (Fig 9). 

Systematic reviews begin with a literature database search, on platforms such as the Web of Science, 

Scopus, or Google Scholar. Depending on the scope of the intended review, keyword searches will 

return hundreds, or thousands of results. However, the attained bibliometric data – titles, abstracts, 

keywords, and references – can already provide significant insight into literature structure and 

content: (1) epistemic communities can be inferred from citation patterns; (2) thematic content can 

be identified using natural language processing; (3) case study locations can be extracted from titles 

and abstracts using a database of urban location names. Lamb et al (2018) demonstrate (1) and (2) 

for the literature on urban demand-side mitigation policies. They identify, for instance, a 

considerable body of work on concrete multi-objective policies that consider climate mitigation only 

as a secondary issue, such as parking management and congestion charging (Figure 10). 

As prior steps to an assessment of the urban literature, these analyses put forth foundational 

questions: who is researching what topics, on which cities? But arguably, the full potential of such an 

approach is found in combination with data-science approaches (Figure XY). Data-science can reveal 

the structural similarities between cities, generate typologies, and identify salient issues that are 

shared across contexts. By contrast, the urban literature is often based in highly contextualised and 

difficult to generalise case studies. A combination of approaches – e.g. systematic reviews of the case 

study literature across cities of a particular type, focused reviews on specific policies across multiple 

(quantitatively expressed) contexts  – suggests routes out of the current impasse in comparative 

urban research and case study review methods (Scott and Storper 2015, Steinberg 2015), while 

bearing the promise of systematic learning and horizontal knowledge exchange between cities. 

With state-of-the computational tools, even contextual analysis of qualitative data can be 

automatized. For example, a textual analysis of CDP qualitative data with machine learning methods 

identifies the transport sector as focal point for emission reduction policies (Madu et al 2017).   

Local non-textual knowledge and narratives provide strong complementary information to scientific 

study both on climate impact and social response dynamics (Alexander et al 2011). Following 

(Corburn 2003), local knowledge can improve urban planning in four ways (1) epistemology, adding 

to the knowledge base of climate policy; (2) procedural democracy, including new and previously 

silenced voices; (3) effectiveness, providing low-cost policy solutions; and (4) distributive justice, 

highlighting inequitable distributions of climate impact. 
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Non-textual traditional knowledge is inherently challenging to capture, and can at best be 

understood by dedicated and case-specific ethnographic research (e.g., Boyd et al 2014). 

Comparative analysis of case studies enables a more systematic understanding of non-quantitative 

outcomes of policies and power dynamics, tentatively bridging the gap between place-specific 

insights and global dynamics (Creutzig et al 2013). Meta-analysis and systematic reviews of 

ethnographic and human geography research has a larger role to play to better represent at least 

some dimensions of local knowledge and narratives.  

Conferences and scientific events will profit from joint events with local and indigenous on climate 

challenges, as for example aspired in the IPCC Cities conference in Edmonton, 2018, where the pre-

conference afternoon is dedicated to “A Village of Hope”, sponsored by indigenous knowledge 

holders. Such events will not only directly help to better integrate local knowledge into scientific 

discourses, but also serve the purpose by bilateral inspiration for research and action.  

 

 

 

Figure 9. A parallelized and synergetic processing of data and case study literature, for example with bibliometric 
methods and systematic reviews, has potential to synthesize available information at large scale and help upscaling 
urban data to a global urban science. Source: own design.   

 

 

 



25 
 

 

Figure 10: Bibliographic coupling network of urban mitigation topics. Nodes represent articles (scaled by total citations), 
edges represent a coupled citation (two nodes citing the same third article). A total of 1500 nodes are shown, with a 
minimum threshold of 5 coupled citations. Clusters are identified with a community detection algorithm, then compared to 
the topic model to identify distinct epistemic communities. Source: (Lamb et al 2018) 

 

Designing the global urban data platform 
The architecture of the global urban data platform takes shape, comprising harmonized and upscaled 

data gathering and comparison efforts, the systematic application of remote sensing, social media 

and other big data, and the performance of systematic reviews and meta-analysis, integrating 

qualitative data, narratives and local knowledge as far as possible. However, even as teams of 

researchers put increasing effort into these endeavors, a common global urban data platform (GUDP) 

would dramatically facilitate exchange of information and accelerate knowledge accumulation.  

The design of such a platform is unclear. Here, we suggest that institutions such as Future Earth, the 

Global Carbon Project, ICLEI, CDP, and C40 are all well positioned to play a role. Joining forces would 

lead to synergies. These organizations and others could create a joint platform by creating a Scientific 

Committee that is in charge of creating the platform, by organizing annual meetings, and by financing 

a data analyst that brings data together and analyzes them, in addition to efforts of research teams. 

Annual data publications, inspired by the annual Global Carbon Budget publications of the Global 

Carbon Project, could serve as academic focal point, incentivizing the contribution of researchers.  

Municipal policy makers and administrations could be incentivized by high visibility of their cities on 

the GUDP. Prizes for both urban data gathering and commendable urban climate policies could 

further motivate urban participation and also increase the profile of climate staff within municipal 

administrations.  

The time is ripe for a global urban sustainability science will develop rapidly and a global urban data 

platform will be established. The urgency of urban contributions to climate mitigation and adaptation 

becomes increasingly clear. And the increasing data availability enables the common quantitative 

foundations. We are optimistic, not only for Manhattan and Berlin, but also for everywhere else.  

  



26 
 

References 
 Acuto M, Parnell S and Seto K C 2018 Building a global urban science Nature Sustainability 1 2 

Ahmad S, Baiocchi G and Creutzig F 2015 CO2 Emissions from Direct Energy Use of Urban Households 
in India Environmental Science & Technology 49 11312–20 

Alexander C, Bynum N, Johnson E, King U, Mustonen T, Neofotis P, Oettlé N, Rosenzweig C, 
Sakakibara C, Shadrin V, Vicarelli M, Waterhouse J and Weeks B 2011 Linking Indigenous and 
Scientific Knowledge of Climate Change BioScience 61 477–84 

Arnfield A J 2003 Two decades of urban climate research: a review of turbulence, exchanges of 
energy and water, and the urban heat island International Journal of Climatology 23 1–26 

Atlas of Urban Expansion 2018 Atlas of Urban Expansion - Home Online: 
http://atlasofurbanexpansion.org/ 

Bagan H and Yamagata Y 2015 Analysis of urban growth and estimating population density using 
satellite images of nighttime lights and land-use and population data GIScience & Remote 
Sensing 52 765–80 

Bai X 2016 Eight energy and material flow characteristics of urban ecosystems Ambio 45 819–830 

Bai X 2007a Industrial ecology and the global impacts of cities Journal of Industrial Ecology 11 1–6 

Bai X 2007b Integrating Global Environmental Concerns into Urban Management: The Scale and 
Readiness Arguments Journal of Industrial Ecology 11 15–29 

Bai X, Dawson R J, Ürge-Vorsatz D, Delgado G C, Barau A S, Dhakal S, Leonardsen L, Masson-Delmotte 
V, Roberts D and Schultz S 2018 Six research priorities for cities and climate change Nature 

Bai X, Roberts B and Chen J 2010 Urban sustainability experiments in Asia: patterns and pathways 
environmental science & policy 13 312–325 

Bai X, Surveyer A, Elmqvist T, Gatzweiler F W, Güneralp B, Parnell S, Prieur-Richard A-H, Shrivastava 
P, Siri J G and Stafford-Smith M 2016 Defining and advancing a systems approach for 
sustainable cities Current Opinion in Environmental Sustainability 23 69–78 

Baiocchi G, Creutzig F, Minx J and Pichler P-P 2015 A spatial typology of human settlements and their 
CO2 emissions in England Global Environmental Change 34 13–21 

Balk D L, Deichmann U, Yetman G, Pozzi F, Hay S I and Nelson A 2006 Determining Global Population 
Distribution: Methods, Applications and Data Advances in Parasitology 62 119–56 

Barles S 2009 Urban Metabolism of Paris and Its Region Journal of Industrial Ecology 13 898–913 

Borck R and Brueckner J 2016 Optimal energy taxation in cities 

Bounoua L, Zhang P, Mostovoy G, Thome K, Masek J, Imhoff M, Marshall Shepherd, Quattrochi D, 
Santanello J, Silva J, Wolfe R and Toure A M 2015 Impact of urbanization on US surface 
climate Environ. Res. Lett. 10 084010 

Bovensmann H, Buchwitz M, Burrows J P, Reuter M, Krings T, Gerilowski K, Schneising O, Heymann J, 
Tretner A and Erzinger J 2010 A remote sensing technique for global monitoring of power 



27 
 

plant CO2 emissions from space and related applications Atmospheric Measurement 
Techniques 3 781–811 

Boyd E, Ensor J, Broto V C and Juhola S 2014 Environmentalities of urban climate governance in 
Maputo, Mozambique Global Environmental Change 26 140–51 

Bren d’Amour C, Reitsma F, Baiocchi G, Barthel S, Güneralp B, Erb K-H, Haberl H, Creutzig F and Seto 
K C 2017 Future urban land expansion and implications for global croplands Proceedings of 
the National Academy of Sciences 114 8939–44 

Brković-Bajić M 2008 Digital realm: Implications on urban development and planning Spatium 13–20 

Broto V C and Bulkeley H 2013 A survey of urban climate change experiments in 100 cities Global 
Environmental Change 23 92–102 

Brouwer T, Eilander D, Van Loenen A, Booij M J, Wijnberg K M, Verkade J S and Wagemaker J 2017 
Probabilistic flood extent estimates from social media flood observations Natural hazards 
and earth system sciences 17 735 

Bulkeley H and Betsill M M 2005 Cities and climate change: urban sustainability and global 
environmental governance vol 4 (Psychology Press) 

C40 2015 Powering Climate Action: Cities as Global Changemakers C40 CITIES 

Castelluccio M, Poggi G, Sansone C and Verdoliva L 2015 Land use classification in remote sensing 
images by convolutional neural networks arXiv preprint arXiv:1508.00092 

CDP 2017a Cities Community Wide Emissions Online: https://data.cdp.net/Cities/2017-Cities-
Community-Wide-Emissions/kyi6-dk5h/data 

CDP 2017b Guidance for responding city governments, v1.0 Online: https://b8f65cb373b1b7b15feb-
c70d8ead6ced550b4d987d7c03fcdd1d.ssl.cf3.rackcdn.com/cms/guidance_docs/pdfs/000/00
0/507/original/CDP-Cities-Guidance-2017.pdf?1484751625 

Chavez A and Ramaswami A 2011 Progress toward low carbon cities: approaches for transboundary 
GHG emissions’ footprinting Carbon Management 2 471–82 

Chavez A, Ramaswami A, Nath D, Guru R and Kumar E 2012 Implementing Trans-Boundary 
Infrastructure-Based Greenhouse Gas Accounting for Delhi, India: Data Availability and 
Methods Journal of Industrial Ecology 16 814–28 

Chen J, Chen J, Liao A, Cao X, Chen L, Chen X, He C, Han G, Peng S, Lu M, Zhang W, Tong X and Mills J 
2015 Global land cover mapping at 30m resolution: A POK-based operational approach ISPRS 
Journal of Photogrammetry and Remote Sensing 103 7–27 

Chen Q, Cai B, Dhakal S, Pei S, Liu C, Shi X and Hu F 2017 CO2 emission data for Chinese cities 
Resources, Conservation and Recycling 126 198–208 

CIESIN 2016 Global Urban Heat Island (UHI) Data Set, 2013 Online: 
http://dx.doi.org/10.7927/H4H70CRF 

CIESIN, International Food Policy Research Institute - IFPRI, The World Bank and Centro Internacional 
de Agricultura Tropical - CIAT 2017 Global Rural-Urban Mapping Project, Version 1 
(GRUMPv1): Urban Extent Polygons, Revision 01 Online: https://doi.org/10.7927/H4Z31WKF 



28 
 

CIESIN and ITOS 2013 Global Roads Open Access Data Set, Version 1 (gROADSv1) Online: 
http://dx.doi.org/10.7927/H4VD6WCT 

Clarke G P 1996 Microsimulation for urban and regional policy analysis vol 6 
(https://katalog.b.tuhh.de/DB=22/XMLPRS=N/PPN?PPN=220691223: Pion) 

Clinton N and Gong P 2013 MODIS detected surface urban heat islands and sinks: Global locations 
and controls Remote Sensing of Environment 134 294–304 

Corburn J 2003 Bringing Local Knowledge into Environmental Decision Making: Improving Urban 
Planning for Communities at Risk Journal of Planning Education and Research 22 420–33 

Crampton J W, Graham M, Poorthuis A, Shelton T, Stephens M, Wilson M W and Zook M 2013 
Beyond the geotag: situating ‘big data’and leveraging the potential of the geoweb 
Cartography and geographic information science 40 130–9 

Cranshaw J, Schwartz R, Hong J and Sadeh N 2012 The livehoods project: Utilizing social media to 
understand the dynamics of a city 

Creutzig F 2016 Evolving Narratives of Low-Carbon Futures in Transportation Transport Reviews 36 
341–60 

Creutzig F 2014 How fuel prices determine public transport infrastructure, modal shares and urban 
form Urban Climate 10 63–76 

Creutzig F 2015 Towards typologies of urban climate and global environmental change Environmental 
Research Letters 10 101001 

Creutzig F, Agoston P, Minx J C, Canadell J G, Andrew R M, Le Quéré C, Peters G P, Sharifi A, Yamagata 
Y and Dhakal S 2016 Urban infrastructure choices structure climate solutions Nature Climate 
Change 6 1054–1056 

Creutzig F, Baiocchi G, Bierkandt R, Pichler P-P and Seto K C 2015a Global typology of urban energy 
use and potentials for an urbanization mitigation wedge Proceedings of the National 
Academy of Sciences 112 6283–8 

Creutzig F, Corbera E, Bolwig S and Hunsberger C 2013 Integrating place-specific livelihood and 
equity outcomes into global assessments of bioenergy deployment Environmental Research 
Letters 8 035047 

Creutzig F and He D 2009 Climate change mitigation and co-benefits of feasible transport demand 
policies in Beijing Transportation Research Part D: Transport and Environment 14 120–31 

Creutzig F, Jochem P, Edelenbosch O Y, Mattauch L, van Vuuren D P, McCollum D and Minx J 2015b 
Transport: A roadblock to climate change mitigation? Science 350 911–912 

Creutzig F, Mühlhoff R and Römer J 2012 Decarbonizing urban transport in European cities: four 
cases show possibly high co-benefits Environmental Research Letters 7 044042 

Cullen J M, Allwood J M and Borgstein E H 2011 Reducing Energy Demand: What Are the Practical 
Limits? Environmental Science & Technology 45 1711–8 



29 
 

De Rosa M, Bianco V, Scarpa F and Tagliafico L A 2014 Heating and cooling building energy demand 
evaluation; a simplified model and a modified degree days approach Applied Energy 128 
217–29 

Deng J, Dong W, Socher R, Li L-J, Li K and Fei-Fei L 2009 Imagenet: A large-scale hierarchical image 
database Computer Vision and Pattern Recognition, 2009. CVPR 2009. IEEE Conference on 
(IEEE) pp 248–255 

Dilley M 2005 Natural disaster hotspots: a global risk analysis vol 5 (World Bank Publications) 

Doll C H, Muller J-P and Elvidge C D 2000 Night-time imagery as a tool for global mapping of 
socioeconomic parameters and greenhouse gas emissions AMBIO: a Journal of the Human 
Environment 29 157–162 

Echenique M H, Hargreaves A J, Mitchell G and Namdeo A 2012 Growing Cities Sustainably Journal of 
the American Planning Association 78 121–37 

Elbers C, Lanjouw J O and Lanjouw P 2003 Micro-Level Estimation of Poverty and Inequality 
Econometrica 71 355–364 

Eldering A, O’Dell C W, Wennberg P O, Crisp D, Gunson M R, Viatte C, Avis C, Braverman A, Castano R 
and Chang A 2017 The Orbiting Carbon Observatory-2: First 18 months of science data 
products Atmospheric Measurement Techniques 10 549 

Esch T, Heldens W, Hirner A, Keil M, Marconcini M, Roth A, Zeidler J, Dech S and Strano E 2017 
Breaking new ground in mapping human settlements from space – The Global Urban 
Footprint ISPRS Journal of Photogrammetry and Remote Sensing 134 30–42 

Ewing R and Cervero R 2010 Travel and the Built Environment -- A Meta-Analysis Journal of the 
American Planning Association 76 265–94 

Facebook Connectivity Lab and CIESIN 2016 High Resolution Settlement Layer (HRSL). Source imagery 
for HRSL © 2016 DigitalGlobe. Online: https://ciesin.columbia.edu/data/hrsl/ 

Fan J, Rosenfeld D, Zhang Y, Giangrande S E, Li Z, Machado L A, Martin S T, Yang Y, Wang J and Artaxo 
P 2018 Substantial convection and precipitation enhancements by ultrafine aerosol particles 
Science 359 411–418 

Farr T G, Rosen P A, Caro E, Crippen R, Duren R, Hensley S, Kobrick M, Paller M, Rodriguez E, Roth L, 
Seal D, Shaffer S, Shimada J, Umland J, Werner M, Oskin M, Burbank D and Alsdorf D 2007 
The Shuttle Radar Topography Mission Rev. Geophys. 45 RG2004 

Frank T 2005 Climate change impacts on building heating and cooling energy demand in Switzerland 
Energy and Buildings 37 1175–85 

Frolking S, Milliman T, Seto K C and Friedl M A 2013 A global fingerprint of macro-scale changes in 
urban structure from 1999 to 2009 Environmental Research Letters 8 024004 

Gallo K P, McNAB A L, Karl T R, Brown J F, Hood J J and Tarpley J D 1993 The use of a vegetation index 
for assessment of the urban heat island effect International Journal of Remote Sensing 14 
2223–30 

Ganguly A R, Steinhaeuser K, Erickson D J, Branstetter M, Parish E S, Singh N, Drake J B and Buja L 
2009 Higher trends but larger uncertainty and geographic variability in 21st century 



30 
 

temperature and heat waves Proceedings of the National Academy of Sciences 106 15555–
15559 

Ghiaus C 2006 Equivalence between the load curve and the free-running temperature in energy 
estimating methods Energy and Buildings 38 429–35 

Glade T, Anderson M G and Crozier M J 2006 Landslide hazard and risk (John Wiley & Sons) 

Glaeser E L and Kahn M E 2010 The greenness of cities: carbon dioxide emissions and urban 
development Journal of Urban Economics 67 404–18 

Glaeser E L, Kominers S D, Luca M and Naik N 2018 Big data and big cities: The promises and 
limitations of improved measures of urban life Economic Inquiry 56 114–137 

Graham M, Stephens M and Hale S 2013 Featured graphic. Mapping the geoweb: a geography of 
Twitter Environment and Planning A 45 100–2 

Grover A and Singh R 2015 Analysis of Urban Heat Island (UHI) in Relation to Normalized Difference 
Vegetation Index (NDVI): A Comparative Study of Delhi and Mumbai Environments 2 125–38 

Grubler A, Bai X, Buettner T, Dhakal S, Fisk D J, Ichinose T, Keirstead J E, Sammer G, Satterthwaite D, 
Schulz N B, Shah N, Steinberger J and Weisz H 2012 Chapter 18 - Urban Energy Systems 
Global Energy Assessment - Toward a Sustainable Future (Cambridge University Press, 
Cambridge, UK and New York, NY, USA and the International Institute for Applied Systems 
Analysis, Laxenburg, Austria) pp 1307–400 

Grübler A and Fisk D J 2013 Energizing sustainable cities: assessing urban energy (Routledge) 

Güneralp B, Zhou Y, Ürge-Vorsatz D, Gupta M, Yu S, Patel P L, Fragkias M, Li X and Seto K C 2017a 
Global scenarios of urban density and its impacts on building energy use through 2050 
Proceedings of the National Academy of Sciences 114 8945–8950 

Güneralp B, Zhou Y, Ürge-Vorsatz D, Gupta M, Yu S, Patel P L, Fragkias M, Li X and Seto K C 2017b 
Global scenarios of urban density and its impacts on building energy use through 2050 
Proceedings of the National Academy of Sciences 114 8945–8950 

Gupta P, Christopher S A, Wang J, Gehrig R, Lee Y C and Kumar N 2006 Satellite remote sensing of 
particulate matter and air quality assessment over global cities Atmospheric Environment 40 
5880–5892 

Gurney K R 2015 Track urban emissions on a human scale: cities need to understand and manage 
their carbon footprint at the level of streets, buildings and communities, urge Kevin Robert 
Gurney and colleagues Nature 525 179–182 

Hallegatte S, Green C, Nicholls R J and Corfee-Morlot J 2013 Future flood losses in major coastal cities 
Nature Climate Change 3 802–6 

Hallegatte S, Ranger N, Mestre O, Dumas P, Corfee-Morlot J, Herweijer C and Wood R M 2011 
Assessing climate change impacts, sea level rise and storm surge risk in port cities: a case 
study on Copenhagen Climatic Change 104 113–37 

Harris M 2012 Oh man, the crowd is getting an F in social science Daily Crowdsource Online: 
http://dailycrowdsource.com/crowdsourcing/articles/opinions-discussion/1158-oh-man-the-
crowd-is-gettingan-f-in-social-science 



31 
 

Haylock M R, Hofstra N, Klein Tank A M G, Klok E J, Jones P D and New M 2008 A European daily high-
resolution gridded data set of surface temperature and precipitation for 1950–2006 J. 
Geophys. Res. 113 D20119 

Heidrich O, Dawson R J, Reckien D and Walsh C L 2013 Assessment of the climate preparedness of 30 
urban areas in the UK Climatic Change 120 771–784 

Heinonen J, Kyrö R and Junnila S 2011 Dense downtown living more carbon intense due to higher 
consumption: a case study of Helsinki Environmental Research Letters 6 034034 

Hentschel J, Lanjouw J O, Lanjouw P and Poggi J 2000 Combining Census and Survey Data to Trace 
the Spatial Dimensions of Poverty: A Case Study of Ecuador The World Bank Economic Review 
14 147–165 

Herold M, Scepan J and Clarke K C 2002 The Use of Remote Sensing and Landscape Metrics to 
Describe Structures and Changes in Urban Land Uses Environment and Planning A 34 1443–
58 

Hillman T and Ramaswami A 2010 Greenhouse Gas Emission Footprints and Energy Use Benchmarks 
for Eight U.S. Cities Environmental Science & Technology 44 1902–10 

Hinton G E and Salakhutdinov R R 2006 Reducing the Dimensionality of Data with Neural Networks 
Science 313 504–7 

Hoornweg D, Sugar L and Trejos Gómez C L 2011 Cities and greenhouse gas emissions: moving 
forward Environment and Urbanization 23 207–27 

Hopkins F M, Ehleringer J R, Bush S E, Duren R M, Miller C E, Lai C-T, Hsu Y-K, Carranza V and 
Randerson J T 2016 Mitigation of methane emissions in cities: How new measurements and 
partnerships can contribute to emissions reduction strategies Earth’s Future 4 408–25 

Housley W, Procter R, Edwards A, Burnap P, Williams M, Sloan L, Rana O, Morgan J, Voss A and 
Greenhill A 2014 Big and broad social data and the sociological imagination: A collaborative 
response Big Data & Society 1 2053951714545135 

Imhoff M L, Zhang P, Wolfe R E and Bounoua L 2010 Remote sensing of the urban heat island effect 
across biomes in the continental USA Remote Sensing of Environment 114 504–13 

Inard C, Pfafferott J and Ghiaus C 2011 Free-running temperature and potential for free cooling by 
ventilation: A case study Energy and Buildings 43 2705–11 

JBA 2018 JBA Hazard Maps Online: http://www.jbarisk.com/ 

Jean N, Burke M, Xie M, Davis W M, Lobell D B and Ermon S 2016 Combining satellite imagery and 
machine learning to predict poverty Science 353 790–794 

Jones C and Kammen D M 2014 Spatial distribution of US household carbon footprints reveals 
suburbanization undermines greenhouse gas benefits of urban population density 
Environmental science & technology 48 895–902 

Kahn Ribeiro S, Figueroa M J, Creutzig F, Dubeux C, Hupe J and Kobayashi S 2012 Energy End-Use: 
Transport Global Energy Assessment – Toward a Sustainable Future (Cambridge University 
Press, Cambridge, UK and New York, NY, USA) pp 575–648 



32 
 

Kearney M R, Isaac A P and Porter W P 2014 microclim: Global estimates of hourly microclimate 
based on long-term monthly climate averages Scientific Data 1 140006 

Keeler B L, Wood S A, Polasky S, Kling C, Filstrup C T and Downing J A 2015 Recreational demand for 
clean water: evidence from geotagged photographs by visitors to lakes Frontiers in Ecology 
and the Environment 13 76–81 

Kennedy C A, Stewart I, Facchini A, Cersosimo I, Mele R, Chen B, Uda M, Kansal A, Chiu A, Kim K, 
Dubeux C, Lebre La Rovere E, Cunha B, Pincetl S, Keirstead J, Barles S, Pusaka S, Gunawan J, 
Adegbile M, Nazariha M, Hoque S, Marcotullio P J, González Otharán F, Genena T, Ibrahim N, 
Farooqui R, Cervantes G and Sahin A D 2015 Energy and material flows of megacities 
Proceedings of the National Academy of Sciences 112 5985–90 

Kennedy C, Cuddihy J and Engel-Yan J 2007 The changing metabolism of cities Journal of industrial 
ecology 11 43–59 

Kennedy C and Hoornweg D 2012 Mainstreaming Urban Metabolism Journal of Industrial Ecology 16 
780–2 

Kennedy C, Steinberger J, Gasson B, Hansen Y, Hillman T, Havranek M, Pataki D, Phdungsilp A, 
Ramaswami A and Mendez G V 2009 Greenhouse gas emissions from global cities (ACS 
Publications) 

Kent J D and Capello Jr H T 2013 Spatial patterns and demographic indicators of effective social 
media content during theHorsethief Canyon fire of 2012 Cartography and Geographic 
Information Science 40 78–89 

Kim E-J, Plessis G, Hubert J-L and Roux J-J 2014 Urban energy simulation: Simplification and reduction 
of building envelope models Energy and Buildings 84 193–202 

Knox E G 2014 The Slippery Slope of Material Support Prosecutions: Social Media Support to 
Terrorists Hastings LJ 66 295 

Krizhevsky A, Sutskever I and Hinton G E 2012 Imagenet classification with deep convolutional neural 
networks Advances in neural information processing systems pp 1097–1105 

Kusumo A, Reckien D and Verplanke J 2017 Utilising volunteered geographic information to assess 
resident’s flood evacuation shelters. Case study: Jakarta Applied Geography 88 174–85 

Lamb W F, Callaghan M, Creutzig F, Khosla R and Minx J 2018 The literature landscape on 1.5°C 
Climate Change and Cities Current Opinion in Environmental Sustainability 

Li D and Bou-Zeid E 2013 Synergistic interactions between urban heat islands and heat waves: the 
impact in cities is larger than the sum of its parts Journal of Applied Meteorology and 
Climatology 52 2051–2064 

Lin J and Cromley R G 2015 Evaluating geo-located Twitter data as a control layer for areal 
interpolation of population Applied Geography 58 41–7 

Lin T, Yu Y, Bai X, Feng L and Wang J 2013 Greenhouse gas emissions accounting of urban residential 
consumption: a household survey based approach PloS one 8 e55642 

Lohrey S and Creutzig F 2016 A ‘sustainability window’ of urban form Transportation Research Part D: 
Transport and Environment 45 96–111 



33 
 

Louf R and Barthelemy M 2014 A typology of street patterns Journal of The Royal Society Interface 11 
20140924–20140924 

Lucon O, Ürge-Vorsatz D, Zain Ahmed A, Akbari H, Bertoldi P, Cabeza L F, Eyre N, Gadgil A, Harvey L D 
D, Jiang Y, Liphoto E, Mirasgedis S, Murakami S, Parikh J, Pyke C and Vilariño M V 2014 
Buildings Climate Change 2014: Mitigation of Climate Change. Contribution of Working 
Group III to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change 
[Edenhofer, O., R. Pichs-Madruga, Y. Sokona, E. Farahani, S. Kadner, K. Seyboth, A. Adler, I. 
Baum, S. Brunner, P. Eickemeier, B. Kriemann, J. Savolainen, S. Schlömer, C. von Stechow, T. 
Zwickel and J.C. Minx (eds.)]. Cambridge University Press, Cambridge, United Kingdom and 
New York, NY, USA. 

Madu C N, Kuei C and Lee P 2017 Urban sustainability management: A deep learning perspective 
Sustainable Cities and Society 30 1–17 

Makido Y, Dhakal S and Yamagata Y 2012 Relationship between urban form and CO2 emissions: 
evidence from fifty Japanese cities Urban Climate 2 55–67 

Marcotullio P J, Sarzynski A, Albrecht J, Schulz N and Garcia J 2013 The geography of global urban 
greenhouse gas emissions: an exploratory analysis Climatic Change 121 621–34 

Markolf S A, Matthews H S, Azevedo I L and Hendrickson C 2017 An integrated approach for 
estimating greenhouse gas emissions from 100 U.S. metropolitan areas Environ. Res. Lett. 12 
024003 

McPhearson T, Parnell S, Simon D, Gaffney O, Elmqvist T, Bai X, Roberts D and Revi A 2016 Scientists 
must have a say in the future of cities Nature News 538 165 

Meehl G A and Tebaldi C 2004 More Intense, More Frequent, and Longer Lasting Heat Waves in the 
21st Century Science 305 994–7 

Metabolism of Cities 2018 Data | Metabolism of Cities Online: https://metabolismofcities.org/data 

Mi Z, Zhang Y, Guan D, Shan Y, Liu Z, Cong R, Yuan X-C and Wei Y-M 2016 Consumption-based 
emission accounting for Chinese cities Applied energy 184 1073–1081 

Mindali O, Raveh A and Salomon I 2004 Urban density and energy consumption: a new look at old 
statistics Transportation Research Part A: Policy and Practice 38 143–62 

Minx J, Baiocchi G, Wiedmann T, Barrett J, Creutzig F, Feng K, Förster M, Pichler P-P, Weisz H and 
Hubacek K 2013 Carbon footprints of cities and other human settlements in the UK 
Environmental Research Letters 8 035039 

Minx J C 2017 Better data for assessing local climate policies Environmental Research Letters 12 
051001 

Minx J C, Callaghan M, Lamb W F, Garard J and Edenhofer O 2017 Learning about climate change 
solutions in the IPCC and beyond Environmental Science & Policy 77 252–259 

Mora C, Dousset B, Caldwell I R, Powell F E, Geronimo R C, Bielecki C R, Counsell C W W, Dietrich B S, 
Johnston E T, Louis L V, Lucas M P, McKenzie M M, Shea A G, Tseng H, Giambelluca T W, Leon 
L R, Hawkins E and Trauernicht C 2017 Global risk of deadly heat Nature Climate Change 7 
501–6 



34 
 

Moran D D, Kanemoto K, Jiborn M, Wood R and Seto K C 2017 Carbon Footprints Concentrated in 
Few Global Cities 

Muñoz Hidalgo M E 2016 A National Heat Demand Model for Germany Agent Based Modelling of 
Urban Systems Lecture Notes in Computer Science International Workshop on Agent Based 
Modelling of Urban Systems (Springer, Cham) pp 172–88 Online: 
https://link.springer.com/chapter/10.1007/978-3-319-51957-9_10 

Muñoz Hidalgo M E 2018 (SMUM) Spatial Microsimulation Urban Metabolism Model. 

Muñoz Hidalgo. M E, Dochev I, Seller H and Peters I 2016 Constructing a Synthetic City for Estimating 
Spatially Disaggregated Heat Demand International Journal of Microsimulation 9 66–88 

Nangini C, Peregon A, Ciais P, Weddige U, Vogel F, Bréon F-M, Bachra S, Appleby K, Telahoun S, 
Canadell J G, Grübler A, Dhakal S and Creutzig F under review A global dataset of city CO2 
emissions and emissions drivers submitted to Scientific Data 

National Institute for Environmental Studies 2018 2050 Low-Carbon Society Scenarios (LCS) - 
Scenario list Online: http://2050.nies.go.jp/LCS/eng/list.html 

Newman P W G and Kenworthy J R 1989 Gasoline Consumption and Cities Journal of the American 
Planning Association 55 24–37 

Newman S, Xu X, Gurney K R, Hsu Y K, Li K F, Jiang X, Keeling R, Feng S, O&apos;Keefe D, Patarasuk R, 
Wong K W, Rao P, Fischer M L and Yung Y L 2016 Toward consistency between trends in 
bottom-up CO2 emissions and top-down atmospheric measurements in the Los Angeles 
megacity Atmospheric Chemistry and Physics 16 3843–63 

Nissan H, Burkart K, Coughlan de Perez E, Van Aalst M and Mason S 2017 Defining and Predicting 
Heat Waves in Bangladesh Journal of Applied Meteorology and Climatology 56 2653–70 

NOAA 2018 VIIRS Day/Night Band Nighttime Lights (NOAA) Online: 
https://ngdc.noaa.gov/eog/viirs/download_dnb_composites.html#NTL_2015 

Nouvel R, Mastrucci A, Leopold U, Baume O, Coors V and Eicker U 2015 Combining GIS-based 
statistical and engineering urban heat consumption models: Towards a new framework for 
multi-scale policy support Energy and Buildings 107 204–12 

Oke T R 1973 City size and the urban heat island Atmospheric Environment (1967) 7 769–779 

Oke T R 1982 The energetic basis of the urban heat island Quarterly Journal of the Royal 
Meteorological Society 108 1–24 

Openstreetmap 2018 OpenStreetMap OpenStreetMap Online: http://www.openstreetmap.org/ 

Orcutt G H 1957 A new type of socio-economic system Review of Economics and Statistics 39 116–
123 

Ottelin J, Heinonen J and Junnila S 2014 Greenhouse gas emissions from flying can offset the gain 
from reduced driving in dense urban areas Journal of Transport Geography 41 1–9 

Peng S, Piao S, Ciais P, Friedlingstein P, Ottle C, Bréon F-M, Nan H, Zhou L and Myneni R B 2012 
Surface Urban Heat Island Across 419 Global Big Cities Environmental Science & Technology 
46 696–703 



35 
 

Persson M-L, Roos A and Wall M 2006 Influence of window size on the energy balance of low energy 
houses Energy and Buildings 38 181–8 

Pesaresi M, Ehrilch D, Florczyk A J, Freire S, Julea A, Kemper T, Soille P and Syrris V 2016 GHS built-up 
grid, derived from Landsat, multitemporal (1975, 1990, 2000, 2014) European Commission, 
Joint Research Centre (JRC)[Dataset] PID. Available online: http://data. europa. eu/89h/jrc-
ghsl-ghs_built_ldsmt_globe_r2015b (accessed on 2 January 2018) 

Pesaresi M, Huadong G, Blaes X, Ehrlich D, Ferri S, Gueguen L, Halkia M, Kauffmann M, Kemper T, Lu 
L, Marin-Herrera M A, Ouzounis G K, Scavazzon M, Soille P, Syrris V and Zanchetta L 2013 A 
Global Human Settlement Layer From Optical HR/VHR RS Data: Concept and First Results 
IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing 6 2102–31 

Petley D, Dunning S, Rosser N and Hungr O 2005 The analysis of global landslide risk through the 
creation of a database of worldwide landslide fatalities Landslide risk management. Balkema, 
Amsterdam 367–74 

Potere D, Schneider A, Angel S and Civco D L 2009 Mapping urban areas on a global scale: which of 
the eight maps now available is more accurate? International Journal of Remote Sensing 30 
6531–58 

Quercia D and Saez D 2014 Mining urban deprivation from foursquare: Implicit crowdsourcing of city 
land use IEEE Pervasive Computing 13 30–6 

Ramachandra T V, Aithal B H and Sreejith K 2015 GHG footprint of major cities in India Renewable 
and Sustainable Energy Reviews 44 473–495 

Ramaswami A, Chavez A, Ewing-Thiel J and Reeve K E 2011 Two Approaches to Greenhouse Gas 
Emissions Foot-Printing at the City Scale Environmental Science & Technology 45 4205–6 

Ramaswami A, Hillman T, Janson B, Reiner M and Thomas G 2008 A Demand-Centered, Hybrid Life-
Cycle Methodology for City-Scale Greenhouse Gas Inventories Environmental Science & 
Technology 42 6455–61 

Ranger N, Hallegatte S, Bhattacharya S, Bachu M, Priya S, Dhore K, Rafique F, Mathur P, Naville N, 
Henriet F, Herweijer C, Pohit S and Corfee-Morlot J 2011 An assessment of the potential 
impact of climate change on flood risk in Mumbai Climatic Change 104 139–67 

Reckien D, Creutzig F, Fernandez B, Lwasa S, Tovar-Restrepo M, Mcevoy D and Satterthwaite D 2017 
Climate change, equity and the Sustainable Development Goals: an urban perspective 
Environment and urbanization 29 159–182 

Reckien D, Flacke J, Dawson R J, Heidrich O, Olazabal M, Foley A, Hamann J-P, Orru H, Salvia M and 
Hurtado S D G 2014 Climate change response in Europe: what’s the reality? Analysis of 
adaptation and mitigation plans from 200 urban areas in 11 countries Climatic change 122 
331–340 

Ridd M K 1995 Exploring a V-I-S (vegetation-impervious surface-soil) model for urban ecosystem 
analysis through remote sensing: comparative anatomy for cities† International Journal of 
Remote Sensing 16 2165–85 

Rode P, Gomes A, Adeel M, Sajjad F, McArthur J, Alshalfan S, Schwinger P, Tunas D, Lange C and 
Montagne C 2017 Resource urbanisms: Asia’s divergent city models of Kuwait, Abu Dhabi, 
Singapore and Hong Kong 



36 
 

Rode P, Keim C, Robazza G, Viejo P and Schofield J 2014 Cities and Energy: Urban Morphology and 
Residential Heat-Energy Demand Environ Plann B Plann Des 41 138–62 

Santamouris M, Papanikolaou N, Livada I, Koronakis I, Georgakis C, Argiriou A and Assimakopoulos D 
N 2001 On the impact of urban climate on the energy consumption of buildings Solar energy 
70 201–216 

Scheuer S, Haase D and Volk M 2017 Integrative assessment of climate change for fast-growing urban 
areas: Measurement and recommendations for future research PloS one 12 e0189451 

Schneider A, Friedl M A and Potere D 2009 A new map of global urban extent from MODIS satellite 
data Environmental Research Letters 4 044003 

Schneider A, Friedl M A and Potere D 2010 Mapping global urban areas using MODIS 500-m data: 
New methods and datasets based on ‘urban ecoregions’ Remote Sensing of Environment 114 
1733–46 

Scott A J and Storper M 2015 The nature of cities: the scope and limits of urban theory International 
Journal of Urban and Regional Research 39 1–15 

Seto K C and Christensen P 2013 Remote sensing science to inform urban climate change mitigation 
strategies Urban Climate 3 1–6 

Seto K C, Dhakal S, Bigio A, Blanco H, Delgado G C, Dewar D, Huang L, Inaba A, Kansal A and Lwasa S 
2014 Human settlements, infrastructure and spatial planning 

Seto K C, Güneralp B and Hutyra L R 2012 Global forecasts of urban expansion to 2030 and direct 
impacts on biodiversity and carbon pools Proceedings of the National Academy of Sciences 
109 16083–16088 

Shan Y, Guan D, Liu J, Mi Z, Liu Z, Liu J, Schroeder H, Cai B, Chen Y, Shao S and Zhang Q 2017a 
Methodology and applications of city level CO2 emission accounts in China Journal of Cleaner 
Production 161 1215–25 

Shan Y, Zheng H, Guan D, Li C, Mi Z, Meng J, Schroeder H, Ma J and Ma Z 2017b Energy consumption 
and CO2 emissions in Tibet and its cities in 2014 Earth’s Future 

Shelton T, Poorthuis A, Graham M and Zook M 2014 Mapping the data shadows of Hurricane Sandy: 
Uncovering the sociospatial dimensions of ‘big data’ Geoforum 52 167–79 

Shi P, Bai X, Kong F, Fang J, Gong D, Zhou T, Guo Y, Liu Y, Dong W and Wei Z 2017 Urbanization and 
air quality as major drivers of altered spatiotemporal patterns of heavy rainfall in China 
Landscape Ecology 32 1723–1738 

Shrestha R M and Rajbhandari S 2010 Energy and environmental implications of carbon emission 
reduction targets: Case of Kathmandu Valley, Nepal Energy Policy 38 4818–4827 

Shukla P R, Pangotra P, Bazaz A B, Agarwal P and Agarwal N 2009 Ahmedabad low carbon society 
vision 2035 Ahmedabad, India: Indian Institute of Management 

Silva M C, Horta I M, Leal V and Oliveira V 2017 A spatially-explicit methodological framework based 
on neural networks to assess the effect of urban form on energy demand Applied Energy 202 
386–398 



37 
 

Silva M, Leal V, Oliveira V and Horta I M 2018 A Scenario-Based Approach for Assessing the Energy 
Performance of Urban Development Pathways Sustainable Cities and Society Online: 
https://www.sciencedirect.com/science/article/pii/S2210670717313318 

Sims R, Schaeffer R, Creutzig F, Cruz-Núñez X, D’agosto M, Dimitriu D, Figueroa Meza M J, Fulton L, 
Kobayashi S and Lah O 2014 Chapter 8: transport Climate Change 2014: Mitigation of Climate 
Change. Contribution of Working Group III to the Fifth Assessment Report of the 
Intergovernmental Panel on Climate Change 

Solecki W, Seto K C, Balk D, Bigio A, Boone C G, Creutzig F, Fragkias M, Lwasa S, Marcotullio P and 
Romero-Lankao P 2015 A conceptual framework for an urban areas typology to integrate 
climate change mitigation and adaptation Urban Climate 14 116–37 

Solecki W, Seto K C and Marcotullio P J 2013 It’s Time for an Urbanization Science Environment: 
Science and Policy for Sustainable Development 55 12–7 

Stefanidis A, Crooks A and Radzikowski J 2013 Harvesting ambient geospatial information from social 
media feeds GeoJournal 78 319–38 

Steinberg P F 2015 Can we generalize from case studies? Global Environmental Politics 15 152–175 

Stevens M R 2017 Does compact development make people drive less? Journal of the American 
Planning Association 83 7–18 

Streutker D 2003 Satellite-measured growth of the urban heat island of Houston, Texas Remote 
Sensing of Environment 85 282–9 

Sudmant A, Gouldson A, Millward-Hopkins J, Scott K and Barrett J 2018 Producer cities and consumer 
cities: Using production-and consumption-based carbon accounts to guide climate action in 
China, the UK, and the US Journal of Cleaner Production 176 654–662 

Tanton R, Vidyattama Y, Nepal B and McNamara J 2011 Small area estimation using a reweighting 
algorithm Journal of the Royal Statistical Society: Series A (Statistics in Society) 174 931–951 

Tapiador F J, Avelar S, Tavares-Corrêa C and Zah R 2011 Deriving fine-scale socioeconomic 
information of urban areas using very high-resolution satellite imagery International Journal 
of Remote Sensing 32 6437–56 

Toole J L, Colak S, Sturt B, Alexander L P, Evsukoff A and González M C 2015 The path most traveled: 
Travel demand estimation using big data resources Transportation Research Part C: Emerging 
Technologies 58 162–77 

Tran H, Uchihama D, Ochi S and Yasuoka Y 2006 Assessment with satellite data of the urban heat 
island effects in Asian mega cities International Journal of Applied Earth Observation and 
Geoinformation 8 34–48 

Tucker C J, Pinzon J E, Brown M E, Slayback D A, Pak E W, Mahoney R, Vermote E F and El Saleous N 
2005 An extended AVHRR 8‐km NDVI dataset compatible with MODIS and SPOT vegetation 
NDVI data International Journal of Remote Sensing 26 4485–98 

UN Environment 2017 The Emissions Gap Report 2017 A UN Environment Synthesis Report Online: 
https://wedocs.unep.org/bitstream/handle/20.500.11822/22070/EGR_2017.pdf?sequence=
1&isAllowed=y 



38 
 

UN-DESA 2016 The World’s Cities in 2016 - Data Booklet (UN-DESA) Online: 
http://www.un.org/en/development/desa/population/publications/pdf/urbanization/the_w
orlds_cities_in_2016_data_booklet.pdf 

UN-DESA 2017 World Population Prospects: The 2017 Revision, Key Findings and Advance Tables. 
Working Paper No. ESA/P/WP/248. Online: 
https://esa.un.org/unpd/wpp/Publications/Files/WPP2017_KeyFindings.pdf 

UN-DESA 2015 World Urbanization Prospects: The 2014 Revision: (ST/ESA/SER.A/366) (UN-DESA) 
Online: https://esa.un.org/unpd/wup/Publications/Files/WUP2014-Report.pdf 

Wiedenhofer D, Guan D, Liu Z, Meng J, Zhang N and Wei Y-M 2017 Unequal household carbon 
footprints in China Nature Climate Change 7 75 

Winsemius H C, Van Beek L P H, Jongman B, Ward P J and Bouwman A 2013 A framework for global 
river flood risk assessments Hydrology and Earth System Sciences 17 1871–92 

Wood S A, Guerry A D, Silver J M and Lacayo M 2013 Using social media to quantify nature-based 
tourism and recreation Scientific reports 3 2976 

Xiao J, Shen Y, Ge J, Tateishi R, Tang C, Liang Y and Huang Z 2006 Evaluating urban expansion and 
land use change in Shijiazhuang, China, by using GIS and remote sensing Landscape and 
Urban Planning 75 69–80 

Xu X, Huo H, Liu J, Shan Y, Li Y, Zheng H, Guan D and Ouyang Z 2018 Patterns of CO2 emissions in 18 
central Chinese cities from 2000 to 2014 Journal of Cleaner Production 172 529–540 

Young S D 2014 Behavioral insights on big data: using social media for predicting biomedical 
outcomes Trends in microbiology 22 601–2 

Yuan F, Sawaya K E, Loeffelholz B C and Bauer M E 2005 Land cover classification and change analysis 
of the Twin Cities (Minnesota) Metropolitan Area by multitemporal Landsat remote sensing 
Remote Sensing of Environment 98 317–28 

Zangheri P, Armani R, Pietrobon M, Pagliano L, Boneta M F and Müller A 2014 Heating and cooling 
energy demand and loads for building types in different countries of the EU Polytechnic 
University of Turin, end-use Efficiency Research Group 3 

Zhao H and Magoulès F 2012 A review on the prediction of building energy consumption Renewable 
and Sustainable Energy Reviews 16 3586–92 

Zhou B, Rybski D and Kropp J P 2017 The role of city size and urban form in the surface urban heat 
island Scientific Reports 7 Online: http://www.nature.com/articles/s41598-017-04242-2 

 


	Upscaling urban data science for global climate solutions
	Introduction: Manhattan, Berlin, and everywhere else
	Current state of data-based efforts at the urban-climate-change nexus
	Accounting for urban greenhouse gas emissions
	Remote sensing in the assessment of cities
	Big Data approaches at city-scale
	Data-based approaches for urban climate policies

	Building the data foundation for a Global Urban Sustainability Science
	Mainstreaming and harmonizing urban data
	Exploiting big data
	Synthetic literature reviews and the integration of qualitative data
	Designing the global urban data platform

	References

