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Key Points:
· We use spaceborne observations of CO2 and NO2 to estimate CO2 emissions for 54 global cities
· Satellite-based estimates show regional discrepancies to two bottom-up datasets, even though they agree within 7% at the global scale.
· Satellite dataset reveal wealthier cities emit less CO2 per dollar economic activity, and residents in larger cities tend to emit less CO2.
Abstract
Cities play a crucial role in reducing global greenhouse gas emissions. While activity-based (“bottom up”) emission estimates are widely used for global cities, they often lack independent verification. In this study, we use remotely-sensed CO2 observations from the Orbiting Carbon Observatory-3 (OCO-3) to “top-down” estimate CO2 emissions for 54 global cities. This global-scale analysis is enabled by a computationally efficient, low latency Cross-Sectional Flux (CSF) approach, which constrains urban plume shape using NO2 observations from TROPOMI and trajectory simulations from HYSPLIT. Our satellite-based emission estimates for 54 global cities agrees within 7% to two widely used bottom-up datasets but reveal regional discrepancies. Bottom-up estimates tend to overestimate emissions for cities in Central East Asia and South and West Asia, while underestimating emissions in Africa, East and Southeast Asia & Oceania, Europe, and North America.   Additionally, our satellite-based socioeconomic analysis shows that 1) high-income cities tend to have less carbon-intensive economies: North American cities emit 0.1 kg CO2 per USD of economic output, while African cities emit 0.5 kg CO2 per USD,  and 2) per capita emissions decrease with increasing population size, from 7.7 tCO2/person for cities under 5 million residents to 1.8 tCO2/person for cities over 20 million residents.  This study highlights the potential of satellite data to bridge gaps between top-down and bottom-up emission estimates, enhancing the robustness and transparency of emissions monitoring. Our findings emphasize the growing role of satellite data in verifying urban CO2 emissions and supporting efforts to mitigate emissions for global cities. 
Plain Language Summary
Cities can play a key role in reducing greenhouse gas emissions, but current estimates of their CO2 emissions often rely on tracking fuel sales and making assumptions on where those fuels are burned. In this study, we use satellite observations from NASA’s OCO-3 instrument to directly estimate CO2 emissions for 54 global cities. Our satellite-based estimates match fuel-usage-based datasets within 7% globally, but we find regional differences in cities in North America, Europe, Asia, and Africa. We also explore the link between emissions, economies, and populations. Our findings show that wealthier cities tend to have cleaner economies—North American cities emit 0.1 kg of CO2 per dollar of economic output, while African cities emit 0.5 kg of CO2 per dollar. Additionally, we found that larger cities produce less CO2 per person—cities under 5 million people emit 7.7 tons per person, whereas cities over 20 million emit just 1.8 tons per person.  Our study shows how satellite data can help improve emission tracking, making global monitoring more accurate and transparent. These insights can help cities better track and eventually reduce their CO2 emissions.
1 Introduction
Cities contribute about 75% of global CO2 emissions (Lwasa et al., 2022). With the global urban population projected to grow from 55% in 2018 to 70% in 2050, cities play a crucial role in reducing global Greenhouse Gas (GHG) emissions (Roberts & Mukim, 2023). More than 1,100 cities have signed the United Nations’ Race to Zero campaign, which aims to halve GHG emissions by 2030 and reach net zero by 2050 (UNFCCC, 2023). As cities increasingly commit to reduce emissions, robust and transparent monitoring of urban emissions have become critical. At the 2024 United Nations Climate Change Conference (COP29), delegates of state and governments emphasized the pivotal role of satellite-based Earth observations on cross-verifying GHG emission inventories (Climate TRACE, 2024; Friedlingstein et al., 2024).
The C40 Cities Climate Leadership Group (C40 Cities) is a network of 97 cities representing 20% of global Gross Domestic Product (GDP) and working collaboratively to influence global climate policy and reduce urban GHG emissions (C40, 2023). Most C40 cities have pledged to reach net zero emissions by 2050 (UNFCCC, 2023). To track their progress, cities compile emissions inventories by collecting activity data (e.g., gasoline sales) and corresponding emission factors. This bottom-up dataset is called the Global Protocol for Community-Scale Greenhouse Gas Emission Inventories (GPC) (WRI et al., 2014). Additionally, there are two well-established bottom-up emission datasets―the Emission Database for Global Atmospheric Research (EDGAR) and the Open-Source Data Inventory for Anthropogenic CO2 (ODIAC). These bottom-up datasets provide up-to-date CO2 emissions over global latitudinal/longitudinal grid cells, offering another opportunity for tracking cities’ emission (Crippa et al., 2021; Oda et al., 2018).
However, studies have identified inconsistencies between GPC and the two bottom-up gridded emission datasets (Ahn et al., 2023; Gurney et al., 2021; Seto et al., 2014). These studies found regional variations in the differences between these datasets. For example, African, Latin American, and South & West Asian cities tend to show larger variability in emission estimates than other regions (Ahn et al., 2023). These discrepancies can be attributed to outdated emission factors used by cities in non-Annex I nations (particularly Africa) and spatial disaggregation errors in EDGAR and ODIAC, which tend to be larger for smaller cities. This raises a critical question: Can we use the unique vantage point of space-based atmospheric CO2 observations to provide an independent check on bottom-up urban CO2 emission estimates at a global scale?
A major challenge in estimating urban CO2 emissions using satellite observations has been the lack of high-density atmospheric CO2 observations capable of resolving fine-scale CO2 features over cities (Kort et al., 2012; Wu et al., 2020; Ye et al., 2020). Since 2019, NASA has been operating the Orbiting Carbon Observatory-3 (OCO-3) mission onboard the International Space Station (ISS). OCO-3 features a Pointing Mirror Assembly (PMA) that enables the instrument to “stare” at a target area (Eldering et al., 2019). The “staring” capability,  referred to as Snapshot Area Mapping (SAM) mode, collects multi-swath atmospheric total column CO2 (XCO2) measurements over an target area with a precision of < 1 ppm at ~3 km2 resolution (Taylor et al., 2023). While its predecessor, the Orbiting-Carbon-Observatory (OCO-2) mission, has provided valuable insights into the natural carbon cycle and long-term carbon-climate interactions (Byrne et al., 2023; Chatterjee et al., 2017; J. Liu et al., 2017; Sun et al., 2017), OCO-3 provides an unprecedented opportunity to constrain the anthropogenic carbon cycle with its broader spatial coverage, high-density SAM mode, and ability to resolve fine-scale XCO2 features over cities.
An additional challenge is that traditional satellite-based urban CO2 emissions estimates have relied on complex Bayesian inversion frameworks and/or high-resolution transport models, which optimize prior emission inventories by aligning modeled and observed CO2 enhancements downwind of cities (Hedelius et al., 2018; Roten et al., 2023; Wu et al., 2018; Ye et al., 2020). However, application of this method has been limited to a small set of cities (< 5) due to the need for high-resolution meteorological fields and corresponding computational expense for running the model simulations (Hedelius et al., 2018; Lei et al., 2022; Reuter et al., 2019; Roten et al., 2023).
In this study, we present a computationally efficient approach for estimating global cities’ CO2 emissions using OCO-3 XCO2 observations. Our top-down approach applies the Cross-Sectional Flux (CSF) method to OCO-3 SAM data, incorporating TROPOMI NO2 measurements and Hybrid Singe-Particle Lagrangian Integrated Trajectory (HYSPLIT) modeling for plume identification (Stein et al., 2015). The benefits of incorporating satellite observations of NO2 as a tracer for anthropogenic sources of atmospheric CO2 have been demonstrated in previous studies (Fuentes Andrade et al., 2024; Goldberg et al., 2019; Kiel et al., 2021; Lei et al., 2022; F. Liu et al., 2020; Reuter et al., 2019; Yang et al., 2023, 2023).
Our computationally efficient CSF approach enables CO2 emission estimates for 54 global C40 cities using 4.2 years of satellite data. Having emission estimates for multiple cities across the globe us to conduct two unique analyses. First, we compare our satellite-based CO2 emission estimates to two bottom-up emission datasets ―EDGAR and ODIAC. This comparison reveals regional variations in agreements between top-down and bottom-up approaches (Section 3.1). Second, we assess CO2 emissions across global cities, in relation to their socioeconomic factors (Section 3.2). This analysis demonstrates the value of satellite-based observations for urban climate policy assessment and planning. Finally, we discuss the limitations and potential of our satellite-based approach, and their implication for urban policy stakeholders.
2 Data and Methods
2.1. OCO-3 SAMs
Since September 2019, OCO-3 has been collecting SAMs over 66 of the 97 C40 cities. We downloaded L2 bias-corrected XCO2 data (version 11r, B11072Ar) for these 66 cities from the NASA Goddard Earth Sciences Data and Information Services Center (GES DISC) website for the period between September 2019 and November 2023 (4.2 years). Note that OCO-3 was put into storage on November 2023 to allow another payload on the ISS complete its nominal mission. OCO-3 was reinstalled in July 2024 and resumed science data collection, but in this study, we limit the scope of our analysis to the first phase of OCO-3 operations, i.e., from September 2019 to November 2023. Only good quality soundings, as indicated by the binary flag in the NetCDF file (xco2_quality_flag = 0), were used in this study.
During the first 4.2 years of its mission, OCO-3 collected 4,050 SAMs (each containing at least one good XCO2 sounding) over the 66 C40 cities spanning 32 countries―an average of 19 SAMs per city per year. Of these 66 cities, the following 12 cities’ emissions are not estimated due to a lack of SAMs that passed the quality-filtering process required for our emission estimation method (see Section 2.4. for details). These cities include Beijing, Bogota, Guangzhou, Ho Chi Minh City, Lagos, Nanjing, New Orleans, Singapore, Shanghai, Warsaw, Jakarta, and Hong Kong. Two common factors causing SAM data failing the quality-filtering processes were: 1) large XCO2 or NO2 plumes from nearby sources that confound observations taken over the city and 2) the city is surrounded by water bodies where XCO2 retrievals become challenging or may generate estimates with large biases. Information from cities near water bodies is available only if the majority of a plume remains over land.
After applying the quality-filtering process, emissions were successfully estimated for 54 cities (out of 66 cities for which SAMs were available) across 27 countries, spanning seven global regions designated by C40 Cities: 4 in Africa, 8 in South & West Asia, 7 in Latin America, 5 in Central East Asia, 5 in East, Southeast Asia & Oceania, 10 in Europe, and 15 in North America. On average, eight OCO-3 SAMs per city were used to estimate citywide CO2 emissions― 11 % of all SAMs collected between September 2019 and November 2023. As the OCO-3 SAM data record continues to grow, we expect an increasing number of useable SAMs over individual cities, providing more robust emission estimates. 
2.2. TROPOMI NO2
We downloaded TROPOMI Level 2 NO2 data (S5P_OFFL_L2_NO2 and S5P_RPRO_L2_NO2) for the 66 C40 cities with OCO-3 SAM observations using the OData interface of the Data Hub (DHuSget v0.3.8). The processor version ranges from v1.03.02 to v2.05. As recommended by the user guide, we excluded TROPOMI NO2 data with qa_value < 0.5.
TROPOMI acquires column NO2 measurements in the early afternoon, around 13:30 local time. For temporal colocation, we used TROPOMI NO2 measurements taken within 2.5 hours of the OCO-3 SAMs overpass time, based on the findings from Wu et al. (2022). This means that OCO-3 SAMs collected between 11:00 and 16:00 local time were used for emission estimations. We also tested alternative temporal windows of 1.5 hours, 2 hours, and 3 hours (Table S1). The 1.5-hour window resulted in greater variability in emission estimates due to a reduced number of available SAMs (–35%), which limited the averaging of random errors and decreased temporal representation of urban emissions. The 3.5-hour window also led to increased variability in emission estimates due to larger changes in wind velocities during the extended time window. 
2.3. C40 Cities
Our emission estimation algorithm requires a city’s geographical boundary information as one of its input parameters. We consider two types of city boundaries: 1) the Urban Centre (UC) boundary from the publicly available GHS-SMOD (1 km resolution, year 2020, (Schiavina et al., 2023)) and 2) a cities’ administrative boundary. GHS-SMOD defines the Urban Centre (UC) as a cluster of contiguous 1 km2 grid cells with a population density of at least 1,500 inhabitants per km2 and a collective minimum population of 50,000 inhabitants, with occasional inclusion of grid cells containing more than 50% built-up area (Commission & Eurostat, 2021). Administrative boundaries indicate the geographical area under the jurisdiction of a city government, where urban climate policies, such as GHG mitigation efforts, are implemented and monitored. We select either the UC boundary or the administrative boundary based on the one that better matches the spatial coverage of OCO-3 SAM for each city. For example, a UC boundary from GHS-SMOD for the Los Angeles area covers 5,093 km2, including nearby cities such as Anaheim and Irvine. Meanwhile, OCO-3 SAM specifically targets the city of Los Angeles, which aligns well with its administrative boundary area of 1,361 km2. Therefore, we choose the Los Angeles administrative boundary over the UC boundary. For the following 12 cities, we select administrative boundaries over UC boundaries: Seoul, New York, Los Angeles, Chicago, Tokyo, New Delhi, Houston, Mexico City, Kolkata, Sao Paulo, Rome, Toronto. Section 2.4 describes how cities’ geographical boundary information is used to identify urban plumes from TROPOMI NO2 and OCO-3 XCO2 measurements. The GHS-SMOD is publicly available for download from the open Global Human Settlement Layer (GHSL) data. The shapefiles of administrative boundaries for the C40 cities are provided as supplemental data.
2.4. Cross-Sectional Flux (CSF) method
In this study, we adopt and refine the CSF method, previously applied to OCO-2’s single-swath XCO2 data (Reuter et al., 2019; Zheng et al., 2020), to optimize utilization of OCO-3 SAM’s multi-swatch XCO2 data for estimating urban CO2 emissions. 
2.4.1. HYSPLIT Trajectories
First, we define the cross-sections of a city’s NO2 and CO2 plumes by computing two separate trajectories using the Hybrid Singe-Particle Lagrangian Integrated Trajectory (HYSPLIT) model (Stein et al., 2015). A six-hour forward trajectory, starting 2 hours before TROPOMI (or OCO-3) overpass time from the city’s geographical center (i.e., UC or administrative boundary), is computed using ECMWF Reanalysis v5 (ERA5) meteorology (Hersbach et al., 2020). 
The trajectory’s starting time―two hours ahead of satellite overpass― is determined based on a sensitivity study evaluating the impact of varying start times ranging from three hours before to exact overpass time (Table S2). The Copernicus Data Service (CDS) API is used to automatically retrieve ERA5 spatiotemporal subset for OCO3/TROPOMI overpasses over C40 cities.
Once the two trajectories are computed, cross-sections of a city’s NO2 and CO2 plumes are defined by drawing orthogonal cross-sectional lines along at 15-minute intervals (dashed lines in Figure 1). NO2 and XCO2 measurements within ± 0.08° and ± 0.03° of these lines, respectively, are sampled for Gaussian-curve fitting (grey circles in Figure 1).
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Figure 1. Overview of the cross-sectional flux method. (A) TROPOMI tropospheric column NO2 measurements over New Delhi on February 7th, 2021. The black line is the HYSPLIT trajectory, while dotted lines are orthogonal lines used for calculating cross-sectional fluxes, defined at 15-minute intervals along the trajectory. Red lines are the full width at half-maximum (a4 in Equation 1). The right panels show NO2 measurements sampled along the orthogonal lines as a function of distance from the line’s center (circles). Gaussian curves fitted to the sampled NO2 measurements are shown in green if they passed the goodness-of-fit test and in black if they failed. Eight goodness-of-fit parameters used for the threshold filtering are shown for two Gaussian curves. (B) OCO-3 SAM XCO2 measurements from the same day, 2.5 hours before the TROPOMI overpass.
2.4.2. Gaussian Curve Fitting
For Gaussian-curve fitting of the cross-sectional NO2 and XCO2 measurements, we adopt the CSF method from Reuter et al. (2019) (R2019). The following two equations are used to fit Gaussian curves to TROPOMI’s NO2 and OCO-3’s XCO2 cross-sections sampled downwind of the city: 
			(1)
	


 where a0 and a1 is the background with spatial variation, and a2 is the amplitude, a3 is the shift, a4 is the full width at half-maximum (FWHM) of the Gaussian curve fitted to TROPOMI NO2 measurements. Similarly, b0 to b4 are equivalent parameters for OCO-3 XCO2 measurements. 
First, we estimate a0-a4 by applying a non-linear least squares method to cross-sectional NO2 measurements, using upper and lower bounds for each parameter as defined in Equation 1. These bounds help prevent the algorithm from fitting curves to noise in NO2 or XCO2 measurements while also improving computational efficiency. Notably, the shift of a Gaussian curve, a3, is allowed to deviate from the center of the trajectory by up to the city’s diameter to account for potential errors in ERA5 wind direction. The fitted a3 value is subsequently used to correct bias in emission estimates caused by errors in HYSPLIT/ERA5 trajectories (see Text S1). In contrast to our approach, R2019 set a3 to zero after manually adjusting the model wind direction to subjectively align with the observed NO2 plume.
Gaussian curve fitting for OCO-3 XCO2 measurements follows a similar approach to NO2 measurements, with key differences in parameters: b3 (shift) and b4 (FWHM). The CO2 plume shift (b3) is constrained within 110% of the maximum shift of the NO2 plume (a3) over the 6-hour trajectory span. The CO2 plume width (b4) is bounded by the NO2 plume width (a4), with an upper limit equal to a4 and a lower limit set at half of a4. This allows the model to correct the potential overestimation of urban plume width caused by TROPOMI’s larger pixel size (up to 7 km × 7 km) as compared to OCO-3’s finer pixel resolution (2.25 km × 1.6 km). If the Gaussian curve fitted to the co-located NO2 measurements fails the goodness-of-fit test (r2 > 0.8), Gaussian fitting for the corresponding OCO-3 SAM is not conducted.
To ensure the quality of Gaussian fits for CO2 plumes, we apply a goodness-of-fit test based on twelve mutually inclusive goodness-of-fit metrics (Figure S1). A detailed description of the test is provided in Text S2. As a result, 2,381 Gaussian curves pass the goodness-of-fit test, representing 7% of all Gaussian curves fitted to XCO2 measurements. Figure 1 illustrates examples of Gaussian curves that passed (green lines) and failed (black lines) the goodness-of-fit test.
2.4.3. Emission Estimation
Once the quality assurance of the Gaussian curves is complete, we calculate the city’s CO2 emissions using the following equation, adapted from R2019:
				(2)
where ECO2 is the CO2 emissions in million tons of CO2 (MtCO2) per year, MCO2 is the molar mass of CO2 (44.01 g mol-1), NA is the Avogadro constant (6.022 × 1023 mol-1), ne is the number of dry air particles in the atmospheric column (m-2), b2 is the amplitude (ppm), b4 is the FWHM (km), and ws is the wind speed orthogonal to the cross section (m/s). The ne is calculated using OCO-3 surface pressure retrieval (Psurf) assuming hydrostatic pressure in the standard atmosphere.
To calculate annual emissions, we combine hourly emission estimates from SAMs using diurnal and weekly scaling factors from Temporal Improvements for Modeling Emissions by Scaling (TIMES, global 0.25° grids) (Nassar et al., 2013), and monthly scaling factors derived from ODIAC’s monthly emissions for each city (T. Oda et al., 2018). For scaling from hourly to daily emissions, the diurnal scaling factor is inversely weighted by the 1σ uncertainty of ECO2. (i.e., larger weights are given to emission estimates with smaller uncertainties). For scaling from daily to monthly and monthly to annual emissions, ODIAC scaling factors are weighted by the number of high-quality Gaussian curves fitted for each OCO-3 SAM (i.e., larger weights are assigned to daily/monthly emission estimates that are derived from a larger number of Gaussian curves).
We calculate the 1σ uncertainty for the satellite-based CO2 emission estimates by propagating six sources of uncertainty: (1, 2) one standard deviation error of the Gaussian curve amplitude and FWHM (σb2 and σb4), (3) orthogonal wind speed (σws), (4) diurnal scaling factor from TIMES (σdiurnal), (5, 6) weekly and monthly scaling factors from ODIAC (σweekly and σmonthly). The σb2 and σb4 are calculated using the Python SciPy package’s curve_fit algorithm. We assign conservative ±30% uncertainties for wind speed (σws) and temporal scaling factors (σdiurnal, σweekly, σmonthly). 
We also tested the sensitivity of our satellite-based CO2 emission estimates calculated without incorporating TROPOMI NO2 measurements and/or HYSPLIT trajectories (see Text S3). Our results show that including TROPOMI NO2 measurements and HYSPLIT trajectories improves the emission estimates―incorporating TROPOMI NO2 enhances the quality of Gaussian curves, while incorporating HYSPLIT trajectories increases the likelihood of detecting urban plumes from satellite pixels (Table S3).
2.5. EDGAR and ODIAC
We use EDGAR v8 (European Commission et al., 2023) and ODIAC2023 (Oda & Maksyutov, 2015) to calculate annual CO2 emissions for 54 C40 cities. We select the year 2022 for both EDGAR and ODIAC, as the mean decimal year of the OCO-3 SAMs used for emission calculations is 2022.1. Emissions are calculated by summing the values from EDGAR/ODIAC grid cells within the minimum and maximum longitude/latitude of a city’s boundary (i.e., rectangular area enclosing a city’ boundary shape). Detailed description on city’s boundary is provided in Section 2.1.
To determine the 1σ uncertainty of EDGAR and ODIAC emission estimates, we consider potential spatial misalignment between the geographical coverage of OCO-3 SAM and the boundaries used to sample EDGAR and ODIAC grid cells. Two additional emissions are estimated from EDGAR and ODIAC by sampling grid cells in the following shapes: 1) a square area enclosing a city’s boundary shape (i.e., larger than the rectangular area) and 2) the city’s geographical boundary shape (i.e., smaller than the rectangular area). The 1σ uncertainties for EDGAR (or ODIAC) are calculated as one standard deviation of the three emission estimates― rectangular area (base), square area, and city’s boundary.
2.6. Socioeconomic Analysis
We use cities’ GDP and population data from the C40 Cities website, which provides city-specific GDP values from the Oxford Economics’ Global Cities Dataset. To align the spatial coverage of OCO-3 SAM (i.e., emission estimates) with the C40 cities’ administrative boundaries (i.e., GDP), we scale the GDP values by the population ratio between the two areas. Specifically, we calculate the population in the OCO-3 SAM’s geographical coverage area (i.e., the rectangular area enclosed by the UC or administrative boundaries) relative to the population in the C40 city administrative boundaries. The population count in the OCO-3 SAM’s coverage area is derived from the Gridded Population of the World (GPWv4, Revision 11, 2020, (Center for International Earth Science Information Network - CIESIN - Columbia University, 2018)).
3 Results
3.1. Satellite-based CO2 Emission Estimates for Global Cities
Figure 2 shows annual CO2 emissions for 54 C40 cities, estimated using OCO-3 SAMs XCO2 retrievals collected between September 2019 and November 2023. The emission estimates are calculated using 2,381 Gaussian curves derived from OCO-3 434 SAMs. The average number of SAMs used per city varies by region: 9 for Africa, 8 for South and West Asia, 13 for Latin America, 3 for Central East Asia, 4 for East and Southeast Asia & Oceania, 9 for Europe, and 8 for North America. 
Among these cities, Tokyo, Japan shows the highest emissions at 83 million metric tons of CO2 (MtCO2) (population 21.6 million), while Rotterdam, Netherlands shows the lowest at 11 MtCO2 (population: 2.3 million). Istanbul, Türkiye, and Dubai, UAE, show the median values with emissions of 28 MtCO2 and 32 MtCO2, respectively. The combined emissions of these cities total 1,735 MtCO2, which falls between annual emissions of Russia (1,909 MtCO2) and Japan (1,083 MtCO2)— the fourth- and fifth-largest emitting countries, respectively, according to EDGAR. The 1σ uncertainty in our satellite-based emission estimates range from 15% for Madrid, Spain to 181% for San Francisco, USA, with median uncertainties of 31% for Washington D.C., USA and 33% for Boston, USA. A full list of 1σ uncertainties for all 54 cities is shown in Figure 2.
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Figure 2. Fifty-four C40 cities’ annual CO2 emissions estimated from the satellite-based cross-sectional flux method (colored bars) and the number of OCO-3 SAMs used to calculate emissions. Error bars show 1σ uncertainty. Colored diamond symbols on y-axis show the average numbers for seven global regions designated by C40 Cities. An asterisk symbol next to the city name indicates that the city’s administrative boundary was used for the emission estimation. Other cities used the Urban Centre (UC) defined in the GHS-SMOD dataset.
3.2. Global Comparison of Bottom-up and Satellite-based Urban Emission Estimates
Figure 3 compares our satellite-based CO2 emission estimates for 54 C40 cities to two bottom-up gridded emission datasets– EDGAR and ODIAC. It is important to note that EDGAR includes both fossil and biofuel sectors, while ODIAC only covers fossil-fuel sectors. A previous study found that EDGAR can artificially underestimate citywide emissions by 13% for cities smaller than 1,000 km2 due to the smoothing effect of urban emission hotspot grid cells (Ahn et al., 2023). Our study includes 29 cities smaller than 1,000 km2. For these cities, EDGAR emissions are 8% smaller than our satellite-based estimates, which is consistent with previous findings reported in Ahn et al. (2023).
Globally, both EDGAR and ODIAC show great agreement with our satellite-based emission estimates: the mean percentage error (MPE) for the 54 cities’ emission estimates is −7% for EDGAR vs. OCO-3 and 1% for ODIAC vs. OCO-3. However, this agreement results from the cancellation of large errors in opposite directions at the individual city level. The mean absolute percentage error (MAPE), which accounts for errors of both signs, is 45% for EDGAR vs. OCO-3 and 50% for ODIAC vs. OCO-3. Among the 54 cities, EDGAR estimates fall within the 1σ uncertainty range of our OCO-3 estimates for 25 cities, and ODIAC estimates fall within this 1σ range for 22 cities. In summary, while individual city estimates should be interpreted with caution, there is less uncertainty when emissions are analyzed for groups of cities, particularly when aggregated at regional or global scales.
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Figure 3. Comparison of annual CO2 emission estimates for 54 global C40 cities between bottom-up datasets—EDGAR (A) and ODIAC (B)— and satellite-based estimates. The mean percentage error ((BottomUp−OCO3)/OCO3×100), mean absolute percentage error, and the linear least-squares regression model are shown. The grey area represents the 95% confidence interval of the regression model. Only half of the cities are labeled, with the remaining city names shown in Figure S2. Note that EDGAR includes emissions from both fossil and biofuel sectors, while ODIAC only covers fossil-fuel emissions.
3.3. Regional Comparison of Bottom-up and Satellite-based Urban Emission Estimates
When cities are grouped into seven global regions, the two bottom-up emission datasets reveal distinct regional characteristics (Figure 4). Figure 4 includes two additional variables from Figure 3: EDGAR’s fossil-only emissions and the sum of ODIAC’s fossil- and EDGAR’s biofuel emissions. For the 54 cities, ODIAC fossil emissions are 55% larger than EDGAR’s fossil emissions and 14% larger than EDGAR’s total emissions.
We found the best agreement between bottom-up and satellite-based emission estimates for cities in North America, with MPE ranging from −15 ± 41% for EDGAR fossil to −3 ± 46% for ODIAC total emissions. Overall, EDGAR and ODIAC underestimates emissions, though the standard deviation of MPE includes zero, indicating reasonable agreement with satellite-based estimates. 
A similar pattern was observed for European cities, though the underestimation by bottom-up datasets was more pronounced than in North America, with MPE range from −29 ± 43% for EDGAR fossil to −20 ± 44% for ODIAC total emissions. Notably, EDGAR and ODIAC fossil emissions showed stronger agreement in North America and Europe than in other regions, suggesting a more robust census capability in these areas. This finding supports the assumption in Solazzo et al. (2021), which assigned a lower uncertainty to fossil fuel combustion activity in industrialized countries (±5%) compared to developing countries (±10%). Additionally, Ahn et al. (2023) reported that cities in North America and Europe tend to use more recent and local-specific emission factors in their inventories, further supporting these results.
For cities in East and Southeast Asia & Oceania, ODIAC showed great agreement with satellite-based emission estimates, comparable to cities in North America, with MPE of −13 ± 23% for ODIAC fossil and 2 ± 29% for ODIAC total emissions. In contrast, EDGAR estimated significantly lower CO2 emissions in this region than both ODIAC and the satellite-based estimates, with MPE values of −58 ± 13% for EDGAR fossil and −43 ± 13% for EDGAR total.
For cities in Africa, both EDGAR and ODIAC significantly underestimated emissions compared to satellite-based estimates. Among the seven global regions, Africa is the only region where satellite-based estimates fall outside the 1 sigma range of all four bottom-up emission estimates, with MPE ranging from −73 ±19% for EDGAR fossil to −47 ± 35% for ODIAC total emissions.
In contrast, for cities in Central East Asia, both EDGAR and ODIAC overestimated emissions compared to satellite-based estimates— the opposite pattern observed in Africa. This is one of two regions where all four bottom-up estimates showed positive MPE values against satellite-based estimates, ranging from 13 ± 42% for EDGAR fossil to 70 ± 93% for ODIAC total emissions. Previous studies have suggested that China’s emission inventories may be overestimated due to factors such as inflated emission factors and imprecise spatial disaggregation (Feng et al., 2024; Liu et al., 2015; Zhang et al., 2023). While our study does not include an in-depth analysis of bottom-up datasets (e.g., emission factors, spatial proxies used for disaggregation), our results align with these earlier findings.
Similarly, for cities in South and West Asia, both EDGAR and ODIAC overestimated emissions compared to satellite-based estimates. Overall, EDGAR showed better agreements than ODIAC, with MPE ranging from 1 ± 75% for EDGAR fossil to 111 ± 90% for ODIAC total emissions. Notably, fossil emissions from EDGAR and ODIAC agreed with satellite-based estimates at a level similar to that of Central East Asia. However, in this region, EDGAR biofuel emissions accounted for 33% of the total emissions, significantly higher than Central East Asia’s 7%. This led to significantly larger MPE values for EDGAR and ODIAC total emissions compared to cities in Central East Asia.
For cities in Latin America, EDGAR total and ODIAC fossil emissions showed great agreements with satellite-based estimates, at a level similar to North America, with MPE of −15 ± 31% and −4 ± 40%, respectively. Meanwhile, EDGAR estimated relatively high biofuel CO2 emissions in this region, accounting for 37% of total emissions. This led to a significantly lower MPE for EDGAR fossil emissions and a higher MPE for ODIAC total emissions. The implications of such large biofuel emissions are further discussed in Section 4.1.
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Figure 4. Regional comparison of urban CO2 emission estimates between the bottom-up datasets—EDGAR and ODIAC— and satellite-based estimates. Empty symbols show the mean percentage error (MPE) for fossil-fuel emissions of the bottom-up datasets, while filled symbols indicate MPE for the total emissions (i.e., fossil-fuel + biofuel). The box plot shows the lower (q1) and upper (q3) quartiles, median, and the whisker ranges from the q3+1.5(q3–q1) to q1–1.5(q3–q1). The circle and line represent the mean and standard deviation, respectively.
3.4. Satellite-based Socioeconomic Analysis of Global Cities’ CO2 emissions
Given the large population range across the 54 global cities —from 1.9 million in Portland, USA to 29.6 million in Dhaka, Bangladesh— a more policy-relevant comparison of urban emissions can be achieved using the Kaya Identity, which accounts for both population and GDP. Previous studies applying the Kaya Identity have focused on a single country (Dogan & Turkekul, 2016; Gudipudi et al., 2016; Katircioğlu & Katircioğlu, 2018; Ribeiro et al., 2019; Shahbaz et al., 2016) or a region (Al-mulali et al., 2013; Gudipudi et al., 2019; Salahuddin et al., 2019), limited by the availability of spatiotemporally consistent bottom-up emission inventories. In this study, we apply a modified Kaya Identity to decompose our satellite-based emission estimates for the 54 C40 cities: CO2 = CO2/GDP × GDP/Population × Population (Kaya & Yokobori, 1997).
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Figure 5. Satellite-based Kaya Identity analysis for (A) 54 C40 cities and (B) those cities grouped into seven global regions. (A) Satellite-based CO2 emissions for individual cities are plotted against three components of the Kaya Identity: 1) CO2 Emissions per GDP, 2) GDP per capita, and 3) population. The colored line shows a non-linear least squares fit to the function   (: CO2 emissions per-capita) for population bins of 5, 10, and 20 million. (B) Regional satellite-based estimates (black triangle and error bars, the mean and the standard deviation) are compared with bottom-up based estimates (green and orange circles).
Our analysis of satellite-based urban CO2 emissions reveals an inverse relationship between CO2 emissions per unit of GDP (i.e., the carbon intensity of a city’s economy) and GDP per capita (i.e., economic output per person), indicating that high-income cities tend to have less carbon-intensive economies. A notable example is San Francisco, USA (positioned in the lower right corner of Figure 5A), where the economy is largely service-based (e.g., IT, Finance, Education), following a decline in the manufacturing sector since the 1980s (Hoerter & Wiseman, 1988). In contrast, Durban and Cape Town, both in South Africa, (upper left corner of Figure 5A) consists of larger industrial sectors. Durban is home to the largest container port in Africa, while the port of Cape Town is the second busiest port in South Africa (Naicker & Allopi, 2015). According to Durban’s GPC emission inventory, the industry sector accounts for 70% of the city’s total GHG emissions (C40 Cities, 2022), with the sugar industry being the province’s largest employer (Rambakus et al., 2020). Additionally, household fuel burning, particularly in low-income settlement area, have been identified as a significant contributor to local air pollution and co-emitted CO2 emissions (Baborska-Narozny et al., 2020; Buthelezi et al., 2019; City of Cape Town, 2024). 
A similar inverse relationship ―the decoupling of CO2 emissions from economic growth― is observed when cities are grouped into global regions. Three regions ―North America, Europe, East and Southeast Asia & Oceania― are positioned in the lower right corner in Figure 5B, representing high-output, low-carbon-intensity economies. In contrast, Africa is positioned in the upper left corner in Figure 5B, indicating low-output, high-carbon-intensity economy. Notably, despite having higher GDP per capita, Central East Asia shows higher carbon intensity than Latin America. Colored lines in Figure 5B indicate the same analysis conducted using two bottom-up emission inventories. Regionally, bottom-up estimates tend to be larger (smaller) than satellite-based estimates for cities in Central East Asia and South & West Asia (Africa, East and Southeast Asia & Oceania, Europe, and North America). However, on a global scale, bottom-up emission inventories show similar inverse relationships to those observed in satellite-based estimates. 
Additionally, our analysis shows that satellite-based per-capita CO2 emissions decrease as urban population size increases― an inverse relationship illustrated by the colored lines in Figure 5A. This trend has been previously reported in bottom-up emission studies and OCO-2 based analysis (Gately et al., 2015; Luqman et al., 2023; Ribeiro et al., 2019; Wilmot et al., 2024; Wu et al., 2020). For example, studies have reported that transportation energy consumption decrease exponentially with increasing urban population density  (Gately et al., 2015; Newman & Kenworthy, 1989).  Our-satellite based estimates find that per-capita CO2 emissions for cities with population size under 5 million average 7.7 tCO2. This declines to 5.2 tCO2 (−33%) for cities with population between 5 million and 10 million, 2.3 tCO2 (−70%) for cities between 10 million and 20 million, and 1.8 tCO2 (−77%) for cities exceeding 20 million residents.
4 Discussion
4.1. Source Sector Attribution from Space
The major limitation of the CSF approach presented in this study is its inability to attribute emissions to specific source sectors. Our satellite-based emission estimates agree within < 7% to either EDGAR’s total CO2 emissions or ODIAC’s fossil fuel CO2 emissions at the global scale (Figure 3). However, EDGAR’s urban fossil fuel CO2 emissions tend to be too low (MPE = −25%) and ODIAC’s urban total CO2 emissions tend to be too high (MPE = 19%) compared to our satellite-based estimates (Figure 4). Two bounding hypotheses to explain the discrepancy are 1) EDGAR’s fossil fuel and biofuel emission estimates are accurate and well-captured by our satellite-based approach, while ODIAC overestimates fossil fuel emissions, 2) ODIAC accurately estimates fossil fuel emissions, and our satellite-based method captures the fossil fuel CO2 signal only: i.e., CO2 plume distinguished using TROPOMI NO2 measurements and HYSPLIT trajectories only reflect the fossil fuel signal due to the lack of spatial variability in XCO2 or NO2 from biofuel combustions― a limitation of using XCO2 and NO2 together. In this second scenario, EDGAR underestimates fossil-fuel CO2 emissions for global cities. The “true” state likely falls between these two bounding hypotheses, where our satellite method captures fossil fuel CO2 signal and parts of the biofuel CO2 signal, and both EDGAR and ODIAC possess errors in their fossil fuel (and also biofuel for EDGAR) emission estimates. According to EDGAR, cities in North America, Europe, and Central East Asia are less sensitive to these hypotheses since biofuel contributions are relatively small (< 15%). In contrast, biofuel emissions account for a larger share (~37%) of total emissions for cities in Latin America and Africa, making these regions more sensitive to the hypotheses.
To better distinguish fossil fuel and biofuel CO2 emissions surrounding urban areas, future efforts should incorporate atmospheric observations of other trace gases, such as carbon monoxide (CO), black carbon (BC), or primary organic aerosols (POA) as an indicator of biomass burning (Andreae, 2019). For targeted cities, analyzing satellite observations via a Bayesian inversion and high-resolution transport modeling can help refine our understanding of urban CO2 sources (Hedelius et al., 2018; Roten et al., 2023; Wu et al., 2022; Ye et al., 2020). For example, Wu et al. (2022) estimated combustion efficiencies (i.e., CO-to-CO2 ratio) at sub-city scales for Baotou, Zibo, Shanghai, and Los Angeles using the X-STILT, OCO-3 XCO2, and TROPOMI CO data. Roten et al. (2023) demonstrated the potential to constrain sector-specific CO2 emissions from Los Angeles by interpreting OCO-3 SAMs with a Bayesian inversion technique, sector-specific a priori CO2 flux map (VULCAN), X-STILT, and 3-km resolution meteorological data. 
Moving forward, a collective effort is needed to catalogue and integrate various urban emission datasets―including satellite-derived emission datasets at the global scale (this study), high-resolution inversion modeling for targeted cities, gridded emission datasets (i.e., EDGAR and ODIAC), and local emissions inventory (e.g., GPC)― to support global cities in achieving their net-zero pledges efficiently and effectively.
4.2. In-boundary vs. Out-of-boundary Emissions
Satellite-based CO2 emission estimates cover emissions within a city’ geographical domain, commonly referred to as Scope 1 emissions. In contrast, the GPC emissions inventory―the standard emission tracking method for C40 Cities― also covers emissions occurring outside of the city’s geographical domain (Scope 2+3). Such out-of-boundary emissions include grid-supplied energy consumption (Scope 2) and out-of-boundary waste & water emissions (Scope 3). To enable a direct comparison between satellite-based emission datasets and GPC inventories, a translation between Scope 1 and Scope 1+2+3 is necessary. Since satellite sensors cannot track out-of-boundary emissions (e.g., grid-supplied energy), a more practical approach is to scale down GPC inventories (Scope 1+2+3) to Scope 1 emissions.
Figure 6 shows the percentage of Scope 1 CO2 emissions relative to total GHG emissions (seven GHGs across Scope 1+2+3) reported by C40 cities. On average, Latin American cities have the highest Scope 1 CO2 percentage (78%), followed by North America (72%), Europe (62%), South & West Asia (annual CO2 emissions %), Africa (48%), East, Southeast Asia & Oceania (32%), with a global mean of 61%. This suggests that about two-thirds of cities’ total GHG emissions occur within their boundaries and can be monitored using CO2-observing satellite instruments. Additionally, future study can use satellite-based Scope 1 CO2 emission datasets to assess the air quality co-benefits of urban climate actions, as CO2 is emitted concurrently with other air pollutants, such as NOx (Kleiman et al., 2022; West et al., 2013).
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Figure 6. The percentage of urban GHG emissions that can be monitored using satellite for 54 C40 cities. The color scale shows the percentage of Scope 1 (i.e., territorial) CO2 emissions of the total GHG emissions (All GHGs, Scope 1+2+3) according to self-reported inventories (GPC). The white circles are where the GPC inventory is not available.
4 Conclusions
In this study, we presented a computationally-efficient cross-sectional flux (CSF) approach for estimating CO2 emissions across 54 global cities using OCO-3 SAMs measurement data. We showed that the accuracy of the CSF approach can be enhanced by incorporating TROPOMI NO2 and HYSPLIT trajectory in the urban plume detection process. 
By comparing our satellite-based emissions estimates with two of the most widely used bottom-up datasets ―EDGAR and ODIAC― we found that: 1) bottom-up datasets show relatively good agreement with the satellite-based estimates on a global scale (within 7%), and 2) this agreement is largely due to regional discrepancies of opposite signs that cancel each other out. We find that bottom-up datasets tend to overestimate CO2 emissions for cities in Central East Asia and South and West Asia, while underestimating for cities in Africa, East and Southeast Asia & Oceania, Europe, and North America. These findings suggest that satellite-based emission estimates can help identify regions with larger discrepancies, such as cities in Africa and South and West Asia, for region-specific improvements to bottom-up datasets.
Moreover, the application of the Kaya Identity reveals socioeconomic patterns in global cities’ CO2 emissions. Our satellite-based analysis highlights the decoupling of economic growth and carbon-intensive sectors across global cities. Also, the satellite analysis captured that per capita CO2 emissions tend to decrease as a city’s population size grows. 
While the CSF approach enables consistent and scalable emission estimation for a large number of cities, it lacks the ability to attribute source sector or track Scope 2 or 3 emissions. Therefore, it is crucial to integrate various emission datasets, including high-resolution inversion model estimates, local inventories, along with the bottom-up datasets and satellite-based estimates presented in this study, to more effectively support global cities in their emission mitigation efforts and achieve their net-zero goals.
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