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Climate TRACE is a joint initiative founded by 
ten collaborating universities, environmental 
nonprofits, tech startups, and environmental 
leaders, plus dozens of other institutions 
that have contributed additional data and 
analysis. The purpose of the coalition is to 
pool the collective technical resources and 
domain knowledge of these organizations to 
bring unprecedented transparency, recency, 
and actionability to global greenhouse gas 
(GHG) emissions inventories. 

The impetus behind this effort to combine 
resources is that recent years have seen 
dramatic technical advances in multiple 
fields relevant to emissions monitoring, 
from increasingly granular remote sensing 
imagery to the growing availability of big 
data. And there are clear technical benefits 
to combining multiple sources of emissions 
data to cross-validate and increase emissions 
inventory accuracy, particularly when using 
machine learning (ML).

Yet these capabilities are frequently 
fragmented and scattered across many 
organizations, each specializing in different 
techniques, data types, regions, gasses, 
and sectors of the economy. Thus, the 
fundamental idea of Climate TRACE is 
that when multiple institutions integrate in 

structured ways, it is possible to collectively 
develop and transparently cross-validate a 
joint, global emissions inventory that is more 
complete, granular, and accurate than any 
one organization could produce on its own.

Climate TRACE inventory development is 
structured in two stages. First, each emitting 
sector or subsector of the economy (e.g., 
electricity, steel, waste) has one Climate 
TRACE sector lead that develops an 
individual emissions inventory for that 
sector for all countries using a consistent, 
transparent methodology. To be included 
in the inventory, methodologies and 
results must pass third-party review by 
other Climate TRACE members as well as 
unaffiliated experts.

Second, a Climate TRACE metamodeling team 
combines models produced by both Climate 
TRACE itself and as many other externally 
produced, globally available emissions 
inventories as possible into a single joint 
emissions inventory that seeks to capture the 
consensus view of the best publicly available 
science on any given emissions source.

Climate TRACE is an open coalition, with all 
models and results free and available to the 
public.
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Global Carbon 
Project

X X X X X X X

Carbon Monitor X X X X X X X

EDGAR X X X X X X X

WRI Climate 
Watch (CAIT)

X X X X X X X

PIK Potsdam / 
PRIMAP

X X X X X X X

Climate Deck / 
Rhodium Group

X X X X X X X

ODIAC X X X X X X X

Table 1: Climate TRACE’s findings on global emissions inventories

Secondary 
Inventories

Inventory 
covers all 
countries

Inventory 
covers all 
subsectors

Inventory  
publicly 
available

Inventory 
has 2021 
data

Inventory 
published 
annually

Inventory has 
sub-national 
data

Inventory has 
sub-annual 
data

UNFCCC X X X X X X X

FAO X X X X X X X

IEA X X X X X X X

BP Stat Review X X X X X X X

EIA International X X X X X X X

Primary 
Inventories

   Yes      No      Partially      UnclearLegend

Climate TRACE’s objectives do not include 
reinventing the wheel. A key aspect of the 
coalition’s work was to first identify all 
publicly available global GHG inventories, 
evaluate them for any gaps, and then 
coordinate member efforts to develop new 
inventories based on aspects of the ideal 
global emissions inventory that had not 
been addressed.  

2.1. Completeness
To establish a baseline, Climate TRACE 
first attempted to identify all global GHG 
inventories that were complete in geographic 
extent (spatially complete, covering all 
countries), scope (covering all gasses and all 
sectors of the economy), and time (covering 

every year of the period 2015–2020). 
Contrary to members’ expectations, coalition 
researchers were unable to find an existing 
inventory that met these criteria—even 
before considering other criteria such as 
granularity or accuracy.

The inventory that came closest was the 
EDGAR inventory. While EDGAR does not 
update rapidly enough to have covered the 
year 2020 as of 2021, it is the only inventory 
Climate TRACE found that publishes globally 
complete GHG emissions estimates every 
year.

However, many inventories appeared to 
have some aspects of a globally complete 
inventory (Table 1).
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Climate TRACE’s assessment found that, despite the existence of many global emissions 
inventories today, several clear challenges exist for any policymaker seeking to access 
complete, publicly available GHG emissions estimates in practice. 

The key challenges to accessing a complete global inventory include:

• Geographic completeness: 
Many otherwise high-quality inventories 
(informally referred to as “global”) did not 
cover the entire globe. As a general rule, 
inventories were often relatively complete 
in wealthier countries, but frequently had 
significant gaps in the Global South. 

• Sector completeness: 
Nearly every inventory Climate TRACE was 
able to identify covered only certain sectors 
rather than the total emissions for 
a geography. 

• Temporal completeness and recency: 
Many existing inventories are not 
published every year. Most are also not 
published until at least two years after 
the emissions occurred. Some countries’ 
most-recent inventories—particularly 
the official United Nations Framework 
Convention on Climate Change (UNFCCC) 
inventories of non-Annex 1 countries—
were as much as 20 years ago. (A few 
exceptions do exist. Most notably, Carbon 
Monitor publishes emissions estimates 
only a week after the time period 
measured.)

Review of Existing Global GHG Inventories



6

2.2. Independence

In addition to challenges in simply accessing 
a complete global GHG inventory, the lack 
of completeness of emissions inventories 
can make data harmonization and cross-
validation difficult or, in some cases, 
impossible. As detailed in Section 4.1 later, 
these challenges made it nontrivial for even 
Climate TRACE’s large team of data scientists 
with considerable expertise in emissions data 
to compare and contrast existing global GHG 
inventories. The coalition assumes that the 
typical policymaker from a small country or 
subnational government, without access to 
substantial data processing resources, would 
face even greater challenges.

In addition to completeness, Climate TRACE 
teams identified two additional mechanisms 
by which cross-validating existing global GHG 
inventories could become more effective:

• Increased geographic granularity: 
Because almost no inventories are so 
geographically granular as to apply to 
individual facilities, it is in most cases 
impossible to meaningfully cross-validate 
the many high-quality, non-global 

emissions inventories (for example, from 
corporate sustainability reporting) with 
global emissions inventories. If a global 
emissions inventory were to produce 
estimates (even imperfect estimates) at 
the level of individual point sources, such 
cross-validation would be possible. 

• Increased independence: 
An examination of existing global GHG 
inventories by Andrew (2020) suggests 
that while many exist, nearly all of 
them rely in no small part on the same 
original national data sources (Figure 
1). For example, the most complete 
inventory, EDGAR, is largely dependent 
on extrapolating from UNFCCC data, 
which greatly reduces its utility in cross-
validating the accuracy of UNFCCC data.

Based on these results, Climate TRACE 
concluded that the most valuable 
contribution its members can make to 
existing global GHG inventories is to 
prioritize constructing a global inventory that 
is complete, granular, based on independent 
sources of data, and transparently comparable 
with all existing global inventories.

Figure 1: The interconnectedness between current GHG inventories. Source: Andrew (2020)
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Figure 2: Climate TRACE emissions coverage by sector, data source, and methodology. Bar lengths represent 
the percent of total emissions recorded for the sector that are used in Climate TRACE models. Sectors with an 
asterisk (*) - Road Transport, Petrochemicals, Paper and Pulp - are sectors where the length of the bar represents 
the percentage of countries covered, rather than the percentage of assets or percentage of production measured 
globally. “LULUCF” stands for “Land Use, Land Use Change and Forestry” as defined by the UNFCCC and “Wildfires” 
contains subsectors forest, shrubland and savanna fires.

Based on these priorities, Climate TRACE sector leads have used a variety of novel 
approaches to introduce additional data suitable for use in global GHG emissions inventories. 
Collectively, Climate TRACE members have created a GHG database that estimates emissions 
using novel methods across a variety of sectors. For the years 2015–2020, sectors that use 
novel Climate TRACE-specific methods or data sources include: energy, oil and gas, shipping, 
aviation, forests, biomass fires, mining and quarrying, manufacturing, and agriculture (Figure 2). 
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For sectors where Climate TRACE teams 
have not yet contributed data that improves 
on existing inventories, the coalition uses 
the most globally complete data it can find, 
which is usually either EDGAR or FAOSTAT, 
depending on the sector.

Importantly, Climate TRACE datasets are 
as independent as possible. They rely on 
data that is either directly measured or at 
minimum audited by third-party agencies 
as opposed to relying on self-reporting 
from emitters. As of June 2022, only two 
subsectors (shipping and road transport) 
include data that is self-reported by emitters, 
alongside directly measured/audited data. 
Four subsectors (electricity generation, 
wildfires, rice cultivation, and forest clearing) 
rely on measurements directly from satellite 
data. Meanwhile, two-thirds of subsectors 
feature directly measured data alongside 
third-party audited data. Just one-third of 
subsectors rely exclusively on third-party 
data, and even those data are, in almost 
every case, audited. The incorporation of 
multiple datasets into statistical models 
creates a comprehensive and internally 
consistent GHG inventory. This enables users 
to compare emissions data between sectors 
and across countries—as seen in UNFCCC 
reporting standards for Annex-I and non-
Annex I countries (UNFCCC 2002 and 2013). A 
detailed breakdown of data sources for each 
subsector and their level of independence is 
included in the Appendix, Table 6.3.

In addition to Climate TRACE generating a 
variety of independent GHG datasets, the 
coalition has made these datasets—and 
the resulting combined global emissions 
inventory—publicly available at www.
ClimateTRACE.org. The website provides 
sortable GHG emissions with key breakdowns 
by country, sector, and year. Table 6.2 in the 
Appendix section provides a breakdown of 
sectors’ spatial granularity, and the frequency 
and recency of emissions estimates based 
on the data release year. At a minimum, 
emissions data is provided at the country 
level with a goal to provide asset-level 

emissions estimates and to expand country 
coverage in 2022. Furthermore, annual 
emissions estimates are provided as recently 
as possible, from 2015 to 2020, inclusive. 
For the updated emission estimates in 2022, 
this dataset will be expanded to include 
2021, and some sectors will provide monthly 
emissions estimates. In all, this provides 
emissions data that is up-to-date and as 
detailed as possible. All Climate TRACE 
data is transparent, meaning the sector 
methodologies are publicly available to users. 
Additionally, the models employed in the oil 
and gas sector as well as the forest clearing 
subsector are open-source, meaning the code 
for the analyses is both publicly available 
and freely reproducible.

3.1 Overview of Climate TRACE 
Individual Sector Methodologies

Each Climate TRACE sector lead uses a 
specialized relevant methodology to estimate 
emissions for their particular sector. However, 
on a conceptual level, Climate TRACE’s 
approach across sectors is largely the same: 
identify the most significant gap in emissions 
reporting within current GHG inventories and 
develop a model to estimate that emissions 
gap. These models can be machine learning, 
statistical, and/or process-based. 

Many sectors' primary modeling method is 
machine learning (ML). At a high level, ML is 
defined as a branch of artificial intelligence 
(AI) and computer science that enables 
software applications to more accurately 
predict outcomes using in situ historical data 
(Jordan et al. 2015). In the case of Climate TRACE, 
such models work by combining high-quality, 
in situ historical (“training” or “ground truth”) 
data, and other (“feature” or “signal”) data 
that are globally available, which can be used 
to predict emissions in times and places 
where in-situ data are not available.

Climate TRACE gathers ground truth data 
on emissions or emitting activity from 
high-quality networks like continuous 

Overview of the Climate TRACE Inventory
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emissions monitoring systems (CEMS) in 
select countries and sectors that have them, 
such as power plants in the United States. 
Other than independence, the primary value 
of using ML to predict such data is that 
such systems are cost-prohibitive for most 
countries and sectors. 
An important element of such models is, 
therefore, obtaining globally representative 
ground truth data to avoid causing out-of-
sample bias. Thus, in addition to collecting 
existing emissions measurements, Climate 
TRACE has invested heavily in gathering 
high-quality ground truth data in a globally 
representative mix of countries, biomes, 
weather conditions, times of day, and 
equipment types.

To apply models globally, each sector’s 
model combines these ground truth datasets 
with globally available proxy or activity 
signals which, in turn, correlate closely with 
emissions. For example, from satellite images, 
Climate TRACE identifies visual evidence of 
burning fossil fuels or the area harvested for 
agricultural activities.

A surprising result for many Climate TRACE 
members was that applying ML models to 
proxy-based signals often produces lower 
uncertainties than directly measuring 
emissions via remote sensing, particularly 
for CO2. This is because proxies that 
correlate closely with emissions can be 
measured globally more accurately and 
reliably by existing satellites than can 
GHG emissions themselves. While fairly 
effective for some GHGs such as methane, 
directly detecting emissions from space is 
usually inefficient for detecting CO2 at the 
point-source level. Because CO2 has a long 
lifespan in the atmosphere, with a baseline 
concentration that is currently above 400 
ppm, disentangling anthropogenic emissions 
from background emissions at a detailed 
granular level can also be subject to very 
high uncertainties for all but the largest and 
most concentrated GHG point sources. By 
contrast, many emitting activities produce 
clearly detectable proxy signals (e.g., steam 

plumes coming out of certain types of 
power plants) that satellites can reliably spot 
with low uncertainty. However, the coalition 
anticipates that future higher-resolution 
satellite missions will provide greater 
accuracy. They also hope to combine results 
from such instruments with existing proxy-
based techniques to further boost model 
performance.

To implement this approach, Climate TRACE 
uses many sources of data, including but 
not limited to: technical documents, in-situ 
data, journal articles, industry-reported data, 
government-reported data, and satellite-
based remote sensing data. The following 
sections contain three case studies that 
explain how Climate TRACE methodologies 
are applied to specific emissions sectors. 
Methodologies include:

• Machine learning and satellite imagery

• Statistical modeling and satellite data

• Land use, land-use change, and forestry 
(LULUCF) models and satellite data 

The case studies presented are illustrative 
examples of how Climate TRACE 
methodologies have been applied. However, 
they are not an exhaustive accounting of all 
Climate TRACE methodologies or measured 
sectors. Refer to Table 6.3 in the Appendix 
for information on which sectors employ 
similar methodologies. Also, note that one 
methodology (i.e., statistical modeling and 
reported data) shown in Figure 2 is not 
described in a case study for this article. 
However, links to documentation are provided 
in the Appendix 6.1. A detailed list of data 
sources and models used for each subsector 
is provided in Table 6.3 in the Appendix.

Overview of the Climate TRACE Inventory
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3.2 Methodology: Machine 
Learning and Satellite Imagery

3.2.1 Case Study: Climate TRACE 
Manufacturing—Steel and Cement 
Emissions

Introduction

Steel and cement production are both 
energy-intensive processes that generate 
significant emissions. Until recently, detailed 
information about steel and cement 
production was lacking. Emissions estimates 
were only available at the country level 
and with a reporting delay of several years. 
Consequently, in most regions policymakers 
lack the facility-level information on cement 
and steel necessary to identify specific 
assets with disproportionate emissions rates.

Climate TRACE addresses both the temporal 
and spatial limitations of traditional 
emissions reporting in steel and cement 
production. To measure these subsectors, 
Climate TRACE sector lead TransitionZero 
used a combination of satellite imagery, 

Figure 3: Example of the modeling approach to quantify asset-level emissions for the iron and steel industry, 
segregated by steel processing routes: basic oxygen furnace processing routes (BF-BOF) and electric arc furnace 
(EAF).

publicly reported data, and ML approaches 
developed by Ben m’Barek and Gray (2021), 
Zhou et al. (2019), Marchese et al. (2019) and 
Liangrocapart et al. (2020). Given the lack of 
publicly available asset-level emissions data, 
a standardized “bottom-up” approach was 
developed to measure the emissions from 
individual plants. This involved three main 
steps (Figure 3).

BF-BOF plants produce heat signatures 
substantial enough to be detected via 
satellite. These heat signatures serve as input 
for a model that estimates the plant’s steel 
production and emissions. EAF plants do not 
produce satellite-detectible heat signatures. 
Therefore, a separate model is used to 
estimate the capacities of specific EAF plants 
and allocate a proportion of the nation’s total 
steel production (after subtracting out the 
portion of national production allocated by 
the satellite-based model to BF-BOF plants) 
to each EAF plant. This method generates 
both estimates of asset-level and country-
level emissions for steel production. Because 
cement plants also produce satellite-
detectible heat signatures, this method is 
used for cement production as well.

Overview of the Climate TRACE Inventory
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Step 1. A satellite-based approach was 
applied to quantify the heat signatures from 
high-temperature steel and cement plants: 

• Steel mills operating blast furnaces (BF-
BOF). These steel mills have several units 
that function at temperatures higher than 
1,200ºC. These “hotspots” include signals 
from coke plants, sinter plants, blast 
furnaces, slag pits, and basic oxygenation 
furnaces, which satellite imagery can 
capture. 

• Cement plants. Their temperatures can 
reach as high as 1,450ºC when producing 
material for cement. The resulting 
hotspots are localized around kilns.

Once these “hotspots” were identified, they 
were fed into a model based on historical 

steel production data, as well as Sentinel-2 
and Landsat-8 short-wave infrared (SWIR) 
measurements dating back to 2015. These 
historical datasets provide the baseline 
Climate TRACE uses to predict current steel 
production, and thus estimate emissions. To 
calculate the magnitude of these hotspots, a 
normalized band ratio was used to combine 
the SWIR bands from each of the satellites 
into a normalized heat index (NHI):

For Sentinel-2: NHI = (Band 12 - Band 11)  / 
(Band 12 + Band 11)
For Landsat-8: NHI = (Band 7 - Band 6)  / 
(Band 7 + Band 6)

These NHI ratios capture thermal anomalies 
within the temperature range of industrial 
processes (Marchese et al. 2019; Figure 4).  

Figure 4: LEFT: high-resolution image of a steel plant in Gary, IN, United States, overlaid with manual labeling 
of major heat-releasing units. MIDDLE: composite Sentinel-2 image acquired on May 30, 2021 using a NHI that 
shows thermal anomalies (red for hot pixels, blue for cooler pixels). RIGHT: composite Landsat 8/9 image acquired 
the same day, also using the NHI to show thermal anomalies. Sources: modified Copernicus and USGS data, 
OpenStreetMap, and Terrametrics.

Overview of the Climate TRACE Inventory
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Once computed, the NHI time series were 
fed into a ML model that ascribed a share 
of the country’s reported steel production to 
each plant, in proportion to the magnitude 
of the plant’s hotspot activity in the dataset. 
Production estimates are constrained by the 
assumption that individual plant predictions 
should not exceed their maximum capacity. 
Figure 5 gives an overview of the inputs 
and outputs of this model for an illustrative 
scenario.
Step 2. Next, an approach was developed 
for plants with hotspots not capturable by 
available satellite imagery. This was the 
case for steel plants that employ electric arc 
furnace (EAF) technology and processes. For 
this approach, first each plant’s share of its 
nation’s total capacity was determined. Then 
that number was multiplied by the country's 
production to derive the plant's contribution 
for the given time frame (Figure 5). Cement 
plants did not use this approach.
Step 3. Lastly, the calculated emissions 
factors for each plant (e.g., tons of CO2 
per ton of crude steel produced for steel 
plants) were determined based on fuel 

type, technology, location, and year. The 
resulting emissions factors were multiplied by 
production estimates to calculate emissions 
estimates. These plant-level estimates were 
aggregated to provide country-level emissions 
estimates.

Result highlights

To compare Climate TRACE steel and cement 
emissions estimations, similar emissions 
sources were selected from the following GHG 
inventories and categories:

• United Nations Framework Convention 
on Climate Change (UNFCCC) National 
Submission - Categories:

• 1.A.2.a Iron and Steel- Basic Iron, Steel 
and Ferro-alloys. 

• 2.C.1 Iron and Steel Production. Carbon 
dioxide is the predominant gas 
emitted from the production of iron 
and steel. 

• Global Carbon Project: Category - Cement.

Overview of the Climate TRACE Inventory
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On a global scale, Climate TRACE cement 
emissions were compared to the Global Carbon 
Project (GCP) estimates (Figure 6). The two 
datasets show similar trends on the observed 
period, where Climate TRACE estimates are 
slightly less than GCP estimates years in 
which both organizations have datasets. While 
country-level estimates might differ due to 
different modeling approaches (e.g., satellite-
based modeling for Climate TRACE as opposed 
to self-reported national or estimated statistics 

Figure 6: 2015 to 2019 comparison of Global (left), China (center), and India (right) cement emission inventories - 
Climate TRACE estimates (blue bars) and Global Carbon Project (red bars). 

for other inventories), small cement plants 
were not yet included in Climate TRACE’s 
bottom-up approach and could potentially 
explain the lower values. Climate TRACE and 
the GCP estimates were similar for China and 
India (Figure 6), with less than 1% difference in 
2019 for China. Here again, small differences 
might stem from the method used to derive 
the production estimates to compute the 
emissions, as described above.

Overview of the Climate TRACE Inventory
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For steel, Climate TRACE emissions estimates 
were compared to UNFCCC reported numbers 
for Annex-1 countries (Figure 7). Climate 
TRACE estimates were higher than UNFCCC 
reported data for the observed period. The 
discrepancies vary between countries (as 
discussed previously for cement). The biggest 
difference can be attributed to the allocation 

Figure 7: 2015 to 2019 comparison of iron & steel direct emissions inventories for Annex-1 countries included in the 
coverage.

of direct and indirect emissions between 
Climate TRACE and UNFCCC (direct emissions 
from UNFCCC are assumed to be reported 
under the category “2.C.1 Iron and Steel 
Production”, while energy-related emissions 
are assumed to be reported under the 
category “1.A.2.a  Iron and Steel”).

Overview of the Climate TRACE Inventory
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Conclusions

Climate TRACE emission estimates for the 
steel and cement subsector were based on 
a “bottom-up” approach, combining satellite 
SWIR measurements with publicly and 
commercially available data. The plant-level 
approach allowed for the capture of plant-
level specificities (e.g., processing methods, 
fuel types, utilization rates) to provide the 
most factual estimates. These estimates 
were then aggregated to derive country-level 
emission estimates.

As a next step to improve the accuracy 
and timeliness of Climate TRACE steel 
and cement emissions estimates, more 
information and calibration will be 
incorporated into this approach. This includes 
better access to plant-level data to calibrate 
the ML models, expanding the coverage to 
missing geographies and smaller plants, and 
refining and cross-validating some of the 
assumptions made to derive the emissions 
factors used in this work. 

Example Similar Climate TRACE Sectors

Climate TRACE’s electricity generation and 
road emissions sector estimates have also 
employed ML and satellite data to estimate 
emissions for their specific sector. 

Electricity generation emissions estimates 
from thermal power plants with fuel sources 
included coal, natural gas, fuel oil, diesel, 
biomass, and waste. The main approach 
employed was to 1) estimate emissions from 
reported ground truth and country-level 
data and, if not fully reported, 2) use ML 
and satellite data to estimate power plant 
emissions of a specific type that is then 
combined with the first approach.

The ML and satellite imagery approach was 
used to identify vapor plumes in satellite 
imagery. Many thermal power plants have 
cooling systems (such as natural draft cooling 
towers) and air pollutant emissions control 
systems that emit visible water vapor plumes 

when the plant is generating electricity. Many 
of these plants also have chimneys that 
emit visible smoke or vapor plumes when 
generating. In the right conditions, these 
water vapor plumes and smoke plumes are 
visible in satellite imagery and can serve as 
reliable indicators of the plant’s generation 
status. Thus, this indicator was used to 
derive emissions estimates. For more detailed 
information, refer to the Climate TRACE 
Electricity generation methodology link in 
section 6.1, Table 6.3 in the Appendix and to 
Couture et al. (2020).

Road transportation emissions estimates 
employed a method developed by Mukherjee 
et al. (2021). A ML-based emissions 
estimation model was developed using 
bottom-up road CO2 emissions data in the 
contiguous United States (Gately et al. 2015). 
The machine learning model employed was 
based on Tan and Le (2020) and Fan et 
al. (2020). The approach incorporated the 
following inputs: Sentinel-2 visual imagery, 
buildings and roads map data from the 
company Planet, as well as population 
data and motorization rates. U.S. road CO2 
emissions values from the DART dataset 
were used as training data to predict the 
emissions outcomes from the globally 
available predictor data. Once a modeled 
relationship was developed, the ML model 
incorporated the same inputs. These were 
then applied to 20 countries with similar 
populations and vehicular motorization rates 
to the United States to estimate country-
level, on-road emissions. For more detailed 
information, refer to the Climate TRACE Road 
methodology link in section 6.1, Table 6.3 in 
the Appendix and to Mukherjee et al. (2021).

Overview of the Climate TRACE Inventory
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3.3 Statistical Modeling and 
Satellite Data 
3.3.1 Case Study: Maritime—Shipping 
Emissions 

Introduction 

The maritime shipping sector has recently 
been scrutinized for its emissions (Gross 
2020). However, international shipping 
emissions are excluded from national 
emissions-reduction commitments under 
the Paris Agreement. It is expected that 
emissions from this sector will increase 
if left unchecked. To produce shipping 
emissions estimates that might help 
inform such policymaking, Climate TRACE 
sector lead OceanMind developed a global 
shipping emissions model. This model 

relies on ship identity and activity detected 
using Automatic Information System (AIS) 
transmissions from ships as observed by 
both satellite and terrestrial receivers. The 
transmissions include vessel identity, 
position, speed, heading, and timestamp. 
One transmission per hour was used in 
the model, and the spatial resolution 
of the measurements was as accurate 
as the vessel’s GPS. Ship identities and 
other vessel characteristics were obtained 
from IHS Markit, a commercial provider 
of information about ships including 
characteristics such as size, type of ship, 
engine power, country of registration, and owner 
identity. Constructing Climate TRACE’s ship 
emissions model involved applying two 
separate models, following steps shown in 
Figure 8.

Figure 8: The three colored boxes represent three independent methods used to obtain CO2 emissions values for 
ships. The “estimate” box represents the model based on EU MRV data and it was used to obtain CO2 emissions 
estimates for the Climate TRACE inventory. The “corroborate” box represents an independent model based on 
models in the IMO 3rd and 4th GHG reports. Results from this model were compared to the EU MRV-based model 
to ensure that there was approximate agreement between the two modeling methods (see below for details). The 
“ground truth” box represents accurate CO2 emissions calculated using data supplied by ship owners for 5 vessels. 
Results from these calculations were compared to those from the two models to confirm accurate emissions 
calculations for this small sample of ships. Further description is provided in text. 
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The Estimate Method: The first model used 
the EU’s shipping emissions Monitoring, 
Reporting, and Verification (MRV) database. 
This data provides audited reports of vessel 
CO2 emissions per distance traveled. Data 
from the EU MRV for each of 12 ship types 
were combined and used to produce 12 linear 
regressions of vessel size (deadweight tons) 
vs. CO2 emissions per nautical mile traveled. 
These linear regressions were then used to 
estimate CO2 emissions per nautical mile 
traveled for vessels not included in the EU 
data based on vessel size (deadweight tons). 
To produce CO2 emissions estimates, these 
emissions factors per distance traveled 
estimates were then combined with estimates 
of the distance traveled obtained directly 
from the AIS data.  

The Corroborate Method: Next, this second 
method was used to cross-verify against 
the “estimate method.” For the corroborate 
method, vessel activity data was used to 
instead estimate emissions according to 
the equation provided by the International 
Council on Clean Transportation (ICCT) Global 
Shipping GHG emissions study. Auxiliary 
engine power demand during cruising was 
updated according to the Fourth GHG Study 
from the International Maritime Organization 
(IMO) study. This “bottom up” equation 
produces emissions estimates using vessel 
activity as reported by AIS; engine power; 
speed; auxiliary engine power demand; 
emission factors; and other factors such as 
weather, fouling, and draft.

The Ground Truth Method: As a final 
validation step, an independent peer review 
of the model was undertaken by Siglar 
Carbon. Siglar compared emissions estimates 
from the previous two models to its own 
detailed emissions data for 100 ships. Siglar 
data were taken directly from ship owners 
using a distinct method and were highly 
detailed, but potentially not as independent 
as the other two models.

Result Highlights

One important step in comparing Climate 
TRACE shipping emissions estimates to those 
from other inventories was accounting for 
data gaps. Climate TRACE’s approach did not 
directly monitor 100% of global shipping 
emissions. Thus, Climate TRACE applied a 
weighting factor to produce global estimates 
appropriate to compare to other emissions 
inventories. Gaps in Climate TRACE direct 
emissions monitoring include: estimating 
CO2 rather than CO2 equivalent (CO2e; a 2% 
gap); excluding emissions while in port (10%); 
excluding vessel types for which Climate 
TRACE did not yet have enough information 
to accurately model (9.6%); and excluding 
low-information vessels with unclear 
identities (6.4%). 

The appropriate weighting factors were 
estimated by comparing both emissions 
totals and vessels included in Climate 
TRACE and other inventories. This included 
comparison of emissions totals for CO2 and 
CO2e in the 4th IMO GHG Study, which found 
CO2 is 2% less than CO2e. It also included 
comparing emissions at sea and in port in 
the 4th IMO study and the EU MRV dataset. In 
that dataset, emissions in port average 10% 
of total emissions. It also included comparing 
emissions with and without the vessel types 
that Climate TRACE could not yet model from 
the 4th IMO report (a 9.6% difference) and 
comparing emissions totals with and without 
low-information vessels from the 4th IMO 
study, which IMO data suggest are responsible 
for 6.4% of total emissions. This step uses 
the following equation to adjust the initial 
Climate TRACE estimated shipping emissions:

Adjusted Climate TRACE shipping emissions 
= (Initial Climate TRACE shipping emissions)

(Coverage gap factor )

Overview of the Climate TRACE Inventory
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Where the coverage gap factor was 0.746. 
This factor was based on:

• CO₂e (1–0.02 = 0.98 covered in model)

• Excluding emissions while in port 
(1–0.10 = 0.90 covered in the model)

• Excluding vessel types that Climate TRACE 
could not yet accurately model 
(1–0.096 = 0.904 covered in the model)

• Excluding low-information vessels with 
unclear identities 
(1–0.064 = 0.936 covered in the model)

Combined, these produce 0.746 
(0.98*0.90*0.904*0.936). 

All country-level emissions estimates were 
adjusted using this coverage gap adjustment 
approach to produce an estimate of total 
emissions, including Climate TRACE’s best 
estimate for vessels not included in the 
model. Emissions were estimated directly for 
2018, 2019, 2020, and early 2021. Estimates 
from 2018 were used to backfill estimates 
for 2015, 2016, and 2017, with adjustments 
according to the overall trend in total 
emissions reported in the 4th IMO Report 
as follows: 2015 estimate = 2018 estimate * 
0.938; 2016 estimate = 2018 estimate * 0.97; 
2017 estimate = 2018 estimate * 1.0076. 

Below are some of the main results from the 
shipping emissions inventory comparisons. 
Note that not all inventories include the 
same set of ship voyages, so subtraction 
or addition of sectors was also necessary 
for some comparisons. One area where 
inventories differ is inclusion of domestic 
shipping, international shipping, or both.

The UNFCCC annual shipping emissions 
inventories are totals for only Annex I 
countries, domestic and international. 
The UNFCCC inventory for 2018 (the most 
recent year available) shows emissions of 
330 million metric tons. By contrast, the 
Climate TRACE shipping emissions inventory 

covers all countries globally. By examining 
only the portion of Climate TRACE results 
covering relevant countries and applying the 
weighting factor noted above, it was possible 
to compare Climate TRACE’s initial estimates 
of global shipping for Annex 1 countries 
with those from the UNFCCC inventory. This 
comparison yielded higher estimates from 
Climate TRACE’s first iteration (249 million 
tons) than were found in UNFCCC inventories 
(186 million tons). 

However, it was not possible to identify 
the source of this discrepancy, as UNFCCC 
estimates cover only Annex 1 countries. Each 
international shipping route can involve 
multiple countries: port of origin, destination, 
intermediate destinations, as well as the flag 
state the ship is registered under. If there are 
systematic differences between how Climate 
TRACE and UNFCCC inventories allocate 
emissions from individual ships to countries, 
the same underlying emissions data at the 
ship level could lead to such a result at the 
country level. 

By contrast, the EDGAR inventory of 2019 
international shipping (the most recent 
year available) does apply to all countries. 
That total is 730 million metric tons, which 
compares to the 2019 weighted inventory for 
Climate TRACE of 829 million metric tons, 
and after subtracting of domestic shipping 
(12% of total shipping according to the 4th 
IMO study). The modeling approach used 
in the EDGAR inventory is similar to the 
approach used in the IMO inventory. Climate 
TRACE did not yet have enough information 
to identify why the IMO estimated higher 
emissions and EDGAR estimated lower 
emissions than Climate TRACE’s own 
estimates. In future work, the coalition hopes 
to obtain sufficient additional data to be 
able to identify precisely why the estimates 
diverge.
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Conclusions

The Climate TRACE emissions from global 
shipping provides useful information that 
can support policymaking and monitoring. 
The emissions method used for this sector 
provides results within 2 weeks, which 
is more recent than results from other 
inventories. The results, which were cross 
validated between multiple models, produce 
totals that are in between those of the only 
other known global inventories, but are 
available more rapidly and in far greater 
granularity. Other inventories that cover 
the entire global fleet of large commercial 
vessels only report results at the sector level, 
whereas Climate TRACE is able to produce 
detailed results at the level of individual 
ships.

To improve the Climate TRACE shipping 
emission estimates, the data gaps in the 
current approach will be investigated to 
expand coverage. This increase in coverage 
for the model will improve results by 
eliminating the need to apply weighting 
factors based on estimated gaps in direct 
coverage. Climate TRACE will also continue 

cross-validating results with inventories 
produced by others and search for data and 
analysis approaches that will allow further 
upgrades over time.

Similar Climate TRACE Sectors

Climate TRACE oil and gas production and oil 
refining emissions sector lead RMI employed 
a similar methodology of incorporating 
geolocated data, satellite data, and reported 
oil production and refining data. Processed-
based models were utilized to capture oil 
and gas field characteristics and to assess oil 
and gas field- and basin-level GHG emissions. 
Many technical references, journal articles, 
and fundamental data sources were consulted 
during the construction of OPGEE (Masnadi 
et al. 2018; Brandt et al. 2021; Rutherford et 
al. 2021). Additionally, satellite-derived flaring 
estimates were incorporated into this sector. 
For more detailed information, refer to the 
Climate TRACE oil and gas methodology link 
in section 6.1, Table 6.3 in the Appendix and 
to Masnadi et  al. (2018), Abella et al. (2020) 
and Jing et al. (2020)
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3.3 Land Use Models and 
Satellite Data
3.3.1 Case Study: Rice Emissions

Introduction 

Rice fields play a significant role in 
greenhouse gas emissions as a source of 
methane (CH4). Current estimates of CH4 
emissions from rice cultivation are mostly 
derived from agricultural statistical reports 
(Zhang et al. 2016). These reports are usually 
aggregated to country level and have high 
levels of uncertainty. Rice cultivation varies 
between regions, and inaccurate estimates 
of rice cropping intensities reported in 
the agricultural statistics can lead to high 
uncertainty in the estimate of CH4 emissions 
(Zhang et al. 2020). 

To improve rice emission estimates, Climate 
TRACE sector lead Paddy Watch employed 
a remote sensing approach to identify rice 
fields. A unique aspect of rice cultivation is 
the presence of irrigation/flooding during the 

transplanting phase. During the growth stages 
(i.e., vegetative, generative, and ripening 
phases) up to harvesting, the canopy of a rice 
paddy changes for 4–5 months for one season 
of rice cultivation. The flooding and growth 
aspects of rice cultivation can be identified 
with specific satellite-derived measurements 
(Dong and Xiao, 2016; Rudiyanto et al. 2019; 
Zhang et al. 2020). To estimate rice emissions, 
satellite measurements from the Moderate 
Resolution Imaging Spectroradiometer (MODIS) 
derived Normalized Difference Vegetation 
Index (NDVI) and Normalized Difference Snow 
Index (NDSI) were employed to identify rice 
growth and flooding patterns, respectively 
(Figure 9). These two indices were used to 
identify rice areas (after filtering for non-
croplands) based on rice cultivation practices 
at a 500m spatial resolution. Once rice areas 
were identified, the rice cropping practices 
(how many rice plantings occurred in an 
area) were identified based on flooding 
and rice growth in a given area. Rice areas 
and cropping practices were converted to 
emissions using standard IPCC conversion 
factors (IPCC 1997).
Figure 9: Temporal responses of NDVI (left image) and 

NDSI (right image) profiles to three phenology stages of rice growth comprising: (1) tillage and transplanting in May; 
(2) growth stages: vegetative and generative in June and July and (3) maturity in August at Heilongjiang region, China. 
An example of rice phenology stages is provided (bottom image). Figure taken from Dong and Xiao (2016). 

Result Highlights
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Figure 10a shows the correlation with global 
CH4 emissions, and Figure 10b shows the 
correlation for harvested rice cultivation 
between Climate TRACE’s estimates 
for 2020 (Paddy Watch) and FAOSTAT’s 
estimates for 2019 (FAOSTAT-2019). No 
FAOSTAT-2020 was available at the time of 
this comparison. There was a strong linear 
relationship between Paddy Watch and FAO 
country statistics. Most data fell in the 95% 
confidence interval of the linear regression 
line. 

(a) (b)

Table 2. Estimate of annual CH4 emission from rice cultivation and harvested rice cultivation 
for 5 major rice-producing countries.

Country

Methane emission
(Tg CH4)

Absolute 
relative 

difference 
of CH4 

emission 
(%)

Harvested rice area (ha)
Absolute 
relative 

difference 
of harvest-
ed rice area 

(%)

Climate 
TRACE 
(2020)

FAO-CH4 
(2019)

Climate 
TRACE 
(2020)

FAO-CH4 
(2019)

India 7.600 4.621 64 37,998,818 43,780,000 13
China 6.403 5.214 23 32,012,557 29,690,000 8
Bangladesh 2.107 1.145 84 10,533,907 11,516,553 9
Indonesia 1.188 2.258 47 5,940,978 10,677,887 44
Thailand 1.521 1.554 2 7,603,941 9,715,358 22

Table 2 shows the annual CH4 emissions 
from rice cultivation and the harvested rice 
cultivation area estimated by FAOSTAT-2019 
as well as the absolute relative difference 
with Climate TRACE’s estimates. The absolute 
relative difference values (ratio between the 
absolute difference of the estimate from this 
study and FAO-CH4 with the estimate) range 
2–64% for the annual CH4 emissions from 
rice cultivation and 8–44% for harvested rice 
cultivation area. Overall, the Climate TRACE 
approach to estimate rice area and methane 
emissions produced higher values for each 
relative to FAOSTAT 2019 data.

Figure 10: Scatter plots between (a) global CH4 emission and (b) harvested rice cultivation from Paddy Watch 
(Climate TRACE)-2020 and FAOSTAT-2019 with 95% confidence interval displayed (gray shaded area).
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Conclusions 

The application of the Climate TRACE 
approach to derive spatially-resolved global 
harvested rice cultivation area helped to 
provide updated rice emissions data in 
a more timely fashion than provided by 
existing methods. To improve the estimated 
CH4 emissions from rice cultivation, regional 
emissions factors need to be identified that 
reflect more specific local rice management 
practices and emissions than are provided 
by the IPCC values. Additionally, switching 
to higher-resolution satellite imagery would 
further increase the accuracy of measurement 
of rice land cover classes. Lastly, additional 
supporting data to develop more detailed 
emissions factors by subgroup type (e.g., 
by specific type of flooding regime) would 
further reduce uncertainty in rice emission 
estimates.

Similar Climate TRACE Sectors

Climate TRACE’s crop fire, savanna fire, 
shrubland fires, and forest clearing and fires 
models follow a similar approach to rice, 
where all include satellite data and statistical 
modeling. Fire emissions primarily use Suomi 
National Polar-orbiting Partnership (NPP) 
Visible Infrared Imaging Radiometer Suite 
(VIIRS), Aqua and Terra MODIS satellite data 
to identify fire events and thermal anomalies 
as input to fire emissions equations. Forest 
clearing relies on employing high-resolution 
satellite-based estimates of forest above-
ground biomass, identifying forest cover 
change per year (Hansen et al. 2013), and 
attributing the change to forest clearing 
using techniques developed in previous 
studies (Baccini et al. 2012; Schroeder et 
al. 2014; Zarin et al. 2016; Harris et al. 2021; 
Wang et al. 2021).

3.4 Conclusions and Future Work 

The case studies describing individual 
sectors highlight Climate TRACE efforts to 
develop methods to measure emissions 
independently and to address current gaps in 
GHG monitoring. As a whole, Climate TRACE 
incorporates various datasets across all 
sectors and in different models to create a 
comprehensive and internally consistent GHG 
inventory. 

The Climate TRACE steel and cement sector 
approach highlights the ability to use 
satellite “hotspot” measurements that can 
be related to production measurements. This 
creates a robust method that can be applied 
globally to identify highly spatially granular 
and up-to-date, asset-level information. 
Additionally, even though some steel 
plants do not produce hotspots, linkages 
can be made between facility production 
and country-level production to produce 
at least reasonable estimates of how each 
individual plant in a country contributes to 
the country-level total. This granularity and 
recency are not present in any current global 
GHG inventory for this sector. The same is 
true of other Climate TRACE sectors such as 
shipping, which in addition to being highly 
granular, has already started using multiple 
data sources and techniques to cross-validate 
each other. Lastly, the rice sector employs 
satellite data to directly measure physical 
features, allowing for the direct monitoring 
of rice fields in an independent, globally 
consistent, and timely manner. This is an 
improvement over current reporting methods 
that rely on agriculture statistics, which can 
underreport or miss rice emissions. For all 
sectors described here, the methodologies 
demonstrate how it is possible to produce 
far more detailed and timely information 
than currently provided by global emissions 
inventories.
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While each technique has its own limitations 
and biases, clear steps can be identified to 
improve the quality of these estimates over 
time. Climate TRACE is continually iterating 
and will incorporate many of these changes 
in its Q4 2022 update. Climate TRACE has 
obtained additional directly metered facility-
level production data for several sectors 
including cement, and is using this to further 
cross-validate and potentially help calibrate 
the relevant models for those sectors. Every 
time a Climate TRACE member obtains 
new data that can potentially improve 
emission estimates, it is included into the 
methodology. Furthermore, as part of updated 
2022 emission estimates, different sectors 
are incorporating more advanced models 
to improve the identification of emissions 
activity and to fill in missing information that 
is not readily available.  The most notable 
example of this is a general trend away from 
simple linear regression statistical models 

towards machine learning models across 
multiple Climate TRACE sectors. Climate 
TRACE also places a particular emphasis 
on supplementing or even replacing self-
reported survey data with independent, 
directly monitored empirical data. Thus, the 
coalition is currently expanding its efforts 
to directly monitor emissions with a goal 
of eventually monitoring over 99% of global 
emitting activity. For example, Climate 
TRACE sector leads have begun directly 
monitoring landfill and open waste sites 
and concentrated animal feeding operations 
(CAFOs). To the coalition’s knowledge, neither 
of these sectors have ever been previously 
directly monitored on a global level, let 
alone on an ongoing basis. Pilot projects for 
these and other sectors are currently under 
way that show initially promising results. 
The coalition is cautiously optimistic that it 
should be able to directly identify all landfills 
and CAFOs worldwide by Q4 2023.
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One place where Climate TRACE sees 
enormous potential to improve GHG 
emissions inventories is in using an 
ensemble modeling approach that brings 
together different inventories and related 
datasets to produce a higher-quality 
consensus dataset. The coalition refers to this 
as emissions metamodeling and applies it at 
both the individual sector level and coalition 
level.

As of June 2022, Climate TRACE had not 
adopted any standardized procedure for 
how individual sector leads should conduct 
metamodeling. However, many do use such 
methods. For example, as described above, 
the OceanMind shipping emissions team 
cross-validates its results against three 
different models. This is primarily to verify 
and calibrate the first model, rather than 
explicitly integrating all three into a single 
ensemble estimate. 

By contrast, the WattTime and TransitionZero 
power emissions team use an ensemble 
AI model that explicitly combines various 
attributes to predict power plant emissions. 
A feature of this approach can refer to either 
a completely novel data source (such as 
estimated surface temperature derived from 
thermal infrared) or a novel combination of 
existing data sources (such as the difference 
between the estimated surface temperature 
in the river downstream of a power plant’s 
cooling water outlet, and the estimate surface 
temperature of the same river upstream of 
that outlet). Each new feature is examined for 
its ability to increase the ensemble model’s 
accuracy in predicting the training data, and 
is included in the ensemble model for that 
sector if and only if it successfully adds 
predictive power.

Climate TRACE is also in the early stages of 
standing up a dedicated metamodeling team 
to produce the highest-quality consensus 
results across sectors. The following 
case study illustrates some of the joint 
metamodeling team’s results to date.

4.1 Case Study: Comparing 
National-level Electricity 
Inventories
 
The first application of Climate TRACE 
metamodeling was to compare the sum 
of the initial results from the coalition’s 
individual sector leads against other existing 
global emissions inventories.

An immediate practical challenge in doing so 
is that different global emissions inventories 
today do not use one consistent standardized 
hierarchy of definitions for emitting sectors 
and subsectors. Thus, the metamodeling 
team’s first step was to define a crosswalk of 
all emitting subsectors from all inventories 
it could find. This helped compare Climate 
TRACE sector lead results with existing 
publicly available global emissions 
inventories.

To address this, Climate TRACE broke 
down the emissions estimates from its 
own sector leads by the most granular 
subsector definitions it could find from any 
global inventory for each sector. In most 
cases, these were the definitions from the 
UNFCCC Common Reporting Format (CRF). 
Climate TRACE then re-aggregated those 
“atomic units” in multiple ways to produce 
consistent definitions with every other 
inventory’s definition of sectors. This allowed 
Climate TRACE to successfully quantify 
every combination of differences between 
inventories for every country and sector. 

For example, the UNFCCC emissions 
inventories for non-Annex 1 countries, 
EDGAR, and the Climate TRACE electricity 
team all measure emissions from the 
electricity sector, but each defines this as 
a slightly different combination of UNFCCC 
subsectors. Figure 11 illustrates what 
combinations of subsectors match each 
inventory’s definition of the same sector.
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Figure 11: Area chart of UNFCCC Electricity Sector Categories vs. coverage from EDGAR and Climate TRACE datasets 
for Non Annex I countries. 

Each chart in Figure 11 is segmented into boxes 
labeled with UNFCCC CRF emissions subsector 
categories, where the area of each box 
represents the percentage of total emissions 
for the category within UNFCCC estimates for 
non-Annex I countries. 

The blue sections of each chart represent the 
subset of categories that are included within 
the most granular information provided for 
electricity sector for the UNFCCC non-Annex 
1, EDGAR, and Climate TRACE inventories, 
respectively. For UNFCCC, that is all energy 
industries (1.A.1); for EDGAR, both public 
electricity and heat production (1.A.1.a); and 
for Climate TRACE, only electricity generation 
(1.A.1.a.i). Because the most granular available 
data of each inventory was defined in a 
different manner, it was not possible to cross-
validate the inventories simply by directly 
comparing them.

To help address this challenge, Climate TRACE 
next developed a method to compare existing 
inventories by adding and subtracting 
subsector results from different inventories. 
For example, the following series of equations 
describe the top two inventories in Figure 11, 
with each emissions category represented by 
its UNFCCC CRF abbreviation.

Climate TRACE Electricity

UNFCCC Non Annex I EDGAR Electricity
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Eq. 1

UNFCCC (1.A.1) - EDGAR(1.A.1.a) =  U.E.(1.A.1.b) + 
U.E.(1.A.1.c)  +DIFF.U.E.(1.A.1.a)

Where U.E.(1.A.1.b) and U.E.(1.A.1.c) represent 
hypothetical values for what both UNFCCC 
and EDGAR might report for those subsector 
categories, if they reported them; and 
DIFF.U.E.(1.A.1.a) represents the difference 
between UNFCCC’s hypothetical estimate for 
1.A.1.a, if it reported it, and EDGAR’s actual 
estimate for the same.

This equation contains three unknown 
values and can’t be solved directly. However, 
it is possible to use other data to produce 
reasonable estimates of U.E.(1.A.1.b) and 
U.E.(1.A.1.c), making reasonably informative 
comparisons possible. For instance, Figure 12 

shows data from Argentina for all years that 
EDGAR, Climate TRACE, and UNFCCC have 
results. 

During years in which the UNFCCC produced 
an inventory, the UNFCCC(1.A.1) estimate 
was slightly higher than the EDGAR(1.A.1.a) 
estimate. Thus, if DIFF.U.E.(1.A.1.a) were to 
equal zero, U.E.(1.A.1.b) + U.E.(1.A.1.c) would be 
significantly greater than zero. And U.E.(1.A.1.b) 
includes emissions from petroleum refining, 
so a positive value would be consistent with 
Climate TRACE’s data that Argentina has 
positive petroleum refining emissions in the 
most comparable years. Thus, this technique 
plus Climate TRACE data offered some 
evidence that UNFCCC and EDGAR estimates 
for electricity sector emissions in Argentina 
are consistent with each other.

Figure 12: Electricity sector emissions in Argentina as quantified by Climate TRACE (1.A.1.a.i), UNFCCC (1.A.1), and 
EDGAR (1.A.1.a) for the period 1960–2021.
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Similar equations allowed Climate TRACE to 
conduct widespread cross-validation across 
inventories. For example, a similar equation 
can compare the Climate TRACE electricity 
sector individual model results with a 
hypothetical equivalently granular EDGAR 
result:

Eq. 2 

EDGAR(1.A.1.a) - ClimateTRACE(1.A.1.a.i) = 
C.E.(1.A.1.a.ii) + C.E.(1.A.1.a.iii) + C.E.(1.A.1.a.iv) + 
DIFF.C.E(1.A.1.a.i)

Where the C.E. values refer to hypothetical 
Climate TRACE or EDGAR granular data for 
those subsectors, and DIFF.C.E.(1.A.1.a) refers to 
the difference between Climate TRACE(1.A.1.a.i) 
data and hypothetical EDGAR(1.A.1.a.i) results 
if such data were available. 

As shown in Figure 12, Climate TRACE 
estimates for the electricity sector were very 
similar to EDGAR estimates for the same. 
Further, the coalition was not able to find 
data on the existence of any significant 
emissions from these C.E. subsectors (for 
example 1.A.1.a.iii Heat Plants) in Argentina. 
Results were thus consistent with values of 
DIFF.C.E.(1.A.1.a.i) very close to zero. In other 
words, for this sector and country, Climate 
TRACE was not able to find clear evidence of 
any discrepancies between its own results, 
those of EDGAR, or those of the UNFCCC. 

However, in other countries and sectors, results 
were different. For example, Figure 13 compares 
the equivalent data for the electricity sector 
in Saudi Arabia. In this example, UNFCCC and 
EDGAR data for the electricity sector very 
nearly match.

Figure 13: Electricity sector emissions in Saudi Arabia as quantified by Climate TRACE (1.A.1.a.i), UNFCCC (1.A.1), and 
EDGAR (1.A.1.a) for the period 1960–2021.
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At a casual glance, the close match in 
Figure 13 might appear to cross-validate all 
three inventories. But using equation 1 above, 
this would imply that the sum of U.E.(1.A.1.c) 
and U.E.(1.A.1.b) must equal nearly zero. 
However, these refer to EDGAR or UNFCCC’s 
hypothetical estimates for emissions from 
Manufacture of Solid Fuels and Petroleum 
Refining, respectively. Given that Saudi 
Arabia is among the top 10 countries in 
the world for installed capacity of refining 
(Sönnichsentisa 2022), it seems very unlikely 
that the country would have no emissions 
from petroleum refining. The alternative 
possibility—that EDGAR and UNFCCC data for 
this country, year, and sector do not match—
seems more probable.

Further, Climate TRACE data for this sector do 
match EDGAR data. If EDGAR data are correct, 
that would mean it is very likely that Climate 
TRACE data were also correct unless Saudi 
Arabia had large emissions from heat plants, 
which seems unlikely. Thus, while results 
from applying this method to compare these 
inventories are not absolutely certain, there 
is a clear most parsimonious explanation 
(i.e., the simpler explanation is probably the 
right one, also commonly known as Occam’s 
razor). Climate TRACE, EDGAR, and UNFCCC 
all successfully cross-validate each other on 
emissions from sector (1.A.1.a), but also that 
the UNFCCC inventory (but not Climate TRACE 
or EDGAR) might be substituting a zero 
for missing data in its Petroleum Refining 
and Manufacture of Solid Fuels emissions 
estimates. 

Discussion

Notably, in the case study above, using only 
one—or even two—of the three emissions 
inventories would not have provided this 
insight into any potential incompleteness 
in the Saudi Arabia UNFCCC data. Only by 
comparing all three did the most likely 
explanation become clear. 

Further, while comparing three datasets 
suggested evidence for this interpretation, 

more datasets at higher granularity and 
completeness could produce much stronger 
evidence either supporting or problematizing 
this interpretation. Thus, Climate TRACE’s priorities 
for future metamodeling include: 1) incorporate 
as many emissions inventories as possible, 2) 
produce similar systems of equations to make 
them interoperable as possible, 3) and produce 
parsimonious consensus results based on large 
numbers of independent cross-validations. 

4.2 Future Work

Work to date: completeness and 
comparability

Climate TRACE has produced a large number 
of individual sectoral inventories developed 
by individual sector leads and used basic 
metamodeling to extend these into a 
complete, comparable, and transparent global 
inventory. 

Completeness is such a priority for the 
coalition because the most common reason 
the metamodeling team has not been able to 
compare two inventories is that one or both 
were missing data. Thus, early in the project 
(Q3 2021, before COP26) Climate TRACE 
developed a globally complete inventory, 
covering all countries and subsectors for 
every year from 2015 to 2020. 

Producing a complete inventory involved 
three steps. First, individual sector leads 
applied globally complete methods to 
individual sectors. These data constitute a 
large majority of the results in the Climate 
TRACE database.

Second, for the few subsectors that the 
coalition had no independently produced 
data (e.g., indoor fossil fuel consumption 
for cooking and water heating in residential 
buildings), the metamodeling team calculated 
implied emissions based on comparison 
with other global inventories. This method 
worked similarly to the metamodeling case 
study above. Specifically, Climate TRACE 
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took sector-level results from one of the 
two global emissions inventories that 
covered some sectors for the entire world 
every year—either EDGAR or FAOSTAT—and 
subtracted the Climate TRACE subsector level 
results within that sector. The difference 
represented Climate TRACE’s initial estimates 
for emissions from subsectors not yet 
modeled by individual coalition members or 
contributors.  

Third, for a limited few subsectors for which 
data were not up-to-date, the metamodeling 
team forward-filled results to cover every 
year from 2015 through the last complete 
calendar year (2021). The team explored three 
methods to forward fill: 1) a simple forward 
fill that flatlined current values, 2) a linear 
regression based on previous years in the 
time series, and 3) a median filter. For each 
subsector, the team selected the method that 
most successfully predicted the most recent 
years based on data from prior years.

Climate TRACE will continue to update its 
global inventory each year and provide a 
complete global inventory that includes the 
most recent year. But to ensure the highest-
quality model possible, the coalition’s goal is 
to begin directly monitoring 99% of all GHGs 
worldwide using multiple sources, without 
gap filling or forward filling. 

Geographic granularity and ownership

Going forward, the coalition’s next priority is 
to produce a global emissions dataset that is 
extremely granular, specifically at the asset 
level. Climate TRACE defines “asset level” as 
an individual facility for large point-source 
emissions such as power plants, factories, 
ships, and planes, and as a very granular 
region 1 km x 1km or less for area sources 
such as forests, farms, and fires.

The coalition anticipates having emissions 
estimates for the highest-emitting 500 
“assets” in the world for each major emitting 
sector by Q4 2022 before COP27. Wherever 
possible, Climate TRACE will assign each 

asset a unique key to match to ownership 
data for that facility or region of land.
 
A key reason for this focus on granularity 
and ownership data is that it generates 
many more points of comparison for cross-
validation. For example, as of today, most 
corporate emissions inventories cannot 
readily be cross-validated with national 
inventories since many companies don’t 
provide such data. Therefore, the total cannot 
be compared to national inventories. But 
by obtaining estimates for every individual 
facility, Climate TRACE has been able to 
begin cross-validating emissions inventories 
against both global datasets like UNFCCC data 
and individual datasets such as corporate 
sustainability reports.

By Q4 2023 before COP28, the coalition 
hopes to extend coverage to nearly every 
major emitting asset in the world. If 
successful, this combination of extremely 
high granularity and global completeness 
means that further forms of cross-validation 
will also be possible while unlocking use 
cases not otherwise possible with blunter 
datasets. For example, it will enable cross-
validation with atmospheric inversion models.

Metadata and the ERMIN format

One attribute of most existing GHG 
emissions inventories that greatly facilitates 
comparability is that they calculate estimates 
as the product of two component parts: 
estimated activity and estimated emissions 
factors. Climate TRACE is currently working 
to produce and transparently share by Q4 
2022 (before COP27) even more-detailed 
additional metadata. The data will use, for 
every facility-level emissions estimate, the 
following equation:

Eq. 3 

Emissions = Capacity * Activity * Emissions 
Factor

For example, a coal power plant might have 
a capacity of 500 megawatts, an activity 
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of 4,000 operating hours per year, and an 
emissions factor of 1 ton CO2e per megawatt-
hour. 

By providing such detailed estimates, the 
coalition is increasingly able to openly and 
transparently cross-validate more data than 
would be possible by comparing emissions 
estimates alone. For example, for many power 
plants the electricity sector leads have been 
able to cross-validate results in multiple 
directions:

• the capacity of new power plants based on 
trade journal announcements;

• the activity of each power plant based on 
machine learning from satellite imagery as 
described above;

• the emissions of a power plant based on 
machine learning from satellite imagery 
and separately the emissions for select 
plants based on parallel projects such as 
Carbon Mapper;

• the implied emissions factors that result 
from basic chemistry; and

• combinations of the above, such as the 
total electricity output (sum of the product 
of capacity and activity) of all power 
plants in a region based on the local grid 
operator’s total electrical load as scraped 
from their real-time website.

This also allows detailed transparency about 
uncertainty. For example, several Climate 
TRACE teams can count the construction, 
removal, and size of new capacity with 
great detail, but have only industry average 
approximations of the activity and emissions 
factors per facility. 

The next step after calculating and sharing 
these detailed metadata in Q4 2023 will be 
to continue to incorporate more sources of 
metadata for every possible datapoint to 
greatly reduce uncertainty.  

In order to facilitate the harmonization 
and sharing of more data, Climate TRACE 
developed a shared common data format, 
Emissions Report Minimum INformation 
(ERMIN). The ERMIN format assigns a unique 
key to any emissions, activity, capacity, or 
emissions factor observation at any specific 
place and time at any level of aggregation. 
Additional metadata can be provided as 
desired. This has greatly facilitated Climate 
TRACE’s efforts to collect, quality control, 
harmonize, gap fill, trace the providence of, 
and find most parsimonious explanations for 
large numbers of datasets from many sources. 
The ERMIN format and associated tools to 
support it are open source and available 
to anyone free. Full details on ERMIN are 
provided in Appendix 6.3. 

Resolving competing estimates

It is often the case that different 
inventories—such as top-down or bottom-
up inventories—may not match. To address 
such situations, Climate TRACE is developing 
ensemble models that can help policymakers 
see a consensus view of the most 
parsimonious explanation for such results.

The simplest possible ensemble model is the 
average of all available estimates, weighting 
all the datasets the same, and effectively 
assuming that the accuracy of each of the 
estimates is equal. However, future Climate 
TRACE work will explore more advanced 
methods. 

The coalition is currently exploring 
approaches similar to Bayesian Model 
Averaging, which assume one of the existing 
input models is correct, though it is initially 
unknown which one. The models are 
weighted by uncertainty, which decreases 
as more data is available and the “correct” 
model becomes higher weighted than the 
others. These methods rely on availability 
of machine learning models, as well as the 
existence of ground truth/training data to aid 
in training and identification of the optimal 
ensemble. In many cases, the available 
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emissions data may be from a variety of 
sources. Some data may be estimated by 
humans/companies/countries, while others 
may be the output of machine learning and 
other predictive methods. 
Another approach under consideration 
is Unsupervised Principal Components 
Regression (U-PCR), as described in Dror et 
al. (2017). The U-PCR method automatically 
identifies outliers during the ensemble 
process. The authors of the U-PCR paper note 
that for four or fewer estimates, a simple 
average is best. Climate TRACE is in the 
process of exploring multiple approaches on 
available emissions estimate datasets. 

One particular area of interest for Climate 
TRACE is how to determine the relative 
weighting of different data sources depending 
on their relative levels of uncertainty. 
The coalition is exploring several options, 
including:

• Downweighting estimates that reuse the 
same source data. For example, EDGAR 
and Carbon Monitor both extrapolate 
from UNFCCC emissions totals. However, 
they do so in many cases by applying 
third-party capacity data (EDGAR) and 
activity data (Carbon Monitor). Thus, 
while simply averaging all three models 
would artificially inflate the certainty 
of the ensemble model, there is useful 
information in all three sources. Climate 
TRACE is currently exploring the optimal 
way to use metadata to appropriately 
incorporate data from all three sources 
into its ensemble metamodel, but 
weighting each source lower in the 
metadata types, which are simply based 
on other models.

• Upweighting data sources that have low 
uncertainty. Climate TRACE is currently 
exploring the best way to upweight 
data with very low uncertainty. One 
option currently under consideration is 
to upweight data produced by directly 
metered on-ground sensors and/or which 
are based on direct visual confirmation 
(e.g., the number and locations of landfills 
spotted by satellite).

• Upweighting third-party data sources 
based on independent data. Because 
of the potential incentive for entities to 
misreport their own emissions, Climate 
TRACE is exploring upweighting third-
party data. This is greatly facilitated by 
the use of metadata. For example, in 
many countries the entities that operate 
power grids are different from those that 
own the power plants. Further, many 
power markets must have access to 
accurate data on total load or markets 
will fail to clear and swiftly lead to power 
outages. Thus, the power grid operator 
has little incentive (and in fact little 
ability) to falsify total activity data for 
all electricity in a region, and this data 
source could be upweighted as reliable.

Identifying highest-leverage areas for 
further research

By including many emissions and metadata 
estimates in a single, unified framework, 
Climate TRACE has some ability to explore 
what areas of future investment and research 
might produce the largest reduction in 
uncertainty.
In qualitative terms, this is possible already. 
For example, the coalition has been able to 
determine particular sectors that have been 
studied less than others (notably, indoor 
fossil fuel consumption from residential 
non-electric water heating and cooking). And 
multiple sector leads have observed that, 
while every additional satellite with publicly 
available imagery adds predictive power, a 
thermal infrared satellite with a non-sun-
synchronous orbit would produce the most 
additional predictive power in estimating 
global emissions.

But with further research, the coalition believes 
it may be possible to move all Climate TRACE 
estimates to a single objective function 
that can be used to conduct at least basic 
principal-component analysis. The coalition 
is currently exploring ways to calculate the 
estimated marginal gains of different possible 
investments, to inform further research both 
in the coalition and by any other interested 
parties. 
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Climate TRACE is a joint initiative by 
collaborating universities, environmental 
nonprofits, tech startups, and environmental 
leaders to pool their technical resources to 
produce a joint global emissions inventory. 
Collectively, the various members and 
contributors have developed a global 
GHG emissions inventory that is truly 
comprehensive over all gasses, countries, 
sectors of the economy, and years since 2015.

The initiative accomplished this by 
incorporating a variety of different data 
sources in an ensemble metamodel. Many of 
these sources were generated by individual 
coalition sector leads using novel techniques, 
such as applying machine learning to 
remotely sensed data. Wherever possible, 
results have been calibrated against multiple 
sources of high-quality training data. These 
include directly metered emissions data from 
individual facilities using data sources such 
as the United States’ Continuous Emissions 
Monitoring System on individual power 
plants.

The initiative accomplished this by 
incorporating a variety of different data 
sources in an ensemble metamodel. Many of 
these sources were generated by individual 
coalition sector leads using novel techniques, 
such as applying machine learning to 
remotely sensed data. Wherever possible, 
results have been calibrated against multiple 
sources of high-quality training data. These 
include directly metered emissions data from 
individual facilities using data sources such 
as the United States’ Continuous Emissions 
Monitoring System on individual power 
plants.

A key approach of the coalition is to 
assemble all GHG emissions inventories, 
as well as related data sources such as 
third-party economic activity data. A joint 
Climate TRACE metamodeling team will then 
disaggregate these diverse data sources 
to an extremely detailed level, including the 
estimated location, owner, capacity, activity, 

emissions factor, and total emissions of 
individual major emitting sources. This allows 
the coalition to cross-validate work from many 
different emissions inventories and quantify 
the extent to which every public data source 
the coalition can find does or does not agree 
with each other and why. 

The coalition’s current work focuses on 
increasing its granularity by developing and 
publicly sharing a comprehensive global 
inventory of nearly all major point and 
area sources of emissions worldwide by 
Q4 2023, obtaining and integrating large 
numbers of datasets to cross-verify these 
results, and developing a weighted averaging 
metamodeling that estimates the most 
parsimonious explanations for multiple 
emissions measurements of each source and 
associate uncertainty.

Climate TRACE supports efforts to harmonize 
and share data across emissions inventory 
efforts and recommends that policymakers 
rely on consensus estimates whenever 
possible. 
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Appendix 6.2 Detailed information on individual Climate TRACE 
methodologies

Climate TRACE 
Sub-sector

Data employed
Geolocated 
Asset-level 

Data Satellite Data

Country Reported, 
Production or

 Economic Data Emissions Data
Steel X X X

Cement X X X
Aluminum X X

Petrochemicals X
Paper and Pulp X
Crushed Stone X

Sand X
Bauxite X
Copper X

Iron X
Oil and Gas Production X X X

Oil Refining X X X
Electricity Generation X X X

Shipping X X X X
Road Transport X X X

Aviation X X
Synthetic Fertilizer

Application X

Rice Cultivation X X
Crop Fires X X
Forest Fires X X

Savanna Fires X X
Shrubland Fires X X
Forest Clearing X X

Buildings X

Table 6.1: 2021 and 2022 common datasets used in sector methodologies and level of 
independence. Color labels are as follows: Green = Fully 3rd party or direct measurements; 
Orange = Reported by National Agency; Gray = Self reported with auditing.
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Table 6.2: Spatial granularity, and frequency and recency emission estimates for 2021 and 2022. 

Climate 
TRACE Sub 

sector
Spatial granularity

Frequency and recency of emissions 
estimates

2021 2022 2021 2022
Steel

Country-level Country and As-
set-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Monthly emission 
estimates are provided 

from 2015 to 2021, 
inclusive.

Cement

Aluminum

Petrochemi-
cals Country-level Country-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emission 
estimates are provided 

from 2015 to 2021, 
inclusive.

Paper and 
Pulp

Crushed 
Stone

Country-level Country and 
Asset-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emission 
estimates are provided 

from 2015 to 2021, 
inclusive.

Sand
Bauxite
Copper

Iron
Oil and Gas
Production Country-level Country and 

Asset-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emission 
estimates are provided 

from 2015 to 2021, 
inclusive.

Oil Refining

Electricity
Generation Country-level Country and 

Asset-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emission 
estimates are provided 

from 2015 to 2021, 
inclusive.

Shipping Country-level Country and 
Asset-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emissions with 
the potential to have 
finer temporal mea-

surements.

On Road Country-level Asset-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emission 
estimates are provided 

from 2015 to 2021, 
inclusive.

Aviation Country and 
asset-level

Country and 
asset-level

Annual emission 
estimates are 

provided for 2018 to 
May 2021, inclusive.

Annual emission 
estimates are 

expanded to June 
2021 to April 30 2022, 

inclusive.

Synthetic 
Fertilizer

Application

Country-level for 16 
countries

Country-level for 94 
countries

Annual emission 
estimates are 

provided for 2016 to 
2019, inclusive.

Annual emission 
estimates are 

expanded to 2015 to 
2021, inclusive.

Rice Cultiva-
tion

Country-level for 23 
countries

Country-level for 23 
countries and 
asset-level for 
southeast Asia.

Annual emission 
estimates are 

provided for 2020.

Annual emission 
estimates are 

expanded to 2015 to 
2021, inclusive.

Crop Fires Country-level Country-level and 
asset-level

Annual emission 
estimates are 

provided for 2020.

Annual emission 
estimates are 

expanded to 2015 to 
2021, inclusive.
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Forest Fires Country-level Country-level and 
asset-level

Annual emission 
estimates are 

provided for 2020.

Annual emission 
estimates are 

expanded to 2015 to 
2021, inclusive.

Savanna Fires Country-level Country-level and 
asset-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emission 
estimates are provided 

from 2015 to 2021, 
inclusive.

Shrubland 
Fires Country-level Country-level and 

asset-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emission 
estimates are provided 

from 2015 to 2021, 
inclusive

Forest Clear-
ing Country-level Country-level and 

asset-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emission 
estimates are provided 

from 2015 to 2021, 
inclusive.

Buildings Country-level Country-level

Annual emission 
estimates are 

provided from 2015 
to 2020, inclusive.

Annual emission 
estimates are provided 

from 2015 to 2021, 
inclusive.
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Table 6.3: Climate TRACE data sources by sector. Included are models utilized in each sector 
and the IPCC equivalent sector. 

Climate TRACE 
Subsector Datasets Employed to Estimate Emissions

Model(s) Employed 
to Estimate 
Emissions IPCC Equivalent Sector

Steel, Cement, 
Aluminum, 

Petrochemical, 
Paper and Pulp

Landsat-8 and -9 and Sentinel-2A/B 
shortwave infrared (SWIR) measurements, 
Mineral Yearbook by the U.S. Geological 
Survey (USGS), International Aluminum 
Institute, World Steel Association, Global 
Efficiency Intelligence, Steel data from 

Global Efficiency Intelligence, GNR project 
by the World Business Council for Sus-
tainable Development (WBCSD), Govern-
ment Cement data (China, India, Taiwan, 
Russia, Thailand, Pakistan, Malaysia and 

Colombia), United Nations Industri-
al Development Organization (UNIDO), 

Industrial Production from the Economic 
Research - Federal Reserve Bank of St. 

Louis,

Machine learning

Steel- 1.A.2.a, 2.C.1
Cement- 1.A.2.f, 2.A.1
Aluminum- 1.A.2.b, 

2.C.3
Petrochemical- 1.A.2.c, 

2.B.1, 2.B.7, 2.B.8.a
Paper and Pulp- 

1.A.2.d, 2.H.1

Crushed Stone, 
Sand, Bauxite, 
Copper, Iron

Sentinel-1 synthetic aperture radar (SAR), 
Economic activity related to mining and 

quarrying, and tonnes of ore extract-
ed from: US Geological Survey Miner-

als Yearbook, Observatory of Economic 
Complexity and Union Européenne des 

Producteurs de Granulats (UEPG) Mineral 
Publication and Global Energy Monitor 

Coal Mine Tracker

Statistical and Ma-
chine Learning 1.A.2.g.iii

Oil and Gas 
Production and 

Refining

Upstream Oil and Gas Field and Refin-
ing datasets from service provider; oil 
and gas data from technical references, 
academic publications, government and 
news websites, direct emissions esti-
mates, verified datasets on field depth, 
age, production, gravity, oil, gas and 

water ratios technical references, journal 
articles, and fundamental data sources, 
Suomi National Polar Partnership (NPP) 

Visible Infrared Imaging Radiometer Suite 
(VIIRS) Flaring data

Oil Production 
Greenhouse Gas 

Emissions Estima-
tor (OPGEE) and 
The Petroleum 

Refinery Life-Cy-
cle Inventory 

Model (PRELIM) 
processed-based 
models from the 

Oil Climate Index + 
Gas (OCI+) tool

1.B.2.a.i, 1.B.2.a.ii
1.B.2.a.iii, 1.B.2.b.i
1.B.2.b.ii, 1.B.2.b.iii
1.B.2.c, 1.B.2.a.iv
1.B.2.a.v, 1.B.2.b.v
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Electricity Gen-
eration

PlanetScope, Landsat-8 and Senti-
nel-2A/B satellite visible imagery, Aus-
tralia National and Wholesale Electricity 
Market, EU Joint Research Center (JRC) 
Open Power Plants Database (PPDB), 

European Network of Transmission Sys-
tem Operators for Electricity (ENTSO-E), 
Global Energy Monitor (GEM) Global Coal 

Plant Tracker (GCPT) and Global Gas 
Plant Tracker (GGPT), International En-

ergy Agency (IEA) Electricity Generation 
Data, S&P Global/Platts World Electric 
Power Plant (WEPP) database, Taiwan 
Electric Power Corporation, US EPA Air 
Markets Program Data (AMPD), US Ener-
gy Information Administration EIA-860 
and EIA-860m, World Resources Insti-
tute (WRI) Global Power Plant Database 
(GPPD), Government utility and power 
company data (Argentina, Bangladesh, 

Brazil, Canada, China, Croatia, Indonesia, 
South Korea, Lithuania, New Zealand, 
Panama, Peru, Singapore, South Africa, 

Thailand, Turkey, Vietnam; Note: This is a 
subset of the 81 total grid data used for 

the Electricity generation sector)

Machine learning 1.A.1.a.i, 1.A.1.a.ii

Shipping

Automatic ship identification data (AIS), 
EU’s shipping emissions Monitoring, 
Reporting, and Verification (MRV), IHS 

Markit (commercial provider), Third and 
Fourth GHG Studies from the Internation-
al Maritime Organization (IMO), Interna-
tional Council on Clean Transportation 
(ICCT) Global Shipping GHG emissions 

study

Statistical and Ma-
chine Learning

1.A.3.d
International naviga-

tion

On road

Sentinel-2A/B visual imagery, Planet 
Labs Global Buildings and Roads Map, 
Database of Road Transportation Emis-
sions (DARTE), LandScan Population, 
Motorization Rate 2015 - Worldwide, 
Average Annual Daily Traffic (AADT) 

data from the US Highway Performance 
Monitoring System, OpenStreetMap road 

network data, vehicle emissions fac-
tors-related data from the World Bank 

Group Climate Action for Urban Sustain-
ability (CURB) tool

Machine learning 1.A.3.b

Aviation

Official Aviation Guide (OAG) proprietary 
historical flight status data and Inter-
national Civil Aviation Organisation’s 

(ICAO) fuel consumption tables for spe-
cific aircraft types

ICAO model 1.A.3.a
International aviation
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Synthetic Fertil-
izer Application

FAOSTAT Direct N2O emission at the 
country scale, Crop-specific Yield, and 

Crop-specific Harvest area; Crop-specific 
nitrogen content (Lassaletta et al., 2014); 
International Fertilizer Association Total 
N fertilizer at country scale (IFASTAT); 
United Nations Framework Convention 

on Climate Change (UNFCCC) Direct N2O 
emission at country scale

Statistical 3.D.1.a

Rice Cultivation

Aqua and Terra Moderate Resolution Im-
aging Spectroradiometer (MODIS) derived 
vegetation and snow indices, Sentinel-1A 
synthetic aperture radar (SAR) and Sen-

tinel-2A/B and land cover map

Statistical 3.C

Crop, Forest, 
Savanna, Shru-

bland Fires

Suomi National Polar-orbiting Part-
nership (NPP) Visible Infrared Imaging 

Radiometer Suite Visible Infrared Imaging 
Radiometer Suite (VIIRS), Aqua and Terra 
Moderate Resolution Imaging Spectro-
radiometer (MODIS), Copernicus Global 

Land Cover (CGLS) LC100 collection, Blue 
Sky Analytics generated combustion co-

efficients from remote sensing data

Statistical

Crop- 3.F
Forest- 4.A

Savanna and Shru-
bland- 4.C

Forest Clearing

Landsat-derived tree cover loss, Ice, 
Cloud, and Elevation Satellite (ICESat) 
Geoscience Laser Altimetry System 

(GLAS)/Landsat-derived aboveground live 
woody biomass density, Suomi National 
Polar-orbiting Partnership (NPP) Visible 

Infrared Imaging Radiometer Suite (VIIRS) 
Fire Mask

Statistical 4.A
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Appendix 6.3 The ERMIN Data 
Format

The importance of data standardization in 
emissions inventories

Global tracking of carbon emissions at 
the asset level is essential to holding 
producers accountable for doing their part 
to reduce emissions. Many efforts are under 
way to automate collection and reporting 
of emissions from all sectors of human 
activity. These various efforts are highly 
distributed across different institutions and 
individuals, often with different reporting 
goals and directives. For example, some 
emissions reports are available because 
private organizations have been required 
to report their own emissions to local 
or national governing bodies. In other 
cases, local or national governments have 
gathered emissions data from their own 
internal sources. In many sectors, academic 
researchers, nonprofit organizations, for-
profit organizations, and even citizen 
scientists started monitoring and reporting 
emissions estimates. Eventually, to have 
a comprehensive assessment of global 
emissions with the most specific attributions 
possible, all of these  data sources must 
be integrated into one holistic global data 
set. The more sectors covered, the more 
emissions can be tracked. In addition, the 
more independent observations of any given 
sector, the more confidence can be gained 
regarding the accuracy of those estimates. 

However, we are currently lacking well-defined 
data standards for emissions reporting. 
The following factors present a barrier to 
performing the type of data integration 
and meta-end analysis that is required: 
variation in the reporting format, the types 
of data being gathered, the transparency 
of methodologies used, validation and 
authentication of data, and availability in 
machine-readable format.

Thus, a single, unified data format 
specification is needed to enable integration 
of these disparate data sets. Data standards 
have been critical to the success of other 
complex modeling fields, such as genomic 
research. To address this need in greenhouse-
gas (GHG) emissions modeling, we have 
designed a comprehensive data specification 
for emissions reports. The Emissions 
Report Minimum INformation (ERMIN) data 
standard is designed to allow producers 
and monitoring groups to report asset-
level emissions using the UNFCCC Annex 1 
categorization of emissions in such a way 
that data can be easily integrated across 
inventories and sectors. This standardization 
is intended to help downstream users access 
and analyze comprehensive emissions data 
sets without having to manually parse 
and align different reporting formats. The 
standard includes a full specification for a 
minimum subset of essential data fields, 
as well as optional data fields that enable 
arbitrary specificity in attribution along 
geographical, geospatial, temporal, and 
geopolitical dimensions. The specification 
also allows for the inclusion of arbitrary 
additional meta-data fields that may be 
specific to one sector or another.

The ERMIN specification requires an 
accompanying software package for 
performing validation of input data. This 
is critical for ensuring that input data 
adheres to the specifications format, and 
that any validated ERMIN-formatted data 
will be interoperable with any other such 
data. This software framework allows for the 
design of plug-ins that can be reused to 
input and convert data from known sources 
and formats. The ERMIN standards and 
software tools for validation can be found 
here: https://github.com/knights-lab/ermin-
standards.
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General Format

Each row in an ERMIN report specifies one 
quantity of emissions of one type of GHG 
during a single continuous period of time. 
The chemical formula, numeric quantity, 
and units of the GHG are required, as is 
the UNFCCC Annex 1 category code. A row 
may also include total emissions from a 
combination of UNFCCC Annex 1 categories, 
provided as a list. CO₂ equivalent emissions 
may also be reported in place of a specific 
gas, in which case the methodology (20-
year or 100-year equivalency) must also 
be reported. A start time is required, and 
may be specified at any level of granularity, 
ranging from a subsecond to a year. If only 
this time is included, the emissions are 
understood to be reported for that entire 
unit of time. An optional end time may 
also be specified. Required fields were kept 
to the minimum necessary to enable meta-
analysis and traceability. Table 1 provides a 
description of all required fields and their 
dependent fields and intended uses.

Data Provenance

An important aspect of traceability and 
transparency in global emissions tracking is 
the establishment of data provenance and 
methodology. ERMIN contains required fields 
to discriminate the entity responsible for 
producing the emissions from the entity 
responsible for reporting the emissions. At 
a minimum, a data version is required to 
be included in each emissions report. This 
value may be chosen arbitrarily by the 
submitter, but is expected strictly to increase 
over time as new versions of the same data 
are submitted. The purpose is to enable 
tracking and versioning of resubmissions of 
the same data. Data resubmission may be 
required if a report needs to be corrected. 
The specification also requires a version 
“changelog” that describes what changes 
were made between versions. A reporting 
timestamp indicating the time and date 
of the report submission further enables 
transparency in data provenance.

Additional traceability is enabled by the 
optional field, measurement_method_doi_
or_url. This field allows the submitter to 
provide a digital object identifier (DOI) or 
uniform resource locator link to a resource 
that describes the methodology used for 
estimating the emissions. This field will 
be especially useful both for emissions 
estimated by third-party academic groups, 
who may provide detailed and reproducible 
descriptions of peer-reviewed publications 
describing methodologies, and for providing 
transparency to downstream data analysts 
in the cases of emissions reported using 
unpublished or undisclosed methodologies, 
such as those reported by a private 
company.

Attribution

Several optional fields are included in 
the specification that enable submitters 
to provide arbitrary specificity regarding 
attribution of the emissions along multiple 
dimensions. Geographical entities may 
be specified using the GAZ ontology at 
the level of city, county, state, region, 
country, or continent, also including some  
parks and government-specified areas. 
Geospatial coordinates may be specified 
using latitude and longitude in well-known-
text representation of geometry, which 
allows specification of a point, an arbitrary 
polygon, or any combination of these. 
Temporal specificity is enabled with arbitrary 
specificity using ISO-compliant timestamps. 
Finally, the field producing_entity_id allows 
the user to utilize any internal or external 
identifier system, such as globally unique 
identifiers (GUIDs).

Attribution to the capacity, activity, and 
emissions factor components that produced 
a given emission quantity is also enabled 
through optional fields. When these data are 
provided, they can enable more thorough 
data validation than with the single 
emissions output value, through comparison 
of these values to known or expected values 
from other sources. For example, if the 
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capacity and emissions factor of a given 
power plant are known from public record, 
these can be validated externally. 

Reporting Variability and Uncertainty
An important aspect of emissions tracking 
and analysis is the measurement and 
reporting of uncertainty. Uncertainty can be 
measured in a general or qualitative way, as 
in categories like “high” and “low”, or it can 
be measured in a very specific and highly 
quantitative way, as in the specification of a 
confidence interval or estimate of variance. 
ERMIN contains option fields for both types 
of uncertainty. The qualitative uncertainty 
can be reported using the confidence_tier 
field, which utilizes the three UNFCCC method 
confidence tiers (https://unfccc.int/resource/
docs/publications/09_resource_guide3.pdf) 
for high-, medium-, and low-confidence 
methodologies. This field is designed to be 
used and interpreted easily both by humans 
doing data submission or data analysis.

When available, quantitative measures of 
uncertainty may be provided using the 
variance field and its dependent fields. An 
analogy to quantitative uncertainty can be 
made to the reporting of uncertainty of 
climate change models, which often use 
probabilistic statements to communicate 
scientists’ certainty around a given estimate, 
such as estimating the probability of 
exceeding a given temperature threshold in a 
given year. In the case of emissions reports 
that are estimated using a probabilistic 
methodology such as many machine learning 
or statistical models, the model often reports 
both its best estimate of the emissions 
quantity, sometimes called a point estimate, 
and some measure of the variance of its 
estimate. The variance field can use any form 
of variance or error estimation, such as root-
mean-squared error, mean absolute error, 
normalized root-mean-squared-error, mean 
absolute percentage error, standard deviation, 
confidence interval, or even a discretized 
probability distribution via frequency 
table of arbitrary detail. These quantitative 
estimates can then be utilized in probabilistic 

models, such as Bayesian models, during 
meta-analysis, to incorporate more fully the 
outputs of the primary emissions models.

Missing data

Another critical aspect of any data 
integration and standardization effort for 
metamodeling purposes is the proper 
specification of known missing data. When a 
submitter is creating a report, if the report 
contains known missing data, the submitter 
can use the optional fields, missing_data and 
missing_data_description to indicate this. For 
example, if the reported emission quantity 
is zero, but the submitter knows that this 
is due to missing data, the submitter can 
enter “TRUE” for missing_data and can use 
the description field to describe how it is 
known that data are missing. Similarly, there 
may be cases where a given category of 
emissions cannot be completely measured 
by the submitter. Because it is not possible 
to pre-specify all possible subsets of all 
possible sectors (e.g., “emissions measure 
from all red boats”), the ERMIN specification 
includes a field for indicating when a 
quantity is known to comprise a fractional 
subset of the reported category or sector. 
The submitter can indicate that the quantity 
is a subset, provide the estimated fraction 
of the categorical emissions that is being 
reported, and provide a description of the 
methodology used to estimate that fraction. 
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Other Optional Fields

Table 2 provides a description of all optional 
fields and their dependent fields and their 
intended uses.

Backwards compatibility

Any future release of ERMIN will include 
conversion methods in the software that 
allow automatic conversion of validated 
prior-version ERMIN data to the new version, 
with appropriate data version changelog 
notes describing any changes made. 
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Standardization

Wherever possible, the ERMIN Specification 
relies on pre-existing ontologies and data 
standards for its various fields to specify 
syntax for a given field. For example, the 
spatial coordinate syntax uses the pre-
existing WKT format; confidence_tier uses 
the UNFCCC method confidence tiers; the 
timestamp fields use ISO timestamp format. 
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Table 1. ERMIN Specification Required Fields

Field name Description Example
unfccc_annex_1_category Official name(s) of UNFCCC ANNEX 1 

categories covered in this emissions 
report. If multiple categories included, 
use comma-separated list. Use the least 
specific category or categories that 
describe(s) all of the reported emissions 
and only the reported emissions. For 
example, if describing domestic aviation, 
road transportation, cars, light duty trucks, 
then enter "1.A.3.a Domestic Aviation, 1.A.3.b 
Road Transportation, 1.A.3.b.i Cars, 1.A.3.b.ii 
Light Duty Trucks" (spaces acceptable 
between items), instead of "1.A.3 Transport", 
which would be too general. However, if 
reporting for all categories of transport, 
including "1.A.3.e Other Transportation", 
then report only "1.A.3 Transport". (link to 
be added)

1.A.3.a Domestic Avia-
tion, 1.A.3.b Road Trans-
portation, 1.A.3.b.i Cars, 
1.A.3.b.ii Light Duty 
Trucks

producing_entity_name Name of the entity or asset that physically 
produced the emissions. For example, for 
emissions from a ship, the entity would 
be the ship. Emissions from a power plant 
would be attributed to that power plant. 
Countries should be specified using the 
3-letter ISO code for that country (https://
www.iban.com/country-codes). If not a 
country, but a geopolitical entity, use 
"Preferred Name" of the geographic entity 
from the GAZ ontology (v 1.512) (http://purl.
bioontology.org/ontology/GAZ). Spatially 
described emissions, such as those 
described by an atmospheric observation, 
would enter NA for not applicable.

French Republic

reporting_entity Name of the person or organization who 
did the reporting. When possible, use 
standard abbreviations. Use "_" instead of 
spaces. e.g. climate_trace, EDGAR, CAIT, PIK

EDGAR

emitted_product_formula This field provides the chemical formula 
for the product that was emitted in the 
reported event. See Definition of "emitted_
product_name"

CO₂
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emission_quantity Quantity of product emitted (without 
units) or NA if known to be not applicable, 
e.g. a country has no oil and gas. If 
reported quantity is zero, but some true 
emissions are expected, enter "Yes" for 
unfccc_annex_1_category_is_subset, "0" for 
unfccc_annex_1_category_subset_fraction, 
and describe why in unfccc_annex_1_
category_subset_estimation_method.

2000

emission_quantity_units Units of reported "emission_quantity" field 
e.g. kg. Use SI base units and standard 
abbreviations when possible. https://
en.wikipedia.org/wiki/SI_base_unit

kg

carbon_equivalency_method Method used for calculating carbon 
equivalency. Required if emitted product 
formula was CO₂e.

20-year

start_time The start time using Coordinated Universal 
Time (UTC) of emissions, as a single 
point in time. In case no exact time is 
available, or in case the emissions pertain 
to a period of time, the date/time can be 
right truncated i.e. all of these are valid 
times: 2021-01-23T19:23:10+00:00; 2021-01-
23T19:23:10; 2021-01-23; 2008-01; 2021. If 
end_time is omitted, time is understood 
to cover the duration of the period defined 
by start_time. For example, if start_time 
is 2021-01 and end_time is omitted, then 
the time is understood to cover the entire 
month of January, 2021.

2021-01-01 00:00

data_version Version of data in case corrections have 
been made to the same data report. This 
is a decimal value, such as 1.5. When in 
doubt, use numbers less than 1 to indicate 
test data, and 1.0 to indicate the first 
reported version of real data.

1.0

data_version_changelog Description of changes to this data version 
relative to the previous version. Required if 
data_version > 1.0

reporting_timestamp time and date when emissions are being 
reported. See emissions_timestamp for 
formatting. Intervals not accepted, only 
a point in time. Will be automatically 
populated a time of validation if not 
included.

2022-05-01 13:00

other_emitted_product_de-
scription

Description of emitted product, required if 
"other" was chosen for "emitted_product_
name"

other hydrofluorocarbons
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Table 2. ERMIN specification optional fields

Field name Description Example
unfccc_annex_1_category_notes Notes/caveats regarding UNFCCC 

ANNEX 1 category description
Excludes electric vehicles

measurement_method_doi_or_url DOI or, if not available, URL of 
publication describing methodology 
for measuring reported emissions.

DOI:10.17485/ijst/2016/
v9i38/95032

producing_entity_id A unique identifier of the physical 
entity producing the emissions. For a 
ship, this would be the IMO Number 
of the ship; for a farm, unique name 
and location of the farm; for a city, 
the name, state, and country of the 
city; for a corporation, the legal name 
and country of the corporation; for 
a power plant, the unique name and 
location of the power plant. This 
may be assigned optionally by the 
reporting entity in such a way that 
it will be unique, identifiable, and 
stable over time. This could be used 
to store a unique identifier that is 
used internally by the reporting 
entity. Future versions may include 
further specifications of how to derive 
an identifier. For example, use GAZ 
identifier for a geographic entity from 
the GAZ ontology (v 1.512) (http://purl.
bioontology.org/ontology/GAZ), e.g. 
GAZ_00002940 for France.

GAZ_00002940

producing_entity_id_type A description of how the field 
"producing_entity_id" was assigned. 
For example, if using the GAZ 
ontology, state "GAZ ontology"; for 
an internal identifier, state, "internal 
identifier"; for an iso3_country code, 
"iso3_country"

GAZ ontology

end_time The end time, inclusive, using 
Coordinated Universal Time (UTC) of 
emissions, as a single point in time. 
Follows format of "start_time". May be 
omitted. See "start_time" definition.
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capacity Capacity of the entity producing 
the emissions, not including units. 
This has different interpretations in 
different sectors. When in doubt of 
the most natural choice of capacity 
and activity units, start with the 
most natural emissions_factor (e.g. 
kg CO₂ per nautical mile, or kg CO₂ 
per acre of forest burned, or kg CO₂ 
per day per head of cattle), and work 
backwards to find a sensible choice 
for capacity and activity units.

40

capacity_units Units of reported "capacity" field e.g. 
kw. Use SI base units and standard 
abbreviations when possible. https://
en.wikipedia.org/wiki/SI_base_unit

kw

activity Activity of the entity producing the 
emissions, not including units. See 
definition of "capacity".

250.25

activity_units Units of reported "activity" field. 
Use SI base units and standard 
abbreviations when possible. https://
en.wikipedia.org/wiki/SI_base_unit.

h

emissions_factor Emissions factor of reported activity. 
This has different interpretations in 
different sectors. See definition of 
"capacity"

1.25

emissions_factor_units Units of reported "emissions factor" 
field. Use SI base units and standard 
abbreviations when possible. https://
en.wikipedia.org/wiki/SI_base_unit.

kwh

lat_lon A spatial description of the origin 
of the emissions using well-known-
text (WKT) representation. If the 
emissions are tied to a specific 
geopolitical entity, such as a country 
or municipality, provide the lat/
long coordinates of the center of 
the entity. If the location is tied to 
a specific latitude and longitude, 
such as a physical address, provide 
a point lat/long. If the emissions 
come from an area, provide a Polygon 
or Multipolygon, all following WKT 
format (https://en.wikipedia.org/wiki/
Well-known_text_representation_of_
geometry). If the emissions are widely 
dispersed as with shipping-related 
emissions, use the geographical center 
of the responsible entity.

POINT (50.586825 
6.408977)

Appendices



47

confidence_tier From UNFCCC (https://unfccc.int/
resource/docs/publications/09_
resource_guide3.pdf): "Tier 1 methods 
typically utilize IPCC default emission 
factors and require the most basic, 
and least disaggregated, activity 
data. Higher tiers usually utilize 
more elaborate methods and source-
specific, technology-specific, region-
specific and/or country-specific 
emission factors, which are often 
based on measurements, and normally 
require more highly disaggregated 
activity data. Tier 2 and 3 methods 
require more detailed data and/or 
measurements for their application. In 
cases where a national methodology 
exists, which is consistent with the 
IPCC Guidelines, it is highly advisable 
to use the national methodology. 
This methodology should be fully 
documented in order to allow the 
reader to understand why this 
particular method is better than 
the default one proposed by the 
IPCC." Generally, Tier 3 refers to 
nationally or internationally accepted 
methodologies, Tier 2 refers to data 
measured independently using a 
well-documented methodology with 
at least some published validation 
of the methodology, and Tier 1 refers 
to self-reported data, data expected 
to have substantial noise or error, 
data produced without documented 
methodologies, or data whose validity 
is otherwise suspect.

1

confidence_tier_description Description of why a given tier was 
chosen for "confidence_tier"
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variance Expected variance in estimate of 
emissions data reported. Leave 
this as NA unless you are using a 
method that is specifically designed 
to estimate variance in an emissions 
report. This can use any form of 
variance or error estimation, such 
as root-mean-squared error, mean 
absolute error, normalized root-
mean-squared-error, mean absolute 
percentage error, standard deviation, 
confidence interval, or even a 
histogram. Use the field "variance_
type" to describe the type of variance. 
Use the field "variance_method" to 
describe the method used to calculate 
this. Can be a confidence interval 
specified with (lower, upper). To 
accomodate probabilistic models, can 
be a histogram table representing a 
discretized distribution over possible 
values with any level of granularity, 
in the format "(start,end]:count,(star
t,end]:count,..." or "[start,end):count,[
start,end):count,...". For the histogram 
type, count values can be integer 
counts or fractions, a parenthesis 
specifies an open (non-inclusive) end 
of an interval, and a square bracket 
specifies a closed (inclusive) end of 
an interval.

0.9

variance_type Type of variance reported in 
"variance", using abbreviation when 
known, such as root-mean-squared 
error (RMSE), mean absolute error 
(MAE), normalized root-mean-
squared-error (NRMSE), mean absolute 
percentage error (MAPE), standard 
deviation (SD), histogram (HIST). 
Can also be a confidence interval, 
specificed as CIXX or CIXX.X, e.g. 
CI95 for a 95% confidence interval, or 
CI66.7 for a 66.7% confidence interval.

CI66.7

variance_method Description of method used to 
estimate "variance". Include URL or 
DOI if applicable.
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emitted_product_name This field describes the product that 
was emitted in the reported event, 
using its common English name. For 
example, carbon_dioxide or methane. 
The full list of options was derived 
from this IPCC document: https://www.
ipcc-nggip.iges.or.jp/public/2006gl/
pdf/1_Volume1/V1_8_Ch8_Reporting_
Guidance.pdf. For products not 
included in this list, use "other" and 
provide a custom description, using 
underscores instead of spaces, in the 
"other_emitted_product_description" 
field.

carbon_dioxide

responsible_entity_name Name of the entity to which 
emissions are being attributed, i.e. 
entity most immediately responsible 
for the emissions, if applicable. For 
example, emissions from a ship 
would be most immediately the 
responsibility of the company that 
owns the ship. Emissions from a 
power plant would be attributed to 
the municipality controling that power 
plant. Country-level emissions would 
be attributed to the country using the 
"Preferred Name" of the geographic 
entity from the GAZ ontology (v 1.512) 
(http://purl.bioontology.org/ontology/
GAZ), e.g. "French Republic" for France. 
Spatially described emissions, such 
as those described by an atmospheric 
observation, would enter NA for not 
applicable.

French Republic
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unfccc_annex_1_category_is_sub-
set

Indicate TRUE/FALSE if this report 
is expected to cover a subset of the 
unfccc_annex_1_category indicated. 
If more than one unfccc_annex_1_
category is included, then this field 
can also be a comma-separated list of 
TRUE/FALSE indicators.

TRUE

unfccc_annex_1_category_sub-
set_fraction

Expected fraction of unfccc_annex_1_
category subsector indicated, if 
"unfccc_annex_1_category_is_subset" 
is "yes". Only include this if you have 
used a methodology to estimate 
the fraction of the category covered, 
or if the reported value is zero. If 
the reported value is zero, and is 
expected to be non-zero, enter "0". 
Otherwise, omit this field. If more 
than one unfccc_annex_1_category is 
included, then this field can also be a 
comma-separated list of fractions.

0.75

unfccc_annex_1_category_sub-
set_estimation_method

Description of methodology for 
estimating the subset fraction 
reported in "unfccc_annex_1_
category_subset_fraction". Use title 
of publication if using published 
methods, or notes describing why this 
was indicated to be a subset. Required 
if unfcc_annex_1_category_is_subset 
is "yes".

Subtracting estimated 
fraction of electric vehi-
cles in this locality.

unfccc_annex_1_category_sub-
set_estimation_method_doi_or_
url

DOI or, if not available, URL of 
publication describing methodology 
for estimating the subset fraction 
reported in "unfcc_annex_1_category_
subset_fraction"

DOI:10.1016/j.
trc.2012.07.007

missing_data For example, if reporting zero for a 
given category, but the emissions 
are expected to be greater than zero, 
you should enter "yes" to indicate 
expected missing data.

TRUE

missing_data_description Description of why missing_data is 
"yes"
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