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Abstract. We present a low-lag, monthly dataset of emissions of carbon dioxide from fossil fuel consumption and industrial 5 

processes in Japan, derived directly from official activity data and starting in 2007. Such estimates will be crucial for near-

real-time monitoring of emissions and making swift policy responses accordingly. When aggregated, our estimates replicate 

the annual data published through the UNFCCC national inventory report very well, with only small discrepancies which we 

describe and quantify. The dataset is produced with a lag of two months and can be used to estimate the annual emissions a 

year ahead of the official estimates submitted to the UNFCCC, and also provides a better starting point for short-term emissions 10 

projections. 

1 Introduction  

1.1 Aim of constructing monthly emissions data  

To meet the Paris Agreement goals on climate change, countries need to reduce their CO2 emissions. Measurement and 

monitoring are primary tools to facilitate such reductions. A growing number of countries publish annual estimates of their 15 

emissions, but these are typically published more than a year after the measurement year ends, and this delay can lead to missed 

opportunities for policy correction. Moreover, an annual temporal resolution hinders interpretation of emissions trends and 

reduces the potential frequency of raising awareness in society. Economic data are published quarterly, monthly, and at even 

higher frequencies precisely because this is required for steering economic decisions. Annual emissions reporting was 

reasonable in a time when they were less important, but as the world approaches 1.5°C, closer monitoring of emissions is 20 

increasingly critical. There is therefore a clear policy need for emissions estimates that have both lower lag and higher temporal 

resolution. 

In addition to the added value for policy correction and awareness raising, reliable sub-annual estimates will become 

comparison points for methods that rely on proxy parameters that are not country-specific (e.g. Liu et al., 2020), used in 

calibrations of satellite observation data (e.g. Chevallier, 2021), as well as for global short-term projections of CO2 25 

(Friedlingstein et al., 2025). 

As the world’s fifth-largest emitter, Japan’s emissions estimates are of interest not just domestically, but also to the 

international public. Japan has submitted its Nationally Determined Contribution (NDC) with targets of a 46% decrease in 

greenhouse gas emissions by 2030 compared to 2013 levels, a 60% decrease by 2035, a 73% decrease by 2040, and net zero 

by 2050 (Japanese Government, 2021, 2025), all of which require policy measures informed by timely data.  While many 30 
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statistics in Japan are relatively well maintained at monthly resolution, no official estimates of sub-annual emissions are yet 

produced. Moreover, Japan’s earliest report of annual emissions is published 12 months after the fiscal year has passed.  

A monthly dataset specific to Japan is additionally useful because of the use of fiscal years in Japanese data: Japanese annual 

data on emissions are published for fiscal years, running from April to March the following year. When aggregating annual 

data with data from other countries, calendar-year values should be used for correct alignment, and while sometimes simple 35 

3/4-1/4 allocations are made, monthly data offer a much more accurate reconstruction. A small number of other countries also 

report internationally on years other than the calendar year, such as Australia (Australian Government, 2025), Egypt (Egyptian 

Government, 2025), and Pakistan (Pakistani Government, 2025). 

In this paper, we construct a dataset of monthly fossil CO2 emissions for the territory of Japan, derived from officially published 

national datasets. Compiling monthly emissions from the many datasets requires organization and conversion of existing 40 

statistics, as well as development of a deeper understanding of the derivation of current annual emissions estimates. The 

resulting dataset can readily be updated monthly as new source data are published. 

1.2 Overview of public emissions data based on annual data 

In line with the Paris Agreement, the Japanese government submits a highly detailed annual National Inventory Report (NIR) 

of anthropogenic emissions by sources and removals by sinks of greenhouse gasses (GHGs) to the United Nations Framework 45 

Convention on Climate Change (UNFCCC) secretariat (Greenhouse Gas Inventory Office of Japan and Ministry of the 

Environment, Japan, 2025). The report follows methods outlined in the 2006 IPCC Guidelines (Eggleston et al., 2006) and its 

updates (Baasansuren et al., 2019), and is revised and updated for every submission. For Japan, the report is created by the 

National Institute for Environmental Studies (NIES), under the supervision of the Ministry of Environment. The NIR is 

composed of two parts: the data are presented in the Common Reporting Tables (CRT), and the details in the National Inventory 50 

Document (NID). We will use the acronyms NIR, CRT, and NID throughout the paper. 

Separately, the Agency for Natural Resources and Energy (ANRE) under the Ministry for Economy, Trade and Industry 

(METI) publishes the General Energy Statistics (METI (2025), also sometimes referred to in English translations as the 

“Comprehensive Energy Statistics”) , which accompanies the Energy Supply and Demand Report. A preliminary edition is 

published annually in November of the year following the reported period, while the final edition is published in the subsequent 55 

April, usually coincident with the NIR submissions to the UNFCCC. 

The Japanese government coordinates internally for the NIR submission to the UNFCCC and domestic publications from 

METI, so the data are mostly aligned, but there are some clear discrepancies due to differing category definitions and data 

sources. Following careful comparisons and consultation with the authorities, we have resolved the differences where data are 

available to the public. Relevant points are noted for each fuel type or product in Sect. 2.4. 60 
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1.3 Literature on sub-annual emissions estimates 

The literature on sub-annual, especially on monthly, emissions estimates for individual countries, both from official sources 

and third-parties, was recently summarized by Andrew (2021), in his presentation of monthly emissions estimates for the 

European Union. We build on this summary focusing on relevance to our study and adding more recent additions to the space.  

Countries where monthly data are published officially by the government include the United States, likely the first such case 65 

published in 2009 (EIA, 2009). Quarterly estimates are available for all EU countries (Eurostat, 2026), although these are not 

territorial emissions but rather estimates of emissions associated with the economic activity of each country, and these can 

diverge significantly (Andrew, 2021; see 50Appendix F for an example of divergence). In addition, Thailand’s Ministry of 

Energy publishes detailed monthly energy data and derived energy-related, territorial CO2 emissions estimates with a lag of 6-

8 weeks (Energy Policy and Planning Office, Ministry of Energy, Thailand, 2025), while Australia (Department of Climate 70 

Change, Energy, the Environment and Water, Australian Government, 2025), the United Kingdom (Office for National 

Statistics, UK Government, 2026) and New Zealand (Stats NZ, New Zealand Government, 2026) all publish quarterly 

territorial emissions estimates. France publishes monthly emissions estimates, published quarterly (Citepa, 2026). These are 

generally published around 3-5 months after the end of the quarter. Finally, South Korea began publishing quarterly estimates 

of emissions in its energy sector in late 2025 (Greenhouse Gas Inventory & Research Center of Korea, 2025), probably based 75 

on earlier work by Min and Choi (2024). 

Third-party estimates also have a long history, with an early example from Blasing et al. (2005) for emissions from the 

consumption of fossil fuels in the United States for the period 1981-2002. Estimates based on actual activity statistics (as with 

the current study) have been created for individual countries by Gregg et al. (2008) for China, Andrew (2020b) for India, and 

Andrew (2021) for the European Union. 80 

Andres et al. (2011) used methods based on proxy data developed by Gregg and Andres (2008) to estimate monthly emissions 

for 21 high-emitting countries and then map these to similar countries. Japan is among the 21 countries with direct estimates 

of emissions. The data source is confined to sales data of fossil fuels.  

Several monthly emission datasets are available using sources other than activity statistics. 

Oda and Maksyutov (2011) introduced the ODIAC dataset, which derives global, gridded emissions from national totals and 85 

satellite-derived night-light data. However, it was not until Oda et al. (2018) that sub-annual estimates were introduced, using 

the temporal profiles developed by Andres et al. (2011). With the advent of the COVID-19 pandemic, ODIAC’s method for 

disaggregating annual emissions to monthly resolution has changed (Maksyutov and Oda (2025), see Sect. 3.6.4), although 

this change doesn’t appear to have been documented yet. The dataset is updated annually. 

The EDGAR dataset (Emissions Database for Global Atmospheric Research) is the European Commission’s in-house dataset. 90 

Having originally used IEA energy data to derive energy-related CO2 emissions following the IPCC Guidelines Tier-1 

approach, EDGAR has since 2022 taken these directly from the IEA (European Commission Joint Research Centre, 2022) and 

supplemented with emissions in other sectors. EDGAR’s dataset has been disaggregated to monthly resolution by the use of 
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‘temporal profiles’, which are a framework such that each sector’s emissions can (but does not necessarily) vary each month 

and that this monthly profile can vary by year (Crippa et al., 2020). 95 

During the early stages of the COVID-19 pandemic in 2020 it became clear that there was a need for estimates of global 

emissions at a higher temporal resolution and lower lag, and this led to the development of two new datasets using proxies to 

estimate emissions less directly (Le Quéré et al., 2020; Liu et al., 2020). The proxy approach relies on data that alone do not 

allow direct derivation of emissions, but when combined with an emissions baseline the relative changes in the proxy data can 

indicate changes in activity and therefore changes in emissions. They are proxy in the sense that they stand in for real activity 100 

data (e.g., traffic congestion stands in for gasoline consumption). 

The work of Le Quéré et al. (2020) was largely driven by country-level data on the level of containment (restrictions on 

movement) and aggregated location data newly released by the technology companies Google and Apple as a part of pandemic 

response, and showed an average peak reduction in country-level emissions of 26% at the height of the first lockdowns in early 

2020. The purpose of this work was specifically to quantify the effects of the pandemic on emissions, and the proxy sources 105 

used are less suitable for more normal periods. 

Liu et al. (2020) developed a dataset, known as Carbon Monitor, that also used changes in proxy indicators to produce estimates 

of relative changes from a baseline. The baseline in this case was EDGAR’s estimates of emissions for 2018. Liu et al. divided 

up emissions in top-emitting countries into five sectors and used a separate proxy for each sector. The ability of these proxies 

to reflect actual changes in activity varied. In the power sector, for example, actual electricity generation data served as a 110 

relatively strong proxy, although initially only total generation was used, ignoring changes in generation mix, and initially only 

for a small number of countries. In contrast, the proxy used for road transport was a model of vehicle emissions as a function 

of an urban traffic congestion index in Paris, and this Parisian model was applied out of sample to several hundred cities around 

the world. Carbon Monitor has daily resolution, although some of the proxies used were only monthly. Liu et al.’s work 

continues to be updated approximately monthly, with a lag of about two months. 115 

Oda et al. (2021) presented estimates of emissions from Japan’s road transportation sector using official fuel consumption 

survey data and compared these with those of Carbon Monitor, finding that the latter’s methods were inaccurate, failing to 

capture seasonal patterns of transport emissions. However, the authors recommend that research on using ‘unconventional 

activity data’ (i.e. proxy data) continue. 

In 2020, Climate TRACE was announced as a collaboration of nine climate and technology organizations (Worland, 2020) 120 

and released its first emissions estimates in 2021 (Climate TRACE, 2021). The method is described as being primarily based 

on “direct, independent observations”. The methods used for different sectors differ significantly. For example, in the power 

sector, emissions are estimated by deriving utilization factors for power plants using automated detection of water-vapor 

plumes from satellite imagery, combined with a database on power plant capacity and technology (Couture et al., 2024). 

Meanwhile, in the oil and gas sector, a detailed bottom-up model is used to estimate emissions at each facility, with very high 125 

data requirements.  Some sectors, however, are simply extrapolated from the EDGAR global emissions dataset. Being largely 

untied to other emissions or fuel-consumption datasets, Climate TRACE’s estimates in some cases currently deviate 
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substantially from other estimates (e.g., Gurney et al., 2024, 2026). The dataset continues to be updated, with a lag of about 

two months. 

The REAS dataset (Kurokawa and Ohara, 2020) includes monthly, gridded emissions estimates for East, Southeast, and South 130 

Asia. In general, monthly emissions are estimated by applying proxies to annual estimates, and for years in which monthly 

proxies are not available, extrapolations of sub-annual patterns are used. REAS is also incorporated into other, regional datasets 

such as MIXv2 (Li et al., 2024) and CoCO2-MOSAIC (Urraca et al., 2024).  

Local city-level data have been compiled at the monthly level, including for Japanese cities. One study is for Tokyo, using 

ground-based measurements of CO2 (Ohyama et al., 2023). While feasible at local level, where such measurements are 135 

available as constraints, this method cannot readily be extended to the whole country.  

While some estimates of Japan’s sub-annual territorial emissions are available, it is clear there is a need for low-lag estimates 

that are grounded in official data. The current study focuses on official energy consumption and production statistics, which 

aligns better with established methods (Eggleston et al., 2006). 

2 Methods and data 140 

2.1 Goal of analysis 

We aim to construct a dataset of territorial CO2 emissions from fossil fuel sources and industrial processes (combined, these 

are called “fossil CO2” by the Global Carbon Project (Friedlingstein et al., 2025)), covering the majority of Japan’s emissions, 

with sub-annual temporal resolution and low lag, using monthly activity data published by the Japanese government. We then 

use this monthly dataset to construct an annual emissions estimate for the latest full fiscal year (April 2025 to March 2026), 145 

which is not yet available from official sources, as well as historical calendar-year estimates, which the Japanese government 

does not publish. 

We take the reference approach (see Sect. 2.2) for fossil fuels, mainly using the energy supply data and not looking into sectoral 

usage (except for non-energy usage, especially for secondary fuels). This approach has significantly lower data requirements 

compared to the sectoral approach, in which the emissions from combustion are tracked for each sector individually at a high 150 

level of detail. The sectoral approach is the official method used to estimate annual emissions in the NIR, while the reference 

approach is intended as a cross-check. We compare these in Sect. 2.2 to justify our use of the reference approach.  

Emissions associated with fossil fuels occur at the time of consumption, when the carbon in the fuel is oxidized, and monthly 

data on fuel consumption are therefore preferred, but they are not always available. However, Japan has very limited domestic 

resources and therefore imports a very large proportion of its fossil fuel input, so monthly trade data become an invaluable 155 

source of information. We use reported consumption where available and supplement this with net-import data where 

necessary, assuming that changes in domestic stocks of the fuels are relatively stable over time in Japan when data are not 

available. 
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As a necessary step to confirm that our choice of monthly data is appropriate and sufficient for our purposes, we attempt to 

replicate the annual reference approach data submitted to the UNFCCC in the NIR, effectively designating this as the ground 160 

truth, recognizing the very significant effort put into its elaboration and revision over many years, following established 

methodologies, and including international auditing processes under the UNFCCC (UNFCCC, 2015).    

Our dataset includes all the largest sources of emissions and the most important minor sources, accounting for about 99% of 

total emissions in 2023. That is, the omitted sources account for about 1% of total emissions in 2023. We omit these minor 

sources due to a lack of available monthly data, but we may revisit these in future revisions of the dataset. For fossil fuels, we 165 

include most primary and secondary categories included in the CRT; these are listed and explained in Sect. 2.4. In addition to 

fossil fuels, we include three major categories of carbonate decomposition in the IPCC-defined Industrial Processes and 

Product Use sector, namely cement production, lime production, and the use of limestone in the production of pig iron. 

Directly related to energy usage are emissions from waste incineration and biomass usage. For waste, which is composed of 

products derived from both fossil fuels and biomass, we include the data after adjustments (Sect. 2.4.4). For use of biomass as 170 

an unadulterated energy source, the NIR does not directly include these in the total emissions to avoid double counting, since 

any net emissions from biomass combustion are reported under the land use, land-use change and forestry (LULUCF) sector, 

so we also exclude this accordingly. 

There are other categories included in the NIR that we do not include in this analysis. We do not include agricultural CO2 

emissions (arising from the application of urea and lime), since in Japan these emissions are negligible compared to the other 175 

sectors discussed and data are limited. We also exclude emissions in the LULUCF sector, which have very different accounting 

and modelling approaches, and are outside the scope of our dataset, which focuses on emissions of CO2 from fossil sources, 

aligning with the scope of the EFOS term of the Global Carbon Budget (Friedlingstein et al., 2025). 

2.2 Reference approach vs sectoral approach 

For estimating emissions from the oxidation of fossil fuels, we use the reference approach, which is derived from the country’s 180 

apparent total fuel consumption. Apparent consumption is the net supply of fuel energy within the territory, defined for primary 

fuels as (Eggleston et al., 2006): 

For secondary fuels, the production term should be dropped since this is already accounted for in primary fuels. The 

International bunkers term represents fuels supplied by the country but used for international transportation, which is excluded 

from territorial emissions estimates. 185 

The reason this is called “apparent” consumption is to contrast with actual measured consumption, which might be available 

through full sampling of all users, but generally is not. The difference between the two is not only differences in statistics (e.g., 

missing information), but also the coverage of the term “Stock Change”, which often does not include changes in all categories 

of stock, especially tertiary (see Sect.3.5.2).  

 Apparent consumption = Production + Imports − Exports − International Bunkers − Stock Change (1) 
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As described in Sect. 2.1, the sectoral approach provides the official estimates of emissions in the NIR, while the reference 190 

approach is primarily used for verification purposes. While detailed sectoral usage data are only available at annual resolution, 

impeding our ability to estimate emissions via the sectoral approach at monthly resolution, the data required to produce 

reference-approach estimates at monthly resolution are available. Further, as we will show, the two approaches largely agree 

in Japan’s case. To build on the data published by the government on a monthly basis, it is therefore more practical and natural 

to use the reference approach.  195 

In determining the total emissions, non-energy usage of fuels must be subtracted from apparent consumption as defined above, 

since a large part of this use does not lead to oxidized carbon and therefore CO2 emissions1. Determining the amount of non-

energy usage generally requires some data from individual sectoral usage (see Sect. 2.4 for further details). 

 

Figure 1: Comparison of officially reported emissions using the reference approach and the sectoral approach reported in the CRT 200 
(2025). 

 
1 Parts of the fuels categorized as non-energy usage do result in oxidation outside the energy sector, for example petroleum 

coke use for ammonia production, and coal tar use for carbon black production. These emissions are separately covered in 

the industrial processes category in the CRT, although not included in the current monthly dataset construction due to their 

small contribution, as described in Sect. 3.5.1. 
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The differences between the values from the two approaches for fuel combustion are shown in Figure 1, and are also 

summarized in the NID, showing a maximum difference of 4% in 2004, but generally smaller than 1%. Individual fuels can 

show larger discrepancies in single years, up to 10% for solid fuels in 2004, which is due to differing calorific values after 

product transformation, among other reasons. 205 

The small differences in the values of the two methods are not a universal property globally. Norway, for example, has a large 

discrepancy between the two approaches – more than 50% in the year 2000 – due to the large production and export of oil and 

gas, resulting in large statistical discrepancy in the residual domestic consumption (Norwegian Government, 2025, see 

Appendix J). Japan imports almost all its fossil fuel resources, so is structurally robust to this type of discrepancy.  

2.3  Conversion factors 210 

Two conversion factors are needed to convert consumption and production values of fossil fuels (either weight or volume) into 

carbon emissions: the calorific value (also known as energy content), and the emission factor. 

The calorific value is defined as the amount of heat generated from the combustion of the fuel. All statistics in this analysis 

(and from the Japanese government) use Gross Calorific Values (GCVs), which include the energy after water vapor produced 

during combustion is condensed and the heat recovered, so-called latent heat. This contrasts with the lower Net Calorific 215 

Values (NCVs), which exclude the latent heat amount (Eggleston et al. 2006). While the IPCC guidelines use NCVs as the 

default, they are derived from GCVs, and they are most often converted from one to the other using simple constant factors. 

The other conversion factor is the carbon emission factor: how much carbon is produced per unit energy. The annual domestic 

reporting from ANRE provides the amount of carbon instead of CO2, so the carbon emission factors are defined for carbon 

accordingly.  We convert this factor to a CO2 conversion factor by multiplying 44/12, the ratio of the molecular mass of carbon 220 

dioxide and a carbon atom, to recover the amount of CO2 emitted. The factor 44/12 does not consider isotopes of carbon and 

oxygen, but the IPCC guidelines and the NIR from Japan both explicitly employ the factor 44/12 for calculations for simplicity, 

so for our replication purposes here we also use this. We also assume that all input carbon is fully oxidized through to CO2 

(that is, the Carbon Oxidation Factor (COF) is 1, implying highest level of combustion efficiency), in line with the assumptions 

in Japan’s NIR based on measurements and industry hearings.  225 

METI determines standard values for both the GCV and emission factors, which are revised about every 5 years. While these 

are set for default reference, changes in fuels and technology, such as the composition of the fuels, shift the actual energy and 

carbon contents every year (and, indeed, every month). Thus, METI also uses measured factors (“actual” values) for some 

fuels in their annual reporting. The NIR also uses these actual factors where applicable, rather than the domestic reference 

values or the IPCC 2006 guideline default values. We use these measured values for our emissions estimates and use the latest 230 

available value to extrapolate to the current year.  

For the production of cement, lime, and pig iron, one conversion factor that converts directly from production amount to 

emissions is used. We also detail these in the following section. 

https://doi.org/10.5194/essd-2026-417
Preprint. Discussion started: 15 June 2026
c© Author(s) 2026. CC BY 4.0 License.



9 

 

2.4 Description of data 

Below, we describe the monthly data for each of the fossil fuels and industrial processes. 235 

Table 1 summarizes the main characteristics of the data, including the temporal coverage. While temporal coverage differs for 

different emission sources, 2007 and onwards is covered for all sources considered in this study. 

Most annual data published by the Japanese government (including the NIR submission) is based on the Japanese fiscal year 

(FY), i.e. from April of the stated year to March the following year. For example, FY2023 represents the period from April 

2023 to March 2024. While this does not directly affect monthly data, this must be borne in mind for the reconstruction of and 240 

comparison with annual data. 
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Table 1 Data sources and temporal coverage for each data type 

Data category (CRT) Data type Data source (this study)  Temporal Coverage 

(FY) 

  Primary fuels    

Crude oil and natural gas liquids Consumption data Monthly report on petroleum 

statistics (METI, 2026e) 

1989 -  

Coal Trade data 

 

Trade Statistics of Japan (MOF  

2026) 

1988- 

 Production data 

 

Monthly Report of Current 

Production (METI, 2026d) 

1989 - 2001 

(Disaggregated annual 

values from 2002) 

Liquefied natural gas Trade data (MOF, 2026) 1988- 

Natural gas Production data (METI,  2026d) 1989- 

Secondary fuels    

Gasoline, Jet kerosene, Other 

kerosene, Gas/diesel oil, Residual fuel 

oil, Liquefied petroleum gases (LPG), 

Naphtha, Bitumen, Lubricants, 

Petroleum coke, Refinery feedstocks  

Trade and stock data (METI, 2026e) 

 

2007 -  

 Consumption data Monthly Report of the Current 

Survey of Energy 

Consumption (METI, 2026a) 

2006 -  

Coke oven/gas coke, Coal tar Trade and stock data (MOF, 2026) 2006 -  

 Consumption data (METI, 2026a) 2006 -  

Industrial processes    

Cement clinker Production data (METI, 2026d) 1989- 

Lime Production data (METI,  2026d) 1989- 

Pig iron Production data (METI, 2026d) 2007- 

Other    

Waste incineration Emissions value (estimated from annual value 

reported in NIR) 

Annual data from 1990- 

Annual reference data Production and 

consumption data, 

conversion factors 

General Energy Statistics 

(METI, 2025) 

Annual data from 1990- 

  245 
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2.4.1 Primary Fuels 

We first describe data on primary fuels, which are fuels found in nature (crude oil, coal, natural gas). 

Crude oil, Natural gas liquids (NGL), and Bituminous mixture fuel 

METI publishes a monthly report on petroleum statistics (METI, 2026e), which is based on a census (i.e. 100% coverage) of 

all companies handling crude oil. This includes the consumption of crude oil, as well as production, import, and inventory. 250 

The data are available in machine-readable form from 2007, but only available in scanned PDF format for 1989-2006. We read 

the data from the PDFs using optical character recognition (OCR). 

“Consumption” of crude oil as used in this dataset does not match the categories used in the NIR; “consumption” here includes 

crude oil used for refining and also natural gas liquids (NGL), while unrefined crude oil used for example for electricity 

generation is excluded. This is not explicitly mentioned but is safely inferred from comparison with annual data. There are 255 

separate monthly data for use of unrefined crude oil which can be added in. There are no data published at monthly frequency 

that separate NGL from crude oil. Monthly values for NGL can be reconstructed from the Yearbook of Mineral Resources and 

Petroleum Products Statistics, which has much more detailed data compared to the monthly report, but this is published 

annually, so these monthly values can only be reconstructed with annual lag. While we cannot determine the amount of crude 

oil consumption separately from NGL, our purpose is to estimate the total emissions, so we present the sum of crude oil and 260 

NGL.  

In addition to these, the category of primary liquid fossil fuels in the NIR includes “Bituminous mixture fuel” (reported as 

“Orimulsion” in the CRT, although not necessarily the true product Orimulsion), obtained by mixing with water. This is used 

in Japan solely for electricity generation purposes, and the monthly data on consumption can be obtained through the Electricity 

Survey Statistics (METI, 2026c), but the Japanese government has recently reclassified much of what was reported here as 265 

other oil products after inspection of their actual origins (METI, 2023). While there is some usage reported after the revision, 

these are still minor, so we decide to exclude these in this study.  

International bunker fuel 

The IPCC guidelines require that NIRs exclude sales of international bunker fuels – fuels sold to vessels undergoing 

international transport – from estimates of national total emissions, but that they are to be reported as a memo item in the CRT 270 

(Table 1.D). Given that our goal is to produce monthly estimates of Japan’s territorial fossil CO2 emissions aligned with its 

official reporting, we make no effort to quantify bunker fuels in our dataset. Importantly, domestic monthly consumption data 

in Japan already exclude this amount and only include the domestically consumed amount. 
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Coal 

While the Japanese government publishes partial statistics on the use of coal in electricity generation (METI, 2026c), it does 275 

not publish monthly statistics on total coal consumption, and publication of monthly domestic production data was 

discontinued at the end of 2001. However, given that annual domestic production has been below 1% of total consumption 

since 2002, use of import data published by the Ministry of Finance (MOF 2025) will be a good estimate of total supply. Data 

from 1998 to 2008 are in PDF format, which has been extracted to machine-readable form (Andrew, 2025). We also extracted 

trade data prior to 1998 from the MOF database with manual prompts. For domestic production from 2002, we disaggregate 280 

the annual domestic production statistics into months using a linear disaggregation method (see Appendix A). 

Import categories provided by the Ministry of Finance are subdivided into three categories: Anthracite, Coal of coking (sic), 

Coal not elsewhere specified. At first glance, these appear to match the categorization used in the CRT: Anthracite, Coking 

coal, Other bituminous coal (and Sub-bituminous coal, which refers to domestically produced coal). But one subcategory 

within “Coal of coking” from the trade data (“BITUMINOUS COAL, ASH CONT. WT=<8%, N.E.S.”) is included in “Other 285 

bituminous coal” in the CRT. This matters for emissions estimation since the conversion factors used are different between 

categories.  

We take conversion factors from METI’s annual reporting. For coal, METI does not publish data for measured conversion 

factors, so the values used here are identical to the domestic standard factors (Sect. 2.3).  

The METI categorization of coal corresponds to the CRT categories: Steel Making Coal, Steam Coal, “Hard Coal, Anthracite 290 

& Lignite”. Steam Coal corresponds to “Other bituminous coal” and “Sub-bituminous coal” in the CRT. But for Steel Making 

Coal, the factor used is the weighted average of two subcategories (Coking Coal and Pulverized Coal Injection Coal) which 

does not correspond to trade data, and for Steam Coal, separate factors need to be used for “Imported Steam Coal for Power 

Generation Use”, which again does not have corresponding trade data. The CRT factors are adjusted for these, so there is no 

difficulty in comparing with existing annual data, but these details will become important when extrapolating beyond the 295 

period covered by the NIR. 

Natural gas 

The Japanese government does not publish monthly statistics on natural gas consumption, although partial statistics regarding 

electricity generation (METI, 2026c) and a survey of large suppliers (METI, 2026b) are published. We therefore rely on the 

use of import statistics from the Ministry of Finance (MOF, 2026). As with coal trade data, we use early data extracted from 300 

PDF format (Andrew, 2025) and from the MOF database. All import of natural gas to Japan is in the form of liquefied natural 

gas (LNG), since Japan has no pipelines from foreign nations. All LNG is imported. 

In addition, monthly production data for natural gas is published by the Japanese government (METI, 2026d). Domestic 

production comprises around 2%-3% of the total gas consumption in energy terms for the past 10 years. Given gaseous fuels 
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have different measurements depending on the state of the gas (i.e. pressure and temperature), a conversion factor needs to be 305 

applied to match the units used for the GCV factors used by the Japanese government. There is no direct reference for this 

conversion factor, but applying ideal gas equations replicates the officially used values (see Appendix G).  

2.4.2 Secondary fuels 

A large portion of primary fuels, especially crude oil, is transformed into secondary fuels. While fuel use of these products 

produced from primary fuels is already accounted for in the reference approach values of primary fuels, there is also direct 310 

import and export of these secondary fuels that change the net amount, as well as non-fuel use that does not lead to direct CO2 

emissions. Thus, we need to incorporate data for secondary products regarding trade and non-fuel use.  

Following the IPCC guideline categories (Eggleston et al. 2006) for secondary fuels, we include for liquid fuels the following: 

Gasoline, Jet kerosene, Other kerosene, Gas/diesel oil, Residual fuel oil, Liquefied petroleum gases (LPG), Naphtha, Bitumen, 

Lubricants, and Petroleum coke. For solid fuels, we include Coke oven/gas coke and Coal tar. 315 

For fuel trade, we use data from either the monthly report on petroleum statistics (liquid fuels except petroleum coke) or the 

Ministry of Finance trade data (for solid fuels and petroleum coke). For non-energy usage, we take values from the Current 

Survey of Energy Consumption2 (METI, 2026a), in line with the annual values published in the General Energy Statistics. The 

exceptions are described in the following sub-sections. 

Naphtha  320 

Naphtha has the largest apparent consumption among secondary fuels, yet it also has the largest non-energy usage value mainly 

because of its use in the chemical industry, resulting in a relatively minor net contribution to overall emissions. The monthly 

statistics of non-energy usage reported in the Monthly Report of the Current Survey of Energy Consumption (METI, 2026a) 

include fuel byproducts generated in the production process of ethylene and BTX (benzene, toluene, xylene). This is excluded 

in the NIR reporting, so adjustments are made by combining the production statistics of Ethylene and BTX from the Monthly 325 

Report of Current Production (METI, 2026d). Details of this are described in Appendix B. 

Lubricants and Bitumen (Asphalt) 

For these secondary fuels, the monthly consumption statistics do not provide non-energy usage data. In both cases, monthly 

data are likely not available elsewhere; the Japanese government estimates annual values for lubricants consumption – largely 

for transport – by scaling FY 2000 consumption by total driving distance, while they estimate asphalt consumption from annual 330 

 
2 While for most fuels the total of all industries gives the non-energy usage value, for several fuels this has duplication due to 

some companies registering in multiple industry sectors. This is the case for LPG, Coke oven/gas coke, and Coal tar. The 

guideline for the General Energy Statistics notes this as a general point, but which specific industry each fuel needs to refer 

to needs to be checked by comparing to the annual data. 
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forecasts on use, neither of which allow monthly measures. Thus, we disaggregate the reported annual value to monthly values 

by a linear fit described in Appendix A.  

2.4.3 Industrial processes 

Cement production 

The production of cement releases CO2 when producing clinkers from limestone (Eggleston et al., 2006). Monthly clinker 335 

production data are available through the Monthly Report of Current Production Statistics (METI, 2026d), which is based on 

surveys of producers above certain thresholds in size. Data for 1989-2006 are published in scanned PDF format, thus we 

combined optical character recognition (OCR) and manual transcription to process these.  

We apply the emission factors reported in the NIR to estimate monthly emissions from the monthly data. The value ranges 

from 0.505 to 0.516 (CO2 weight per clinker weight), varying according to the amount of CaO and MgO within the produced 340 

clinker coming from limestone. Almost all cement kiln dust (CKD) is recovered in the production process, so there is no 

correction associated with this. Following the reporting guidelines, emissions from input energy used in producing cement are 

included in the Energy sector. 

Lime production 

As with cement production, the production of lime leads to CO2 emissions when processing limestone. Monthly lime 345 

production data are available through the Monthly Report of Current Production Statistics (METI, 2026d). These data include 

values for both quick lime and slaked lime, but slaked lime is produced from quick lime already reported within the statistics 

(METI, personal communication), so to avoid double counting, we derive emission from the data on production of quick lime 

only. As with cement, we include data extracted using OCR for the period 1989-2006. 

The emissions reported in the NIR, on the other hand, are based on the amount of limestone consumed for lime production. 350 

This part of the estimation method is in line with the IPCC Tier 3 method, although the NIR does not claim to use the Tier 3 

method for lime. The NID refers to the Adjusted Price Transaction Table for the limestone consumption data, but the table is 

not available to the public. Thus, production amount cannot be directly compared with the annual reference value, and we only 

compare the emissions amount between the two data series. 

As with cement production, the emissions factors are taken from the NIR reported value, which in turn comes from the Japan 355 

Lime Association. The value is 0.728 (CO2 weight per lime weight produced3), constant throughout the reported period. 

 
3 The emissions factor per limestone (calcium carbonate) weight is 0.428, which is the value that appears in the CRT. This 

can be converted to the per-lime weight factor by 0.428 / (1-0.428) = 0.728.  
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Pig iron production 

While coal used to produce pig iron is accounted for in the coal consumption statistics, the production process also includes 

the heating of limestone and dolomite to remove impurities from the molten metal, and this leads to the release of CO2. The 

amount of CO2 released is comparable to the amount from lime production. 360 

The monthly production value of pig iron is available in the Monthly Report of Current Production Statistics, but the values 

reported in the CRT are in terms of the limestone consumed, which has no corresponding monthly statistics available to the 

public. We disaggregate the annual emission values proportionally to the monthly production of pig iron, assuming limestone 

usage is also proportional. This is plausible for single years, and while there is some variation trend throughout the years (Sect. 

3.1), the emission to pig iron production ratio has stayed mostly within the range of 0.07 – 0.08. We use the most recent value 365 

to extrapolate to the latest year. 

2.4.4 Waste incineration 

The NIR divides emissions from waste incineration into those coming from incineration accompanied by energy recovery (for 

example electricity generation or heat use), and those that do not. Monthly data for neither of these are available, so we make 

a linear disaggregation (see Appendix A) based on available annual data from the NIR for each category, and extrapolate to 370 

the latest year using values from the previous year. 

3 Results 

In this section, we present the monthly CO2 emissions estimates aggregated into annual values for each fuel type and industrial 

process, and compare these to the CRT values submitted to the UNFCCC with possible explanations of any discrepancies. For 

fossil fuels, we aggregate the monthly data by the three fuel types, liquid fossil fuel (oil and oil-based products; this category 375 

also includes NGL), solid fossil fuel (coal and coal-based products), and gaseous fossil fuel (liquefied natural gas and 

domestically produced natural gas; note that this category does not include oil-derived gaseous fuels, e.g. LPG).   
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3.1 Emissions from individual sources  

 

Figure 2: Liquid fossil fuel emissions comparison of aggregated monthly data (including FY 2025 estimates) and UNFCCC NIR data 380 

For liquid fossil fuels, including crude oil and fuel products, we obtain a relatively accurate replication for recent years (below 

2% deviation except 2007 and 2021) between NIR data and aggregated monthly statistics based on data as explained in Sect. 

2.4. 

 

Figure 3: Solid fossil fuel emissions comparison of aggregated monthly data (including FY 2025 estimates) and UNFCCC NIR data 385 
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Monthly data on the total consumption of coal and coal-based products reproduces the annual emission data well (maximum 

discrepancy of 1.1%), but with slightly lower values in most years.  

 

Figure 4: Gaseous fossil fuel emissions comparison of aggregated monthly data (including FY 2025 estimates) and UNFCCC NIR 

data 390 

The monthly natural gas data (sum of import and domestic production) combined with measured conversion factors replicate 

the CRT values very precisely, with a maximum discrepancy of 0.8% throughout the period with available data. There is a 

small systematic overestimation for emission which is likely due to the non-energy usage of natural gas not being excluded 

from our estimates. While monthly data for this non-energy use are available, a large portion of this (75% for FY 2023) still 

results in emission of CO2 in the ammonia industry through the use of resulting urea, among others, so there is a cancellation 395 

effect when considering the total emissions. We do not include ammonia production emissions and other non-energy use 

processes of natural gas in this study due to the lack of detailed data, so we do not subtract the non-energy usage amount from 

the total emissions here.   
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 400 

Figure 5: Cement production emissions comparison of aggregated monthly data (including FY 2025 estimates) and UNFCCC NIR 

data 

For cement production, the amount of clinker produced is directly converted to emissions with one emission factor, which we 

take from the NIR for both the monthly METI data and UNFCCC annual data. 

For recent years, the monthly data published by METI matches very well with the annual values reported to UNFCCC, with 405 

less than 0.3% discrepancy from 2008. The discrepancy in the early years of data may come from the difference in data source: 

the values reported to the UNFCCC are based on data provided to NIES by the Japan Cement Association, while the monthly 

values from METI are based on direct surveys of cement companies. While these differences may have led to coverage 

differences, current production statistics that are available from the Japan Cement Association (Japan Cement Association, 

2025) do not match those in the NIR during this period. In contrast, they are in line with the domestic annual values reported 410 

by METI. This discrepancy will distort the monthly statistics in these earlier years, but for recent years, the difference is small 

enough to give confidence in the monthly values. 

 

https://doi.org/10.5194/essd-2026-417
Preprint. Discussion started: 15 June 2026
c© Author(s) 2026. CC BY 4.0 License.



19 

 

 

Figure 6: Lime production emissions comparison of aggregated monthly data (including FY 2025 estimates) and UNFCCC NIR data 415 

We reconstruct the annual emissions data using monthly quick lime production data, resulting in values within 5% of the 

annual data for all years. There is no systematic bias in the discrepancy between the two values, and the trends follow each 

other. Given that the two estimates are derived from two different sets of activity data (limestone consumption for NIR, quick 

lime production for monthly data), and that lime is a relatively minor category within the overall emissions, the match is 

sufficient for our purposes.  420 
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Figure 7: Pig iron production emission comparison of aggregated monthly data (including FY 2025 estimates) and UNFCCC NIR 

data 425 

Since the monthly values for emissions from the decomposition of carbonates in the production of pig iron are estimated by 

proportional disaggregation of the annual value, the reconstruction of emissions in this category matches exactly with the 

values reported in the UNFCCC NIR by definition. Our estimates for 2024 and 2025 are extrapolated using the 2023 conversion 

factor. The figure to the right shows how the ratio of CO2 emissions to pig iron production has changed throughout the period. 

While the year-to-year variations are accounted for within each year given our estimation method, the larger variation in recent 430 

years shows that there are possibly within-year variations of the same order as monthly production variations, at a few percent. 

Emissions in this category are relatively minor within overall emissions, so applying a constant conversion factor within the 

fiscal year and the extrapolating the conversion factor from 2023 to later years is sufficient for our purposes, while 

acknowledging the uncertainties. 
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 435 

Figure 8 Emissions from waste incineration 

For waste incineration, we divide the annual statistics reported in the NIR into months by a linear scaling (see Appendix A). 

In the NIR, emissions are divided into those that accompany energy usage and those that do not, so we keep this distinction, 

but also show the total value in Figure 8Figure 8 Emissions from waste incineration. Observing that emissions have been 

relatively flat in recent years, we set the value for 2024 to be the same as that for 2023. 440 

3.2 Total emissions and FY 2025 estimate 

Summing over the monthly emissions in the Energy sector obtained in this study (fossil fuel emissions, including from waste 

incinerated for energy use), we obtain a total value within 1% of the total annual reference value emissions reported in the 

CRT for all years 2007–2023. 

For emissions from the Industrial Processes and Product Use sector, the three categories we estimate (cement, lime, and pig 445 

iron production) fall again within 1% of the total annual value of these three categories reported in the CRT for all years 2007–

2023. In turn, these three add up to approximately 78% of the total emissions of the whole category. The category total is in 

turn around 4% of emissions from the fossil fuel above. Hence, the missing amount (e.g. emissions coming from carbonates 

decomposed in glass and ceramic production) is below 1% of the two categories combined. 

The official annual emissions estimate for FY 2025 has not been published by the Japanese government at the time of writing, 450 

nor submitted to the UNFCCC, and both are expected to be released in April 2027. We can estimate the total annual emissions 

for FY 2025 by summing up the monthly estimates that we have compiled, given the expected differences with the official 

reported values discussed above. The total emissions for the sum of the energy sector, industrial processes and product use 

sector, and waste sector (including incineration not used for energy) using this method is estimated to be 958 Mt CO2, a 0.7% 

decrease from FY 2024. Uncertainties are discussed in Sect. 3.5.  455 
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Calendar year (CY) estimates can also be trivially derived from the same compiled monthly dataset. CY 2025 emissions are 

estimated to be 1.0% lower than CY 2024. 

Assuming that the Japanese government continues to publish according to recent schedules, we will be able to estimate FY 

2026 (the period April 2026 through March 2027) in May 2027. 

3.3 Scaling of emission estimates 460 

While our estimated total emissions are, when aggregated, very close to the officially reported annual values as discussed in 

Sect. 3.2, we expect the monthly values to be more accurate by scaling the values so that the sums add up to the official annual 

total estimates, i.e. those reported in the NIR.  

For each category described in Sect. 3.1, we scale the monthly values to match the annual category total in the NIR. For FY 

2024 and 2025, which are beyond the reference NIR year, we use the same scaling factor as FY 2023 for all categories. 465 

For our final monthly estimates, we report these scaled monthly values per category as our primary monthly estimate, and also 

supplement this with the scaled monthly values of subcategories. 

3.4 Seasonality of emission estimates 

To understand the monthly estimates we obtained, we present the seasonality patterns using the seasonal element obtained 

through the X-11 method (see Eurostat, 2013 and Appendix I). The X-11 method is a commonly used seasonal adjustment 470 

method which decomposes the data into its trend, seasonal, and irregular components. The decomposition captures large-scale 

behavior in the first two components, while all the remaining elements, e.g. abrupt shocks such as COVID-19 lockdowns, are 

captured in the last component. Figure 9 shows the seasonal element of the monthly time series from this analysis, which is 

shown as a multiplicative factor of the underlying trend component. We use the multiplicative form here to show seasonality 

independent of changes in absolute emission levels. 475 
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Figure 9: Seasonal element of monthly emissions estimate, based on the X-11 method. Values are with respect to the underlying 

trend and adjusted for days in month. 

The X-11 method intentionally smooths the data to identify seasonality, but this means that any abrupt, real changes in 

seasonality are not identified, and we must be cautious interpreting the rate of change of the seasonality component. We do, 480 

however, see a clear peak in the winter (December, January, and February) and a smaller peak in the summer (July and August). 

The small peak in summer has increased in the past 10 years, while the February peak has become relatively slightly smaller 

compared to December and January. 

To identify the drivers of this seasonality, we show in Figure 10 the emissions trend and seasonality broken down by fossil 

fuel category. Here, we combine the trend and seasonality components to show the emission values of these components, to 485 

allow comparison between emission categories. In addition, we show liquid fossil fuels emissions subtracting out gasoline and 

diesel, along with gasoline and diesel separately. Gasoline and diesel are used primarily in the transport sector, and the 

separation allows us to see whether the seasonality is related to this sector. Note that these emissions of gasoline and diesel are 

derived separately from the METI sales data, and are not part of the overall monthly emissions data that we have created. This 

is the case since the reference approach does not contain direct information about the usage of secondary fuels, only the 490 

additional inputs and outputs to primary fuels.  

We see that the large seasonality in the emissions mainly comes from Liquid fossil fuels, specifically from the sectors excluding 

gasoline and diesel. This means the seasonality is likely not coming from the transportation sector. While seasonality can 

potentially arise from the industry sector as well, we expect the seasonal element to be primarily originating from the residential 

and commercial sector use of liquid fossil fuels, where winter space heating is the main usage and would have strong 495 

seasonality. 
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Figure 10: Emissions seasonality and trend (excluding noise element) by fuel category, including gasoline and diesel data, and liquid 

fossil fuels excluding those 
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Figure 11 Comparison of liquid fossil fuel emissions seasonal element and annual emissions from the commercial and residential 

sector 

To partially test the conclusion that the seasonality in the liquid fossil fuel emissions comes from the commercial and residential 

sectors, we take the simple approach of generating an approximate data series of the season-dependent non-transport liquid 505 

fossil-fuel emissions by subtracting the minimum monthly emission value each year from the monthly emissions for liquid 

fossil fuels excluding gasoline and diesel, and compare the annual aggregate to the emissions from the commercial and 

residential sector emissions obtained from the NIR. Figure 11 Comparison of liquid fossil fuel emissions seasonal element and 

annual emissions from the commercial and residential sector shows the comparison of the two values. While the values do not 

exactly match, the order and trend of the values are in line with each other, which supports the conclusion that the additional 510 

seasonal components mainly come from heating in the commercial and residential sectors.  

There is also seasonality in the emissions from solid fossil fuel and gaseous fossil fuel. Solid fossil fuel emissions drop in the 

early summer, while gaseous fossil fuel emissions have a winter and summer peak similar to those of liquid fossil fuel. Solid 

fossil fuel is usually not directly used for space heating, only through electricity generation (around half of total solid fossil 

fuel emissions), which is one possible reason there is a less prominent winter peak, since coal-fired electricity is only part of 515 

the heating energy source. Gaseous fossil fuel is used similarly to liquid fossil fuel for heating in the commercial and residential 

sectors through electricity and distributed gas, explaining the similar seasonality.  The size of the seasonal variation is smaller 

than that of liquid fossil fuel emissions for both, with average annual ranges (max - min) throughout the period of 11.0Mt, 

7.6Mt, 6.0Mt for liquid, solid, gaseous fossil fuel CO2 emissions respectively. 

3.5 Uncertainties in the emission estimates 520 

Here, we list the uncertainties of the estimate that can make it diverge from the actual emissions, evaluate them where possible, 

and estimate the total uncertainty within our monthly data. 
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We categorize the uncertainties into five groups: Uncertainty by category omission in this specific study, uncertainty from 

stocks, uncertainty present in the annual statistics, uncertainty coming from the use of monthly data, and uncertainty inherent 

in the reference approach.  525 

3.5.1 Uncertainty by omission in this study 

There are minor categories that are included in the NIR but that we excluded in this study due to lack of reliable monthly data. 

Categories missing in the energy sector include Refinery feedstocks, which are semi-finished oil products generated during 

the refining process, and “Other oil”, which are by-product gases in refining and petrochemical processes. The former is at 

most 0.5% of total emissions, while the latter is much smaller and not reported in many years. 530 

Categories missing in the Industrial processes and product use sector, adding up to 1% of total emissions, include the 

incineration of non-methane volatile organic compounds (NMVOCs) – used for paints, printing solvents, cleansing, etc. – 

which comprise 0.2% of total emissions; carbon black production, 0.1%; ammonia production, 0.1%; and smaller categories 

such as ceramics and glass production. Their monthly variations are expected to be much smaller than these proportions, so 

after scaling the total emissions to account for these missing categories, the impact on the monthly variation of the overall total 535 

will be negligible. 

We keep the discrepancy due to omission as a contribution to the overall uncertainty, while as described in Sect. 3.2, we scale 

the aggregated values to match the annual total value to account for omissions and obtain a best estimate of the actual total.   

3.5.2 Uncertainty from stock amount 

We identify stock issues as the single most important factor specific to monthly emissions estimates when compared with 540 

annual estimates.  Stocks are difficult to track, especially tertiary stocks described below, which lead to large uncertainties in 

estimates.  

Even if the amount of stock is the same, the ratio of stock to usage in a certain period is larger for shorter time periods. Hence, 

its impact on monthly data uncertainty could become much larger compared to annual data uncertainty. The issue becomes 

larger when seasonality is taken into account, since the change in stock value is expected to be larger due to seasonal trends 545 

compared to interannual values at the same point of the year.  

In addition to the officially documented stocks, tertiary stocks – stocks that are held by the end-consumers rather than the 

surveyable industry actors – lead to actual emissions not coinciding temporally with the sales recorded, and hence uncertainty 

in emissions that are not trackable by sector consumption data.  This is of particular interest in the transport sector, where 

consumers can stock gasoline in their vehicles’ fuel tanks. While we do not expect driving patterns on average to change 550 

dramatically in typical situations, this can become a significant factor for example in a COVID-19-like lockdown situation, 

where a consumer can fill their tanks in a certain month, but retain it there for several months with very few occasions of 

driving. Use of fuel sales data therefore results in a temporal displacement between estimated emissions and when those 
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emissions actually occur. We do not quantify the uncertainties here due to lack of reliable methods for estimating, but note 

that more investigation of this issue may be warranted for emissions time series with high temporal resolution. 555 

3.5.3 Uncertainty present in the annual statistics 

Since data sources used in this study are mostly in line with those used in the official annual estimates, the uncertainties already 

present in the annual data are generally present in our monthly estimates. These include the lack of activity data for certain 

emissions sources and errors in activity measurements, among other sources (NID, 2025). The largest uncertainty comes from 

the amount of coal consumed, where the statistical discrepancy between the input (supply-side data) and sectoral output 560 

(demand-side data) is large, especially for coke. The NIR estimates the uncertainty in total emissions to be at -3% ~ +2%, so 

we adopt these values.  

The size of this uncertainty can also be inferred from revisions to annual data in later years. Annual values in the NIR are 

revised retrospectively with corrections and updated methods. For Japan, the revision level has been minor – within 2% of 

total emissions – and especially after 2016, the change to past values have been below 0.4% (Figure ). That is, despite many 565 

years of method development, revisions, and external auditing, changes have been very minor, and this gives confidence that 

also future revisions to our monthly estimates will be small.  

Oxidization rate is another source of uncertainty, although as described in Sect. 2.3, the value is very close to 1 for all fuel use, 

and is set to 1 in official estimates. The NIR notes the possibility of up to 0.5% non-oxidation for liquid fuels and 0.4% for 

solid fuels, but quantitative data was not obtained for the former and the uncertainty is regarded small enough to be 570 

approximated as 0 in both cases.  

3.5.4   Uncertainty coming from the use of monthly data 

As described in Sect. 3.1, most monthly data sources exhibit some divergence from the annual data when aggregated to the 

same period. This can be the result of category omissions explained in Sect. 3.5.1, data source differences, or retrospective 

revisions, among other reasons. In some cases, very large discrepancies are found when the primary data comes from different 575 

sources, such as cement production before 2008, where the discrepancy between the monthly estimates and reference annual 

data becomes as large as 10%. Such cases are not found for recent years, and we do not expect this to be an issue in data for 

future estimates. This can be thought of as the result of better reporting and methodological improvements over the years, 

leading to ever lower uncertainty in the estimates. 

Taking the weighted sum of all the discrepancies in the annual reported value and aggregate value from monthly data from 580 

2007 to 2023, where the discrepancies are calculated as root mean squared values, we obtain an upper bound uncertainty of 

0.8%. This is a conservative estimate since taking the sum overestimates correlation. This uncertainty is what is obtained from 

comparison to the annual value, and does not include uncertainties arising from monthly variance, for example coming from 

stock changes explained in Sect. 3.5.2.  
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One source of monthly uncertainty inherent in our method is the use of annual values without monthly data. While we scale 585 

all top-level categories to match the annual reported values, the monthly values for the following emission sources are all or 

partly determined to add up to the CRT annual values even before the scaling: Naphtha, Lubricants, Bitumen, Pig iron, Waste. 

The estimation of monthly values ranges from plausible process-based variation (Naphtha and Pig iron, although the latter has 

some uncertainty from the variation of the conversion factor as shown in Sect. 3.1) to no additional information beyond annual 

total (Lubricants, Bitumen, Waste). For the latter category, the monthly values are estimated using a linear disaggregation 590 

method (see Appendix A), which may potentially have large intrinsic uncertainties at the monthly level, but with very small 

contribution to overall emissions uncertainty. In addition, for these emissions sources, the latest years (FY 2024 and 2025) rely 

on values estimated from a previous year (FY 2023) for both activity amount and conversion factors, which again leads to 

discrepancies from the actual emissions value.  

Retrospective corrections and updates 595 

As with annual data, monthly data can be updated after a certain period from their publication. The relative size of the 

correction could potentially be larger than the annual version, since misreporting may be corrected more often within a shorter 

period. But retrospective monthly revisions that have been identified through revision datasets published by METI are minor. 

3.5.5 Uncertainty inherent in the reference approach 

As discussed in Sect. 2.1, the sectoral approach is the official annual estimation method for emissions, and the reference 600 

approach is only used for verification purposes in the NIR. This methodological difference has inherent sources of uncertainty. 

Points documented in the NID include the fact that not all energy use inputs are oxidized and that they may add to stocks 

within the sector; Changes in per unit energy emissions may also occur due to transformation into different products.  

The size of this uncertainty can be roughly estimated from the difference between the values in the sectoral approach and the 

reference approach (Sect. 2.2), at around 1% for most years. While the difference could be larger for monthly values, especially 605 

due to the lack of inventory data, we do not see large sources of difference other than those accounted for previously. 

3.5.6 Total uncertainty estimate 

On the reasonable assumption that the component uncertainties are mostly independent of each other, we take the square root 

of the sum of squares for the quantified uncertainties to estimate the total uncertainty. The overall uncertainty is dominated by 

that in coal consumption, already existing in the annual uncertainty analysis. The uncertainty for total emissions in each month 610 

is estimated to be ±3% at 2 standard deviations (95% confidence interval), given the uncertainties in the NIR are also given at 

2 standard deviations. Note that this does not include the uncertainties that could not be quantified, such as those from tertiary 

stocks. 
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3.6 Comparison of monthly estimates with other studies 

In Sect.1.3, we summarized other sub-annual estimates of Japan’s fossil CO2 emissions in the literature that can be compared 615 

to our estimates. The level of dependency on official activity data or reported emissions varies widely across these datasets. In 

cases where the datasets are not anchored to official reporting, they may be vulnerable to additional biases, drift, and other 

deviations. In this section, we compare these monthly estimates quantitatively with our own estimates, and discuss how the 

discrepancies seen come from the construction methods. 

Figure 12 shows the monthly differences of four alternative datasets compared to our estimates. Table 2 shows the bias, trend 620 

and variability of the estimates, compared to our monthly estimates. To quantify the size of the variability, we show the 

percentile values of the monthly discrepancy at 10% and 90%. 

 

Figure 12: Monthly differences in the estimates of four datasets compared to our monthly estimates. 

 625 
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Table 2: Quantified differences between alternative datasets and our monthly estimates. 

Dataset and version* Bias Trend** 

 

Variability: 10th 

percentile 

Variability: 90th 

percentile  

EDGAR 

“EDGAR_2025_GHG” (EC JRC, 2025) 

+0.9% -0.84% per year -12.1% +11.8% 

Climate TRACE (2021–) 

V5.2.0 (Climate TRACE, 2025) 

+17.7% +0.76% per year -5.5% +5. 9% 

Carbon Monitor 

(Liu et al., 2025, Downloaded 2025-12-19) 

-1.1% -0.32% per year -5.3% +7.0% 

ODIAC (–2023) 

“ODIAC2024” (Oda and Maksyutov, 2026) 

+0.7% -0.26% per year -10.3% +10.7% 

*2019 -2024 unless stated    **none are statistically significant 

Below, we outline what each dataset exhibits and provide interpretations based on how each of the datasets is constructed. An 

important preface is that none of these other datasets focus solely on Japan, and are rather global in coverage, but they 

nevertheless present detailed emissions for Japan. All four datasets exhibit only small differences in trend compared to our 630 

dataset, all being within 1% per year, although none of these differences are statistically significant. In the following discussion 

we refer to “monthly profiles” in the sense EDGAR uses, i.e., the share of each month’s emissions in annual emissions; this 

abstracts away from the absolute level of emissions to just look at the monthly form. 

3.6.1 EDGAR 

EDGAR’s annual emissions are constrained to be relatively close to national reporting by virtue of their derivation largely 635 

from IEA’s energy data using the Reference Approach, and IEA’s data are in the main provided directly by national agencies. 

Exceptions to this are mostly in the carbonate decomposition categories, which are significantly smaller than the energy 

categories. As with the NIR, the IEA data is based on fiscal year annual values for Japan (IEA, 2026), but the connection to 

officially reported energy data suggests a priori that EDGAR’s monthly emissions would show both low bias and a low trend 

deviation compared to our results, which is what we observe in Figure 12.  640 

However, while the EDGAR dataset is available with monthly resolution, our analysis indicates that 21 of the 27 sectors exhibit 

no intra-annual variation in Japan in the last ten years: their monthly profile is exactly the same every year. Even in 2020, at 

the height of pandemic lockdowns, EDGAR’s monthly data for Japan’s road transport emissions show no deviation from the 

pattern of other years. While those six sectors with a varying monthly profile made up 35% of total emissions in 2024, the 

inter-annual variation of the largest varying sector – Public electricity and heat production, making up 44% in 2024 – was 645 

minimal (Figure C1). 
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EDGAR’s monthly profiles are intended in a sense to be the ‘normal’ spread of annual emissions across months in each sector 

and country, and therefore by design cannot capture real-world variations from year to year. 

In addition to the general lack of inter-annual variation in EDGAR’s monthly profiles, some monthly profiles clearly reflect a 

lack of information. The monthly profile of the domestic aviation sector is set to be equal each month, indicating a lack of 650 

information about how June differs from May, for example. In fact, the share each month does not reflect the number of days 

in each month, leading (probably unintentionally) to higher daily emissions in February (28-29 days) than in January (31 days). 

Moreover, because of the precision used to represent EDGAR’s monthly profiles, 1/12 becomes 0.08333, and 12×0.08333 is 

less than 1.0 so the residual has been added to December, making that final month 0.08337, higher than all other months only 

to maintain balance. 655 

With the lack of inter-annual variation in many sectors, it is unsurprising that EDGAR’s monthly emissions estimates vary by 

almost 20% in individual months (Figure 12). 

3.6.2 Climate TRACE 

Japanese emissions reported by Climate TRACE v5.2 show a large bias and are considerably higher than our estimates and 

those officially reported by Japan, although with a low difference in trend. The methods used by Climate TRACE vary 660 

considerably between different sectors.  

In the road transportation sector, for example, Climate TRACE has annual emissions in 2023 of 279.1 Mt CO2, while Japan’s 

CRT indicates 163.0 Mt CO2. Climate TRACE’s method first estimates traffic flow on individual road segments using spatial 

snapshots from a road-network database and satellite imagery and a model based on US training data. They then combine this 

with the share in the vehicle fleet (not absolute numbers) of different vehicle types and engine types, country-specific fuel 665 

efficiencies, and standard fuel-combustion emission factors to produce an estimate of emissions for each road segment. It is 

not explicitly stated whether they differentiate temperature effects in non-plugin hybrid cars, where the range of the electric 

motor varies considerably with ambient temperature (Steinstraeter et al., 2021), and this could be important in Japan with its 

very large fleet of such cars. Since the Fall 2024 update, Climate TRACE has introduced a global scale factor so that global 

emissions in the road transport sector match those of EDGAR in 2021-2022, recognizing bias in their training data (Kott et al., 670 

2024). In the Fall 2025 version, this global scaling factor was about 0.8. Despite this large global downward scaling, the bias 

when compared to our estimates for Japan remains high. 

With respect to seasonality in the road transport sector, however, the largest issue is probably that Climate TRACE’s road 

transport emissions estimates are fundamentally annual, and simply interpolated to give daily data, then aggregated to months 

for dissemination. The only sub-annual factor in the model appears to be the temperature effect on fuel efficiency, which will 675 

not capture any changes in driving distances throughout the year. Since Climate TRACE’s data start in 2021, we cannot observe 

the effect this would have had on their estimate of Japan’s road transport emissions during the pandemic lockdowns in 2020.  

Apart from the road transport sector, we note that Climate TRACE has recently begun to shift from using AI-derived activity 

data from satellite imagery for the power sector to use of actual, reported activity data (generation) where monthly facility-
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level data are available, but this is not the case for Japan (Freeman et al., 2025). This methodological change has led to very 680 

large changes in their power-sector estimates in the countries for which it has been introduced (e.g., India, Figure ), suggesting 

that the AI-satellite method might not always perform well.  

Our analysis of Climate TRACE data shows that of the 35 power plants in Japan running only on natural gas in 2024, 33 had 

identical monthly emissions profiles (Figure C2). Analysis of the detailed confidence statistics provided with Climate 

TRACE’s data shows that estimates of emissions for all power plants in Japan over all months of the dataset were allocated 685 

very low or low confidence. In 96% of cases, gas power plants were estimated using the ‘baseline’ method and only 4% with 

the method based on AI and satellites. The baseline method starts with annual generation and capacity data by fuel type sourced 

from EIA and EMBER, derives an average-annual capacity utilization factor, and applies that to all plants in the country for 

that year (Freeman et al., 2025). Monthly disaggregation is performed by combining the outputs of two models that provide 

sub-annual estimates of power demand for an average year, in one case based on temperature and GDP (Mattsson et al., 2021) 690 

and in the other on actual Japanese national demand data for the year 2015 (Brinkerink et al., 2021). Given the importance of 

the power sector in Japan’s emissions, Climate TRACE’s use of average sub-annual profiles appears to explain much of the 

differences we observe in seasonality compared to our results based on officially reported activity data. 

3.6.3 Carbon Monitor 

Carbon Monitor’s bias when compared to our estimates is low, at an average -1.1% across the overlapping period, and the 695 

trend difference is also low. The reason for this is that Carbon Monitor – for editions released in late 2025 and later – is 

anchored to Japan’s official, annual emissions estimates for the years 2019–2022 (Liu et al., 2025). In practice this means that 

now the total emissions reported by Carbon Monitor in each of those years should match official annual reporting and the 

various proxies are used to temporally disaggregate. Beyond 2022, the growth rates of the chosen proxies will determine the 

bias and trend. Until this change in late 2025, Carbon Monitor was anchored only to EDGAR data in 2019, leading potentially 700 

to more drift from the anchor point over several years in previous editions since proxies don’t capture all changes. An example 

is the use of traffic congestion as a proxy: this takes no account of changes in fuel efficiency of vehicles, particularly a transition 

to electric vehicles. Extended use of proxies many years from the anchor point could therefore lead to significant drift.  

Turning to seasonality, more than half of the sub-annual variability (max-min) in Carbon Monitor’s data for Japan in 2024 is 

driven by the power sector and given that actual national generation data by fuel type are used as a proxy, we would expect 705 

this to be relatively well captured, as long as the time-invariant emission factors used are good approximations. If, however, 

the true emission factors vary between power plants of the same fuel type (coal, natural gas, petroleum), then the shifting 

balance of how much each power station generates will shift the true average emission factors higher and lower than the time-

invariant values used by Carbon Monitor. 

For the industry sector, Carbon Monitor uses a single industrial production index, which may not reflect real temporal changes 710 

in emissions across all industry. As a toy example, we could imagine an economy that has two industrial sectors of about the 

same size, where only one of these two sectors emits CO2, and the two sectors have opposite seasonality: during the six months 
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that one is producing, the other is not producing, and vice versa. In this situation, the industrial production index might be 

constant throughout the year, but the emissions most certainly would not be. Without having real sub-annual data by different 

industries in Japan, it is impossible to know how wrong the use of a single industrial production index would be in estimating 715 

monthly industrial emissions, but certainly the possibility exists. 

In the case of the ground transport sector, which contributes about one-sixth of Japan’s carbon emissions, Carbon Monitor has 

since its introduction in 2020 used a regression model based on emissions in Paris as a function of a traffic congestion index 

and applied this model to all countries. In Japan, this traffic congestion data was available only for five urban areas (Liu et al., 

2025). It is far from clear that this out-of-sample application is appropriate, and Oda et al. (2021) demonstrated that these 720 

estimates varied significantly from estimates derived directly from official fuel consumption data. While the proxy method at 

least gave the appearance of avoiding the tertiary stocks problem, the method used by Carbon Monitor changed with the 

November 2025 release (Figure ), and now the use of the traffic-congestion proxy has been replaced with use of reported fuel 

data, where available (pers. comm., Zhu Deng, October 2025). The estimates published in November 2025 for Japan used 

reported monthly domestic sales of gasoline to generate seasonality (Figure ), although the method appears to have changed 725 

again since then. 

Despite the apparent use of officially reported sub-annual statistics for two of the most important emitting sectors (power and 

road transport), Carbon Monitor’s monthly estimates still differ by as much as 10% in individual months from our estimates, 

which are almost entirely based on official statistics. The fact that our estimates are disaggregated by fuel types while Carbon 

Monitor’s are disaggregated by sector hinders further comparison. 730 

3.6.4 ODIAC 

The ODIAC dataset exhibits both low bias and low trend compared with our estimates. Again, ODIAC is indirectly connected 

to officially reported data since it starts with annual national emissions from CDIAC-FF, which in turn are derived from UN 

energy data, which are to a large extent officially reported by countries. This anchoring of annual emissions in official reporting 

would a priori be expected to cause a low bias and trend compared to our estimates, which are derived directly from official 735 

reporting. 

For seasonality, ODIAC’s data have a similar deviation to EDGAR’s from our dataset, with variability at both the 10th and 

90th percentiles above 10%. However, ODIAC has two distinct methods for temporal disaggregation, with use of monthly 

profiles from Andres et al. (2011) up to and including 2019, and a change to the use of Carbon Monitor from 2020 (Maksyutov 

and Oda, 2025). While the version of Carbon Monitor used by ODIAC 2024 was prior to the major changes to methods by 740 

Carbon Monitor towards the end of 2025 – explaining the differences in Figure 12 between the seasonalities of ODIAC and 

Carbon Monitor – we limit our discussion here to the period up to 2019 and the use of Andres et al. (2011). 

For the period 2000-2019, ODIAC’s seasonality is derived from an average seasonality for the period reported by Andres et 

al. (2011). Oda et al. (2018) call this average the “climatological seasonality”, and recognize that use of a non-varying sub-

annual seasonality “could be a source of uncertainty and bias” (Oda et al., 2018). Effectively they attempt only to capture the 745 
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normal variations because of an assumed constant climate, without any attempt to capture any other variations caused by 

weather, markets, geopolitical events, demand shifts, technology changes, or other socioeconomic factors. Andres et al. (2011) 

obtained monthly fossil fuel (coal, oil, gas) sales data for the years 1977–2002, which by 2019 were already relatively old, 

such that the true monthly profile in 2019 will probably have drifted somewhat from the monthly profiles derived from those 

early data. 750 

We note also that ODIAC is a gridded dataset that inseparably includes international bunker fuels, so in masking out Japan’s 

territory from the grid, the ‘ODIAC Japan’ that we are comparing to does not have quite the same system boundary as our 

territorial emissions estimates, which exclude all bunker fuels. 

4 Discussion 

We have created a novel monthly dataset of fossil fuel and industrial process carbon dioxide emissions in Japan. Our dataset 755 

is derived almost entirely from officially reported sub-annual data and official energy contents and emission factors, and 

comparisons with Japan’s official, annual reporting to the UNFCCC show very good agreement. Our analysis of key areas of 

uncertainty shows that while there are many factors that may lead to uncertainties, stocks are potentially the largest factor with 

difficulty in quantification. Beyond stocks, the dominant uncertainty comes from the those in coal activity data that are also 

present in the annual official estimates, and these dominate the uncertainties at the monthly level as well. The monthly 760 

emissions uncertainty of around 3% that we obtain from this is well within the monthly variations, and means that our estimates 

can be used with high confidence to assess implications from monthly emission changes. 

Comparison of our estimates with other available monthly datasets showed in three of four cases no significant bias in the 

average emissions across time, with Climate TRACE being the exception with larger bias. The core difference is in how much 

each dataset is anchored to officially reported data, with our estimates being almost entirely anchored to both monthly and 765 

annual official data. EDGAR and ODIAC are both largely constrained at the annual level by nationally reported energy data 

via the IEA and CDIAC-FF/UN, respectively. Carbon Monitor relies on nationally reported electricity generation and in the 

most recent editions also on both nationally reported road-fuel data and total emissions from reporting to the UNFCCC. The 

recent updates to Carbon Monitor’s method have reduced potential for drift as proxies are used to extrapolate out from the 

anchor points.  770 

However, the seasonality component exhibits large variation between datasets, much of which can be attributed to the methods 

by which monthly profiles are developed. In the cases of EDGAR and ODIAC, monthly profiles are mostly fixed and therefore 

represent an average sub-annual pattern, which cannot capture the many changes from year to year in sub-annual patterns. 

ODIAC has more recently shifted to using Carbon Monitor directly for sub-annual disaggregation, but only from the data year 

2020, with earlier years still using fixed profiles. Climate TRACE has begun to move away from using fixed monthly profiles 775 

in the power sector, but apparently not yet for Japan due to a lack of the data required by their new method. It is clear, therefore, 

that some of these datasets with sub-annual temporal resolution are moving further along the spectrum from relying almost 
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entirely on proxies to relying almost entirely on officially reported data as in this study. While this shift ought to lead to 

improved estimates, using valid proxies has three advantages: (i) proxies are potentially available earlier than official activity 

data, (ii) they may be available for countries that do not officially report sufficient sub-annual activity data, and (iii) they can 780 

potentially capture the timing of consumption, for example, and ameliorate the tertiary stock issue. The tertiary stock issue is 

potentially important for inversion modelling, but further quantification of its effect is required. Since not all countries 

officially report the sorts of data required for directly estimating emissions, proxy-based methods remain important for 

estimating sub-annual emissions in many – particularly developing – countries. 

Methods based on limited anchoring and proxy extrapolation have proved and will continue to prove useful for estimating sub-785 

annual emissions globally, and while the approach we have presented for robust estimates for Japan could also be taken for 

other countries, the methods and data sources are highly specific to Japan and cannot be replicated directly to other countries. 

However, our investigation of some of the temporal disaggregation methods used by other datasets demonstrates that the 

quality of proxies chosen varies considerably across datasets and across sectors, and that proxy-based methods should be 

treated as having relatively high uncertainty.  790 

With the development of the monthly emissions data, we now have a near-real time update of accessible emissions data, as 

well as detailed sub-annual trend data of historical emissions. This potentially has many applications, and while we defer to 

future studies of specific analyses of historical data, we focus on three key potential uses here: policymaking, public awareness, 

and independent verification. 

Having data only at annual resolution and with a 12-month publishing delay significantly reduces understanding of the reasons 795 

behind emissions changes, which in turn can lead to more poorly targeted policy and therefore less effective mitigation. This 

long lag creates distance between policymakers and the results of their policies, thereby reducing political responsibility for 

failure or success, and it delays any necessary course corrections to climate policies that are less effective than expected, to 

non-climate policies that are having undesirable effects on emissions, or to the absence of policies. Our estimates of Japan’s 

emissions have low uncertainty, monthly temporal resolution, and a low lag of only two months, effectively providing 800 

significant new information for the use of policymakers to address these issues. 

More frequent updates to emissions estimates provide more opportunities to discuss emissions, responsibility, and climate 

action in Japan.  Media discussion of climate change in Japan has mostly focused on international events such as the annual 

UNFCCC Conferences of the Parties (COPs) (Ida and Emori, 2025). Just as frequent releases of economic data keep the subject 

alive in the public consciousness, so might more frequent releases of emissions and other environmental data do so, helping to 805 

increase accountability, public pressure for action, and awareness of Japan’s role in global environmental change. 

Emissions estimates with high temporal resolution are important for the developing field of atmospheric inversion modelling, 

which aims to verify reported emissions. Such models use satellite observations of atmospheric greenhouse gas concentrations 

to estimate where the gases were emitted (Chevallier et al., 2005). However, such models are still very poorly constrained by 

independent observations and rely heavily on bottom-up estimates of emissions. For Japan, we argue that our monthly 810 
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estimates are considerably more accurate than other bottom-up estimates that have been used in the inversion-modelling 

community. However, further disaggregation – both temporal and spatial – is still required. 

Our robust and easily updated estimates lay the ground for more sophisticated analysis of trends in Japan’s emissions, including 

effects of weather, policy and geopolitical factors. Because our method is based on actual reported data, rather than simplified 

models, it will capture all out-of-sample events such as the pandemic lockdowns, economic crises, and changes in technology. 815 

Moreover, our monthly estimates could be further disaggregated to daily or higher temporal resolution using the same simple 

methods used in other datasets (such as Carbon Monitor) and also disaggregated spatially using additional information. 

A detailed analysis of possible policy implications based on the monthly emissions data is a topic of further study, but the very 

compilation of such monthly emissions data can also have impacts on policy, for example through the raised awareness of 

emissions level and change when publicizing the updated data. While measurement and monitoring alone are insufficient to 820 

initiate action, their absence certainly hinders effective action, and there is significant scope for estimates such as ours to form 

the basis for action towards lower emissions in Japan. 
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Appendices 

Appendix A. Linear disaggregation of annual data into monthly data 1035 

Where monthly data is unavailable and only annual data exist, we disaggregate the annual value into months by weighting 

over 2 consecutive years, and then scaling by year so that the total of the months matches the total reported annual value. More 

specifically, 

a. For each month of the year, we first set the emissions estimates by the following weighting:  

 

𝐸𝑛 = {

𝑛 + 5.5

12 ⋅ 12
𝐸𝐹𝑌 +

6.5 − 𝑛

12 ⋅ 12
𝐸𝐹𝑌−1    if 𝑛 ≤ 6

18.5 − 𝑛

12 ⋅ 12
𝐸𝐹𝑌 +

𝑛 − 6.5

12 ⋅ 12
𝐸𝐹𝑌+1  if 𝑛 ≥ 7

 (A1) 

Where 𝐸𝑛 is the emissions amount in the 𝑛th month of the fiscal year 𝐹𝑌, and 𝐸𝐹𝑌 is the annual total reported in the 1040 

NIR. For Japan, annual data are based on fiscal year (April – March), so we adjust the specific weighting for each 

month taking this into account.  

b. For each fiscal year, scale each month with the same factor so that the sum of the emissions match the input annual 

year emissions:  

 
𝐸𝑛,adjusted = 𝐸𝑛 ⋅

𝐸𝐹𝑌

∑ 𝐸𝑛𝑛 in 𝐹𝑌

 (A2) 

With this method, we can account for long-term trends in the monthly data compared to a uniform disaggregation within year. 1045 

We also avoid large steps in emissions between the last month of the fiscal year and the following month. This method has not 

been adjusted for days per month. 
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Appendix B. Naphtha non-energy usage data 

Non-energy usage of naphtha is defined differently between the METI General Energy Statistics, which is the annual statistics 1050 

that the NIR activity data is based on, and the Current Survey of Energy Consumption, from which most of the monthly non-

energy usage data of secondary fuel products come from. In the latter, all usage for the production of chemical products, 

namely the production of ethylene and BTX (benzene, toluene, xylene, including ortho-xylene and para-xylene), are included 

in non-energy usage, whereas in the former, the byproducts that are reused for energy are deducted. This difference comes 

from the different aims of the statistics, where the former is focused on energy balance, whereas the latter is focused on 1055 

individual products. 

In both datasets, naphtha is divided into (pure) naphtha and reformates, and the sum of these correspond to naphtha in the NIR. 

Around 40% of the pure naphtha non-energy usage as defined in the consumption statistics consists of input into the production 

of ethylene, which results in byproducts that become energy sources, such as cracked gasoline. To account for this in the 

General Energy Statistics, the (pure) naphtha category subtracts the total amount of input to the production of ethylene from 1060 

non-energy usage, while for the reformates category, the production of BTX is identified with non-energy usage. While 

monthly production of ethylene and BTX are directly accessible in the production statistics (METI, 2026d), the input from 

naphtha is not directly available, so we scale these monthly production values to match annual naphtha usage values for each 

available in the General Energy Statistics, and extrapolated the scaling factors to the most recent years (2024 and 2025). We 

estimate the monthly value of total non-energy usage starting from the non-energy usage value in the Current Survey of Energy 1065 

Consumption, subtracting the scaled ethylene usage and adding in the scaled BTX usage. Ortho-xylene production values have 

become confidential since 2024, so are not included after that year. The annual total for years prior to 2023 matches the annual 

value reported in the NIR, by definition.  
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Appendix C. Analysis of EDGAR’s temporal profiles 1070 

EDGAR’s monthly emissions dataset is derived by applying “temporal profiles” to the annual emissions dataset. These 

temporal profiles are described by Crippa et al. (2020). The method is a framework that allows a different monthly profile for 

every sector-country-year combination, but in many cases variation does not exist along all three axes. Figure C1 shows the 

six sectors for which there is any variation between years in the monthly emission profiles in EDGAR’s data for Japan. All 

other sectors exhibit no variation in the monthly emission profiles from one year to the next in the period 2015-2024.  Of the 1075 

six that vary, three have negligible variation across years (1A1bc, 2C, and 2G), while the largest emitting sector 1A1a shows 

only minor variation across years. 

 

Figure C1: Variation in the temporal profiles (monthly shares of annual emissions) in the six sectors that exhibit any variation out 

of the total 27 sectors provided by EDGAR. 1080 
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Figure C2: The three unique monthly profiles in Climate TRACE’s estimates of Japan’s 35 gas-fired power plants (only those with 

‘gas’ as the fuel) in 2024, showing that for 33 of them the monthly profiles are identical: the monthly emissions in each of these 33 

power stations have exactly the same temporal disaggregation from the annual estimate. 

 1085 
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Appendix D. Climate TRACE methodology change in the power sector 

Figure  demonstrates the changes in Climate TRACE’s methodology introduced in late 2025 for the power sector in the case 

of a large coal-fired power station in India. Before the change, activity data (plant-level generation) were estimated using a 

method based on AI detection of vapour plumes in satellite imagery. The figure shows that these estimates both lay 1090 

significantly lower than actual, reported generation, and had a very different sub-annual pattern. 

 

Figure D1: Comparison of monthly generation from the Vindhyachal 4.8 GW plant in India, with reported data from India’s Central 

Electricity Authority, the ‘baseline’ estimates from Climate TRACE version 4.7, and the newer values from Climate TRACE version 

5.2 after a methodological change. Apart from the final month, which is extrapolated, Climate TRACE’s activity data are now 1095 
directly from official reporting. 
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Appendix E. Carbon Monitor methodology change in the ground transportation sector 

Carbon Monitor’s estimates of road transport emissions in Japan changed significantly between the October 2025 edition and 1100 

the November 2025 edition, indicating a change in method. 

 
Figure E1: Comparison of Carbon Monitor’s estimates at monthly level for Japan’s ground transportation sector. 

Noting that the intra-annual variation in gasoline supply reported by METI was identical to that of Carbon Monitor in its 

November 2025 edition, and applying a scale factor that only varies annually results in an exact match. The scale factor is 1105 

about 1.65-1.70 in each year, and constant from 2022. Later editions of Carbon Monitor have changed again. 
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Figure E2: Carbon Monitor’s ground transport emissions in Japan (November 2025 edition) compared with gasoline supply data 

from METI, where the gasoline data have been scaled with an annually varying constant. 

  1110 
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Appendix F. Territorial emissions and economic activity-based emissions in Ireland  

To illustrate the difference in the two accounting systems of territorial emissions and economic activity-based emissions, we 

show data for Ireland. While the UNFCCC NIR submissions are based on territorial emissions, the Eurostat quarterly estimates 

are based on the economic boundary to be aligned with national accounting (e.g., GDP) statistics. 

 1115 

Figure F1: Comparison of territorial emissions and economic activity-based emissions for Ireland, where the difference is 

particularly large. 

 

 

 1120 
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Appendix G. Conversion factor for natural gas production data  

As a gaseous energy source, the GCV for natural gas depends on the exact state the gas is in, but documentation on what 

conversion factor to apply is to be applied to the monthly data was not found. After examination, we identified the following 

information and conversion for monthly data to apply the METI GCV factor for natural gas: Monthly Report of Current 1125 

Production Statistics uses 15.6°C, 101.325 kPa, saturated with vapor; METI publishes a conversion factor to the above from 

the “normal condition”, which is 0°C, 100 kPa, no vapor; GCV factor from METI is given for Standard Ambient Temperature 

and Pressure (SATP), which is 25°C, 101.325 kPa, no vapor. We scale volume based on ideal gas equations, which result in a 

conversion factor of 1.027965 (volume to apply GCV / volume in monthly production report). 

  1130 
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Appendix H. Revisions in reported CO2 emissions 

As discussed in the manuscript, Japan has been reporting detailed estimates of emissions to the UNFCCC for over two decades. 

By collating these reports, we can see that Japan’s revisions to CO2 emissions have resulted in only very minor changes, and 

these have been negligible since the mid-2010s. 

 1135 
Figure H1: Comparison of Japan’s officially reported CO2 emissions. Most of the series plotted overlap. The final year of each series 

is indicated with the circle marker, and the final year is always two years before the edition number. 
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Appendix I. X-11 method 

The following is a brief summary of the X-11 method, taken directly from Eurostat (2013, p.215): 1140 

a. Derive an initial estimate of the trend-cycle by applying a moving average to the raw data 

b. Subtract this estimate from the raw data to obtain an initial estimate of the seasonal-irregular (SI) and apply a 

moving average to the SIs for each type of period (month) separately to obtain initial estimates of the seasonal 

component 

c. Subtract the initial seasonal factors from the raw data to obtain an initial estimate of the seasonally adjusted series 1145 

(i.e. the trend-cycle/irregular) and apply a Henderson moving average to obtain a second estimate of the trend-cycle 

d. Subtract the second estimate of the trend-cycle from the raw data to obtain a second estimate of the SIs, and apply a 

moving average for each type of quarter separately to obtain final estimates of the seasonal component 

e. Subtract the seasonal factors from the raw data to obtain a final estimate of the seasonally adjusted series and apply 

a Henderson moving average to obtain a final estimate of the trend-cycle 1150 
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Appendix J. Comparison of sectoral approach emissions and reference approach emissions for Norway 

For Japan, the sectoral approach emissions estimate and the reference approach emissions estimate match very well, but this 

is not always the case for other countries. As an example of large discrepancy, we show the comparison of the two estimates 

for Norway. The large discrepancy, especially for liquid fossil fuels, is due to the large export and resulting statistical 1155 

discrepancy in domestic consumption. 

 

 
Figure J1: Comparison of Norway’s officially reported emissions using the reference approach and the sectoral approach reported 

in the CRT (2025). 1160 

 

https://doi.org/10.5194/essd-2026-417
Preprint. Discussion started: 15 June 2026
c© Author(s) 2026. CC BY 4.0 License.


