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Abstract. Carbon dioxide emissions, as geospatial information, are necessary to analyze seasonal and regional variability, as
well as the changing distribution of anthropogenic activity. However, the availability of continuous data with high spatial and
temporal resolution is limited, both sectorial and global. Therefore, in this study, we present the Hierarchical Bayesian Physics-
15 Guided Carbon Dioxide (HBPG-CO>) emission dataset, a global dataset of emissions from multiple sources for energy,
industry, buildings, land transport, agriculture, waste, and fuel production. This dataset is based on multi-information
harmonization and downscaling using geospatial information from multiple sources (nighttime lighting, roads, land use,
population, settlements, meteorology, and point source data support temporal reconstruction and spatial refinement), various
emissions inventories such as annual and monthly data from the Emissions Database for Global Atmospheric Research
20 (EDGAR), as well as the Open source Data Inventory for Anthropogenic Carbon dioxide (ODIAC), Community Emissions
Data System (CEDS), and daily estimates by country and sector. To integrate all the data, a hierarchical Bayesian component
is applied to reconstruct monthly variability outside the directly observed period, while a physics-based component restricts
the specific spatial allocation for each sector and preserves emissions data, while also allowing for area expansion based on
decision trees. Furthermore, the integration of fossil fuel-related covariates that are underrepresented or absent in the original
25 EDGAR fields helps reconstruct this dataset spatially and temporally. The resulting dataset contains 672 monthly layers per
sector and global layers corresponding to the date range from 1970-01 to 2025-12. Comparisons with CEDS, ODIAC, EDGAR,
and other studies show strong temporal and spatial consistency, while also preserving additional small-scale structure.
Therefore, HBPG-CO; provides a long-term, high-resolution, sector-specific emissions record for atmospheric inversion, Earth
system modeling, carbon cycle analysis, and regional emissions assessment. The complete HBPG-CO: dataset is openly

30 accessible through Zenodo at https://doi.org/10.5281/zenodo.21507026 (Antezana Lopez, 2026).
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1 Introduction

Anthropogenic carbon dioxide (CO:) emissions from power generation, industrial production, transportation, buildings,
fuel production, agriculture, and waste are the primary direct cause of the long-term increase in atmospheric CO: and the
associated climate forcing (Friedlingstein et al., 2025). Therefore, emission inventories are fundamental for atmospheric

35 inversions, chemical transport modelling, Earth system modelling, regional carbon assessment, and the evaluation of mitigation
pathways, while coordinated inventory development remains essential for ensuring consistency across scientific applications
(Smith et al., 2022). These applications require more than national annual totals because the atmospheric signal depends not
only on the magnitude of emissions but also on when and where source activity occurs. Existing spatially and temporally
explicit information on fossil fuel CO: emissions has already demonstrated the importance of resolving this variability (Jones

40 etal., 2021), particularly around cities, industrial belts, energy facilities, transport corridors, and rapidly changing land systems.
Monthly information is needed to represent seasonal heating and cooling, agricultural cycles, mobility patterns, fuel
consumption, and changes in economic activity. Moreover, a sufficiently fine grid is necessary to distinguish neighbouring
source environments located within the same administrative unit. Long and spatially explicit monthly records are therefore
required to connect national inventory accounting with regional and local analyses of the changing geography of human

45 activity. Nonetheless, a persistent scale gap remains between national emission reporting and the high-resolution inputs
required by atmospheric and Earth system models.

Several established datasets provide essential but complementary components of this information. The Emissions
Database for Global Atmospheric Research (EDGAR) offers globally consistent annual sectoral estimates for 1970-2024 and
monthly fields for January 2000 to December 2024 (Crippa et al., 2018; Janssens-Maenhout et al., 2019). The Open-source

50 Data Inventory for Anthropogenic Carbon dioxide (ODIAC) provides monthly fossil fuel CO: emissions for 2000-2024 using
power plant information and nighttime light observations to resolve the spatial distribution of nonpoint sources (Oda et al.,
2018). Meanwhile, the Community Emissions Data System (CEDS) provides a long historical framework of country and sector
emissions developed for climate and atmospheric applications (Hoesly et al., 2018; McDuffie et al., 2020). More recent
emission mosaics have further combined regional and global inventory information to support atmospheric modelling (Crippa

55 etal.,2023; Soulie et al., 2024), while regional inventories have demonstrated the value of integrating official statistics, activity
information, remote sensing observations, and sector-specific spatial proxies. However, no product considered here combines
global monthly coverage from 1970 to 2025, seven harmonised anthropogenic sectors, and a 0.05° grid within a single mass-
conserving record. Long time series are commonly annual, whereas daily country and sector products are generally distributed
as tabular estimates rather than continuous global grids. Monthly gridded products are often shorter, coarser, or focused mainly

60 on fossil fuel combustion and cement production. Furthermore, although EDGAR provides the most consistent global sectoral
basis, its native 0.10° spatial representation may not resolve secondary agricultural areas, minor road corridors, dispersed

settlements, and evolving infrastructure that become relevant in regional and local analyses. Therefore, the remaining limitation
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is not simply the scarcity of emission information, but the absence of a unified framework that combines temporal continuity,
sectoral detail, fine spatial resolution, and accounting consistency.

65 Addressing this gap requires more than resampling an existing inventory. Near the equator, a 0.10° grid cell covers
approximately 100 km? and may contain several roads, settlements, cultivated areas, industrial facilities, and other emission
sources. Although dividing an inventory into finer grid elements increases the nominal spatial resolution, this operation alone
neither determines the most plausible location of the conserved emission mass nor identifies strongly supported source areas
that are absent from the original active domain. A coherent solution must therefore separate emission magnitude, monthly

70 timing, and spatial allocation. In the Hierarchical Bayesian Physics Guided Carbon Dioxide framework, hereafter HBPG-CO,,
EDGAR provides the principal annual and monthly mass anchor. The global daily CO: emission dataset developed by (Li et
al., 2026) provides an additional temporal reference, reporting daily total and sectoral emissions from 1970 to 2024 at both
global and individual country levels. CEDS supports historical consistency among harmonised sectors, whereas ODIAC
provides an independent fine-scale spatial reference for fossil fuel activity. Multisource emission mapping has already

75 demonstrated the value of combining inventory information, deep learning, and spatial covariates to improve regional source
representation (Antezana Lépez et al., 2025b). Within HBPG-CO,, the Bayesian component pools information across
countries, sectors, years, and climatological profiles to reconstruct monthly variability where direct observations are
incomplete. Subsequently, the physics-guided component applies process-relevant covariates and strict mass conservation
constraints during spatial allocation. These covariates include HILDA+ land classes for agriculture (Winkler et al., 2021),

80 global road information for transportation (Meijer et al., 2018), and spatial evidence from settlements, population, point
sources, and nighttime lights for buildings, waste, and fossil fuel sectors (Elvidge et al., 2017; Urraca et al., 2024). Thus, the
framework is designed to retain the accounting consistency of established inventories while improving spatial realism and
temporal continuity.

HBPG-CO; is consequently presented as a global monthly anthropogenic CO: dataset at 0.05° resolution covering January

85 1970 to December 2025. The product contains seven sectoral raster stacks and 672 monthly layers for agriculture, buildings,
road transport, industry, power generation, waste, and fuel production, together with total emissions that also incorporate
aviation and shipping components. Direct monthly inventory information is available for 300 months from January 2000 to
December 2024 through EDGAR. In addition, the daily global and country level sectoral estimates of (Li et al., 2026) provide
an independent temporal constraint for evaluating and harmonising monthly variability. The 360 months from 1970 to 1999

90 are reconstructed from annual inventory anchors and learned temporal profiles, while the final 12 months constitute a
documented extension through 2025. Spatial refinement redistributes each 0.10° source grid element across four nested 0.05°
grid elements while preserving the prescribed mass at the source grid, sector, monthly, and global levels. For agriculture and
road transport, a limited support expansion can activate high-confidence locations that are weakly represented or absent in the
native EDGAR spatial support, while the redistributed fraction remains restricted to a small proportion of the corresponding

95 monthly sector total. Previous satellite reconstruction studies have similarly demonstrated the value of combining

complementary observations to recover spatially and temporally incomplete carbon information (Antezana Lopez et al., 2022,

3
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2025a). HBPG-CO; is therefore not intended as an unconstrained replacement for established inventories. Instead, it is a
multisource reconstruction that extends temporal coverage, improves spatial representation, documents the degree of direct
and reconstructed support, and provides a consistent high-resolution forcing record for atmospheric modelling, carbon cycle

100 research, and regional emission assessment.

2 Methodology and data

Methodologically, HBPG-CO, separates temporal inference from spatial allocation, and its name reflects this division:
Hierarchical Bayesian Physics Guided Carbon Dioxide. The Bayesian component operates on monthly timing. It uses an
empirical hierarchical formulation in which directly supported country and sector profiles provide the observation-informed

105 component, long-term climatologies and regularised trends provide prior structure, and their normalised partial pooling
produces the monthly posterior shares used to distribute annual inventory mass. This formulation is designed for incomplete
spatiotemporal observations (Alvera-Azcdrate et al., 2005), while regularisation limits unstable coefficients (Friedman et al.,
2010) and established temporal profiles provide an external basis for evaluating seasonality (Guevara et al., 2021). By contrast,
the physics-guided component operates on spatial allocation. It applies sector process evidence, nonnegative weights, bounded

110  support expansion, and exact mass closure at 0.05°. EDGAR establishes the mass and sector structure, ODIAC provides a fine-
scale fossil fuel reference, and land, road, settlement, meteorological, vegetation, nighttime light, and point source information
guide relative placement. Thus, the Bayesian component determines when the prescribed emissions occur, whereas the physics-
guided component determines where they are allocated without creating unrestricted mass. Here, physics-guided denotes

process constraints and conservation.

115 2.1 Input datasets and sector harmonisation

The main inputs and their functions are shown in Table 1. EDGAR's annual fields provide 55 source years from 1970 to

2024, while the documented 2025 extension yields the complete 56-year HBPG-CO2 record. EDGAR's monthly stacks provide

300 directly backed months from January 2000 to December 2024 in their native 0.10° grid. In this study, "direct backing"
refers to monthly temporal information from various emissions inventories at different temporal and spatial scales. ODIAC

120  contributes the monthly fossil fuel structure, while CEDS provides an external historical comparison and supports sectoral
harmonization. Daily activity data by country and sector limit month-to-month variability without replacing the bulk of the
annual inventory. In addition, CAMS atmospheric fields and ERA5 meteorology provide diagnostic and environmental
covariates (Hersbach et al., 2020; Inness et al., 2019). Settlements, population, roads, land use, vegetation, albedo, nighttime
lights, and point sources provide spatial support for the sectors. Each dataset is aligned with a grid, a timeline, a country system,

125 and a correspondence of seven common sectors prior to reconstruction.

Table 1: Principal datasets used in HBPG-COg, including their temporal coverage, native resolution, scientific role, provider, and
official access location.
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Dataset or variable

Role and provider

Official access or download URL

EDGAR_2025_GHG
(monthly CO,)
EDGAR_2025_GHG
(annual CO»)

ODIAC fossil-fuel CO,

CAMS EGG4 XCO,

DMSP OLS / VIIRS night
time lights

GHS-SMOD R2023A

Harmonised NDVI
composite

GLASS BSA_SW albedo
ERAS total precipitation
ERAS 2-m air temperature

ERAS5 10-m wind speed

HILDA+ / ESA CCI-
Copernicus C3S land cover

GRIP4 total road density

GRIP4 land-area support
layer

gROADS v1 road network
CEDS country-sector CO2

Daily country and sector
CO: profiles
Global Carbon Grid (GID)

EDGAR_2025_GHG — Emissions Database for Global Atmospheric
Research; Joint Research Centre, European Commission
EDGAR_2025_GHG — Emissions Database for Global Atmospheric
Research; Joint Research Centre, European Commission

ODIAC — Open-source Data Inventory for Anthropogenic CO,;
National Institute for Environmental Studies (NIES)

CAMS global greenhouse-gas reanalysis column-averaged CO-, used

as an atmospheric consistency covariate rather than a direct emission
constraint

Harmonised DMSP OLS and VIIRS night-time light composites used
as built environment and diffuse activity proxies; VIIRS products are
provided by the Earth Observation Group.

Global Human Settlement Layer — GHS-SMOD R2023A; European
Commission Joint Research Centre
NOAA AVHRR/VIIRS normalized difference vegetation index

climate data records, harmonised by the authors for long-term spatial
support

GLASS Albedo Product — Global LAnd Surface Satellite; Beijing
Normal University

ERAS5 Monthly Averaged Reanalysis on Single Levels; Copernicus
Climate Change Service / ECMWF

ERAS Monthly Averaged Reanalysis on Single Levels; Copernicus
Climate Change Service/ ECMWF

ERAS5 Monthly Averaged Reanalysis on Single Levels; Copernicus
Climate Change Service / ECMWF

HILDA+ v2.0 land-use / land-cover dataset, Karlsruhe Institute of
Technology; ESA CCI/ Copernicus C3S land-cover extension
GRIP4 — Global Roads Inventory Project, Version 4; GLOBIO / PBL
Netherlands Environmental Assessment Agency

GRIP4 — Global Roads Inventory Project, Version 4; companion
land-area grid used in the road-density workflow

gROADS vl — Global Roads Open Access Data Set, Version 1;
CIESIN / NASA SEDAC

Community Emissions Data System; independent annual country-

sector benchmark and conservative calibration support

Global daily CO: emissions from 1970 to 2024 for power, industry,
residential, and transport sectors; (Li et al., 2026).

Global 0.1° CO- emission grid used as the common spatial source for

major power and industrial point emissions.

https://edgar.jrc.ec.europa.cu

https://edgar.jrc.ec.europa.eu

https://www.odiac.org

https://ads.atmosphere.copernicus.eu

https://eogdata.mines.edu/products/vnl/

https://human-
settlement.emergency.copernicus.eu
https://www.ncei.noaa.gov/products/climate-

data-records/normalized-difference-

vegetation-index

https://glass-product.bnu.edu.cn

https://cds.climate.copernicus.eu

https://cds.climate.copernicus.eu

https://cds.climate.copernicus.eu

https://cds.climate.copernicus.eu

https://www.globio.info
https://www.globio.info

https://sedac.ciesin.columbia.edu

https://www.pnnl.gov/projects/ceds

https://doi.org/10.6084/m9.figshare.28827932

https://gidmodel.org.cn/?page_id=1425

Accordingly, Fig. 1 distinguishes source coverage from reconstructed output. The annual EDGAR bridge contains 56
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yearly fields for 1970-2024, and the 2025 extension completes the 56-year HBPG-CO- record. The directly supported monthly
130 interval contains 300 source fields at 0.10°, whereas the final time axis contains 672 monthly fields at 0.05°. The importance
of horizontal resolution for atmospheric CO: applications has been demonstrated in global modelling experiments (Agusti-
Panareda et al., 2019). Spatially, the refinement creates four nested 0.05° sub cells within each 0.10° source grid cell and
therefore increases the number of spatial elements by a factor of four. Satellite retrieval studies provide complementary context

for interpreting the added spatial detail (Borsdorff et al., 2018; Crisp et al., 2017; Yokota et al., 2009), while global land surface
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135 products support the environmental covariates (Liang et al., 2021). Thus, temporal continuity and spatial detail are increased

without implying that every output month or fine grid element is directly observed.

|

EDGAR_2025_GHG (monthly) S

|

E ( ] o O =]
ODIAC —— e | =
CAMS EGG4 — = |
- O P | m—
GHS-SMOD =2
NDVI composite
c . —— =
ERAS5 (precip.) | B —:
ERA5 (T2m) = —
ER ) |#O - |::
HILDA*+ / C3S b —
GRIP4 (roads) e —-y s
- | ) =
gROADS v1 Sttt ° —
GPPD <
T T

1970 1980 1990 2000 2010 2025 0 300 7001.0 0.1 0.01
Time coverage Layers Analysis grid (°)

== Monthly =O= Annual =O- Archive coverage 4 Static reference

Figure 1: Temporal and spatial coverage of the principal inputs and the HBPG-CO: output. EDGAR contributes 56 annual source
fields for 1970-2024 and 300 monthly source fields for 2000-2024; the documented 2025 extension completes a 56-year output
140 containing 672 months. The spatial panel represents the conservative refinement from the 0.10° source grid to nested 0.05° grid
elements.

Furthermore, the original source categories are assigned to seven common sectors: energy, industry, buildings, land
transport, agriculture, waste, and fuel production. The same mapping is applied to all years and datasets. Therefore, changes
in the resulting time series are not due to changes in sector labels. Aviation and international shipping are retained as

145 complementary layers, as their geography and accounting differ from those of the seven land-based sectors.

Before the reconstruction, the available emissions data are placed within a common historical context, as shown in Figure
2. Global emissions from fossil fuels and processes increased from approximately 14 to 16 Gt CO: year! in 1970 to around
35 to 38 Gt CO: year ! in more recent years. Long-term inventories document the same widespread growth in fossil fuel activity
(Asefi-Najafabady et al., 2014; Oda and Maksyutov, 2011). However, regional trajectories differ. North America and Europe

150 peak and then decline, while Asia shows the largest absolute increase. Similarly, high-resolution national mapping shows that
aggregate trends exhibit strong subnational contrasts (Gurney et al., 2009). Africa and South America experience more gradual
growth, while Australia remains relatively small. Furthermore, sectoral panels indicate that energy and industry dominate the
long-term increase, while transport and construction contribute differently in each region. These comparisons are interpreted
with due regard for the known uncertainty in the magnitude and spatial distribution of the global inventory (Solazzo et al.,

155 2021).
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@ Global
= EDGAR fossil/process total Transport

== = ODIAC fossil/process total =-=-- Buildings .
== = CEDS global total Agriculture

354 =:= Lietal foursector total Waste

Power —-=- Fuel exploitation
Industry

South America

Europe

1970 1990 2010 2025 1970 1990 2010 2025 1970 1990 2010 2025
Year Year Year

Africa Asia Australia

I

]

2025 1970 1990 2010 2025 1970 1990 2010 2025

1970 1990 2010 2025 1970 1990 2010
Year Year Year Year

Figure 2: Historical context of the emission inventories and reference data used in HBPG-COz. (a) Global annual trajectories from
EDGAR, ODIAC, CEDS, and daily data. together with the harmonised sector totals; the main global series rise from about 14 to
16 Gt CO: yr' in 1970 to about 35 to 38 Gt CO: yr! in recent years. (b to g) Regional trajectories for North America, South
America, Europe, Africa, Asia, and Australia. The regional panels separate common long-term growth from contrasting peaks,
declines, and sector transitions.

2.2 Covariate association and selection

To preserve sector specificity, the covariates were screened before spatial reconstruction. Power and industry are mainly
supported by ODIAC, power point sources, nighttime lights, settlements, and road density. Moreover, transport is predicted
primarily from GRIP4 and gROADS, whereas buildings are associated with nighttime lights, settlement structure, urban land,
and 2 m air temperature. Agriculture is guided by HILDA land use, NDVI, precipitation, and albedo, while waste follows
settlement and population proxies. Then, fuel production combines ODIAC, point sources, roads, and nighttime lights. The
Mantel links classify these relationships from weak support, below 0.20, to strong support, at or above 0.60, following
established guidance on interpreting spatial association tests (Legendre and Fortin, 2010). Hence, only sector covariates are

retained, while satellite XCO: is also used to help the downscaling process.

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/es5d-2026-590
Preprint. Discussion started: 5 August 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

. ,{@
gsggrarlnan r ‘\,-&\o(\ e\ﬁ\\e‘é‘;?“ N Cit@;szo .\12&000@\5:06
o0 e RGBT R S ey
0.0 R O o AT @ B2 16 PR Py AN e 10 ko
S e NN R 2 T Ty
0o o o | EDGAR power
10 O 1| EDGAR industry
Focal link class = 0| EDGAR transport
— Strong support O [[]| EDGAR buildings
—— Exploratory positive O []| EDGAR agriculture
POWER u] [ EDGAR waste
O []| EDGAR fuel exploitation
INDUSTRY = 0| ODIAC
m] [J | Power point-source layer
TRANSPORT O ]| DMSP-OLS/ VIIRS NTL
m] 0| GHS-SMOD R2023A
BUILDINGS - & [J| HILDA land-use
] 0| GRIP4 road density
AGRICULTURE - @ 0 | gROADS v1 road network
I:‘ []] Harmonised NDVI composite
|Link strength| WASTE [[1| GLASS BSA_SW albedo
— <0.20 0| CAMS XCO2
— 0.20-0.40 FUEL o [ ERAS total precipitation
— 0.40-0.60 [0 | ERA5 2-m air temperature
— 2060 ~ ERAS5 10-m wind speed

Figure 3: Spatial association analysis used to screen covariates for seven emission sectors across 20 candidate or reference fields.
The upper triangular matrix reports spatial Spearman correlation among EDGAR sector fields and candidate datasets.

Consequently, the association structure supports different allocation rules by sector. Power and industry are most closely
175 related to facility, settlement, night time light, and road information. Moreover, buildings are linked to population, settlement
morphology, urban land, and temperature. By contrast, transport is controlled mainly by the two road products, while
agriculture is more closely associated with land cover, vegetation, precipitation, and albedo. Long term land use products
provide the historical context for these agricultural proxies (Chini et al., 2021; Klein Goldewijk et al., 2017). Fuel production
combines point sources, night time lights, roads, and land information. Waste follows settlement and population support but
180 remains the most weakly constrained diffuse sector. Biomass burning evidence is retained only where it is consistent with
sector definitions (Akagi et al., 2011; van der Werf et al., 2017). Therefore, covariates are not transferred indiscriminately
among sectors.
Accordingly, Fig. 4 summarises four stages with a single traceable flow from source data to validated output. Stage 1
harmonises inventories and spatial covariates to common units, sectors, dates, countries, and grids. Stage 2 estimates Bayesian

185 monthly shares and sector specific spatial evidence separately, thereby preventing temporal information from being confused
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with spatial support. Stage 3 combines these components through nonnegative allocation, bounded source support, and exact
mass closure. Stage 4 exports the seven monthly sector fields together with support masks, uncertainty information, and
independent validation diagnostics. Across the workflow, annual and monthly inventories define the admissible mass, while

covariates only control its relative distribution.

Step, 4

Step 1 Step 2 Step 3
Input datasets Time and space weights Mass balance allocation Emission maps and checks
,,,,,,,,,,,,,,,,,,,, Time patterns
CAMS | [ | = eeemeemeeee—eaa- Sector P
Land use XCO. v i N Emission maps
N EDGAR support prior Monthly fields at 0.05°
'L,/ Monthly Seasonal | |
chAss @ NDVI . ..\ ["_pattern " pattern Bayesian 3 Blectricity &3 Agriculture
component 5ist
mponen \ & mransport & weste
g Roads @ NTL
@ Buildings @ Fuel supply
Industry —— Smooth time fom Positive
QSMOD and power - changes |l DN« emissions @ Industry
Spatial data layers AE =0 _ ;
By fors € -
@ ODIAC @ EDGAR Ly Choose data layers (0 ¢ oo
i stack 2 New source / \ N e
p \ 8 8 ! 12 E areas Allocation Activity layers
‘ Scale S s Weights £ Toiq € (0.1} uncertainty [T Z.:. and new area mask
and smooth s 8 ! by sector C@) 3
P ! 12 3 Uncertainty maps
| Active £ Model checks " standard deviation across runs
|| Update || cells s and mass balance i d
i weights o N
! G =| —>| Mass balance check
fffff 5 ( )
i 5 —————
H >/ £ Linear correlation
. ! ¥ Sl
p 1 fom index Ma“;:}:“ﬁ )fg":‘:““ ? | [ Reference data comparison
: : . | (- 1ot Xet15) Bup = Myt Bk ekl o (i) s d
k ot 0.05° cell, aren A ot Skt 2 jec(i) ©xP(Ms,j.t) Lo jt

190
Figure 4: Traceable four stage workflow used to produce HBPG-CO,.

2.3 Bayesian monthly temporal reconstruction
Within the temporal component, HBPG-CO is implemented as an empirical hierarchical reconstruction of monthly shares

rather than as a model of annual totals. In Eq. (1), ¢, s, y, and m index country, sector, year, and month; E s,y is the observed

. . Lo b . . - . .
195 monthly inventory mass; k is the month summation index from 1 to 12; and ¢° . is the resulting positive dimensionless

.8, y.m
monthly share. The 12 shares sum to one for each valid country, sector, and year. Direct monthly observations provide the data
supported profile, while weighted climatology, damped trends, and neighbouring temporal information provide hierarchical
prior structure when observations are sparse. Consequently, the reconstructed profile changes only the within year distribution

and cannot alter annual inventory mass.

E

200 fisvm BT s (1)
zE‘c,s,v,k
k=1 -

Moreover, a representative monthly profile is estimated over the temporal training set 77 = 2000-2018. This interval was
selected because it contains continuous monthly EDGAR support while leaving the later years available for calibration and

independent evaluation. In Eq. (2), T denotes the set of training years; Ac,s,y) is the annual country and sector mass used as a

9
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s.m18 the weighted climatological share for

. . bs . =
nonnegative weight; qf ;v 18 the observed monthly share from Eq. (1); and ¢,
205 month m. Thus, years with greater activity contribute proportionally more information, and C_]C’ s.m &cts as the prior mean. Well

supported country and sector combinations remain close to their observations, whereas sparse combinations borrow strength

from sectoral and regional seasonal structure.

obs
_ v;[_ AL‘,.V,_V ’ qc..\',y,m (2)
qc s ]
T EaAL,
ye :

Furthermore, slow changes in seasonal timing are represented by a month specific trend in log share. In Eq. (3), bc, s.m 18

210 the regularised month specific trend coefficient, d, is the damped and clipped year offset from the training reference period, &

is a small positive stabilising constant used before the logarithmic transformation, and k again indexes the 12 months in the
normalising denominator. The resulting EIM,‘.,mis positive and sums to one within each year. Extrapolation is limited to 12

years on either side of the training endpoint so that weakly constrained trends cannot generate unrealistic historical or recent

seasonality.

~ exp [log (‘_IL-,.Y,m + 8) + 5‘ b ]
215 ¢q = 3)

C,8,y,m 12
kZ::lexp [log (qu + 8) +0.b, ,, J

At the local scale, country scale timing is combined with source grid climatology through confidence dependent partial

pooling. In Eq. (4), p identifies a 0.10° source grid cell; c(p) is the country containing p; q;e];m is the local climatological
monthly share; éc( p)s,ymis the corresponding country and sector share; W), is the local evidence weight; and NV denotes

. P . . .. .
normalisation over the 12 months. The pooled result g, . ., therefore remains a valid annual composition. The weight W,

220  varies from 0.15 to 0.72 according to temporal support, allowing well supported cells to retain more local seasonality while

incomplete or low activity cells borrow more strongly from the country profile.

q;w,m =N m [qu;fls],m + (1_ wp ) qC(p),s,.v,m:I 4)

Consequently, temporal support differs across the 56-year record and is documented for every output band. Direct
monthly timing at the EDGAR source resolution covers 300 of 672 months, or 44.6%, during 2000-2024. The 360 months

225 from 1970-1999 represent 53.6% of the record and are reconstructed from annual constraints and learned profiles. The final

12 months, or 1.8%, form the 2025 extension. Equation (5) defines that extension: ‘Lf;,s,zozs,m is the final monthly share,
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L];l’);m%mis the last directly supported source grid profile, and q:(f;)zs,m is the modelled 2025 profile. The fixed coefficients

0.65 and 0.35 retain continuity with 2024 while allowing the modelled seasonal evolution to contribute. The operator V', again

enforces a unit annual sum.
obs model
230 q:s,2025,m = N m |:0'65q11,s,2024,m + 0'35q11,s,2025,m:| (5)

In addition, the daily country and sector series of (Li et al., 2026) is used as external temporal evidence rather than as a
replacement for inventory mass. Daily values are aggregated to months and normalised within each country, sector, and year.
Candidate blend strengths are estimated over 2019-2021, when both the daily reference and monthly EDGAR information are
available, and are evaluated over the independent 2022-2024 period to prevent temporal information leakage. Only monthly

235 shares are updated by the accepted blend. Therefore, the annual total remains controlled by the EDGAR based anchor, while

the daily reference improves recent country and sector timing.

2.4 Physics guided spatial refinement and mass conservation

Subsequently, the physics guided component begins after the Bayesian monthly shares have been estimated. Here, physics

guided refers to sector process knowledge, spatial support, positivity, bounded transfer, and conservation constraints rather

240 than to atmospheric transport physics. In Eq. (6), Ap,s,y is the annual mass assigned to source grid cell p, sector s, and year y;

q; 5,y,m 18 the pooled monthly share from Eq. (4) or Eq. (5); and M is the resulting monthly source grid mass. For

Pis.y.m
2000-2024, the monthly shares use the certified EDGAR guide where available; for 1970-1999 and 2025, they use the
Bayesian reconstruction. Recent EDGAR analyses provide the broader distribution framework (Crippa et al., 2024). A second
support step is limited to agriculture and transport because these diffuse sectors are especially sensitive to incomplete land and

245  road representation. High support inactive source grid cells are identified from process variables observed in active regions,
while point source evidence remains anchored to independently mapped facilities (Nassar et al., 2017). The transferred pool is
restricted to 2.2-4.0% of global agriculture mass and 1.0-2.0% of global transport mass per month; no more than 5.5% is
withdrawn from the active source mass pool, and global sector mass is unchanged.

Mp,svyym = Apysquli-wwm ©)

250 At the fine grid stage, each accepted 0.10° source grid cell contains four nested 0.05° grid elements. In Eq. (7), j identifies

a nested grid element, r identifies one of the R, process variables available for sector s, Z i is the standardised nonnegative

value of variable r at j, @), ,is its sector specific weight, and S j.s1s the resulting baseline support score. The constraints

Rx
a,, >0 and Za)s . =1 make the score interpretable as a convex combination. Agriculture uses HILDA+ cropland and
r=1 ’
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pasture, precipitation, NDVI, and albedo; transport uses the dynamic road product and gROADS with additional settlement,
255 urban land, and nighttime light evidence. Buildings and waste use population, settlements, urban land, temperature, and
nighttime lights, while power, industry, and fuel production use facility, road, settlement, and nighttime light evidence. These
sector rules constrain redistribution according to plausible source processes.
Ry
S, = gla)

s,r

2. 0,20, 2o, =1 (7

Moreover, a regularised multivariable model learns within source grid contrasts not represented by the baseline score. In

260 Eq. (8), X is the sector specific design matrix of centred feature contrasts, ys is the reference contrast vector, A is the ridge
penalty, P is the penalty matrix with a zero entry for the unpenalised intercept, and f_ is the fitted coefficient vector. The

model uses 2000-2014 for fitting, 2015-2018 for selecting the refinement strength, and 2019-2024 for independent spatial
evaluation. These intervals provide early, middle, and recent samples within the common EDGAR-ODIAC period and
preserve a six-year holdout that is not used for fitting or parameter selection. ODIAC supplies the fine scale fossil fuel reference
265 for power, industry, buildings, transport, and fuel production where its spatial support is informative, but it does not replace
sector totals. A refinement is accepted only when it improves the held out spatial criterion and remains below the sector specific

cap.
Bs = (XiX; + AP) ' X(y; ®)
Consequently, Egs. (9)- (11) convert the baseline support into a conservative fine grid allocation. In Eq. (9), p is the

270  source grid cell, j and / index its nested 0.05° elements, C(p) is their set, bj‘ 1, is the normalised physics guided baseline share,

A

X[p.s) is the centred feature contrast, f, is the fitted coefficient vector from Eq. (8), O is the accepted sector refinement

HBPG

strength, and @, , is the final allocation share. Equation (10) defines E josym

as the HBPG-CO» mass assigned to nested

element j by multiplying @ by M Equation (11) imposes exact source grid closure by requiring the sum of

jlp.s pos,y.m
HBPG
Ej,s,.v,m

over all j in C(p) to equal M Together with the global sector and month constraint, these equations allow

Pss,y,m*

275 supported locations to be resolved without an unconstrained increase in emissions.

by, exp(OISX.j\ p,sﬁS)

Gjlps = R ©)
HBPG __
Ej,s,y,m - Mp,s,y,maj\p,s (10)
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Therefore, the same sector rules are applied throughout the complete raster stack. Dynamic roads, population, land use,

280 NDVI, albedo, and precipitation are read for their available dates, while static layers are used only as structural support. Once
new agriculture or transport source-grid cells satisfy the global learned gate, their monthly mass follows the corresponding
sector temporal profile and remains within the monthly expansion bounds. Therefore, the additional spatial support is

propagated coherently through time rather than inserted as an isolated correction to a single map.

2.5 Evaluation strategy

285 For validation, four complementary tests are used. First, the temporal model is trained on 2000-2018, calibrated with the
overlapping 2019-2021 reference period, and evaluated independently over 2022-2024. Second, the spatial model uses 2000—
2014 for fitting, 2015-2018 for selecting the refinement strength, and 2019-2024 for evaluation. These chronological splits
were chosen to represent early, intermediate, and recent conditions while avoiding the use of evaluation years during model
fitting or parameter selection. Third, country and sector totals are compared with (Li et al., 2026) and CEDS using matched

290 definitions and periods. Finally, signed residuals and source grid to nested grid closure quantify redistribution and numerical
conservation. Because performance metrics emphasise different model properties (Willmott and Matsuura, 2005), no
comparison inventory is treated as error free.

Moreover, the evaluation statistics include correlation, coefficient of determination, fitted slope, root mean square error,

symmetric mean absolute percentage error, and the signed residual in Eq. (12). In that equation, R j,5,y,m 18 the signed residual

HBPG
E:

EDGAR
Jsssy,m E;

JsS,y,m

295 at grid element j for sector s, year y, and month m; is the HBPG-CO> value; and is the EDGAR value

represented on the comparison grid. The statistics are interpreted jointly: correlation describes ordering, the fitted slope
describes multiplicative agreement, root mean square error describes absolute dispersion, symmetric mean absolute percentage

error describes relative difference, and R identifies the direction of spatial redistribution.

R — EHBPG _ [EDGAR
Jossym T s, ym Jossysm

12)

300 Consequently, a positive R value means that HBPG-CO, allocates more of the conserved mass to a grid element than the
corresponding EDGAR representation, whereas a negative value means that mass is allocated away from that location. The
residual therefore measures redistribution, not net emission creation. Positive and negative residuals must balance within each

conserved source grid, sector, and month domain apart from numerical tolerance.
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3 Results and dataset description
305 3.1 Data records and temporal coverage

In practical terms, the core release contains seven sector GeoTIFF raster stacks on a common WGS84 grid from 180° W
to 180° E and from 60° S to 85° N. Each stack contains 7200 columns, 2900 rows, and 672 monthly Float32 layers from
January 1970 through December 2025. One layer therefore contains 20,880,000 grid elements, one sector stack contains about
14.03 billion numerical values, and the seven core stacks contain approximately 98.22 billion numerical values in total.

310 Lossless GeoTIFF compression reduces storage size only; it does not alter the number of layers, grid elements, or numerical
values. Overall, the product provides 4704 global sector and month fields.

Furthermore, the change from 0.10° to 0.05° increases the number of spatial elements by a factor of four. Within active
source-grid cells, the increase is achieved by exact nested-grid allocation. Moreover, bounded support expansion allows a
small number of well supported agriculture and transport cells to become active beyond the native source support. The

315 expansion pool is limited to 2.2 to 4.0% of monthly global agriculture mass and 1.0 to 2.0% of monthly global transport mass,

and no active source-grid cell contributes more than 5.5% of its original value.

3.2 Global and country scale emission patterns

At the global scale, the 2024 overview in Fig. 5 combines one global total field with six regional callouts for North

America, South America, Europe, Africa, Asia, and Oceania. Each callout contains the total and six sector maps, producing

320 42 regional panels in addition to the global map. Emission density spans approximately six orders of magnitude, from 102 to
10* t CO2 km™2 yr''. The strongest values occur in urban and industrial belts of eastern North America, Europe, eastern and
southern Asia, and selected coastal regions. High resolution regional inventories report similarly concentrated urban, industrial,

and transport structures (Kuenen et al., 2014). By contrast, agriculture and fuel production form broader and more diffuse
patterns. Therefore, the 0.05° grid resolves both concentrated facilities and extended activity corridors within one global

325 geometry, which is suitable for atmospheric transport modelling (Emmons et al., 2010).

14

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/es5d-2026-590
Preprint. Discussion started: 5 August 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

A
Power

Total CO;

o

107 10° 10° 10"
tCOy km=2yr~t

Tolg\ CO,

Agriculture Buildings

Figure 5: Global distribution of anthropogenic CO: emissions at 0.05° resolution, mean of 2024.

At the national scale, the revised monthly country series in Fig. 6 combines long-term change, seasonal variability, and

sector composition over all 672 months. China increases from about 70 Mt CO2 month™ in 1970 to recent seasonal peaks

330 above 1200 Mt CO: month™!, with the strongest growth arising from power and industry. India rises from roughly 15 Mt CO:
month™ to peaks approaching 380 Mt CO: month™!, particularly after 2000. The United States remains mostly between 350

and 450 Mt CO: month™!, reaches short peaks above 500 in the 2000s, and then declines toward approximately 350 to 400.
Russia grows from about 100 to nearly 200 Mt CO2 month™! before the early 1990s contraction, falls to around 125, and
subsequently recovers toward 170 to 180. Germany decreases from approximately 95 to 45 Mt CO. month™!, the United

335 Kingdom from about 50 to 20, and Ukraine from a peak above 60 to less than 10. Japan rises from about 55 to peaks near 85
before declining toward 60, whereas Canada increases from approximately 27 to recent peaks close to 50. The sector areas

also distinguish the strong power and industry growth in China and India, the larger transport contribution in the United States

and Canada, and the pronounced monthly building cycle in several temperate countries.
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340  Figure 6: Monthly HBPG-CO:? emissions for nine countries from January 1970 to December 2025: (a) China, (b) the United States
of America, (c) Russia, (d) India, (e) Germany, (f) Japan, (g) the United Kingdom, (h) Canada, and (i) Ukraine.

3.3 Spatial enhancement relative to EDGAR

Relative to EDGAR, HBPG-CO:; is a spatially enhanced and temporally harmonised reconstruction of the EDGAR mass

field, not a simple interpolation of the source grid. Reducing the cell size from 0.10° to 0.05° creates four possible nested grid

345 locations within every source grid cell, while the multisource evidence determines their relative shares. Regional emission
inventories show why sector specific proxies are required to recover local infrastructure and diffuse activity (Alamos et al.,

2022; Kuenen et al., 2022). Moreover, the method can identify a limited number of strongly supported agriculture and transport
locations that are not active in the native EDGAR support. Comparable national gridded inventories also demonstrate that
remote sensing and statistical information can extend incomplete spatial records (Guo et al., 2025). Figure 7 therefore shows

350 two related improvements: finer representation within existing source cells and conservative recovery of plausible activity

areas that are not visible in EDGAR.

16

suoIssnasig



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-590
Preprint. Discussion started: 5 August 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

In the agricultural and urban examples, the Bolivia agriculture case shows that EDGAR represents the national mass but
leaves several cultivated and pasture areas spatially unresolved. HILDA+ cropland and pasture classes, together with NDVI,
precipitation, and albedo, provide independent land process evidence for these locations. Therefore, HBPG-CO, activates

355 additional 0.05° cells that follow the observed agricultural landscape rather than spreading emissions uniformly across the
coarse source-grid cell. The global agriculture expansion is nevertheless limited to 2.2 to 4.0% of monthly sector mass. In the
Benelux and Randstad example, ODIAC fossil fuel structure, population, settlements, urban land, and night time lights sharpen
buildings along the connected urban system. Moreover, the same ODIAC reference supports finer allocation in the fossil
related areas and sectors for which it contains relevant information, including power, industry, buildings, transport, and fuel

360 production, while the corresponding sector totals remain controlled by the inventory anchors.

Similarly, the Africa transport example shows the clearest improvement beyond the native EDGAR road support. The
dynamic road product and gROADS recover mainland corridors, secondary connections, and routes around Madagascar that
are weak or absent in the coarse inventory pattern. The accepted expansion remains limited to 1.0 to 2.0% of monthly global
transport mass, and active-source withdrawal is capped at 5.5%, so the new road cells arise through redistribution rather than

365 through added emissions. Across the complete framework, EDGAR provides the annual and monthly mass reference, (Li et
al., 2026) improves recent monthly timing, CEDS constrains historical country and sector consistency, and ODIAC guides
fine scale fossil fuel structure. Hence, HBPG-CO, improves both resolution and spatial support while remaining cross

calibrated to established inventories and preserving the prescribed mass at sector, month, source-grid cell, and global levels.
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370 Figure 7: Examples of the HBPG-CO: spatial enhancement relative to the 0.10° EDGAR support. The rows show agriculture in
Bolivia, buildings in the Benelux and Randstad region, and land transport across Africa for recent and historical periods.

4 Technical validation

For technical validation, the framework combines staged temporal and spatial evaluation, cross inventory comparison,
signed residual analysis, and mass accounting. Comparable atmospheric modelling datasets also use dedicated scenario and

375 inventory checks to isolate methodological effects (Doumbia et al., 2021). Each test addresses a different question. Held out
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380

385

390

395

periods assess whether the learned temporal and spatial relationships extend beyond the fitting interval. On the other hand, (Li
et al., 2026) evaluates monthly country and sector timing. CEDS evaluates annual country and sector consistency under a
different inventory framework. Finally, residual maps and closure diagnostics show where mass is redistributed and whether

the prescribed totals are conserved.

4.1 Monthly comparison with an external daily benchmark

In the monthly comparison, HBPG-CO: country and sector emissions were compared with (Li et al., 2026) after daily
values were aggregated to months (Fig. 8). Each sector contains 7920 matched country and month observations, giving 31,680
comparisons in total. Rank correlation ranges from 0.96 for buildings to 0.99 for power and transport, while R? ranges from
0.94 to 1.00. The fitted slopes are 0.96 for power, 0.94 for transport, 1.10 for buildings, and 0.96 for industry. Symmetric mean
absolute percentage error is lowest for transport at 7.1%, followed by industry at 16.1%, power at 19.4%, and buildings at
36.4%. Therefore, the reconstructed monthly timing is consistent for the four major sectors, although the broader relative error

for buildings indicates greater sensitivity to seasonal and accounting differences.

,l-’f a) Power b) Transport ¢) Buildings d) Industry

34
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Figure 8: Monthly comparison of HBPG-CO: with (Li et al., 2026) after aggregation of the daily reference data. Panels show (a)
power, (b) land transport, (c) buildings, and (d) industry.

4.2 Cross inventory comparison with CEDS

In the cross-inventory comparison, CEDS covers the 38-year period from 1985 to 2022 and contains 44,161 matched
country, sector, and year observations (Fig. 9). The four concentrated fossil sectors retain strong country ranking: p is 0.98 for
power, 0.97 for transport, 0.95 for buildings, and 0.98 for industry. Their R? values range from 0.97 to 1.00, and their fitted
slopes range from 0.76 to 0.90. Fuel production also remains strongly ordered, with p = 0.91, R2 = 0.94, and a slope of 0.77,
although its symmetric mean absolute percentage error reaches 95.0%. By contrast, agriculture has p = 0.77, R2 = 0.63, and an
error of 104.2%, while waste has p = 0.33, R2 = 0.10, an error of 140.6%, and a slope of 11.37. Therefore, CEDS supports the
broad geographical ordering of the main energy sectors but also shows that diffuse sectors are highly sensitive to sector scope,

activity data, and crosswalk definitions.
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Figure 9: Annual country and sector comparison between HBPG-CO: and CEDS for 1985 to 2022. Panels show (a) power, (b) land
transport, (c) buildings, (d) industry, (e) agriculture, (f) waste, and (g) fuel production.

4.3 Residual diagnostics and conservation checks

405

Spatially, the mean signed residuals in Fig. 10 show where HBPG-CO, redistributes mass relative to EDGAR for the total

and seven sectors. Positive values identify cells that gain allocation, whereas negative values identify source locations

contributing redistributed mass. The symmetric display range is approximately +1.8 x 10* kt CO: yr! for the total. Sector

ranges vary from +5.2 kt CO: yr! for waste and £1.1 x 102 for agriculture to +1.4 x 10° for power. Fuel production, buildings,

transport, and industry use ranges of approximately 1.2 x 103, £1.9 x 103, #2.6 x 103, and +4.0 x 103kt CO2 yr!, respectively.

Moreover, the paired red and blue patterns around urban regions, road corridors, agricultural margins, and point sources show

410

20

that spatial enhancement is achieved by relocation rather than by uniform amplification.
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Figure 10: Mean signed spatial residuals between HBPG-CO:2 and EDGAR, defined as HBPG-CO2 minus EDGAR, for (a) total
CO., (b) fuel production, (c) buildings, (d) power, (e) transport, (f) industry, (g) agriculture, and (h) waste.

At the synthesis stage, the principal spatial and inventory comparisons are brought together in Fig. 11. Panel (a) shows

415 the global HBPG-CO: total field in Robinson projection and preserves visible continental, urban, industrial, aviation, and
shipping structure. Panel (b) summarises country level HBPG-CO; to reference ratios for seven sectors and the common total

of power, industry, buildings, and land transport. The factor axis extends from one eighth to eight times the reference, and

most central ranges remain between one half and twice the reference. EDGAR ratios cluster near one because it supplies the
principal mass anchor. By contrast, CEDS shows the widest dispersion for agriculture and waste, while (Li et al., 2026) remains

420 close to one for the four comparable sectors. Panel (c) compares the 15 largest common total emitters in 2020. China exceeds
10,000 Mt CO2 yr!, the United States is near 4000, and India is close to 2000, while the remaining countries range from several
hundred to about 1500 Mt CO: yr . Therefore, the figure distinguishes agreement in country ranking from differences in sector

scope and magnitude.
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Figure 11: Synthesis of global spatial coverage and country level inventory consistency. (a) Mean HBPG-CO: total CO: field in

Robinson projection, displayed logarithmically in Mt CO: month™. (b) Distributions of HBPG-CO: to reference annual emission
ratios for power, transport, buildings, industry, agriculture, waste, fuel production, and the common total. Boxes compare CEDS,
EDGAR, and (Li et al., 2026) on a factor axis from 1/8 to 8. (¢) Annual emissions in 2020 for the 15 largest common total emitters,
comparing CEDS, EDGAR, HBPG-COg, and daily emission data.

430

Finally, mass closure is verified at two levels. First, agriculture and transport support expansion conserves the global

sector and month total before refinement. Second, the four nested 0.05° sub cells reproduce the resulting 0.10° source-grid

mass according to Eqs. (10) and (11). The audit stores input mass, output mass, absolute difference, relative difference, and

supported cell count for all 4704 core layers. Consequently, the increase in spatial detail does not alter the prescribed inventory

totals apart from numerical precision.
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435 5 Discussion, recommended use, and limitations

In terms of application, HBPG-CO: is intended for applications that require a continuous monthly, sector, and spatially
anthropogenic CO: field. Moreover, these applications include atmospheric transport and inversion experiments, Earth system
model forcing, regional carbon assessment, urban and infrastructure analysis, and studies of changing emission geography.
The common grid and band index allow direct extraction of country, basin, latitude band, and user defined regional time series.

440 Moreover, conservative aggregation is recommended whenever the product is transferred to a coarser model grid.

Nevertheless, the added value and uncertainty differ by period and sector. The interval from 2000 to 2024 has direct
monthly inventory support and therefore the strongest temporal basis. The interval from 1970 to 1999 preserves annual mass
but reconstructs monthly timing from learned profiles. The 2025 fields form a documented extension. Spatial support is
strongest where facilities, settlements, roads, land use, and point source information are available. By contrast, early decades

445  and diffuse sectors depend more strongly on reconstructed timing and indirect spatial evidence. Therefore, every application
should retain the temporal status flags and sector definitions supplied with the data.

Overall, the principal contribution of HBPG-CO; is not an independent replacement for EDGAR, CEDS, ODIAC, or
national inventories. Instead, it converts complementary information into one monthly global record while preserving traceable
mass constraints. Moreover, the comparisons show strong temporal and geographical consistency for the principal energy

450 sectors, but they also reveal substantial differences for agriculture, waste, and fuel production. Cross inventory differences are
expected when national histories and sector definitions are harmonised from distinct sources (Giitschow et al., 2021). These
differences reflect inventory scope as well as reconstruction uncertainty, a limitation that also affects global budgets for diffuse
emission sectors (Saunois et al., 2020). Nonetheless, the combination of 56-year continuity, a fixed 0.05° grid, seven
harmonised sectors, explicit residual diagnostics, and exact accounting provides a transparent basis for modelling and

455 comparative analysis. Fine-scale values should still be interpreted as support for informed allocations rather than direct

measurements at individual cells.

6 Conclusions

In summary, HBPG-CO, provides 672 monthly anthropogenic CO: layers for each of seven harmonised sectors on a

global 0.05° grid from 1970 through 2025. Annual inventory mass is retained throughout the reconstruction. Direct monthly

460 timing constrains 300 months, or 44.6% of the record; 360 earlier months, or 53.6%, are reconstructed from annual anchors

and learned profiles; and the final 12 months form a documented 1.8% extension. Each layer contains 20.88 million grid

elements, while the complete release contains 4704 sector and month fields and approximately 98.2 billion numerical values.

Lossless file compression changes storage size but not these counts. Moreover, every 0.10° source grid cell is allocated exactly
among four nested 0.05° elements, so the added spatial detail does not change prescribed mass.

465 Moreover, the evaluation shows strong monthly agreement with Li et al. (2026), with correlations of 0.96 to 0.99 and a

median symmetric mean absolute percentage error of 17.8 % across four major sectors. Furthermore, comparison with CEDS
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also preserves strong country ranking for power, transport, buildings, industry, and fuel production, with correlations of 0.91
to 0.98. By contrast, agriculture and waste show larger differences because their definitions, activity data, and spatial support
vary more strongly among inventories. The regional examples and signed residual maps further show that HBPG-CO»
470 redistributes mass toward supported roads, settlements, agricultural areas, and point sources rather than creating new totals.
Therefore, HBPG-CO; offers a coherent long-term monthly forcing field for atmospheric, carbon cycle, and regional studies.
Nonetheless, early decades, diffuse sectors, and individual fine-scale cells remain more model dependent and should be

interpreted with the supplied metadata and conservative aggregation rules.

Code and data availability

475 The complete HBPG-CO;, data record, including the seven core sector and total rasterstacks in GeoTIFF format, figure

source data, and evaluation summaries, is located here: https://doi.org/10.5281/zenodo.21507026 (Antezana Lopez, 2026).
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