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Human activities such as food production, mining, transportation, and construction have extensively
modified Earth’s land and marine environments, causing biodiversity loss, water pollution, soil erosion,
and climate change. However, studying spatial aspects of the relationships that link the global human
system with non-human parts of the Earth-system is hampered by data fragmentation. Here we present
the Surface Earth System Analysis and Modeling Environment (SESAME) Human-Earth Atlas, which
includes hundreds of variables capturing both human and non-human aspects of the Earth system on
two common spatial grids of 1- and 0.25-degree resolution. The Atlas is structured by common spheres,
and many variables resolve changes over time. Machine learning is used selectively to interpolate data
in undersampled regions. Many of the national-level tabular human system variables are downscaled
to spatial grids using dasymetric mapping, accounting for country boundary changes over time. Raster,
point, line, polygon, and tabular jurisdictional (i.e., country) data were mapped onto a standardized
spatial grid at the desired resolution. The Atlas facilitates data discovery and modeling of human-Earth
system dynamics.

Background & Summary

Earth system science is an emerging interdisciplinary field focused on understanding the structure and func-
tioning of the Earth as a complex adaptive system’, driven by varied interactions among energy, matter, and
living organisms®~>. Human activities have disrupted many aspects of Earth system functioning, elevating the
importance of understanding the processes within the coupled human-Earth system®. Earth system science
provides conceptual and computational tools to investigate planetary level impacts and their far-reaching con-
sequences, including climate change, loss of biodiversity, and excessive nutrient inputs*®. However, studies con-
cerning humans have long been conducted independently from the study of the non-human components of the
Earth system’. This separation has led to divergent perspectives, goals, and approaches, making it challenging to
integrate mechanistic understanding of the global human system within the rest of the Earth system?®.

Because of the persistent divide between studies of human and non-human parts of the Earth system, the
production and collection of data relevant to each has evolved independently. Whereas data on the physical
Earth system are frequently compiled in standardized, gridded formats, data on human system variables are fre-
quently collected by governments at national or regional scales and archived in tabular formats. Human system
data are often collected through surveys, which can lead to limitations on sample sizes and privacy, restricting
their reporting in moderate and high-resolution grids. In contrast, many natural system variables are detectable
by satellite remote sensing, which facilitates gridded data representation, while others are modeled on a grid.
With a few notable exceptions (e.g., night lights®, fishing'®, and crop production''), most human activities are
not directly observable by satellites in a gridded manner. The lack of easily comparable datasets across diverse
human-Earth components hinders the analysis of relationships between anthropogenic processes and Earth’s
physical variables and makes it difficult to integrate human processes into Earth system models'>!*. Data on
the non-human Earth system can also be challenging to work with, as relevant data are spread across websites,
provided in diverse formats, and use different map projections, spatial resolution, and non-standardized units.
Both beginner and experienced researchers struggle to access and use these valuable scientific datasets due to
their heterogeneous data types'*.

An example of the challenge of bringing human data into a spatially resolved Earth system data framework
is illustrated in Fig. 1. While much of the existing human data is only available at the country-level (e.g., build-
ing material masses, as shown in Fig. 1a), Earth system variables—such as wet bulb temperature (Fig. 1b)—are
frequently gridded, revealing much more detailed geospatial trends and variations, with large gradients within
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Fig. 1 Typical human and Earth-system data disparities. Panel (a) shows a map of country-level data, with a
single value per country, in this case the total mass of buildings®. In contrast, panel b shows globally gridded
maximum wet bulb temperature, which exhibits significant spatial variability within countries. The ability to
directly compare between these datasets is very limited.

many individual countries. As a result, we currently face limitations in the ability to conduct insightful local
(grid-level) geospatial analyses that bridge human and Earth-system variables.

The importance of developing integrated, multidimensional data products that follow FAIR (Findable,
Accessible, Interoperable and Reusable) principles has been recognized in recent years'>~'°. For example,
GriddingMachine is a recently developed database and software infrastructure for Earth System Models that
includes a gridding software package to standardize diverse global datasets'*. Another example builds on the
concept of Earth System Data Cubes', intended to collect diverse Earth system data in a network Common Data
Form (netCDF) format that can be accessed through an online interface (https://www.earthsystemdatalab.net).
However, although these datasets have the potential to explicitly support Earth system research, we are not aware
of similar efforts that emphasize the inclusion of human system data alongside the non-human Earth system
data.

The conversion of jurisdictional data to spatially resolved gridded data requires the application of some form
of downscaling, which can be achieved using the dasymetric mapping technique. Dasymetric mapping aims
to improve spatial accuracy by reallocating jurisdictional data under the assumption of covariance with one or
more spatially resolved surrogate variables®*?!. It is a popular technique that was originally developed to distrib-
ute administrative-level population data based on land cover distribution?’. Dasymetric mapping has already
been used in a variety of fields, including sea level rise vulnerability assessment®, examining urban spatial fea-
tures from points-of-interest data using population, land use patterns, and socioeconomic characteristics*,
and understanding crime distribution®. This approach has also gained popularity in epidemiology and health
research, including but not limited to the identification of fine-scale risk patterns for infectious and chronic
diseases®®, and population distribution in health exposure research?’. However, there is a lack of ready-to-use
tools that can be applied at the global scale, and many of the existing dasymetric tools are limited to population
distribution analysis and do not leverage broader applicability to other sectors.

Here, we aim to contribute to improving the accessibility, discoverability, and reusability of global
human-Earth system data, by presenting a Human-Earth Atlas?®. The Atlas is based on the following key objec-
tives: (a) to provide a compact, downloadable, easily navigated data atlas that comprehensively spans data from
many traditional disciplines, fostering holistic understanding of human-Earth interactions, and (b) to enable
users to easily create spatially gridded datasets from diverse human and non-human sources, including dasy-
metric mapping for jurisdictional data. The dataset is constructed using the open-source Surface Earth System
Analysis and Modelling Environment (SESAME) software package. The output is provided in netCDF format,
which allows individual files to store multidimensional time series data. To our knowledge, the Atlas represents
a novel approach to comprehensively integrate diverse human and non-human variables into a spatially resolved
grid for rapid plotting, comparative analysis and re-use. For scientific data management, we follow the FAIR
guiding principles®. Users can use the open-source standardized global data Atlas and run the open-source
SESAME software tools, to generate, convert heterogeneous data types, download, and visualize data with only
a few lines of code in a typical Python environment.

The Human-Earth Atlas®® is intended to help advance interdisciplinary research, particularly to bridge the
gap between human and Earth system sciences. We have placed special emphasis on the functions for gridding
jurisdictional (country-level) tabular data onto global spatial grids, which overcomes a barrier to comparing
human data with other Earth system data. The dataset is designed to bring together diverse data on all aspects of
our planetary surface environment in a common format that can be easily accessed, navigated, and manipulated.
We also hope that the additional tools provided with the dataset will prove useful to many researchers, particu-
larly vector-to-raster grid conversion tools, because there are few tools available that work with vector data.
The package also includes a number of ancillary tools for data conversion, summarization, visualization, and
other operations. We have provided a few examples of variables included in the database here, but this is only a
glimpse - the intention is that users download the database to explore, compare, and discover new relationships.
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In the future, we plan to continue growing and updating the Atlas. The SESAME software package will also
expand to include a foundation of modeling capabilities, with the intent to enable future researchers to con-
veniently explore, manipulate, model, and visualize human-Earth system data in a single platform. The Atlas is
open-source and users are encouraged to contribute both software branches and datasets, as well as suggestions
for improvements and additional functionality to encourage trans-disciplinary collaboration.

Methods

Human-earth atlas overview. The Human-Earth Atlas®® is designed to provide a large number of geo-
graphically gridded human-Earth variables in a single standardized format for easy exploration, analysis, and
discovery. To parsimoniously organize human-Earth data in an easily-navigated structure, we categorize datasets
according to five spheres. While the spheres are all profoundly interconnected, continually exchanging fluxes of
material and energy, such partitioning is largely intuitive and is frequently used*’. The definitions of the spheres
are based on the types of material of which they are composed, following Galbraith et al.>! as given in Table 1.

Variables reflecting the state of an entity or material (e.g., masses, chemical compositions, categorizations,
numerical abundances) are placed within the sphere corresponding to the entity or material, or in the sphere in
which the property would be measured (e.g., albedo is placed in the atmosphere). Version 1 of the Atlas provides
more than 250 human Earth system variables across the five planetary spheres. Most variables are stored as 2D
spatial arrays, and many include a few vertical dimensions (i.e., depth) as well as time dimension. Missing values
are indicated by Not a Number (NaN). Each variable includes additional attributes such as a long name, units,
and sources. We standardized variable units where feasible (e.g., g m~ for mass per grid area, W m~2 for energy
flux per grid area, and fraction of grid cells for categorical data such as land cover, biomes, and rocks) and stored
them by following a standardized naming convention (see Data Records) in the Atlas.

We provide the Atlas at two spatial resolutions, using consistent coordinates of latitude [—90 to 90] and lon-
gitude [—180 to 180]. The first resolution is 1° x 1°; so that each grid cell represents an area of approximately 110
kilometers by 110 kilometers (with the longitudinal dimension decreasing with distance from the equator). This
resolution offers a reasonable level of spatial detail, allowing for the identification of regional and sub-regional
patterns. At the same time, its resolution is sufficiently coarse, such that, when mapped, it does not overwhelm
the viewer with local detail, aiding in the identification of large-scale global patterns. There are approximately
64800 values stored globally per variable. This coarse resolution is more computationally and theoretically man-
ageable, especially for higher order interaction, and enables feasible polynomial time analysis of algorithms such
as pairwise grid cell comparisons. This resolution also allows for the inclusion of hundreds of variables, while
remaining sufficiently compact that it can be downloaded and maintained as a local copy on a personal com-
puter for ready access. We also provide a limited collection of data at 0.25° x 0.25° resolution. High-resolution
variables are only provided if the raw data or surrogate variable is found at a resolution of 0.25° or finer. There
are approximately 1,036,800 values stored per variable at 0.25° spatial resolution, 16 times more than in 1-degree
grids. Furthermore, the SESAME software package is designed to support higher-resolution ancillary datasets,
allowing users to re-grid variables to meet the specific needs of their applications.

To align our research principles with the FAIR, we have systematically structured our data to enhance find-
ability, accessibility, interoperability, and reusability. Each netCDF file is assigned with a unique and persistent
identification (F1) through unique naming convention, storing rich metadata (F2) for each variable (e.g., long
name, units and sources of raw data). Our datasets are easily accessible (A1) through Figshare with supporting
open-source software packages available on GitHub and PyPI, which are free and universally implementable
without authentication for public use (Al.1). The metadata remains accessible indefinitely though Figshare,
even if the datasets are not (A2). Data is provided in netCDF format - a widely accepted standard for scien-
tific data that supports compatibility with a broad range of tools, programming languages, and software (I1),
which incorporates standardized vocabularies for the relevant scientific communities (I12). Furthermore, we
ensured the inclusion of qualified references to other metadata (I3) in each variable and dataset’s documentation
files, enhancing integration and reusability of our data. Our data contains rich descriptions (R1), clear licensing
(R1.1), detailed provenance (R1.2) and maintains domain-relevant community standards to ensure effective
usability and reusability in diverse scientific contexts.

Atlas categories. To aid navigation, the Atlas is organized hierarchically by spheres. Tables 2-6 show a sum-
mary of the datasets available in SESAME Human-Earth Atlas®® v1.0, along with their respective sources.

Atmosphere. We obtained monthly data on precipitation (mm), temperature (°C), surface pressure (Pa),
10-meter U and V wind components (m s™*), relative humidity (%), cloud coverage, and cloud opacity (dimension-
less) from ERA5°>* and MERRA-2% reanalysis models for the period from 2000 to 2022. The ERA5 dataset was
obtained from the Climate Data Store (https://cds.climate.copernicus.eu/datasets), while the MERRA-2 dataset was
retrieved from GES DISC (https://disc.gsfc.nasa.gov/) and My NASA Data (https://mynasadata.larc.nasa.gov/).
The raw data, provided in netCDF format, were re-gridded to a 1-degree resolution by averaging values of
0.25-degree grid cells within each larger cell and integrated into the Atlas using SESAME toolboxes. Precipitation
data (mean total precipitation rate, kg m=2 s7!) were converted to total monthly precipitation (mm). The most
commonly used surface weather variables, e.g., temperature and precipitation, are provided for a longer time
range (1940-2024). We calculated the wet-bulb temperature (Tw), a key metric for assessing human surviva-
bility in climate science, using Stull’s formula mentioned in equation S1°°. Although MERRA-2 provides Tw at
2-meter height, its reliability is currently in question®®. Instead, we calculated the monthly averaged maximum
wet-bulb temperature using ERA5 reanalysis products of air temperature and humidity at 1000 hPa. These were
first re-gridded using the SESAME grid_2_grid tool to 1-degree spatial grids, after the Tw was computed for the
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Sphere Definition Example variables
Lithosphere The non-living mineral Earth, composed of crustal rock and the non- | Surface rock type; ore deposit compositions; volcanic gas efflux; earthquake
P organic component of soil and regolith. frequency; copper ore extraction rates
A The blanket of gas that envelopes the Earth and extends to the edge of | Precipitation rate; 2m air temperature; net radiation at top of atmosphere; surface
tmosphere . . o7 RN . . o
space, including air, precipitation, clouds, and particulate aerosols. wind velocity; surface albedo
Liquid water and ice at the Earth’s surface and in the ground, Sea surface temperature; dissolved nitrate concentration; advection velocity;
Hydrosphere | . . . .
including lakes, rivers, ice sheets, groundwater, and the ocean. streamflow
Bi L . . . Taxonomic biomass density; net primary production; community metabolic rate;
iosphere All living organisms, including humans. TR . . A .
species diversity; sinking organic carbon flux; human activities; education level
Technosphere | All non-living human-creations. Mass of roat'is; mass of steel' in buildings; leng.th .of fibre optic cable; rate of plastic
manufacturing; rate of particulate carbon emission
Table 1. Definition of spheres in Earth system science and some example variables.
NetCDF filename Description References

9 data variables describing climatological averages (i.e., average annual and seasonal cycle over
multiple years) including temperature, precipitation, could coverage, wet bulb temperature,
relative humidity, etc.

A.surface_weather.2000-2022.a.nc

RefS 32,33,38,96,97
A.surface_weather.2000-2022.clim_m.nc .

A.surface_weather.temp_prec.19402024.clim_m.nc

2 additional extensively used data variables in each netCDF file describing climatological
A.surface_weather.temp_prec.1940-2024.a.nc

33
averages for longer time period including precipitation and temperature Ref.

11 data variables in each netCDF file describing climatological averages of atmospheric energy
fluxes, including surface longwave flux down, surface shortwave flux down, incoming solar
flux, top of the atmosphere shortwave flux, etc.

A.energy_balance.2000-2022.clim_m.nc

40,97,98
A.energy_balance.2000-2022.a.nc Refs.

A.aeroso0ls.2000-2022.clim_m.nc

‘A gerosols.2000-2022.a.nc Climatological aerosol averages in annual and seasonal cycle over multiple years Ref. %

Table 2. Atmosphere data available in SESAME Human-Earth Atlas (version 1).
NetCDF filename Description References
Bh.population.2000-2020.a.nc ?rgzia txzrzlg:rseiets;;lill;icr;% population count, density, population weighted population density Ref. 41
Bh.monetary.2000-2020.a.nc GDP (PPP 2005 U.S. dollars) Ref.
B.land.biomes.nc 14 data variables describing fraction of different biomes in grid cells Ref.

39 data variables describing crop production, consumption, livestock, fish catch, vegetables and

47,100-110
B.food.nc other edible foods consumed by human and livestock Refs.
B.ocean.primary_production.1998-2023.clim_m.nc | 3 data variables such as terrestrial, ocean and combined NPP product available on Refs, 1549
B.primary_production.2001-2023.a.nc climatological annual average and seasonal average is only available on ocean NPPs )
Blland.species.2024.nc 10 data variables de;cnbmg percentage of species richness and threats for amphibians, birds, Ref. 111
mammals, and reptiles.
Bh.human_footprint.2000-2022.a.nc 2 indices of human footprints from different sources and time periods Refs. 3112

B.land.forest.nc

6 data variables on forestry e.g., aboveground and belowground biomass, canopy heights, forest

Refs 52,113,114

cover, gain and loss for certain periods

17 data variables of fraction of different land cover classes (e.g., open shrublands, woody

B.land.cover.2001-2023.a.nc savannas, grasslands, permanent wetlands, croplands, urban and built-up lands, and so on)

Ref. 11®

Table 3. Biosphere data available in SESAME Human-Earth Atlas (version 1).

period 2000-2024. We then calculated the monthly climatology and identified the peak Tw by comparing maxi-
mum grid values across the twelve months (Fig. 1b).

In addition to standard meteorological variables, we also collected atmospheric energy-related variables,
including surface longwave (flux up and down), surface shortwave (flux up and down), top of the atmosphere
shortwave (flux and net flux), and top of the atmosphere longwave flux under all sky conditions. We also col-
lected additional energy related data®”3® such as incoming solar flux, total latent energy flux, and sensible
heat flux from turbulence, all in units of W m~2. In addition, we collected data on aerosol optical depth® and
albedo*. We prioritize the MERRA-2 reanalysis data for most of the atmospheric variables to leverage its exten-
sive temporal coverage, recognizing that this choice prioritizes temporal depth over spatial resolution. All data
were collected at a monthly resolution and subsequently provided as climatological averages (i.e., annual and
seasonal cycles) at a 1-degree resolution (Table 2).

Biosphere. This category includes data on living species, including biological and socio-cultural features of
the human population (Table 3). To organize this complex domain, we divide the variables into two broad subcat-
egories: human variables (e.g., demography, gross domestic product (GDP), and labor) and ecological variables
(e.g., net primary production (NPP), biomes, footprint, threatened species, and species richness).
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NetCDF filename Description References
H.ocean.temperature.1870-2023.clim_m.nc climatological sea surface temperature averages in annual and seasonal 55

. Ref.
H.ocean.temperature.1870-2023.a.nc cycle over multiple years

6 data variables describing climatological mean of global ocean
H.ocean.chemistry.1965-2022.clim_m.nc variables, including dissolved oxygen, nitrate, silicate, phosphate, etc. | Refs. ¢-%
at various depths

4 data variables describing mixed layer properties (e.g., absolute
H.ocean.mixed_layer.clim_m.nc salinity, depth, potential density, and conservative temperature) of Ref. &
ocean as climatological means

Climatological aerosol averages in annual and seasonal cycle of
chlorophyll-a concentration and diffuse attenuation coefficient at Refs. 012
490 nm over multiple years

H.ocean.color.2012-2025.clim_m.nc
H.ocean.color.2012-2025.a.nc

8 data variables describing population served by various level

66
Hhydrowaste.nc wastewater treatment plants and water discharges. Ref
H.freshwater.river_lake.nc 5 data varia_bles representing river, lake, reservoir and river discharge Refs, 6364
at standardized spatial grids.
H.freshwater.streamflow.1960-2015.a.nc Mean annual streamflow re-gridded at standardized grids Ref.
Table 4. Hydrosphere data available in SESAME Human-Earth Atlas (version 1).
NetCDF filename Description References
L.rock.surface_lithology.ne 1 §_c1‘ata va_lriablgs describing fracti‘on of different rock types (e.g., basic volcanic rocks, Ref. 116
siliciclastic sedimentary rocks, mixed sedimentary rocks, and so on)
. 11 data variables that store the physical, chemical, and organic properties of soil (e.g., organic 68
L.soil.nc . - . o : - Ref.
carbon density, pH, sand particles, clay particles, etc.) in six depth dimensions
Table 5. Lithosphere data available in SESAME Human-Earth Atlas (version 1).
NetCDF filename Description References
Ttransportation.merchant_fleet.2011-2021.a.nc 12 data variables desc‘nbmg gross and steel mass of different types of ships Refs, 7075117
(e.g., general cargo, oil tankers, etc.)
Ttransportation.air.nc 7 data variables fiescrlb%ng t'he number of airplanes and material masses (e.g., Refs, 7270.118
iron, steel, aluminum, titanium, etc.)
T.transportation.pipelines.nc 3 data variables including oil and gas pipeline length, density and steel mass Refs. 9293119

4 data variables such as railtrack length, density, steel mass and gross mass of Refs, 70:83.120-122

T.transportation.railways.nc . .
spo s railway infrastructure

17 data variables including multiple material masses of wagon, locomotive, Refs, 70:88-90.123

T.transportation.rolling_stocks.nc railcar and coach.

24 data variables describing both residential and non-residential built-up
T.buildings.2000-2020.a.nc volumes, building masses (e.g., aggregates, aluminum, concrete, copper) for Refs. 7079124
both urban and rural areas

T.urban_extent.2000-2020.a.nc 1 data variable describing fraction of urban area in grid cells Ref.”’

12 data variables of road material masses (e.g., aggregates sub-bas, asphalt,

T-transportation.roads.nc concrete, gravel, etc.) with road length and density

RefS 70,83,84

32 data variables describing passenger, commercial and trailer counts and

T.transportation.vehicles_land.2022.a.nc . ; .
masses (e.g., aluminum, copper, glass, iron, plastic, gross mass, etc.)

Refs 70,71,84,85,125,126

T.food_provision.agricultural_machinery.2001-2021.a.nc 1 data variable describing the tractor mass for agricultural uses Refs, 7071127

T.nightlight_time.1992-2022.a.nc 1 data variable showing annual DMSP and VIIRS nighttime light data Ref. 128

T.2021.nc 9 common technosphere variables collected and stored for a single year from | Refs. 7072747581~
o multiple SESAME Atlas netCDF files 84,87,93,120,125

Table 6. Technosphere data available in SESAME Human-Earth Atlas (version 1).

We collected and re-gridded human populations*' from WorldPop (https://www.worldpop.org/) and esti-
mated population densities at a global scale from 2000 to 2020. The population data were available in high reso-
lution (1km) with the units of population per grid-cell. These were gridded into standardized 0.25- and 1-degree
grids by summing all smaller cells within each large cell, thereby obtaining the corresponding population den-
sity (people m-2). However, since the population density of 1-degree spatial grids does not accurately represent
populations in a large area, we estimated the population-weighted population density (PWPD). To achieve this,
we calculated high-resolution density by dividing each pixel’s population by its area using the high-resolution
(1km) gridded population data, then re-gridded the results to a 1-degree spatial grids. Additionally, we pro-
cessed GDP data (in PPP 2005 U.S. dollars) from 2000 to 2020, which were also re-gridded to 0.25- and 1-degree
grids*2. These demographic and economic indicators provide essential context for analyzing socioeconomical
dynamics.
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The atlas also stores a re-gridded human footprint index to assess the impact of human activities on the envi-
ronment, biodiversity, and ecological conservation. We downloaded human footprint'? raster TIFF files from
2000 to 2022 and the global human modification®® index (CSP gHM) for 2016 and re-gridded to 1-degree spatial
grids. Human-related activity also includes food production and consumption. We used estimates of demersal
and pelagic fish catches from the BOATSv2 model*. Ref. ** provides production data for crops, fruits, and veg-
etables such as banana, barley, cassava, groundnut, maize, millet, rice, soybean, sugarcane, wheat, tobacco, and
so on. The number of livestock® is also recorded in gridded format. We calculated the energy production and
consumption of humans and livestock in W m-2 for 2015%.

We collected the global MODIS land cover type data, which includes 17 classes such as croplands, vari-
ous categories of forests (e.g., evergreen, deciduous needleleaf forests), closed and open shrublands, savannas,
permanent snow & ice, barren, and water bodies on an annual basis from 2001 to 2023. The data were down-
loaded from Google Earth Engine in MODIS Sinusoidal projection system as raster TIFFs. We reprojected to
WGS 1984, converted into polygon shapefiles, and then used to compute land cover fractions with SESAME’s
poly_2_grid function.

NPP, for both ocean and terrestrial environments, is crucial for understanding Earth’s systems48'49. We col-
lected estimates of ocean NPP from five different models at eight-day intervals. These were then converted to
monthly values, averaged among the five models, and re-gridded. We calculated climatological averages for
annual (g C m—2y~') and seasonal monthly cycles (g C m~> m™') for ocean NPP. Terrestrial NPP were collected
annually from MODIS Terra products*, re-gridded to the same spatial resolution, and the units were converted
to g C m~2y~!. We combined both terrestrial and ocean NPP by adjusting the land fractions to achieve global
coverage of NPP. This provided a comprehensive view of NPP worldwide on an annual scale from 2001 to 2023.

Ecological context is further enriched by biome classifications. Ecological biomes™ (e.g., boreal forests/taiga,
deserts & xeric shrublands, flooded grasslands & savannas, mangroves, mediterranean forests, woodlands &
scrub, etc.) were obtained from (https://ecoregions.appspot.com/), and using the poly_2_grid tool, we estimated
the fraction of each biome in each grid cell. Biodiversity indicators such as species richness and the number of
threatened species®! for organisms including amphibians, birds, mammals, and reptiles were collected from
IUCN (https://www.iucnredlist.org/resources/other-spatial-downloads). This information was initially collected
at 900 km? raster tiff files®!, then re-gridded into 0.25- and 1-degree grids. Lastly, we gathered some key veg-
etation structure variables from Google Earth Engine (https://developers.google.com/earth-engine/datasets),
including forest gain, loss, tree cover®?, canopy heights®, aboveground biomass and belowground biomass®.
These datasets were processed and re-gridded to provide insight into terrestrial ecosystem health and carbon
storage potential.

Hydrosphere. The atlas includes a wide range of marine and freshwater hydrosphere variables. We included
various ocean variables (e.g., including sea surface temperature, dissolved oxygen, salinity, and chlorophyll
concentration) from World Ocean Atlas (https://www.ncei.noaa.gov/access/world-ocean-atlas-2023/), and
freshwater variables (e.g., river, lake properties, discharge, streamflow, and hydrowaste) from HydroSHEDS
(https://www.hydrosheds.org/products). Climatological averages (e.g., annual and monthly) of global sea surface
temperatures® from 1870 to 2023, as well as monthly climatological averages of ocean chemistry variables such as
dissolved oxygen, nitrate, phosphate, silicate, and oxygen saturation fraction, are also stored at various depths®-.
In addition, we have added ocean mixed layer properties® (e.g., absolute salinity, conservative temperature, depth
and potential density), ocean color properties®"*? such as chlorophyll-a concentration, and diffuse attenuation
coeflicient, as well as river variables including river discharge®, river length, fraction of reservoir, lake®*, mean
annual streamflow®®, and hydowaste® data (Table 4).

Lithosphere. We collected lithology polygons from Ref. ¢ and created fractional coverage of 15 rock types
(e.g., unconsolidated sediments, basic volcanic rocks, metamorphic rocks, acid plutonic rocks, etc.), which we then
stored in the Atlas using the poly_2_grid tool. Various soil properties®®®, such as organic carbon density, stocks,
carbon content, total nitrogen, bulk density of the fine earth fraction, cation exchange capacity, volumetric frac-
tion of coarse fragments, proportion of clay particles, and pH are collected from SoilGrids (https://soilgrids.org/),
re-gridded, and stored in the atlas at various depth intervals (Table 5).

Technosphere. The technosphere refers as all non-food matter extracted from other spheres of the Earth sys-
tem and transformed to novel states that can provide end-uses to humans®!. We collected agricultural machinery,
commercial aircraft, merchant ships, rolling stocks, pipelines, roads, railways, and commercial and residential
building stocks at the national level® and distributed them proportionally to local surrogate variables via dasym-
etric mapping for each grid cell (Table 6).

Agricultural machinery data were obtained from the Food and Agriculture Organization Statistics
(FAOSTAT) (https://www.fao.org/statistics/en), including four-wheel (4 W), two-wheel (2 W) tractors, and com-
bine tractors from 1963 to 2009 for 134 countries. For combined category tractors, a 50% steel mass assumption
was made and the methodology is detailed in Ref. 7°. A random forest machine learning model was developed to
predict tractor mass using variables like GDP, total population, urban population percentage, food production,
harvested area, yield, income class, and year of production (Fig. S1). The model performed well, with R* values
0f 0.995 (train) and 0.977 (test), and showed consistent accuracy through residual and validation plots. The most
influential predictors were GDP, total population, and harvested area (Fig. S1d). Finally, the agricultural machin-
ery mass data from 2001 to 2023 was distributed proportionally to each country’s cropland area’ into 0.25- and
1 degree spatial grids using SESAME'’s table_2_grid tool.
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National level commercial aircraft material compositions”, including iron, steel, aluminum, plastic, and
titanium, were distributed based on the number and types of airports’ in grid cells. Estimating the ratio of plane
capacities at different airports is difficult, but a rough estimate is—seaplane base: small Airport: medium airport:
large airport =1:5:30:100. SESAME’s point_2_grid tool was used to convert airport location data into spatial
grids. The mean of material intensity” for five types of commercial aircraft was used to calculate the average
material composition of an aircraft using the CIA World Factbook (https://www.cia.gov/the-world-factbook/)
data. Merchant fleet data was sourced from the United Nations Conference on Trade and Development
(UNCTAD) (https://unctadstat.unctad.org/datacentre/) at country-level from 2011 to 2020. Ref. 7° compiled
gross tonnage for five ship categories, focusing on vessels over 11,000 tons. Steel mass per gross tonnage sourced
from Ref. 7* was used to compute the steel mass of the fleets. The global fleet mass data was later distributed pro-
portionally to the global shipping traffic density” at 0.25- and 1 degree global spatial grids.

We gridded the national-level residential and non-residential material masses based on global built-up vol-
ume’® in rural and urban regions’” from 2000 to 2020 for multiple materials. Ref. 7 compiled country-level
building material stock data for multiple materials such as concrete, aggregate, aluminum, copper, steel, and
wood from Ref. 7 and Ref. 7. GHSL built-up volume’® for total and residential were downloaded, pre-processed,
and separated into urban and rural areas based on urban extent dataset®. The built-up volume data was only
found at 5-year intervals from 2000 to 2020, and the missing years volume data were interpolated linearly
(Fig. S2). These preprocessed gridded volumes were used as surrogate variables to distribute the country-level
material stock data. We also gridded and stored an additional gross building mass data obtained from Ref. 3! and
dasymetrically distributed using the gridded Ref. % data.

Road materials, motor vehicles, railways, rolling stocks, and oil and gas pipelines data were similarly distrib-
uted through a combination of dasymetric mapping, vector-to-grid conversion, and other re-gridding methods.
We used two sources of road infrastructure mass to include in the atlas. First, gross road materials including
tunnels and bridges, were collected as gridded format from Ref. #3. We re-gridded the gridded road masses to our
standardized format using the grid_2_grid tool. The global sum of road materials is estimated at approximately
294.5 billion tonnes. Second, a detailed material specific road mass data were collected at country-level from Ref. 7
by compiling the Global Roads Inventory Project (GRIP) and CIA World Factbook data. Aggregates, asphalts,
concerts, gravels, and gross mass were estimated and gridded based on GRIP® road density data (https://www.
globio.info/download-grip-dataset). This approach yielded a slightly higher global estimate of approximately
349.2 billion tonnes. To distribute the country-level road mass data, we collected the GRIP Road polyline shape-
file and using SESAME’s line_2_grid tool, we created and stored gridded road length and density data at 0.25 and
1-degree spatial grids. The gridded road density data was used to distribute country-level material masses on
roads onto spatial grids. The International Organization of Motor Vehicle Manufacturers (OICA) (https://www.
oica.net/category/vehicles-in-use/) provided country-level data on the number of passenger and commercial
vehicles from 2005 to 2015. Three distinct vehicle categories (e.g., passenger, commercial, and trailers) and their
respective material compositions were estimated’’. We use three random forest machine learning algorithms to
estimate worldwide vehicle counts in three categories based on GDP per capita, total road length, urban pop-
ulation percentage, and year predictors. The models demonstrated high accuracy, with R? values greater than
0.94. The material composition of vehicles was approximated using total curb weight, with steel, cast iron, plastic
composites, aluminum, rubber, glass, and copper accounting for 80% of the curb weight. Country-level vehicle
mass for 2022 was distributed into spatial grids by assuming® that 5% of vehicles remained on the road®, with
the remaining 95% dispersed based on population density®.

For railways and rolling stocks (locomotives, railcars, wagons, and coaches), we used vector railway line data
sourced from Ref. ¥, which were converted to density grids at 0.25 and 1 degree resolutions using the SESAME’s
line_2_grid tool. This gridded data was used to distribute the national-level material masses’® for rail track
steel mass, and rolling stocks. Like road infrastructure, we sourced railway mass from two sources. First, the
country-level railway lengths data were collected from the United Nations Economic Commission for Europe
(UNECE), the CIA World Factbook, and the World BanK’s data from the International Union of Railways (UIC).
Ref. 7 compiled the data and estimated country-level steel mass for rail track but did not consider materials like
wood, steel, or concrete used as railway sleepers, or gravel used as ballast. Later, we distributed the country-level
steel mass onto railway®” densities using the table_2_grid tool. Second, gross mass of railway infrastructure,
including railways, underground, elevated and ground level subways, trams, and others like monorails or moun-
tains is sourced from Ref. * as raster format and re-gridded into standardized grids. Ref. 7 compiled mass and
material compositions of the rolling stocks by reviewing three peer-reviewed studies®®-*° using the number of
registered locomotives, railcars, wagons, and coaches were collected from a Union International des Chemins de
Fer (UIC) report and their data portal. We proportionally distributed the country-level material compositions
(e.g., steel, aluminum, plastic, glass and gross mass) onto railway densities.

Finally, the pipeline for gas and oil lengths was collected from Global Energy Monitor (GEM) and the CIA
World Factbook, and final pipeline lengths were estimated using the arithmetic mean between the geometric and
arithmetic means”. Standard pipeline specifications (e.g., X70/X80 pipelines with an outer diameter of 89 cm and
thickness of 1.9 cm; steel density: 7,900 kg/m?) were used to estimate steel mass per kilometer®'. The country-level
pipeline steel mass was then distributed proportionally to the Global Gas Infrastructure Tracker and Global
Oil Infrastructure Tracker pipeline densities, sourced from the GEM (https://globalenergymonitor.org/)®>%*.
The line_2_grid tool from SESAME was used to convert the line shapefile to spatial global grids.

Data processing pipeline. We converted and harmonized 5 major types of spatial data: grid/raster, point,
line, polygon and tabular. Four of these involved geospatial-to-geospatial transformations, while the fifth (table
to grid) required a downscaling approach. A visual overview of the methods is shown in Fig. 2. The key features
of the data processing include:
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Fig. 2 The overall SESAME data processing flow. An initial variable, which can be one of various data types, is
converted to a globally gridded variable, using dasymetric mapping if necessary. Four types of data conversions
(grid, point, line, and polygon to grid) involve geospatial to geospatial conversion (light red dotted area),
whereas the dasymetric table to grid involves a downscaling approach that requires a country fraction netCDF
file and a surrogate variable.

o Data input: we used a wide range of data inputs, including spatial (e.g., temperature, land use, precipitation)
and tabular human data (e.g., demographic, economic, social) in various structures and resolution.

» Spatial gridding: we converted the data automatically into a standardized spatial grid of arbitrary resolution.
Jurisdictional (e.g., country-level) tabular human data were allocated to appropriate grid cells based on sur-
rogate variables.

« Data scrutiny: we applied subroutines to calculate global statistics (i.e., global sum) to check for conversion
errors that might have been caused by inconsistencies in the input data.

« netCDF standardization: final output was stored in netCDF format, which is a widely accepted standard
for multidimensional time-series data. While preserving the multidimensional nature, this file format allows
users to access, analyze, and manipulate large gridded datasets.

Geospatial-to-geospatial gridding.  Spatially explicit data can be found in multiple formats, including
multidimensional netCDF format (e.g., ERAS5 reanalysis products, MERRA-2 climate dataset, and various cli-
mate models), raster TIFF format (e.g., WorldPop population data, WorldClim climate data, and global human
settlement built-up layers), point format (e.g., mine locations, power plant locations, and various industrial loca-
tions), polyline format (e.g., road network, railway tracks, and oil-gas network data), and polygon format (e.g.,
ecoregions and mining areas). Raster data were converted to the new grid resolution by checking the input’s pro-
jections, extending the coverage globally, and filling extra/missing grids with NaNs. Grid values were aggregated
in each output cell by methods such as sum, mean, max, min, or standard deviation. If the input latitude and lon-
gitude resolutions differed (e.g. MERRA-2 is 0.5 by 0.625 degrees), or did not evenly divide the target resolution,
the area-weighted fraction was distributed to each grid cell at the specified resolution (see SI). Point values were
gridded by counting the number of points in each desired grid cell, summing or averaging their associated values,
or grouping them by class to create multi-variable datasets. If a point lay exactly on a grid boundary (which occurs
due to round-off), it was shifted by 0.0001 degree in the positive latitude and positive longitude directions to avoid
double counting. For lines, the portion of each line that falls within a grid cell was calculated by intersecting the
line shapefile with the desired grids. Similarly, for polygons we calculated the area each covers in individual grid
cells through intersection, either as a fraction or total area.
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Fig. 3 The country fractions change over time as administrative boundaries change. Crimea was part

of Ukraine (UKR) until 2013, as shown in (a), but Russia occupied it in 2014 (b). South Sudan gained
independence in 2011, splitting Sudan (SDN) into two countries. Until 2010, there was only one country SDN
(c), which became Sudan and South Sudan in 2011 (d). Maps in panels (a,b) have a resolution of 0.25 degrees,
while panels (c,d) have a resolution of 1 degree. The country fraction dataset tracks administrative boundary
changes over time.

Downscaling tabular jurisdictional data to spatial grids. One of the difficulties of dealing with
jurisdictional data is that the jurisdiction names and boundaries change over time. Although these are infre-
quent occurrences for individual countries, changes in names and/or boundaries of one or more countries have
occurred somewhere in the world during most years of the past century. This presents a major hurdle to the
construction of long-term gridded time series from tabular country-level data. The SESAME software provides a
flexible solution to the problem of boundary changes at the country-level by converting time series of boundary
polygons into a netCDF dataset as fractions of historical or extant country names.

The current version makes use of the Schvitz et al.”* administrative boundary shapefile from 1886 to 2019.
By applying the poly_2_grid function to this shapefile, we created a netCDF dataset corresponding to the areas
associated with each of 246 countries, annually resolved from 2000 to 2023 (not including any administra-
tive boundary changes since 2019). Some country boundaries, such as Sudan, South Sudan, Kosovo, Serbia,
Montenegro, Crimea, and others, underwent changes during 2000 to 2023 time period. The country locations
are stored as 246 variables, where each variable is named by its ISO3 code. To increase ease of use, an additional
function, provided with the software package, called “add_iso3_column” can be used to convert country names
to the corresponding ISO3 code. This function recognizes multiple spellings or names for many countries (for
example, United States of America, USA, United States, or US) and converts them to the unique ISO3 code (e.g.
“USA”). Each variable of the country fraction dataset represents the fraction of the land area within the grid cell
that belongs to the country, ignoring non-land area. Thus, where a single country occupies half a grid cell and
the other half is ocean, the corresponding country fraction would be 1 and the land-sea fraction 0.5 (Fig. 3).
The country fraction netCDF file is supplied with the SESAME package, together with a land-sea mask, which
records the fraction of each grid cell that is occupied by land, based on the Copernicus Digital Elevation Model
(DEM)®.

To achieve the downscaling required to produce spatially gridded raster datasets from jurisdiction-level
data, we employ the dasymetric mapping method. The dasymetric equation allocates data from jurisdictions to
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Fig. 4 Standardized terrestrial and ocean net primary productivity (NPP) re-gridded using SESAME’s grid_2_
grid tool. Terrestrial NPP data was collected from MODIS*, while ocean NPP was averaged over five model
outputs®. Panel (a) presents both NPPs standardized to the same spatial resolution grid, averaged for the year
2023. Panel (b) illustrates the distribution of NPP across 10-degree latitude bins, along with standard deviation,
averaged over 2001 to 2023.

grid-cells based on reference variables (referred to as surrogate variables) that are selected to predict the spatial
distribution of the quantity at hand. A surrogate variable is a mandatory input variable during the conversion
of tabular data to gridded format using SESAME software packages. Based on the surrogate variable, the juris-
dictional data is distributed proportionally over the jurisdictional area. If there are no surrogate variable values
found for a particular country, the country-level jurisdictional data will be distributed evenly across the grid
cells within the jurisdictional border, which is often an acceptable solution for small countries.

The generic dasymetric equation was formulated following Eq. 1. Let X, be the tabular data associated with
jurisdiction C, which we refer to as the target variable. LetC; ; € [0, 1]be the fraction of area of grid-cell i, j (i.e.
at longitude i and latitude j) under jurisdiction C. Let x; . be the spatially distributed gridded values of target
variable X, over the spatial coordinates i, j, which are the des1red results of the dasymetric mapping. Let s; ; be the
gridded surrogate data variable. The original global surrogate variable iss; ; . If tabular data for )urlsdlctlon C
(X () is available, but no surrogate variable is available within that partlcular country domain (i.e. s;; ,; does not
exist where C, ; > 0), we set the surrogate variable for that jurisdiction everywhere to 1, evenly distributing the
tabular value across the jurisdiction to prevent data loss.

We assume that the target jurisdictional variable is proportionally correlated with a specific surrogate varia-
ble. Therefore, under the assumption that x;; is spatially distributed proportionally to s;;, we have x;; ocs; ;. To
estimate grid level jurisdictional data x;, we perform generalized dasymetric mapping to approximate the spatial
distribution of X according to the dasymetric equation (1).

fori,je C:

Sij

2ijecCifsij 1)

where

1 if s; s does not exit and X does exit

“ $i j,obs otherwise

As an example, we distributed country-level tabular building mass data using gridded built-up volumes as
the surrogate variable. The table_2_grid is a feature of the SESAME toolbox, which utilizes the dasymetric map-
ping technique. The function requires the use of a country fraction netCDF file that matches with the desired
resolution. The SESAME contains a country fraction dataset, representing as C, ;, (available for 1, 0.5-, and
0.25-degree resolution) that represents the country’s boundary changes over time, Using a surrogate variable
from a netCDF or xarrayDataset, the function proportionally distributes tabular country-level data into spatial
grids (see SI).

Example datasets. Here, we look at a few examples of Human-Earth Atlas variables, how they are gridded
from diverse raw data types, and an example of how the Altas dataset can help us understand the human-Earth
system. The code example is available on both SI and Figshare.

An example of Human-Earth Atlas is the data on NPP for both the land and ocean. We collected annual
terrestrial NPP data from Running and Zhao (2021)* as raster TIFF files, which needed to be re-gridded to the
standard 1-degree grid cells of the Atlas. The raw raster metadata contained information about NoData values
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Fig. 5 Examples of various types of vector data stored in the Atlas. Using SESAME’s point_2_grid function,
point data on (a) global power plant locations and capacity'® is converted to (b) standardized gridded power
plant capacities in W m-2. Global railways are found in (c) polylines format®’, which is then converted to
gridded railway track densities in m km-2 using the line_2_grid tool. Different types of rocks (for example,
metamorphic rock) are found in (e) polygon format®, which is then converted to the same standardized grids
in fractions of rock cover per grid cell (f) using the poly_2_grid tool of SESAME. All of the gridded datasets
have the same standardized grids, spatial resolution, and projection system, making it simple to perform multi
domain research with different data types.

and scale factors, which were checked and converted during the raster data pre-processing step. The raw raster
values were checked whether all raster values fall within the valid —30000 to 32700 range. When this function
is run after defining additional attribute information such as variable name, long name, units and sources of the
data, the grid_2_grid function calculates the mean terrestrial NPP of all high-resolution grid cells within each
target grid cell, resulting in the desired 1-degree grid cell resolution dataset (see SI).

The terrestrial NPP data were then combined with annual ocean NPP data, which were collected, re-gridded,
and unit-standardized using five different models (as described in Ref. *°). Before storing the re-gridded raster
as a netCDF file, we changed the unit from the original kgC m™2 y~! to gC m~2 y~! and the grid values were
multiplied by the scale factor of 0.0001 to align the storage format of the raw data. Because we have the same
spatial grids and units, we combined terrestrial and ocean NPP by multiplying by the land sea fractions to avoid
over-estimates in coastal grid cells, as shown in Fig. 4a. The combined data also helps us to quantify the mag-
nitude of NPP contribution in different latitude bins (e.g., a large portion of NPP in +10 to —10), as shown in
Fig. 4b.
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Fig. 6 Schematic diagram of dasymetric mapping using the table_2_grid function of SESAME. The table_2_
grid function requires two mandatory files: (a) jurisdictional-level tabular data in CSV or pandas DataFrame
format, with each country documented as its ISO3 code and associated column values (in this case asphalt),
and (b) road density dataset as a surrogate variable. The tool uses already generated (c) country fraction data
stored in SESAME to distribute tabular jurisdictional level asphalt data onto spatial grids proportional to road
densities, resulting in (d) standardized gridded asphalt data.

We also show example conversion of vector geospatial data to spatial grids, including gridded global power
plant capacity, railway density, and fraction of rocks, which were created from point, polyline and polygon data-
set, respectively (Fig. 5).

We used country-level road materials data as an example of storing tabular data in spatial grids”® by utilizing
the dasymetric operation. SESAME’s table_2_grid function automatically performs this task and requires two
mandatory inputs: tabular data and a surrogate variable. We distributed country-level road materials, specifi-
cally the mass of asphalt. Since the country fraction data is only stored under ISO3 codes for each country, we
converted the country names to their respective ISO3 codes. Then the pre-processed tabular data was provided
to the function as pandas DataFrame (Fig. 6a); alternatively, a CSV file can also be used as tabular data. The road
density data was used as a surrogate variable (Fig. 6b), which can either be loaded as a netCDF file or as an xar-
ray dataset for this operation. The “tabular_column” argument specified that the DataFrame contains a column
named “asphalt” to create gridded asphalt and the units were later converted from gigatons to grams per square
meter (Fig. 6¢).

Finally, to illustrate the types of relationships that could help our current and future models, we return to
the example introduced in Fig. 1. We used the SESAME table_2_grid function to convert the tabular building
mass data into standardized grids, using the global human settlement built-up volume as the surrogate variable’®
(Fig. 7a, compare with Fig. 1a). Figure 7b depicts the percentage of building mass that has changed over the last
20 years, revealing how, where, and to what extent urbanization was expanding. Given human (gross building
mass) and geophysical data (average maximum wet bulb temperature from Fig. 1b) in the same spatial grid,
we can easily compare between the data variables and reveal patterns. The highest wet bulb temperature was
determined by first calculating the average monthly climatology of the wet bulb temperature over the period
from 2000 to 2024. After obtaining the monthly averages, the peak value was identified by comparing the max-
imum grid values across all twelve months (see SI). The 3D plot (Fig. 7c) suggests that a considerable number
of buildings are being constructed in areas where wet bulb temperature is approaching the threshold of human
habitability (~32-35 °C wet bulb temperature), regions that are at risk of extreme heat waves as global temper-
ature rises.

Data Records

The Human-Earth Atlas is publicly available at Figshare?® (https://doi.org/10.6084/m9.figshare.28432499). It is
provided as a series of netCDF files with standardized filenames and follows a hierarchical structure in order to
help navigate the database. The first element of each filename is the first letter of the corresponding sphere, e.g.,
L for lithosphere. We aim to avoid duplicating the same variable in multiple spheres, though at times this may
be unavoidable, e.g., moisture content is an important feature of soils, but could also contribute to groundwater,
part of the hydrosphere. The subsequent elements indicate the group and sub-group(s) of variables. We also
have separate letters for human (Bh) and non-human (B) variables in the Biosphere. A uniform temporal dis-
cretization is used for the variables in each file, which is indicated by the last one to two elements of the filename
prior to the extension (.nc). For variables that do not change significantly over centennial timescales and are not
representative of a particular timeframe, such as lithology, no time is indicated, e.g., L.rock.surface_lithology.nc.
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Fig. 7 Unlocking the potential of gridded data. The spatially resolved gridded building mass data (a) is derived
from dasymetric mapping of GHSL built-up volume, while panel (b) shows the change of gridded building mass
from 2000 to 2020. The relationship between a human data variable (gross building mass in log10 gm~2) and an
Earth system variable (maximum wet bulb temperature, Fig. 1b) is presented in panel c.

For variables that are indicative of a single year, that year is listed, and if more than one value is available for that
year it is indicated as daily (d), weekly (w) or monthly (m), e.g., T.technosphere.2021.nc, B.primary_produc-
tion.2015.w.nc. For files that include values spanning multiple years, the range of years is listed, and it is specified
whether they are annual (a), weekly (w) or monthly (m), e.g., T.transportation.merchant_fleet.2011-2021.a.nc.
For climatological averages (i.e., average seasonal cycle over multiple years) this is indicated by “clim” followed
by the specification of daily (d) weekly (w) or monthly (m), e.g. A.surface_weather.2000-2020.clim_m.nc. A
short summary of available files included at the time of writing are listed in Tables 2-6, and detailed description
of variable sources, preprocessing, operations are found in SI.

Technical Validation

After downloading the data, we conducted an initial quality check by visually inspecting the mapped raw data.
Heterogeneous representations for missing values (e.g., —9999, or any “FillValue” mentioned in the raw data)
were assessed and the missing values were converted to NaN. After re-gridding, we calculated and compared
global summary statistics for all grid cells between the original data sources and the re-gridded output to check
for unintended data loss or processing errors. We required that the global sum be exactly reproduced after
re-gridding within floating-point precision. Subsequently, we visually inspected gridded products, and in
rare cases where unrealistic extreme values were present (e.g., very high NPP in two grid-cells in Sub-Sharan
Africa, very high nighttime light values in very high latitude and random ocean areas), the extreme values
were excluded. While dasymetric mapping is a well-established concept, the assessment of uncertainty remains
challenging, and there do not yet exist standardized methods. The gridding process cannot easily integrate the
uncertainties inherent in each dataset.

Usage Notes
We provide the Human-Earth Atlas data in netCDF format along with the scripts used to generate the dataset.

The detailed documentation files describing the current version of the Atlas are available on Figshare®.
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Code availability

The open-source SESAME Python software, which was used to generate the Human-Earth Atlas®, is available
on GitHub (https://github.com/A2Faisal/SESAME) and PyPI. The SESAME toolkit offers five major functions—
grid_2_grid, point_2_grid, line_2_grid, poly_2_grid, and table_2_grid—which can conveniently be used to grid
a wide range of input data formats. In addition to the core functions, SESAME provides an extensive sets of
utility tools to support data processing workflows. These include the add_iso3_column function to interpret
diverse country names as standard ISO3 codes, and the grid_2_table function which reverses the gridding process
by aggregating gridded data back into summary tables by regions or countries. SESAME also includes quick
visualization tools (e.g., plot_histogram, plot_scatter, plot_time_series, plot_hexbin), and mapping functions
(plot_map, plot_country), enabling users to generate exploratory charts and publication-ready gridded or
choropleth maps with minimal effort. Furthermore, SESAME provides several simple operations, such as
summation, subtraction, and averaging, which can be applied to grid variables. The SESAME GitHub repository
provides full documentation, installation steps, and worked examples, making it a comprehensive and user-
friendly solution for transforming and visualizing global datasets in a unified geographic format.
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