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Abstract

The Global Human Modification of Terrestrial Systems data set provides a cumulative
measure of the human modification of terrestrial lands across the globe at a 1-km
resolution. It is a continuous 0-1 metric that reflects the proportion of a landscape
modified, based on modeling the physical extents of 13 anthropogenic stressors and their
estimated impacts using spatially-explicit global data sets with a median year of 2016.
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1. Introduction

The Global Human Modification (gHM) data set maps the degree of human modification
on all terrestrial lands, excluding Antarctica, across the globe. gHM was derived from
five major categories of stressors for which non-proprietary, spatial data existed globally
on indicators (or proxies) at 1-km resolution: 1) human settlement (population density,
built-up areas), 2) agriculture (cropland, livestock), 3) transportation (major roads, minor
roads, two-tracks, and railroads), 4) mining and energy production (mining/industrial
areas, oil wells and wind turbines), and 5) electrical infrastructure (powerlines and night-
time lights). For each indicator, the most recent data was relied upon to capture
contemporary land status with source years ranging from 2000-2016 and median and
mean dates of 2016 and 2014, respectively.

II. Data and Methodology

In addition to this document, a detailed description of the methodology is available from:
e Kennedy, C. M., J. R. Oakleaf, D. M. Theobald, S. Baruch-Mordo, and J.
Kiesecker. 2019. Managing the middle: A shift in conservation priorities based on
the global human modification gradient. Global Change Biology. 25:811-826.
https://doi.org/10.1111/gcb.14549.

Documentation last revised April 29, 2020.


https://doi.org/10.1111/gcb.14549

NASA Socioeconomic Data and Applications Center (SEDAC)
Documentation for the Global Human Modification of Terrestrial Systems, vi (2016)

Input data

Terrestrial lands were identified using the European Space Agency Climate Change
Initiative (ESA CCI) land cover data set (European Space Agency, 2014), in which any 1

square kilometer (km?) cell with at least one 300m cell was labeled as terrestrial.

Table 1. Data input for gHM indicators of human modification

Resolution

Stressor Indicator Name of Dataset Data (Positional Source Source Citation
Feature Date
Accuracy)
Gridded Population of
Human 1 \World (GPW vd) — (Doxsey-Whitfield et
p‘g;‘r‘};ttlon Pop Density Adjusted | 25T I-km 2015 al., 2015)
Y t0 2015 UN
Human
settlement
Built-u Global Human
areasp Settlement Layer raster 300m 2014 (Pesaresi et al., 2013)
(GHSL)
Cropland Unified Cropland raster 250m 2014 (Waldner et al., 2016)
Layer
Agriculture
Gridded Livestock of (Robinson ef al
Livestock | the World (GLWv2) — raster 1-km 2005 2014) "
Cattle, Goats, Sheep
OpenStreetMap
(OSM) — highway
. features (values: . (OpenStreetMap
Major roads motorway, trunk, fines (& 20m) 2016 Contributors, 2016)
primary, and
secondary)
Transportation
OSM - highway
features (values: (OpenStreetMap
) tertiary, unclassified, ) (& 20m) 2016 Contributors, 2016)
Minor roads residential) lines
gROADSVI (+500m) | 1980-2010 (Center for

International Earth
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Science Information
Network [CIESIN],
Columbia University,
and Information
Technology Outreach
Services [ITOS],
University of Georgia,

2013)
OSM - highway
Transportation Two-tracks features (values: lines (£ 20m) 2016 C(o(r)lg eigsgfg%af 6)
tracks) ’
OSM - railway (OpenStreetMap
features (value: rail) (& 20m) 2016 Contributors, 2016)
Railroads | 1,001 Chart of the lines .
World (DCW) — (National Imagery and
. (£ 500m) 2000 Mapping Agency,
railroad features 1992)
(value: operational)
Minin foeztll\l/lre_s I(a\?aglfesse' olygons 100m 2016 (OpenStreetMap
& . ; : polye (+ 20m) Contributors, 2016)
industrial, quarry)
Mining and OSM — man-made
energy Oil wells features (value: points (£20m) 2016 Ci)?é)r ?Esgistg/[oaf 6)
production petroleum_well) ’
Wind OSM —p f)wer features . (OpenStreetMap
turbines (values: generator, points (= 20m) 2016 Contributors, 2016)
type: wind) ’
OSM - power features (OpenStreetMap
Electrical . (value: lines) . (& 20m) 2016 Contributors, 2016)
. Powerlines lines
infrastructure
DCW — utility features (£ 500m) 2000 (National Imagery and
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Electrical
infrastructure

(value: power
transmission line)

Mapping Agency,
1992)

Night-time

Defense
Meteorological
Satellite Program
(DMSP) — Operational

raster

1-km

2013

(Elvidge et al., 2001)

lights Linescan System

(OLS v4) - Stable
Lights

Methods

The degree of HM was mapped based on three main steps. First, the spatial extent (H.)
for each indicator within a 1-km? pixel was estimated. To allow for cross comparison, all
indicator values were rescaled between 0.00 (no modification) to 1.00 (high
modification) based on the proportion of converted land for built-up areas, cropland,
roads, powerlines, oil wells, wind turbines, mines or the log[X+1] transformed values for
human population, livestock numbers, night-time lights (Table 2 and Table 3). H,. values
were determined from empirical data (see Indicator Method Descriptions by Stressor
below). Second, the degree of HM for each stressor indicator (HM;) was calculated by
multiplying its H. by its potential magnitude of impact on natural terrestrial systems,
referred to as intensity (H;). Estimates of H; were also scaled from 0.00 to 1.00 (see Table
3), and where possible, were based on a generalized land use coefficient that captured the
per-unit amount of non-renewable energy required to maintain the human activity, termed
Landscape Development Intensity (LDI) (Brown & Vivas, 2005). The uncertainty in H;
was accounted for by randomly selecting values from a uniform distribution (100
iterations) between a reported MIN and MAX range. Third, HM; across stressor
indicators were combined to derive a cumulative HM (HM,) score using a fuzzy algebraic
sum.

Accuracy Assessment

To assess the accuracy of mapped HMc values, an independent validation data set on the
degree of human modification based on visual interpretation of high-resolution aerial or
satellite imagery for 1,000 plots (~1-km? “chips”) across the world was used. Plots were
selected using the Global Grid sampling design (Theobald, 2016), which provided a
spatially-balanced and probability-based random sampling across the global land extent
(excluding Antarctica) that was stratified on a rural to urban gradient using “stable night-
lights” 2013 imagery. Within each plot, 10 simple-random locations (for a total of 10,000
sub-plots) were selected, which were separated by a minimum distance of 100m and used
to capture attributes for land cover class, land use class, dominant and secondary human
stressor, and percent human modified following the Global Land Use Emergent Database
(GLUED) protocol.
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A strong agreement between average GLUED estimates and HM values were discovered.
For the 989 ~1-km? plots analyzed, a strong correlation existed between these two
measurements (» = 0.78 and p = 0.77), with an average error of approximately 14%
(MAE = 14.18). Seven-hundred seven plots (71%) were within = 20% agreement
between the mapped degree of HMc and the visual GLUED estimates. The remaining 212
plots (21%) had mapped HMc values greater than the GLUED estimates (false positive);
and 70 plots (7%) had mapped HMc values less than the GLUED estimates (false
negative). The main discrepancy can be attributed to HMc values tending to be higher
than GLUED estimates (66% of total plots), particularly at high levels of development.
Differences are primarily driven by human population densities, which cannot be directly
observed from aerial images, and night-time lights, which can spillover to undeveloped
areas, such as large parks and open spaces, from lit areas near or within major cities.

Table 2. Derived footprint values by indicator

Stressor Indicator H.Input Values H.Output Values
. . Pop density (PD): Log (PD +1), max-
Human population density #people/km? normalized

Human settlement

Built-up areas

Percent built-up: 0 (0%) —
255 (100%)

Proportion of 1-km? cell

Cropland Percent cropland Proportion of 1-km? cell
Agriculture Livestock Livestock Density (LD): Log (LU +1), max-
livestock units (LU)/km? normalized
. . . Proportion of 1-km? cell
2
Major roads Major road density/km using 0.030 km width
. . . . Proportion of 1-km? cell
Transportation 2 . .
spo 10 Minor roads Minor road density/km using 0.015 km width
- ; o2
Two-tracks Two-track road Proportion of 1-km* cell

density/km?

using 0.003 km width
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Proportion of 1-km? cell

; ; ; 2
Railroads Railroad density/km using 0.010 km width
.. Industrial or quarry . )
Mining Proportion of 1-km* cell
presence/absence
Proportion of 1-km? cell
Oil wells Number of points/km? using 0.014 km? well pad
Mining and energy size
production
Proportion of 1-km? cell
Wind turbines Number of points/km? using 0.0014 km? wind
turbine footprint
. . . Proportion of 1-km? cell
2
Powerlines Powerline density/km using 0.015 km width
Electrical
infrastructure

Night-time lights DN: 0 (min) to 63 (max

Log (DN + 1), max

brightness) normalized
Table 3. Intensity value ranges by indicator
Stressor Indicator MIN H; MAX H;
Human population density 0.20 0.50
Human settlement
Built-up areas 0.69 1.00
Cropland 0.45 0.70
Agriculture
Livestock 0.20 0.37
Major roads 0.78 0.83
Transportation Minor roads 0.39 0.50
Two-tracks 0.10 0.20
7
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Railroads 0.78 0.83

Mining 0.83 1.00

Mining and energy 0il wells 0.50 1.00
production

Wind turbines 0.25 0.50

Powerlines 0.10 0.20
Electrical

infrastructure . . .
! ucta Night-time lights 0.20 0.50

Indicator Method Descriptions by Stressor

Human settlement

Human settlement was mapped based on population density and the percentage of built-
up areas. Because the distribution of population density using the GPW v4 was right-
skewed (range: 0 — 732,202, median: 1.928), the top 0.1 percentile of cell values (n =
135,415) were collapsed, which fell at > 4,246 people/km?, and then assigned this value
to all top cells. These data were then log[X+1] transformed, producing values ranging
from 0 to 3.628 (median: 0.467), which were then max-normalized. For built-up areas,
the GHSL data were downscaled to 250m, and then the mean proportion of built-up
within each 1-km? cell was calculated.

Agriculture

Agriculture was mapped based on cropland and livestock. For cropland, we calculated the
mean proportion of cropland using the Unified Cropland Layer aggregating the 250m
resolution cells to 1-km?. For grazing, three data sets from Gridded Livestock of the
World, Version 2 (GWLv2)--which identified the number of cattle, sheep, and goats--
were used and converted to livestock units (LU) by multiplying the global average of
livestock unit coefficients (cattle = 0.669, sheep = 0.104, and goats = 0.100) by the
number of animals per km? (FAO, 2011). Values from these three data sets were summed
to produce a total LU/km? (range: 0 — 1,391,520, median: 0.013). Cells with values >=
1,000 LU/km? (10 LU/ha) (n = 28,925 cells, 0.01% of study extent) were collapsed and
attributed the constant value of 1,000: a cutoff identified as a break-point between
grazing and industrial livestock systems (Gerber et al., 2010). Total LU/km? were
log[X+1] transformed producing values ranging from 0 to 3.000 (median: 0.305), which
were then max-normalized to 1.

Transportation

For transportation, major roads, minor roads, two-tracks, and railroads from OSM were
used. Data-poor regions were augmented with the Global Roads Open Access Data Set,
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Version 1 (gROADSv1) for road indicators, and with the Digital Chart of the World
(DCW) vMap0 data (Danko, 1992) for the railway indicator. A single indicator of major
roads was grouped from OSM highway features coded as either “motorway”, “trunk”,
“primary”’, or “secondary”. OSM features coded as “tertiary”, “unclassified”, and
“residential” were categorized as minor roads, and augmented with gROADSvI data. To
avoid double counting, all OSM road data were buffered by 1-km and only gROADSv1
data occurring outside of the buffer were included. Finally, OSM features coded as
“tracks” were used as the two-track indicator. For each road indicator, a linear road
density (length in km/km?) was calculated for each 1-km? cell and multiplied by the
typical road width associated with each road type: 0.030 km for major roads, 0.015 km
for minor roads, and 0.003 km for two-tracks. The resulting total spatial extent was the
proportion of a 1-km? cell composed of each road type indicator.

Similar methodologies were followed for railroads. All linear OSM features identified as
railways were selected and augmented with DCW vMap0 railways that fell outside of a
1-km buffer. The linear density of railroads (i.e. length in km/km?) was calculated and
multiplied by 0.010 km to calculate the total proportion of each of these indicators per 1-
km? cell.

Mining and energy production

For mining and energy production, OSM data were used to calculate the proportion of
each 1-km? cell containing mines, oil wells, or wind turbines. For mining, OSM land use
features were used and selected polygons were identified as either “quarry” or
“industrial” (n = 441,623), with the former identifying the mining pit and the latter the
facility used for processing and shipping materials. The proportion of mining that
overlapped each cell was then calculated.

For oil wells and wind turbines, OSM points were selected representing each of these
indicators. The spatial extent of oil wells and wind turbines was calculated by summing
the number of OSM wells and turbines mapped within each 1-km? cell, then multiplied by
an estimated oil well pad size of 0.014 km? and wind turbine size of 0.0014 km?. The
result was the proportion of each energy production indicator per 1-km? cell.

Electrical infrastructure

Electrical infrastructure was based on above-ground powerlines and night-time lights. For
powerlines, a methodology similar to the transportation indicators was applied. All linear
OSM features identified as powerlines were selected and augmented with DCW vMap0
powerline features that fell outside of a 1-km buffer of the OSM powerlines. Linear
density of powerlines was calculated and multiplied by a width of 0.015 km to derive the
total proportion per 1-km? cell.

In an effort to capture any additional threats that were not included (natural gas wells) or
were inadequately mapped by our indicator data sets (oil and gas wells and mining), the
DMSP-OLS night-time lights (Elvidge ef al., 2001) was used, more specifically, the
average visible, stable lights product for 2013. These data identify human presence
through light intensity captured by satellite imagery and have digital number (DN) values

9
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ranging from 0 (in areas where no lights are present) to 63 (in areas with high intensity of
light throughout a year). The night-time lights values were log[ X+1] transformed,
resulting in a range from 0 to 1.806 (median: 0.929), which were then max-normalized.

III. Data Set Description(s)

Data set description:

The Global Human Modification of Terrestrial Systems data set provides a cumulative
measure of the human modification of terrestrial lands across the globe at a 1-km
resolution. It is a continuous 0-1 metric that reflects the proportion of a landscape
modified, based on modeling the physical extents of 13 anthropogenic stressors and their
estimated impacts using spatially-explicit global data sets with a median year of 2016.

Data set web page:

SEDAC URL:
https://sedac.ciesin.columbia.edu/data/set/lulc-human-modification-terrestrial-systems
Permanent URL: https://doi.org/10.7927/edbc-3z60

Data set format:

The Global Human Modification of Terrestrial Systems data set is available in two
projections. The data were originally produced in Mollweide projection. The data has
been reprojected in Geographic. Users should be aware that some spatial uncertainty is
introduced in the re-projection process.

The data are available in GeoTIFF format in both Mollweide and Geographic projections
as downloadable zip files. The downloadable is a compressed zip file, containing: 1)
GeoTIFF, and 2) PDF documentation.

Data set downloads:
lulc-human-modification-terrestrial-systems-mollweide-geotiff.zip
lulc-human-modification-terrestrial-systems-geographic-geotift.zip

IV. How to Use the Data

The raster data in GeoTIFF format can be used in any standard Geographic Information
System (GIS) and software package for direct mapping and geospatial analysis.

V.  Potential Use Cases

The Global Human Modification of Terrestrial Systems data set has many potential

applications. The Nature Conservancy Global Development Risk Assessment (GDRA)
suggests that these data can be used to address the challenges of land modification and

10
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improve conservation strategies in landscape level mitigation, laws and regulations,
lending requirements, and protection.

“The HM reveals that 95% of the Earth’s surface has some indication of human
modification, and 84% has multiple human impacts. Most of the world is in a state of
intermediate modification and fall within critical land use thresholds, with 52% of
ecoregions and 48% of countries considered moderately modified. Given their
vulnerability to further land change, moderately modified regions warrant conservation
attention and require proactive spatial planning to maintain biodiversity and ecosystem
function before environmental values are lost.” (https://gdra-tnc.org/current/)

See The Nature Conservancy Global Development Risk Assessment website for more
information (https://gdra-tnc.org).

V1. Limitations

Despite its relative comprehensiveness, the HM map does not fully account for all human
stressors. For example, it does not account for timber production, recreation, pastureland,
pollution, and invasive species, which impact ecosystems (Salafsky et al., 2008).
Although spatial data may exist for these human stressors, these were not included due to
data limitations, including incomplete global coverage or coarser mapping units (e.g.,
national or subnational scales) (Geldmann et al., 2014, Kuemmerle ef al., 2013), or an
inability to discern human-induced (timber harvesting or deforestation) from natural
disturbances (natural fires, disease, storm damage) (Hansen et al., 2013). Also, climate
change was not included due to the uncertainty in the location and directionality of its
impact on terrestrial systems (Geldmann et al., 2014) and its diffuse nature, such that it’s
unstoppable by localized human intervention (Tulloch ef al., 2015). Although some of the
missing stressor indicators (invasive species, pollutants) are expected to be correlated
with and may be captured by those included (Theobald, 2013), it is assumed that this
assessment likely underestimates cumulative human stressors on terrestrial systems. This
methodology, however, can be readily extended to include additional stressors and
indicators as data and information become available.

Data derived from both remotely-sensed imagery and ground-based inventories were
used. Included was data for human population and livestock densities (from global
authoritative sources), as well as from citizen science efforts via online platforms like
OSM (for energy production, extractive industry, road, rail, and electricity networks). As
recently demonstrated for global roads (Ibisch et al., 2016), crowd-sourced data like
OSM enhance the spatial detail, accuracy, and attribution of human activities. It can also
help validate land use maps and facilitate real-time monitoring of land use change (Fritz
et al.,2012). At the same time, such data sets have limitations and lack globally
consistent coverage (as discussed in “Transportation” and “Mining and energy
production” sections above); all of which can impose geographic biases, particularly in
developing countries that often experience rapid land use change. That said, OSM road
data have been shown to be ~83% complete and with >40% of countries deemed to have

11

Documentation last revised April 29, 2020.


https://gdra-tnc.org/current/
https://gdra-tnc.org/

NASA Socioeconomic Data and Applications Center (SEDAC)
Documentation for the Global Human Modification of Terrestrial Systems, vI (2016)

fully-mapped street networks (Barrington-Leigh & Millard-Ball, 2017). Thus, crowd-
sourced data remains valuable, especially for sectors like transportation, energy, and
mining, which often have small, individual footprints that may be difficult to detect by
satellite imagery, but cumulatively cause significant ecological impacts (Ibisch et al.,
2016, Raiter et al., 2014). Our mapping efforts reinforce the need for improved global
data coverage on land use activities less reliably captured from satellite imagery (i.e.,
energy, mining, grazing, and forestry activities) (Kuemmerle ef al., 2013) and
volunteered geographic information plays a critical role (Fritz et al., 2017).

For the H;, intensity weightings were informed by energy-based indicators (Brown &
Vivas, 2005), which offer a standardized measure of the levels of human-induced impacts
on biological, chemical, and physical processes of surrounding lands from different
human activities. While this metric has theoretical, empirical support for its use as a land
use intensity metric (Brown & Ulgiati, 1997, Brown & Vivas, 2005), there are
uncertainties and assumptions within its calculations (Hau & Bakshi, 2004). However,
intensity values have been empirically verified in an ecological integrity assessment of
U.S. landscapes (Theobald, 2013), and are in line with empirical syntheses on species
responses to land use (Alkemade et al., 2009, Benitez-Lopez et al., 2010, Newbold et al.,
2015). Yet, uncertainty still exists in the true magnitude of impacts from different human
activities and how they vary across different ecosystems.

To derive HMc, it was assumed that the multiple effects of different stressors act
cumulatively, but in a mitigative rather than an additive fashion. This minimized the bias
of double-counting stressor data layers that are often non-mutually exclusive (Theobald,
2013), but also because it coincides with emerging evidence that stressor interactions
may be more commonly non-additive than additive (Brown et al., 2013, Crain et al.,
2008, Darling & Coté, 2008). As knowledge improves on how multiple human activities
interact to affect ecosystems, our HM modelling approach can be updated accordingly.
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VIII. Disclaimer

CIESIN follows procedures designed to ensure that data disseminated by CIESIN are of
reasonable quality. If, despite these procedures, users encounter apparent errors or
misstatements in the data, they should contact SEDAC User Services at
ciesin.info@ciesin.columbia.edu. Neither CIESIN nor NASA verifies or guarantees the
accuracy, reliability, or completeness of any data provided. CIESIN provides this data
without warranty of any kind whatsoever, either expressed or implied. CIESIN shall not
be liable for incidental, consequential, or special damages arising out of the use of any
data provided by CIESIN.

IX. Use Constraints

This work is licensed under the Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/4.0).

Users are free to use, copy, distribute, transmit, and adapt the work for commercial and
non-commercial purposes, without restriction, as long as clear attribution of the source is
provided

X. Recommended Citation(s)
Data set(s):

Kennedy, C. M., J. R. Oakleaf, D. M. Theobald, S. Baruch-Mordo, and J. Kiesecker.
2020. Global Human Modification of Terrestrial Systems. Palisades, NY: NASA
Socioeconomic Data and Applications Center (SEDAC). https://doi.org/10.7927/edbc-
3260. Accessed DAY MONTH YEAR.

Scientific publication:

Kennedy, C. M., J. R. Oakleaf, D. M. Theobald, S. Baruch-Mordo, and J. Kiesecker.
2019. Managing the middle: A shift in conservation priorities based on the global human
modification gradient. Global Change Biology. 25:811-826.
https://doi.org/10.1111/gcb.14549.

XI. Source Code

No source code is provided.
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