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Global loss of mountain vegetated
landscapes and its impact on biodiversity
conservation

Chao Yang 1,2, Haiying Xu1,2, Qingquan Li 1,2,3 , Xuqing Wang4, Bohui Tang5,
Junyi Chen 5, Wei Tu 1,2, Yinghui Zhang1,2, Tiezhu Shi1,2, Min Chen 6,7,8,
Wei Ma9, Huizeng Liu 10,11 & Jonathan M. Chase 12,13

Accelerating human encroachment and natural disasters are causing sub-
stantial loss of mountain vegetated landscapes, threatening biodiversity con-
servation and ecosystem sustainability. The global-scale quantification of the
magnitude, variability and drivers of the loss of mountain vegetated land-
scapes, and its impact on biodiversity conservation, however, has been lack-
ing. Here, we combine global datasets on mountain boundaries, land use,
natural disasters, and protected and biodiversity hotspots together with large-
scale earth observation data to quantify global mountain vegetated landscape
loss, as well as its variation and potential drivers from 2000 to 2020. Overall,
we find widespread but uneven mountain vegetated landscape loss across the
globe, of which ∼89% can be attributed to human expansion, primarily agri-
culture, with small contributions of human settlement growth and mining.
About ∼11% of mountain vegetated landscape loss can be attributed to natural
disasters, primarily through drought. We also observe that ~56% of global
mountain vegetated landscape loss occurred within protected areas and in
areas with high richness of threatenedmountain-occurring species, indicating
the urgency of improving protection in these areas of loss. Our results can help
formulate conservation strategies and contribute to sustainable development.

Mountain ecosystems play a disproportionate role in contributing to
global biodiversity, carbon dynamics, water supply and climate
stability1–4. At the same time, geographically and biologically diverse
mountain ecosystems tend to be ecologically fragile5. Vegetated

landscapes within these mountains, including forests, shrublands and
grasslands, influence the health and sustainability of the entire
mountain ecosystem5–8 by preventing soil and water loss, providing
shelter and food for wildlife and supporting the development of local
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economies (e.g., providing wood, medicinal herbs and food for local
residents)9–11. As a result, sustainably managing mountain ecosystems
is one of the targets of the 2030 Agenda for Sustainable Development
of the United Nations (SDG 15.4)12.

Despite their disproportionate role in supporting biodiversity and
ecosystem services, mountain ecosystems continue to be widely
developed and degraded13,14, including hillside urbanisation15–18, agri-
culture expansion19–21 and mining22,23. Although these developments
bring economic benefits, they simultaneously lead to the loss of
vegetated landscapes within these mountains24–26. At the same time,
anthropogenic climate change is increasing the frequency and inten-
sity of natural disasters, including wildfires, floods, landslides and
droughts27–31, which can alter vegetation within these landscapes32–36.

Mountain vegetation landscapes (MVL) are being lost across the
world due to both human expansions and natural disasters, which can
bring serious consequences to biodiversity conservation and sustain-
able development goals. In 2022, the Convention on Biological
Diversity adopted the Kunming-Montreal Global Biodiversity Frame-
work as an urgent response to biodiversity loss37, which will require
accurate information of global MVL loss to promote the targets of this
framework. Unfortunately, the magnitude of MVL loss and its dis-
tribution across the world, as well as the contribution of different
sources to this loss (e.g., different kinds of human expansions, natural
disasters), are largely incomplete. Such information would provide
essential guidance for understanding and potentially mitigating these
changes.

Here, we present a global assessment of the magnitude and dis-
tribution of MVL loss at 30m resolution in response to both human
expansions and natural disasters from 2000 to 2020 using global
datasets on mountain boundaries, human land use, and natural dis-
asters together with Landsat imagery. In particular, we use a Landsat
imagery-derived vegetation index to quantify vegetation reduction
associated with natural disasters (see details in “Methods”). We esti-
mate MVL loss from changes in human land use, including (i) human
settlement growth, (ii) agriculture expansion, and (iii) mining. We
estimate MVL loss from natural disasters (a net loss after deducting
restored and recovering areas), including (vi) wildfires, (v) floods, (vi)
landslides, and (xii) droughts (“Methods”). We separately consider
MVL loss across ten global mountain regions. We also consider how
MVL loss is alignedwith current biodiversity conservation priorities by
examining loss within protected areas (PAs) (using theWorld Database
of Protected Areas [WDPA]) and from areas with high richness of
threatened mountain-occurring species (AHRTMS) (using the IUCN
Red List of threatened species) (Methods). Finally, we validate our
results using more than 16,400 high-resolution (≤ 5m) random sam-
ples to confirm the accuracy ofMVL loss (see last part ofMethods).We
find an overall accuracy of ~ 88.2% of the global mapping, with a high
producer’s accuracy (90.7%) and user’s accuracy (84.0%) of MVL loss
(Supplementary Table 1).

Results
Widespread loss of global MVL
Overall, we found widespread global MVL loss of ~ 356,549.9 km2 from
2000–2020, accounting for ~ 1.9% of the total initial MVL area, as a
result of both human expansion and natural disasters (Fig. 1a and
Supplementary Table 2). However, only ~ 11% of this loss could be
attributed to natural disasters, primarily drought, with the remaining
89%of the loss ofMVLattributed tohumanexpansion over the 20-year
observation period. This human-mediated loss of MVL was mainly due
to agriculture expansion (contributing ∼ 83%), with considerably less
due to human settlement growth (∼ 5%) and mining (∼ 1%) (Fig. 1a).

Of the total observed MVL loss, 57% was in forests, 25% from
grasslands, and 18% from shrublands (Fig. 1b). Across these vegetation
types, human expansions (i–iii) collectively accounted for over 81% of
theMVL loss (Fig. 1c). Among all drivers, agriculture expansionwas the

primary driver of forest, shrubland, and grassland loss, followed by
drought and then human settlement growth (Fig. 1c and Supplemen-
tary Table 2).

Spatial unevenness of MVL loss across regions
The global distribution of MVL loss was highly uneven across regions
(Table 1). More than 90% of global MVL losses were concentrated
among seven regions: East Asia (16.0%), North America (15.6%), Middle
East (14.0%), Europe & Russia (13.3%), Sub-Saharan Africa (11.5%), Latin
America (11.0%) and Southeast Asia (10.5%) (Table 1). By contrast,
Central and South Asia, as well as Oceania, account for only 8.1% of the
total global loss (Table 1). However, when we estimated relative loss (%
of their initial MVL area), rather than absolute loss, we found lower
relative losses in East Asia, Latin America, Europe & Russia and North
America (~ 1.3–1.7%) owing to their large initial MVL area, and higher
relative loss in Middle East (6.2%), Sub-Saharan Africa (3.2%) and
Central Asia (3.0%), which had a lower initial MVL area (Table 1). This
indicates that mountains in these regions are under disproportionate
pressure and are in urgent need for protection and restoration.

Most of theMVL loss in theMiddle East and Central Asia was from
grasslands, while losses in other regionsweremostly from forest losses
(Supplementary Fig. 3). Notably, North America experienced the
greatest loss of forests, and the Middle East experienced the greatest
losses of shrublands and grasslands (Table 1). Forest losses from
Southeast and East Asia and Europe & Russia (14.3–16.1%), shrubland
losses from Latin America, Europe & Russia and North America
(14.2–16.7%), and grassland losses from East Asia (24.2%) were also
substantial (Table 1). While such forest losses have been
documented19,20,24,25,38, losses of grassland and shrublandhavenot been
fully documented on a global scale.

Human expansion was the largest contributor to MVL loss across
all regions (ranging from 77.3% to 99.1%; Supplementary Table 3),
primarily due to agriculture (more than 69% in all regions) (Fig. 2a).
However, there was regional variation in the intensity of MVL loss due
to other drivers. For example, human settlement growth was most
intense in LatinAmerica, aswell as South andEastAsia, owingprimarily
towidespreadmountain urbanisation projects in these regions15–17,39. In
East Asia, and Europe & Russia, MVL loss due to mining was more
intense, likely because of highmineral export23. Drought ranked as the
second largest contributor to MVL loss across nine of the ten world
regions, with Sub-Saharan Africa being the only exception. (Fig. 2a and
Supplementary Table 3). For forest loss, the drivers were similar to the
overall MVL loss (Fig. 2b). However, drought contributed dis-
proportionately to shrubland loss in North America (48.9%) and Latin
America (41.3%) compared to other regions (Fig. 2c), while human
settlement growth contributed disproportionately to grassland loss in
Latin America (13.6%) and East Asia (10.9%) compared to other
regions (Fig. 2d).

Spatial coincidence of MVL loss and conservation priorities
We examined how MVL loss over the 20-year observation period
aligned with current biodiversity conservation priorities by quantify-
ingMVL loss within protected areas (PAs) and areas with high richness
of threatenedmountain-occurring species (AHRTMS) (Supplementary
Figs. 4 and 5). In all, there were ∼ 45,011.6 km2 of MVL loss within PAs
(accounting for 1.3% of the initialMVL area of PAs) and∼ 169,289.9 km2

MVL losswithinAHRTMS(accounting for 2.4%of the initialMVLareaof
AHRTMS) (Supplementary Table 4). After excluding AHRTMS located
within PAs, we observed that 55.7% of the total global MVL loss
occurred within PAs (12.6%) and in AHRTMS-outside of PAs (43.1%)
(Fig. 3a). This emphasises that even since the year 2000, a substantial
amount of these mountain habitats that are protected and/or of par-
ticular importance for threatened species have lost their natural
vegetation, primarily via human activities such as agriculture expan-
sion (Fig. 3b). In fact, nearly three-fifths of the MVL loss within PAs
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Fig. 1 | Global MVL loss for the period 2000 to 2020. a Spatial pattern of global
MVL loss at 30-m resolution. The map reports seven drivers caused MVL loss,
including (i) human settlement growth, (ii) agriculture expansion, (iii) mining, (iv)
wildfires, (v) floods, (vi) landslides and (xii) droughts. b Loss types and proportions
of global MVL loss. The map includes three loss types (forest, shrubland and

grassland.) and their proportions (% of total global MVL loss). c The contribution
proportion of drivers to global MVL loss types. The map includes loss drivers of
forest, shrubland and grassland. The backgroundmap (global mountain areas) was
defined by GMBA (v2.0 standard, https://www.earthenv.org/mountains) (see Sup-
plementary Fig. 1).
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(7.9% of total global MVL loss) occurred after the PAs were officially
designated (established before 2000) (Fig. 3a), with almost 77% of this
as a result of human expansions, rather than natural disasters. This
suggests that the legal effect of mountain PAs has not been fully rea-
lised in many parts of the world.

AHRTMS located outside of PAs are not legally protected, but
contain high concentrations of mountain-occurring threatened spe-
cies (Supplementary Fig. 4). As a result, MVL loss within these areas
poses a large challenge to biodiversity conservation. We observed that
MVL loss within AHRTMS-outside of PAs is mainly concentrated in

Southeast Asia, southern East Asia and eastern Sub-Saharan Africa
(Supplementary Fig. 5), where attaining protected status would be
particularly urgent. Prioritising the increase of PAs in these areas could
allow a better response to the United Nations agreement of globally
expanding PAs to slow or reverse biodiversity declines40,41.

Discussion
Overall, we find widespread, but geographically variable MVL loss
since the year 2000, much of which can be attributed to human
activities and in particular, agricultural and human settlement
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Fig. 2 | Drivers ofMVL loss in tenworld regions for the period 2000 to 2020. aDrivers of MVL loss. bDrivers of mountain forest loss. cDrivers ofmountain shrubland
loss. d Drivers of mountain grassland loss.

Table 1 | The distribution of global MVL loss across ten regions from 2000 to 2020

Regions MVL loss (% of total global
MVL loss from 2000–2020)

Sub-MVL loss (% of loss of the global total of that vegeta-
tion type from 2000 to 2020)

Initial MVL area in
2000 (105km2)

Relative MVL loss (%
of their initial
MVL area)

Mountain for-
est loss

Mountain shrub-
land loss

Mountain grass-
land loss

Sub-Saharan
Africa

11.5% 11.1% 9.2% 14.0% 12.7 3.2%

Southeast Asia 10.5% 14.9% 10.7% 0.5% 16.7 2.2%

Middle East 14.0% 5.2% 24.0% 26.9% 8.1 6.2%

South Asia 3.6% 2.9% 1.9% 6.5% 8.0 1.6%

Central Asia 2.6% 1.5% 1.0% 5.9% 3.0 3.0%

East Asia 16.0% 16.1% 3.7% 24.2% 37.9 1.5%

North America 15.6% 19.2% 16.7% 7.0% 33.6 1.7%

Latin America 11.0% 12.8% 14.2% 4.7% 24.5 1.6%

Europe & Russia 13.3% 14.3% 16.3% 9.1% 37.2 1.3%

Oceania 1.9% 2.0% 2.3% 1.3% 5.1 1.3%

It includes the MVL loss and sub-MVL loss from forest, shrubland and grassland. MVL/sub-MVL loss (% of total loss from 2000–2020) indicates the proportion of MVL/sub-MVL loss in each region.
Relative MVL (% of their initial MVL area) represents the proportion of MVL loss in each region to their initial MVL area (MVL loss area/initial MVL area in 2000).
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expansion (Fig. 1a). Indeed, approximately 88% of the extent of
expansion of agriculture and human settlement into mountains (total
expansion area reaching ~ 374,175.8 km2) has led toMVL loss in the past
two decades (Supplementary Fig. 6 and Supplementary Table 2). This
encroachment intoMVLmaybe related to the high economic values of
vegetated land (e.g., harvesting) and soil quality for crop growth, in
addition to the landscape value for human settlement projects15,16,24,42.
Furthermore, the MVL loss driven by the growth of human settlement
has led to an increase in wildland–urban interfaces (i.e., the con-
centration areas of human-environmental conflicts and risks)43, which
may increase risk to humans due to wildfires, as well as the spread of
zoonotic diseases44,45. More importantly, these lost areas of MVL have
been converted to human settlements, which may increase the risk of
human-wildlife conflicts46–49.

Although mountain mining only contributes ~ 1% to the loss of
globalMVL (Fig. 1a), it has resulted in 31,432mining patches (per patch
area > 1 ha) in mountain areas, 37.4% of which are located within PAs
(1094 patches) and AHRTMS-outside of PAs (10,672 patches) (Sup-
plementary Fig. 7). Mine tailings (the residue remaining after mineral
processing) and infrastructures related to mining sites can seriously
threaten natural environments (e.g., polluting downstream water
resources) and their biodiversity50,51. Furthermore, human populations
are increasingly dependent on water resources from mountainous
areas52, and thus development of mines and their tailings can pose a
large threat of pollution to water supplies53,54.

While there were substantial losses of MVL due to human
expansions, about 11% of the loss can be attributed to natural disasters,
mostly due to drought (Fig. 1a). Indeed, the recent increase in drought
severity worldwide has led to typically dry areas becoming drier, and
more humid regions also experiencing a drying trend55. The MVL loss
caused by natural disasters was less than that driven by human
expansions, which may be attributed to the natural recovery of vege-
tation over time in damaged areas or the transformation between

vegetation types (e.g., forest converted to shrubland or grassland)56–61.
In addition, the occurrenceofdifferent natural disasters candirectly or
indirectly accelerate the extinction risk of endangered species62–65. For
example, wildfires and landslides can immediately kill species, while
droughts can lead to water and food shortages, which is particularly
problematic when these disasters occur within PAs or AHRTMS.

Mountain PAs and AHRTMS can play important roles in conser-
ving mountain biodiversity when human intrusion is minimised66–68.
However,we found that ~ 55.7%of globalMVL loss is still locatedwithin
these areas, comprising 12.6% within PAs and 43.0% in AHRTMS out-
side of PAs. This was primarily as a result of human land use increasing
the human-threatened species conflict risks and diminishing a number
of important ecosystem functions and services (e.g., landscape con-
nectivity, habitat quality and carbon storage)69–73. Therefore, it is cru-
cial to strengthen legal enforcement in existing PAs (e.g., through
community co-management, “sky-ground” monitoring systems, judi-
cially enforced protection orders and transboundary governance)74,75.
Furthermore, given the high biodiversity and concentration of threa-
tened species within AHRTMS, incorporating high-risk AHRTMS out-
side of PAs into formal PA networks may help to mitigate biodiversity
loss in these vulnerable regions. Likewise, exploring land sparing (i.e.,
separating land for conservation from land for crops)68,76 or frag-
mented land replacement (i.e., replacing fragmented cropland in
mountains with fragmented vegetated land in plains, Supplementary
Fig. 8) in areas under agriculture expansion in mountains could
achieve a win-win scenario for development and mountain conserva-
tion. We also call on the governments in areas with high amounts of
MVL loss to strengthen economic transformation and regulate human
activities to prevent the further expansion of MVL loss.

In summary, our fine-scale map of global MVL loss identifies the
spatial distributionofMVL loss (including seven potential drivers). The
accuracy of our global MVL loss map was consistently high and above
acceptable levels (Supplementary Table 1). Moreover, our global MVL
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Fig. 3 | GlobalMVL loss in areas of biodiversity conservation priorities (i.e., PAs
(protected areas) and AHRTMS (areas with high richness of threatened
mountain-occurring species)) for the period 2000–2020. a The proportions of

MVL loss within PAs andAHRTMS (%of total globalMVL loss).bDrivers ofMVL loss
within PAs and AHRTMS.
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loss map also provides timely, transparent and critical insights for
sustainable development and biodiversity conservation, which can
help researchers, governments and regulatory agencies to make tar-
geted protection and recovery strategies. For example, the relative
contributions of human expansions and natural disasters to global
MVL loss can help to providemore accurate parameters for improving
climate change scenario modelling77. The spatial pattern of MVL loss
(especially for 30m resolution of MVL loss within PAs and AHRTMS)
can identify severe loss areas at national or local scales, which can
assist their governments to achieve ecological and biodiversity con-
servation aligned with the Kunming Montreal Global Biodiversity Fra-
mework (e.g., establishing newprotected areas in severe loss areas). By
characterising global erosion of MVL and its driver attribution, we
hope our study will inform and support conservation efforts aimed at
preserving mountain vegetated ecosystems for future generations.

Methods
Mapping global mountain vegetated landscapes
We first mapped MVL in 2000 as a base map from which to estimate
changes. To do so, we combined a global land-cover dataset in 2000
with a globalmountain dataset. For land cover, somemoderate spatial
resolution products exist, such as the MODIS Land Cover Type from
2001 to 2016 (500m), the ESA Climate Change Initiative (ESA-CCI)
from 1992 to 2015 (300m), Copernicus Global Land Cover Layers
(CGLS-LC100) from 2015 to 2019 (100m), Finer Resolution Observa-
tion and Monitoring of Global Land Cover product (FROM-GLC) in
2010, 2015 and 2017 (30m/10m), Globeland30 in 2000, 2010 and
2020 (30m), global 30m land cover classification with a fine classifi-
cation system (GLC_FCS30D) in 2000 and 2020 (30m) and ESA’s
WorldCover in 2020 and 2021 (10m)78–81. However, we chose
GLC_FCS30D in our study mainly due to its high spatial resolution,
suitable temporal resolution,fine classification systemandmore stable
accuracy on a global scale compared to other 30-m global land-cover
products82. The GLC_FCS30D product was produced by combining
time series of Landsat imageries and high-quality training data from
the Global Spatial Temporal Spectra Library on the Google Earth
Engine cloud computing platform and presented at an approximately
30-m resolution80. The accuracy of GLC_FCS30D has been validated
using numerous validation samples, with an overall accuracy of more
than 81 %83,84 (available from Zenodo: https://doi.org/10.5281/zenodo.
8239305), and it has been extensively used for a variety of
applications45,85. For mountain delineation, commonly used global
datasets include the United Nations Environment Programme-World
Conservation Monitoring Centre (UNEP-WCMC)mountain inventory86

and the Global Mountain Biodiversity Assessment (GMBA)87,88 inven-
tories (both standard and broad versions). After checking these
mountain datasets, we found that the UNEP-WCMC dataset omits
important mountain areas (e.g., southeastern Russia, central New
Zealand, northern Norway) and overestimates some mountainous
areas (e.g., northwestern China) (Supplementary Table 5). Likewise,
the broad GMBA version incorporates not only mountainous terrain
but also extends into adjacent landscapes88(Supplementary Table 5).
On the other hand, the standard GMBA version (v2.0 standard)
(https://www.earthenv.org/mountains) was better suited and addres-
sed the aforementioned issues, which we thus chose in our study. This
dataset delineates mountains covering ~ 18.2% of the Earth’s land sur-
face (Supplementary Fig. 1).

To combine these datasets, we first converted the mountain
boundary polygons into a grid image of 30m resolution using the
polygon to raster tool of ArcGIS. We then reclassified the GLC_FCS30D
product into six land cover types following Zhang et al.80: cropland,
impervious surface, forest, grassland, shrubland and other land. In this
dataset, cropland is defined as land used for crop cultivation, including
rain-fed croplands, herbaceous cover, and tree/shrub-covered crop-
lands (e.g., orchards, plantations)80; impervious surface refers to

hardened surfaces composed of artificial materials, including con-
structed materials (e.g., cement, asphalt and bricks) and artificially
compacted surfaces (e.g., paved grounds, rocks and building
foundations)80; forest, shrubland, and grassland are defined as land
cover types dominated by trees, shrubs, and herbaceous plants,
respectively. Forests include various types (e.g., evergreen broad-
leaved forest, deciduous broadleaved forest, and mixed-leaf forest);
shrublands include both evergreen and deciduous types80. Following
ecological principles, vegetation structure, the Intergovernmental
Panel on Climate Change guidelines, and the Food and Agriculture
Organisation Global Ecological Zones, these three classes represent
the primary vegetated land cover types in global mountain
ecosystems89–91. Therefore, we selected forest, shrubland, and grass-
land to define different vegetated landscapes, with all other classes
designated as non-vegetated landscapes. We calculated mountain
vegetated landscapes (MVL) by calculating spatial overlays between
these vegetated landscapes with standardised mountain boundaries
(GMBA v2.0), and defining all overlapping pixels as MVL. All calcula-
tions involving the map area were performed in WGS 84/Equal Earth
Greenwich projection. Overall, we found a total area of approximation
18,681,548.8 km2 of MVL in 2000 (Supplementary Table 6).

Tracking global MVL loss
(1) Humanexpansions-drivenMVL loss. To trackMVL loss since2000
due to the expansion of human activities, we collected multi-source
thematic datasets that quantify possible human activities in mountain
areas. These included the impervious surface dataset (30mresolution)
and cropland dataset (30m resolution) from 2000 and 2020, both of
which are subsets of the GLC_FCS30D, as well as global mining dis-
tribution data (polygons). For global mining distribution data, we
combined two recent global mining datasets from Maus et al.22 (total
44,929 polygons, covering 101,583 km²) and Tang et al.23 (total 74,548
polygons, covering 66,000 km2). These two datasets provide spatially
explicit estimates of the area directly used for surface mining on a
global scale (including large-scale and artisanal and small-scale
mining), and the polygons cover all ground features related to
mining activities (e.g., open cuts, tailing dams, waste rock dumps,
water ponds, processing infrastructure). They were produced using
remote sensing analysis of high-resolution, publicly available satellite
imagery in recent years (e.g., around 2020; images with ≤ 10m reso-
lution in Google Earth and Sentinel-2) (details in refs. 22,23). The
overall accuracies of these two global mining datasets calculated from
the validation points were 88.3% (for Maus et al.22) (version 2, https://
doi.org/10.1594/PANGAEA.942325) and ~ 92% (for Tang et al.23) (ver-
sion 2, https://zenodo.org/records/7894216).

We merged the two global mining datasets to compensate for the
potential omission of global mining areas from the different datasets
using union analysis in ArcGIS 10.8. After merging, a combined global
mining dataset was obtained (i.e., 81,962 polygons, covering
120,413 km2) (Supplementary Fig. 9). We then converted all polygons
into a grid image of 30m resolution using the polygon to raster tool of
ArcGIS. To avoid overestimation of MVL loss caused by pixel overlap
betweendatasets,weused spatial overlay analysis todetect overlapping
pixels of impervious surface, cropland and mining areas. If there are
overlapping pixels, we assigned their attributes to mining areas,
because the mining data holds better spatial resolution and accuracy.

We quantified global MVL loss driven by human expansion
according to the following rules:

(i) Human settlement growth. We used the expansion of impervious
surface to reflect the growth of human settlements92,93. To do so, we
used a pixel-level change detection method to identify the pixels that
were impervious surface in 2020, but not in 2000. TheMVL loss driven
by human settlements denotes the pixels of MVL in 2000 that were
transformed into human settlements by 2020 (Fig. 1a).
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(ii) Agriculture expansion. We used the expansion of cropland to
reflect increases in agriculture. To do so, we also used the change
detection method to identify pixels that were defined as cropland
pixels in 2020 but not in 2000. The MVL loss driven by agriculture
expansion denotes the pixels of MVL in 2000 that were transformed
into agriculture by 2020 (Fig. 1a).

(iii) Mining. We used spatial overlay analysis to detect the intersection
pixels between mining areas and MVL. The MVL loss driven by mining
denotes that the pixels of MVL in 2000 that were transformed into
mining surface by 2020 (Fig. 1a).

(2) Natural disasters-driven MVL loss. To track MVL loss due to nat-
ural disasters, including wildfires, floods, landslides and drought, we
collected multi-source natural disasters datasets that occurred during
2000–2020. For wildfires, we used global annual burned area maps
(GABAM) (30-m resolution) (available from https://doi.org/10.7910/
DVN/3CTMKP), which were generated via an automated pipeline based
onGoogle Earth Engine using all the available Landsat images (details in
ref. 94), and define the spatial extent of wildfires that occur in a given
year, but not previous years. We selected GABAM because it covers the
appropriate time period and has low commission and omission errors,
with high spatial resolution (30m)94. We collected global flood data
(2000–2018) from the Global Flood Database (GFD) (http://global-
flood-database.cloudtostreet.info/), it was developed based on flood
events reported by the Dartmouth Flood Observatory and 250m
resolution Terra and Aqua MODIS images95. We obtained global land-
slides data (13,437 points from 2001 to 2020) from the NASA Global
Landslide Catalogue (NASA-GLC) (https://catalog.data.gov/dataset/
global-landslide-catalog-export), which was developed with the goal
of identifying rainfall-triggered landslide events, regardless of size,
impacts or location96,97. We converted landslides to polygons using
buffer analysis according to their records in GLC (from small to large,
attributes 1–596). We set buffer distances to 1 km (small event), 5 km
(medium event), 10 km (medium to large event including multiple
sliding events over a region), 15 km (large to massive event including
many landslides), 20 km (massive event or multiple large events), then
all landside polygons were converted into a raster image with 30m
resolution using ArcGIS 10.8. For drought, we obtained global data on
the temperature-vegetation dryness index (TVDI) with 1 km resolution
(2000–2020) data from the National Earth System Science Data Centre
of China (http://www.geodata.cn/). TVDI was produced using 1 km
MODIS land surface temperature (i.e., MOD11A2) together with vege-
tation indexproducts (i.e.,MOD13A2) basedon theGoogle Earth Engine
platform98. We divided quantitative drought values based on give ran-
ges of TVDI from 0 to 1 at intervals of 0.2 (i.e., extremely wet, wet,
moderate, dry, and extremely dry)99. We defined areas with drought as
those with dry and extremely dry conditions (i.e., 0.6 < TVDI ≤ 1.0),
where the probability of vegetation mortality was highest99,100.

For areas affected by floods and drought, we resampled data to
30m resolution using the nearest neighbour sampling to match other
data. To avoid overestimated MVL loss caused by pixel overlap
between datasets, we used spatial overlay analysis to detect over-
lapping pixels from areas burned, flooded, exposed to landslides or
experiencing droughts. If there were overlapping pixels, we assigned
overlapping pixels according to the priority of original spatial resolu-
tion (i.e., landslides > burned areas > floods > drought). If there were
overlapping pixels between human expansion and natural disaster-
driven MVL loss, we assigned overlapping pixels to the former.

Because some MVL can remain intact (or recovered) after long-
term natural disasters, we used a strict Normalised Difference Vege-
tation Index (NDVI) threshold to obtain a net loss of MVL. NDVI,
defined as the relationship operation between near-infrared (NIR) and
red (R) bands of satellite imagery (i.e., NDVI = (NIR−R)/(NIR + R)),
varies between − 1 and 1, where higher values closer to 1 indicate dense

vegetation coverage, while values closer to 0 suggest very little vege-
tation, and values less than 0 indicate no vegetation101,102. We collected
all available global Landsat images (TM/ETM+ /OLI, 30-m resolution)
in 1999 (the year prior to our focus) and 2021(the year after our focus)
from the United States Geological Survey (USGS) (https://www.usgs.
gov/), and used the Google Earth Engine platform andmaximum value
composites method to generate annual composite NDVI data (before
and after our study period).To eliminate spectral response dis-
crepancies among sensors (TM/ETM+ /OLI), we applied relative
radiometric normalisation to the TM, ETM+ andOLI imagery using the
cross-sensor transformation coefficients proposed by Roy et al.103,
ensuring the spatiotemporal consistency of NDVI.

We quantified MVL losses driven by four natural disasters: wild-
fires, floods, landslides, and droughts. To do so, we used a consistent
spatial overlay and NDVI thresholding approach. We first delineated
MVL in 2000 and intersected them with respective disaster footprints
(burned/flooded/landslide/drought areas). If theNDVI at the endof the
study period in a given pixel is less than or equal to 0.1, while it was
greater than 0.1 at the start of the period, these pixels are labelled as
MVL loss104,105(Fig. 1a).

The MVL loss in separate ten world regions
To examine the spatial pattern of MVL in different geographical zones,
we divided the world into ten separate regions by merging national
administrative boundaries (i.e, Sub-Saharan Africa, Southeast Asia,
Middle East, South Asia, Central Asia, East Asia, North America, Latin
America, Europe & Russia, and Oceania) (Supplementary Fig. 2). We
then quantified the MVL loss (including total MVL loss and MVL loss
types, Fig. 2) and the contribution of drivers (Fig. 2) in these ten regions
through spatial analysis (zonal statistics tool of ArcGIS) between global
MVL loss layer and the regions (Supplementary Table 2).

The MVL loss within PAs and AHRTMS
To quantify MVL loss within protected areas (PAs) and areas with
high richness of threatened mountain-occurring species (AHRTMS),
we first mapped mountain PAs and AHRTMS using global PA dis-
tributions and the IUCN Red List of threatened species. We collected
the global distribution of PAs from the WDPA (version 2023.11,
https://www.protectedplanet.net/en) provided by theUnitedNations
Environment Programme’s World Conservation Monitoring Centre.
PAs are stratified into pre-2000 and post-2000 cohorts based on
establishment year attributes within the geodatabase. We over-
lapped the distribution ofmountains with PA designations to identify
the mountain PAs. After excluding the point features and merging
overlapped features, we obtained 52,144 global mountain PAs (a total
of 57,363 polygon features), comprising an area of approximately
4,799,535.1 km2 (Supplementary Fig. 4a).

The AHRTMS were designated as important biodiversity habitats
based on the number of mountain-occurring threatened species
(mammals, amphibians, reptiles, birds and plants) they contain. Our
AHRTMS was not completely consistent with the global database of
IUCN’s key biodiversity areas106 because we only focus on mountain
areas that represent areas of the highest richness of threatened
mountain-occurring species. To identify AHRTMS, we used the IUCN
Red List of threatened species, including distribution information of
mammal, amphibian, reptile and plant species (version 6.3, https://
www.iucnredlist.org, updated on December 2022), and for birds, the
Birdlife International website (version 2022.02, http://datazone.birdlife.
org/home). The Red List classifies threatened species as critically
endangered (CR), endangered (EN), and vulnerable (VU). We extracted
all threatened species (CR + EN+VU) that occurred inmountains, giving
a total number of 12,562 species, including mammals (n = 2019),
amphibians (n = 2991), reptiles (n = 1576), birds (n = 2140) and plants
(n = 3836). We weighted threatened categories according to ref. 107
(i.e., CR is categorised as 3, EN is categorised as 2, and VU is categorised

Article https://doi.org/10.1038/s41467-025-64449-0

Nature Communications |         (2025) 16:8971 7

https://doi.org/10.7910/DVN/3CTMKP
https://doi.org/10.7910/DVN/3CTMKP
http://global-flood-database.cloudtostreet.info/
http://global-flood-database.cloudtostreet.info/
https://catalog.data.gov/dataset/global-landslide-catalog-export
https://catalog.data.gov/dataset/global-landslide-catalog-export
http://www.geodata.cn/
https://www.usgs.gov/
https://www.usgs.gov/
https://www.protectedplanet.net/en
https://www.iucnredlist.org
https://www.iucnredlist.org
http://datazone.birdlife.org/home
http://datazone.birdlife.org/home
www.nature.com/naturecommunications


as 1). We then generated 1 × 1 km2 grid cells with mountain boundaries,
and identified theweighted threatened species in every grid to produce
a map of threatened species richness. We normalised the threatened
species richness map to the range of 0–100 (%) using the minimum-
maximum normalisation method, with 100% having the highest threa-
tened species richness and 0% having the lowest threatened species
richness. We defined AHRTMS as those containing the top 20% of the
cumulated area of threatened species richness107. By this definition,
there was a total about 8,105,865.9 km2 of global mountains contained
within AHRTMS (Supplementary Fig. 4b).

We distinguished PAs, AHRTMS-inside PAs and AHRTMS-outside
PAs (Fig. 3a).Next, weused spatial overlay analysis of these three layers
together with the layer of MVL loss to evaluate the spatial coincidence
between MVL loss within PAs, AHRTMS-inside PAs and AHRTMS-
outside PAs, including the magnitudes of loss, as well as its drivers
(Fig. 3b, Supplementary Fig. 5 and Supplementary Table 4).

Accuracy evaluation and analysis
We adopted two strategies to assess the reliability of our findings.
Firstly, although the impervious surface we used is defined as an arti-
ficial impervious surface andwasused as aproxy for human settlement
growth, there may be natural bare rock and soil that were mistakenly
classified as artificial surfaces. To incorporate this, we randomly
selected a total 5209 samples from impervious surfaces in 2000 and
2020 using a random function to assess the ratio of artificial and nat-
ural surfaces (i.e., natural bare rock/soil) in impervious surfaces. Sec-
ondly, in order to thoroughly verify the accuracy of our estimates of
global MVL loss, we randomly selected a total 16,478 samples using a
random function from globalmountain areas. These stratified random
samples were uniformly and randomly distributed across areas where
MVL losses were due to human expansion (4138 samples) and natural
disasters (3704 samples), and areas without MVL loss (including non-
vegetatedmountain areas) (8636 samples) (Supplementary Fig. 10). By
selecting samples in non-MVL loss areas, we can ensure that there was
no significant omission of MVL loss, and simultaneously assess
potential land cover misclassifications.

All samples were tagged geographically with Keyhole Markup
Language and placed into Google Earth Pro. We used all cloudless
historical high-solution images (e.g., EarlyBird-1 (0.8–3.0m), IKONOS
(3.2m), QuickBird (0.6–2.4m), GeoEye-1 (0.41–1.65m), WorldView
(0.25–1.84m), Pleiades-1A (0.5–2.0m), Pleiades-1B (0.5–2.0m), SPOT-
6 and SPOT-7 (1.5–6.0m), RapidEye (5m), Doves (3m) etc.) stored in
Google Earth Pro to assess the result reliability. When high-resolution
images were lacking at the sample points, we used ESA Sentinel-2
(10m) and Landsat TM/ETM+ /OLI (30m) imageries to determine
result reliability.

To assess the reliability of impervious surface (year of 2000 and
2020) and the ratio of artificial and natural surface in impervious sur-
face, we labelled samples as correct if they were impervious surface in
high-resolution satellite imagery; otherwise, they were labelled as
incorrect if they were other land types (Supplementary Data 1). After
excluding uncertain samples (only accounting for 2.0% of total sam-
ples), we found that the accuracy (correct samples/ (total samples-
uncertain samples)) of impervious surfaces reaches about 92.4%, with
the vast majority being artificial surfaces (85.9%), while the proportion
of natural surface-bare rock/soil is relatively small, indicating that
impervious surfaces are reliable as aproxyof human settlement growth.

To assess the reliability of humanexpansion-drivenMVL loss (e.g.,
human settlement growth, agriculture expansion and mining), we
labelled samples as correct if they were MVL surfaces in 2000 (e.g.,
forest, shrubland or grassland), but not in 2020 (i.e., converted to
impervious surface, cropland or mining surface); otherwise, they were
labelled as incorrect (Supplementary Data 2). To assess the reliability
of natural disaster-driven MVL loss (e.g., wildfires, floods, landslides
and droughts), we labelled samples as correct if they were MVL

surfaces in 2000, but not in 2020 (i.e., converted to non-artificial
surfaces without vegetation or near non-vegetation); otherwise, they
were labelled as incorrect (Supplementary Data 3). To assess the
reliability of non-MVL loss, we labelled non-MVL loss samples as cor-
rect if theywerenon-MVLsurfaces in 2000andnon-MVL surfaces/MVL
surfaces in 2020, or if they wereMVL surfaces in both 2000 and 2020;
otherwise, they were labelled as incorrect results (Supplemen-
tary Data 4).

We used a team with specialised knowledge and training in stan-
dard procedures and risk assessment to interpret all the above sam-
ples. When samples could not be determined during visual
interpretation, these samples were labelled as uncertain.

After excluding uncertain samples (only accounting for 1.4 % of
total samples), we calculated the overall accuracy (OA= correct sam-
ples/ (total random samples-uncertain samples)) of globalmapping, as
well as the producer’s accuracy (PA = correct samples of MVL loss/
(correct samples of MVL loss + incorrect samples of non-MVL loss))
and user’s accuracy (UA = correct samples of MVL loss/ (total random
samples of MVL loss-uncertain samples)) of MVL loss108. We estimated
these accuracies at different scales, including global scale, continent
scale (i.e., separate ten world regions) and biodiversity hotspot scale
(i.e., PAs and AHRTMS outside of PAs). We found that the overall
accuracy of global mapping was 88.2% (Supplementary Table 1), and
the producer’s accuracy and user’s accuracy of MVL loss, respectively,
reached 90.7% and 84.0% (Supplementary Table 1).

Uncertainties and limitations
Despite our comprehensive assessment of global MVL loss, there are
uncertainties and limitations that need to be clarified and further
explored. The large-scale earth observation data at 30-m resolution is
relatively high for global assessments, but it may still overlook fine-scale
changes in complex mountain terrains, potentially leading to slight
under- or overestimation of MVL loss in certain regions. Future studies
could employ higher-resolution datasets to enhance spatial accuracy.
Although our defined AHRTMS represent the areas of the high richness
of threatened mountain-occurring species, we recognise it uses rela-
tively coarse range maps to draw conclusions about biodiversity in
complex mountain landscapes that may bring uncertainties. Our classi-
ficationofMVL lossdrivers is basedonfinal landcover transitions,which
may overlook specific land cover processes underlying the loss. Future
work could refine this framework by distinguishing key subtypes (e.g.,
subdividing agriculture expansion into commodity-driven agriculture,
horticulture and orchards, and plantations and subdividing human set-
tlement growth into urban sprawl and tourism development) to better
capture the diversity and ecological impacts ofMVL loss drivers.We also
acknowledge that our study focuses solely onMVL loss driven byhuman
expansions and natural disasters, and neglects potential MVL gains in
other areas (e.g., the transition from human-used land to vegetated
landscapes). Future work should consider these gains to comprehen-
sively understand the dynamic processes of vegetated landscapes. Fur-
thermore, there are some drivers ofMVL loss that are not fully captured
byour analyses, such as insect outbreaks or diseases. Futureworkwill be
needed to explore more particular drivers. In addition, we did not cap-
ture seasonal variability of grasslands, which may create uncertainties
and limitations in structurally unstable regions (e.g., climate transition
zones or complex landscapes). Futurework should incorporate seasonal
grassland dynamics to enhance ecological validity and temporal sensi-
tivity. Meanwhile, we did not distinguish between canyons and typical
mountains. Addressing this distinction at higher resolutions or regional
scales could offer new insights into the roles played by heterogeneous
mountain geomorphic units in landscape and biodiversity dynamics.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.
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Data availability
Global mountain boundaries can be downloaded from the GMBA
(https://www.earthenv.org/mountains). Global land cover datasets
(GLC_FCS30D) are freely available from Zenodo (https://doi.org/10.
5281/zenodo.8239305). Two global mining distribution datasets are
available for download from PANGAEA (10.1594/PANGAEA.942325)
and Zenodo (https://zenodo.org/records/7894216). Landslide data can
be obtained from NASA-GLC (https://catalog.data.gov/dataset/global-
landslide-catalog-export). Global annual burned area maps can be
downloaded from Harvard Dataverse (https://doi.org/10.7910/DVN/
3CTMKP). Globalflooddata canbe collected fromGFDathttp://global-
flood-database.cloudtostreet.info/. Global TVDI data can be obtained
from the National Earth System Science Data Centre of China (http://
www.geodata.cn/). Global Landsat images (TM/ETM+/OLI) can be
collected from USGS. Global threatened species (mammals, amphi-
bians, reptiles and plants) can be obtained from the IUCN Red List
database (https://www.iucnredlist.org), while threatened bird species
can be obtained from the Birdlife International website (http://
datazone.birdlife.org/home). Global PAs are freely available from
WDPA (https://www.protectedplanet.net/en). The validationdataset of
MVL loss is available in the supplementarydocuments (Supplementary
Data 2–4). The global MVL loss map, mountain PAs and AHRTMS are
shared in the Zenodo repository: (https://zenodo.org/records/
15767019).

Code availability
No special code was used. All map-related operations were performed
using the ArcGIS (10.8) platform (www.esri.com/en-us/arcgis); global
annual composite NDVI was produced in Google Earth Engine (https://
code.earthengine.google.com/25f74defdace54434a5edfaf6c9eba42).
Analyses can be reproduced following the procedures described in the
Methods.
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