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Arctic vegetation is a critical component of the Earth system, regulating high-latitude carbon balance,
surface energy exchange, and ecosystem resilience. Despite the widespread greening observed under
recent warming, Arctic vegetation responses to the combined pressures of accelerating climate change
and expanding human activity remain poorly understood, limiting our ability to anticipate future ecosystem
trajectories and climate feedbacks. Here, by integrating 2 decades of 30-m Landsat observations with a novel
attribution framework, we disentangled the respective contributions of climatic forcing and anthropogenic
disturbance to vegetation dynamics within human footprint areas (HFAs) across the circumarctic. Based on
2,221 distinct HFA clusters, we found that while climatic warming has broadly enhanced vegetation greenness,
anthropogenic disturbance has imposed strong, spatially concentrated browning, explaining 16.1% of the
observed total greenness variability within HFAs. These disturbance effects are most pronounced in industrial
and mining regions and intensify toward lower latitudes. Our findings reveal that human activity is emerging as
animportant modifier of Arctic vegetation dynamics, highlighting the need for disturbance-aware monitoring
and adaptive management to sustain ecological integrity across the vulnerable Arctic.
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dynamics are essential for understanding broader Earth system
change and its global consequences [18-20].
Satellite-based Earth observations have revealed augmented

Introduction

Although constituting a small portion of Earth’s surface, the

Arctic is crucial for regulating the global climate system [1,2],
storing vast reservoirs of organic carbon in permafrost soils
[3], and supporting unique wildlife found nowhere else on the
planet [4-6]. However, this northernmost region is undergoing
the fastest rate of warming on Earth [7,8], leading to severe
disruptions in its ecological networks. These changes pose a
critical threat to the survival of native species [9] and the liveli-
hoods of Indigenous communities who have depended on these
ecosystems for millennia [10,11]. Terrestrial vegetation, a fun-
damental component of the Arctic’s biosphere, plays a key role
in biogeochemical cycles through photosynthesis [12]. As pri-
mary producers, Arctic plants underpin food webs [13], sup-
port biodiversity [4], and provide various ecological services
[8,14,15]. Additionally, the structure of vegetation communities
in the Arctic affects surface albedo and energy balance, trig-
gering a feedback loop that may accelerate climate change by
absorbing more solar heat [16,17]. Given their pivotal role in
ecological functioning and climate feedback mechanisms,
systematic monitoring and assessment of Arctic vegetation
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vegetation growth across the terrestrial Arctic since the early
1980s [21-24]. These changes, typically quantified using spec-
tral vegetation indices, represent a conspicuous biospheric
response to rapid climate warming in high northern latitudes
[25-27]. However, the magnitude and persistence of pan-Arctic
greening are far from uniform [28,29]. Pronounced differ-
ences have emerged among spatial-temporal scales, vegetation
types, permafrost status, and regional climate regimes. Earlier
studies documented strong warming-associated increases in
plant greenness during the late 20th century [23], yet more
recent analyses have identified localized stagnation or declines
in vegetation activity (commonly termed “browning”) [29].
Declining vegetation activity has been attributed to stressors,
including diminished soil moisture [29], thermokarst and per-
mafrost thaw [30], and shifts in nutrient constraints [31]. The
coexistence of both greening and browning reflects complex
interactions among temperature, moisture, and nutrient availabil-
ity, as well as feedbacks involving snow cover and soil thermal
regimes [25,29]. Consequently, Arctic vegetation change cannot
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be understood as a simple linear response to warming. Instead,
its dynamics reflect a balance among multiple, sometimes oppos-
ing, climatic and ecological processes [32]. This intrinsic het-
erogeneity further contributes to substantial uncertainty in
projections of northern ecosystem functioning [12], complicat-
ing efforts to forecast future carbon uptake, nutrient cycling, and
hydrological feedbacks under continued climate warming [19].

Alongside climatic forcing, anthropogenic disturbance has
emerged as an influential factor shaping Arctic vegetation tra-
jectories, directly altering species assemblages and spatial pat-
terns of productivity. In northern Fennoscandia, for example,
mining operations have transformed tundra landscapes, lead-
ing to shifts toward functionally distinct plant communities
[33]. Across the Yamal Peninsula, extensive hydrocarbon devel-
opment has altered shrub composition, reduced lichen cover,
and disrupted surface hydrology [34-36]. On Alaska’s North
Slope, infrastructure and thermokarst interactions have been
shown to degrade tundra vegetation adjacent to roads and pipe-
lines, amplifying ground subsidence and wetland expansion
[37-39]. Collectively, these regional examples demonstrate that
human-induced disturbance can weaken or locally override
warming-driven greening trends. However, previous assess-
ments remain geographically fragmented, temporally limited,
or methodologically inconsistent, constraining our ability to
generalize disturbance impacts across the circumpolar domain.
As the Arctic becomes increasingly accessible through sea-ice
retreat and expanding resource exploitation, the magnitude and
extent of human influence are expected to intensify, underscor-
ing the urgent need for a unified, pan-Arctic framework to
assess how anthropogenic pressures and climatic forcing jointly
regulate vegetation change.

Here, we focused on pan-Arctic human footprint areas
(HFAs) as key interfaces where climatic and anthropogenic driv-
ers converge. These areas, encompassing settlements, industrial
developments, and mining operations, represent critical fron-
tiers for examining how vegetation responds to simultaneous
climatic and disturbance pressures. Because HFAs are spatially
heterogeneous and often composed of fine-scale disturbance
mosaics, their vegetation dynamics cannot be fully resolved by
coarse-resolution satellite products such as the Advanced Very
High Resolution Radiometer [40] or Moderate Resolution
Imaging Spectroradiometer (MODIS) [41]. The Landsat archive,
with its multidecadal continuity and 30-m spatial detail, pro-
vides a unique opportunity to quantify vegetation trajectories
within human-dominated landscapes at ecologically meaningful
scales [11,42]. Leveraging this capability, we investigated long-
term trends and variability in vegetation greenness across and
within Arctic HFAs from 2000 to 2020. Specifically, we exam-
ined spatial patterns and drivers of contemporary vegetation
dynamics, emphasizing the potential synergies and trade-offs
between anthropogenic disturbance and climate influences. By
addressing these questions, our study advances understanding
of how climatic and human factors interact to shape vegetation
change in the rapidly transforming Arctic, informing future
ecological monitoring and sustainable land management.

Materials and Methods
Study area

This study was conducted within the entire Arctic landmass,
delineated according to the 2015 Arctic Human Development
Report (AHDR) [43]. The AHDR Arctic spans an area of over
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40 million km? (or approximately 8% of Earth’s total land area),
encompassing Alaska, northern Canada (60°N northward),
Greenland, Iceland, Norway, Sweden, Finland, and the north-
ernmost regions of Russia (Fig. 1A). While broadly consistent
with previous pan-Arctic research studies [44-46], our boundary
places a stronger emphasis on regions shaped by sustained socio-
economic activity, thereby enabling a more targeted investigation
of Arctic vegetation change in relation to both climate variability
and human influence. The majority of the study area is underlain
by continuous permafrost (Fig. 1B), while discontinuous per-
mafrost is primarily found in the lower Arctic, including south-
ern Alaska, interior Canada, and parts of Siberia. Toward
northern Fennoscandia and the southern margins of the region,
permafrost coverage diminishes further, transitioning to spo-
radic or isolated patches. Vegetation biomes follow pronounced
biogeographic gradients (Fig. 1C), ranging from extensive boreal
forests across the sub-Arctic to the treeless tundra in the high
Arctic and alpine zones. Small patches of temperate forest and
grassland/shrub are found along the southern fringes. In this
study, biomes other than tundra and taiga/boreal forest (due to
their limited coverage) were incorporated.

Datasets

Landsat images

Satellite observations from the Landsat program were used to
evaluate vegetation greenness dynamics within Arctic HFAs.
As one of the most widely used sources of terrestrial remote
sensing data, Landsat offers a globally consistent, fine-spatial-
resolution, and freely accessible record that enables rigorous
analysis of vegetation dynamics over multidecadal time scales
[47-49]. Among numerous Landsat products, we utilized
Collection 2 Tier 1 imagery for its enhanced radiometric and
geometric consistency, ensuring the reliability of long-term
series analysis. Due to inconsistent data availability in the early
record, we restricted the study period to 2000 to 2020, within
which all usable Landsat 5 Thematic Mapper (TM), Landsat 7
Enhanced Thematic Mapper Plus (ETM+), and Landsat 8
Operational Land Imager (OLI) images acquired between
1 June and 1 October were retrieved from the US Geological
Survey via the Google Earth Engine platform [50]. We removed
images with more than 80% cloud obscuration. Invalid observa-
tions including snow, cloud, and cloud shadow were further
screened out by applying the CFmask algorithm [51]. The spatial
distribution of Landsat data availability (including the number
of clear observations, the clear observation percentage, and the
temporal length of Landsat time series) is shown in Fig. S1.

Nighttime lights

Satellite-derived nighttime light (NTL) data offer a distinctive
proxy for identifying human presence and activity, with strong
potential for quantifying anthropogenic pressures on natural eco-
systems [52]. In this study, we employed the harmonized global
NTL dataset [53] as the primary source to delimit the extent of
Arctic HFAs. This product integrates NTL observations from the
Defense Meteorological Satellite Program’s Operational Linescan
System (1992 to 2013) and the Visible Infrared Imaging Radiometer
Suite onboard the Suomi National Polar-orbiting Partnership sat-
ellite (since the year 2012). Systematic corrections were applied to
address issues such as observation noise, temporal discontinuity,
and intersensor radiation difference [53,54]. As a result, the dataset
offers the longest globally consistent record of annual nighttime
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Fig. 1. Overview of the study area. (A) Spatial extent of Arctic Human Development Report (AHDR) Arctic landmass (shaded polygons with stripes) [43], overlaid on the Natural
Earth basemap (https://www.naturalearthdata.com/). (B) and (C) display permafrost composition [108] and biogeographic zonation [109] within the study area, respectively.

illumination, with digital number (DN) values ranging from 0 to
63. In this study, we used the 30-arc-second harmonized NTL
dataset available from the Figshare repository [55].

Global mining areas

To address the limitations of NTL data in capturing small-scale
human presence [56,57], we further incorporated 2 global min-
ing datasets [58,59] to enhance the delineation of Arctic HFA
boundaries. Both datasets were derived from the visual inter-
pretation of high-resolution, multisource satellite imagery and
were optimized for global assessments of surface mining opera-
tions, capturing features such as excavation pits, overburden
dumps, leaching areas, and related processing infrastructure.
We merged the 2 datasets by retaining all mining polygons
identified by either source. The combined dataset initially con-
tained duplicates, erroneous entries, and records that did not
meet the criteria of this study. To ensure data quality, we con-
ducted a manual double check of each polygon, resulting in a
validated set of mining features that collectively covered a sub-
stantial area across the Arctic.

Land disturbance maps

In this study, disturbance refers to a broad spectrum of events that
result in stand-replacing conversions from one land cover type
to another [60]. Such transitions may arise from anthropogenic
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activities (e.g., infrastructure development, deforestation, and
surface mining) or from natural processes (e.g., wildfire and
flooding). However, our statistical, observation-based assess-
ment indicates that 93.7% of observed land disturbances within
Arctic HFAs are attributable to direct human activities (con-
struction, agriculture, and urban management), with natural
disturbances (fire, stress, and permafrost thaw) contributing
only marginally (Fig. S2). Accordingly, we treated mapped dis-
turbances within Arctic HFAs predominantly human induced
in our analyses. To quantify these land transitions, we utilized
the Global Land Cover and Land Use Change (GLCLU) dataset,
developed by the Global Land Analysis and Discovery (GLAD)
laboratory at the University of Maryland [61]. Derived from
an ensemble of thematic bitemporal maps generated using
regionally calibrated machine learning models, GLCLU pro-
vides global land surface change information at a 30-m spatial
resolution from 2000 to 2020. It captures pixel-level transitions
within and between major land cover classes such as tree cover,
croplands, built-up areas, open water, and perennial snow and
ice. Note that the GLCLU dataset is unavailable in parts of the
study domain, including Greenland, the Svalbard Archipelago,
and the Canadian high Arctic (north of 75°N). To fill these
gaps, we incorporated the Global Land Cover Estimation
(GLanCE) dataset [62], which offers comparable land change
detection results for a closely aligned timeframe (from 2001 to
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2019). Pixels exhibiting no recorded land cover change during
the study period were classified as stable, whereas those with
one or more transitions were identified as disturbed areas.

Ancillary data

Several ancillary datasets were incorporated into this study. The
Global Human Settlement Layer population grid (GHS-POP
R2023A) provides global residential population estimates at a
100-m resolution in 5-year intervals from 1975 to 2020 [63]. We
used the 2020 layer to estimate the population sizes of detected
HFAs, categorizing them as settlements (>200 persons) or
nonsettlements (<200 persons). Topographic information was
obtained from the Copernicus GLO-30 Digital Elevation Model,
which offers 30-m resolution global elevation estimates based
on radar imagery from the TanDEM-X mission. To exclude
permanent and seasonal water bodies, we applied the Global
Surface Water Occurrence dataset developed by the Joint
Research Centre of the European Commission (JRC-GSWO)
[56]. Administrative boundaries were defined using the Database
of Global Administrative Areas (GADM 4.1) [57]. For compari-
son with our Landsat-based analysis of HFA greenness dynam-
ics, we additionally collected 3 contemporary global HFA/urban
extent products [52,54,64] and MODIS normalized differ-
ence vegetation index (NDVI) data from the Terra satellite
(MOD13Q1 V6.1), which provides a 250-m spatial resolution
and a 16-d revisit.

Delineating circumarctic HFAs

HFAs represent the geographic extent where human activities
have substantially altered natural ecosystems [65-67]. While
existing global human footprint index maps [52,54,64,66,68,69]
and related datasets such as wildland—urban interface [70,71]
and urban boundary [72,73] provide valuable insights at broad
scales, they inadequately capture the Arctic context due to
incomplete spatial coverage and limited ability to represent the
combined impacts of multiple anthropogenic pressures. To
address these limitations, we reproduced a new mapping layer
of circumarctic HFA extents based on harmonized NTL illumi-
nation intensity, which serves as a robust proxy for distinguish-
ing human-influenced areas from pristine landscapes [74,75].
Potential HFA clusters were extracted using Otsu’s thresholding
segmentation algorithm. To mask out water bodies, the 30-m
JRC-GSWO dataset was aggregated to the NTL resolution, with
pixels classified as water if over 50% of the underlying finer-
resolution cells indicated permanent or seasonal water (labeled
as 2 or 3). We retained areas associated with gas flaring, as they
represent direct evidence of industrial activity and contribute
substantially to environmental pressures such as air pollution,
greenhouse gas emissions, and habitat disturbance. The seg-
mentation was then applied to cumulative NTL DN values from
2016 to 2020, reducing the influence of transient or nonanthro-
pogenic light sources and yielding initial HFA clusters com-
posed of spatially contiguous pixels with similar illumination
characteristics.

Due to the blooming effect inherent in NTL data [76], the
initially extracted HFA clusters may encompass not only
human-influenced areas but also adjacent undeveloped land.
We therefore adopted a quantile-based approach [68,77] to
refine the geographic extent of each potential HFA cluster. This
approach leverages the probability distribution of NTL DN
values (ranging from 0 to 63) within potential HFA clusters
and identifies the turning point on the quantile curve where
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the maximum deviation occurs from a linear reference line.
Such a point represents the boundary at which NTL illumina-
tion intensity shifts markedly from core HFA regions to their
peripheries. Depending on the degree of human presence and
the spatial scale of the detected cluster, thresholding is applied
once or iteratively to progressively exclude wildlands and
transitional fringe areas. Unlike previous methods constrained
by external calibration data, this approach enables consistent,
data-driven delineation of HFAs across large and heteroge-
neous Arctic landscapes. To further address the limitations of
NTL in detecting small-scale, low-luminance human presence,
the identified HFA clusters were augmented using the derived
mining polygon dataset (see the “Global mining areas” section).
This integration is essential, as mining operations in the Arctic
are spatially extensive yet emit minimal or no nighttime illu-
mination, leading to their underrepresentation in NTL-based
assessments. The mining polygons provide critical complemen-
tary information, capturing nonluminous but ecologically con-
sequential disturbances, such as open-pit mines, tailings ponds,
and associated infrastructure, thereby improving the complete-
ness and accuracy of Arctic HFA delineation.

Estimating vegetation greenness dynamics

We adopted the NDVI to quantify the greenness trend of vegeta-
tion within Arctic HFAs. As one of the most widely used vegeta-
tion indices, NDVT offers a consistent, well-validated measure
of photosynthetic activity, even in low-biomass environments
such as alpine and polar ecosystems [78-80]. In addition, NDVI
is computationally efficient and requires only red and near-
infrared bands, enabling scalable analysis across large and
heterogeneous Arctic landscapes. We focused on the annual
maximum growing-season NDVI (NDVI, ) because it serves
as a robust proxy for Arctic vegetation activity and mortality
[24,81]. To minimize artifacts caused by the view angle effect,
Landsat surface reflectance measurements were corrected using
the c-factor method, which applies fixed parameters from the
RossThick-LiSparse bidirectional reflectance distribution func-
tion model [82]. Furthermore, reflectance values from Landsat
5 TM and Landsat 8 OLI were harmonized to the Landsat 7
ETM+ baseline using polynomial regression with coefficients
optimized for tundra and boreal ecosystems [24].

Previous studies have indicated that greenness trends derived
from NDVI__ may be substantially overestimated due to the
temporal increase in available Landsat observations [83,84]. To
overcome this issue, we adopted the method of Choler et al.
[79] to adjust the estimates of NDVI_ . at the pixel level using
land surface phenology information. Specifically, we fitted a
harmonic function to the seasonal cycle of multiannual NDVI
over a 17-year window (8 years before and after the target year).
This phenological curve allowed us to estimate the difference
in Landsat NDVI between the peak of the growing season and
the actual day that each satellite observation was acquired
(ANDVI,oy). In essence, ANDVI,,,y represents the expected
adjustment in NDVTI if the observation had occurred at peak
greenness, rather than earlier or later in the season. We then
estimated NDVI by applying this phenology-based adjust-
ment to each individual NDVI observation:

NDVI, . = NDVIyoy + ANDVIpoy (1)

where NDVI,,y is the observed NDVI value on a specific day
within the growing season. Note that this method depends on
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well-defined vegetation phenology and was therefore not applied
to pixels with a mean growing-season NDVI below 0.15. For
years with multiple observations, the final NDVI,_ . was esti-
mated as the median of the adjusted NDVI__ values derived
from each individual observation. To evaluate the performance
of the correction, we conducted sensitivity tests by systematically
removing valid NDVI observations when estimating NDVI
This analysis was performed using all pixels with at least 13
valid observations in 2016, the year with the highest number
of clear-sky Landsat acquisitions. Notably, the corrected NDVI_ .
estimates exhibit reduced bias compared to the uncorrected
values, particularly when fewer observations were available
within the growing season (Fig. S3).

We assessed vegetation greenness trends across pan-Arctic
HFAs using annual NDVI,  estimates at both pixel and cluster
scales. To ensure reliability, pixels that were persistently unveg-
etated (minimum NDVI . < 0.10) or had insufficient data
records (<15 years) were excluded. Long-term trends in NDVI_
(ANDVI, . hereafter) were quantified using ordinary least
squares (OLS) linear regression, which provides continuous,
comparable estimates of trend magnitude. Unlike nonparamet-
ric methods such as the Mann-Kendall test, which assumes
monotonic trends and is less responsive to directional shifts,
ordinary least squares more effectively captures both gradual
and abrupt changes in vegetation associated with land transi-
tions and has been widely applied in previous studies to evalu-
ate anthropogenic influences on vegetation dynamics [85-87].
The ANDVI,__ significance was assessed using a 2-tailed Student
ttest (P < 0.05). Trends were classified as greening, browning,
or unchanged (insignificant). Only pixels with significant trends
were included in subsequent analyses unless noted otherwise,
and the proportion of significant pixels within each HFA cluster
is shown in Fig. S4.

Decomposing greenness trend signal
Vegetation greenness changes within Arctic HFAs are governed
by 2 principal categories of drivers: climatic forcing and land
disturbance. Climate-related influences encompass biophysical
and biogeochemical processes such as rising air temperatures,
permafrost thaw; altered nitrogen deposition, and earlier snowmelt,
all associated with long-term climatic variation. Land distur-
bance, by contrast, involves direct human modification of surface
conditions through activities such as infrastructure expansion,
mining, deforestation, and urban management, which can
change vegetation cover and alter soil thermal and hydrological
regimes. In practice, vegetation responses in HFAs reflect the
combined influence of climate forcing and anthropogenic dis-
turbances, which cannot be independently resolved using satellite
observations alone [88,89]. To address this challenge, we imple-
mented a conceptual framework (Fig. 2) derived from the
widely applied “proximity-pixel-reference” approach [85,90-
92]. In this framework, each focal pixel identified as disturbed
was paired with a set of nearby reference pixels characterized
by stable land cover. Benchmarking greenness trajectories of
focal pixels against these references enables the attribution of
observed trends to either disturbance-related or climate-related
processes. This approach provides a standardized means of
isolating the respective contributions of human-induced land
surface transformation and background climatic variation to
vegetation greenness dynamics across Arctic HFAs.

As a first step, we normalized the annual NDVI_,
series at the pixel level using z-scores:

. time
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z=(x—-u)/oc (2)

where z is the z-score, x is the annual NDVI_ estimate, and
uand o represent the multi-year mean and standard deviation
of x, respectively, calculated over the study period from 2000
t0 2020. Based on these normalized values, the observed green-

target

ness trend of the target pixel (A zOBS

2 additive components:

) was decomposed into

Pix e _ Pixygp0 Pixygreer Pix g0 _ Pixygreer Pix e
Azpp™ = Az N+ Az = Az N = Az = Az (3)
Pix, target target . .
where Az, nd A z represent the contributions from

dlsturbance and chmate change drivers, respectively. For each
turget

target pixel, A z was estimated from surrounding reference

pixels with stable land cover, where disturbance effects were

Pi
negligible (Az “reference o ), such that Az referene > Az, "

OBS

reference

To ensure climatic comparability, reference pixels were selected

from within a 6-km radius of the target pixel. This threshold
was selected to balance local climatic representativeness with
a sufficient sample size of stable reference pixels. Importantly,
sensitivity analyses with varying radii (2, 4, 6, 8, and 10 km)
confirmed that the estimated contributions were robust and
insensitive to this specific choice (Fig. S5). To further control
for orographic effects, we excluded pixels with elevation differ-
ences greater than +500 m, a threshold established in previous
studies to minimize phenological divergence caused by tem-
perature lapse rates [93]. The average z-score trend of these

ref%rence pixels was then used to approximate Az ., e Binally,
1X,
Az, *** was derived as the residual between observed and

climate-driven trends.

We further aggregated the pixel-level contributions of dis-
turbance and climate drivers to the observed greenness trend
at the scale of each HFA cluster, using pixel area as a weighting
factor to ensure representativeness The overall z-score trend
Aturget

for a given HFA cluster (Az, ) was decomposed as

HFAturget HFAtarget HFA target HFAtarget
Az ™ = Az M+ Az +Az (4)
HFAtarget n Pixtarget
Azppg = Zi:l Azgps™ /1 (5)
HF. Aturget n P ixturget
AZCD = Zi:l AZCD /n (6)

HFAgrger m Pixtarget _ m Pixtarget
Az, —< _ Az, " [m ><(m/n)—zi=1 Az, " n
)

HFA
where Az, "1 denotes the observed mean z-score trend for

the target HFA cluster, computed as the average of all pixel-level

) HFA HFA
trends (n total pixels). Az, g and Az % represent the
respective contributions from climate and disturbance drivers.
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Fig. 2. Conceptual framework for attributing vegetation greenness changes within Arctic human footprint areas (HFAs). Satellite image sequences illustrate disturbance (top)
and stable land cover (middle). The focal pixel (outlined in red) is benchmarked against surrounding reference pixels with stable land cover to separate the land disturbance-

related and climate-driven components of vegetation greenness trends.

m is the number of pixels that experienced land disturbance
within the HFA cluster. Since land disturbance affects only a
subset of pixels (m < n), its contribution was proportionally
scaled by the fraction of affected pixels relative to the total cluster

F. Atarget

H,
area. Az, represents the residual term, capturing potential

errors and additional influencing factors not explicitly accounted
for in our analysis. To determine the dominant driver of vegeta-
tion greenness change, we quantified the relative contributions
of each component as follows:

CDD = |AZDD| / |AZDD+AZCD+AZRES| X 100% (8)
CCD = |AZCD| / |AZDD+AZCD+AZRES| X 100% (9)
CRES = |AZRES| / |AZDD+AZCD+AZRES| X 100% (10)
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where Cpp, Ccp, and Cppg represent the percentage contribu-
tions of land disturbance, climatic forcing, and residual effects,
respectively. The driver category with the highest contribution
was identified as the major control of greenness trend for each
unit. These contribution metrics was computed at cluster levels,
enabling spatially explicit attribution and offering mecha-
nistic insight into the drivers of greening or browning within
Arctic HFAs.

Results

HFA distribution across the Arctic

Across the Arctic, we mapped 2,221 distinct HFA clusters with
a combined area of 21,402 km” (Fig. 3A and B). Although settle-
ments were far fewer than nonsettlements (435 vs. 1,786), they
covered a larger share of the total HFA (12,902 km? vs. 8,500 km?).
Disturbance intensity varied markedly among clusters, ranging
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from nearly undisturbed (0%) to almost entirely disturbed
(99.6%). On average, nonsettlement HFAs exhibited greater dis-
turbance (mean = 17.2%) than settlement HFAs (mean = 11.8%).
Settlement HFAs spanned a wide range of scales: small (<10 km?),
medium (10 to 100 km?), and large (>100 km?) clusters repre-
sented 41.6%, 53.1%, and 5.3% of all settlements, respectively, but
collectively contributed 5.5%, 61.0%, and 33.5% of the total settle-
ment area. In contrast, nonsettlement HFAs were overwhelmingly
composed of small and medium clusters, together comprising
99.3% of all clusters and 72.8% of the total area. To elucidate geo-
graphic patterns, we aggregated HFA cluster area and distur-
bance intensity by country, permafrost type, and biome (Fig.
3C). At the country level, Russia contained by far the largest
HFA (18,018.8 km?), followed by the North American Arctic
(1,961.2 km?) and the Nordic countries (1,422.0 km?*). When
grouped by permafrost type, HFAs were extensive in isolated/
sporadic permafrost zones. Biome-level patterns showed that
HFAs occurred predominantly within boreal forest, where
forestry, mining, and energy development are concentrated.
Collectively, these patterns highlight the coupling between human
activity, permafrost characteristics, and biome-specific resource
availability across the Arctic, shaped in part by national policies
and regional development priorities. To illustrate this diversity,
we selected 8 representative Arctic HFAs (Fig. 3D to K) for
detailed analysis. These sites encompass a wide spectrum of
geographic settings and development intensities, ranging from
established urban agglomerations to intensive resource extraction
zones. Comparisons with existing global datasets confirmed that
our results more accurately delineate these HFA extents (Fig. S6),
enabling a precise characterization of their variation in size and
spatial configuration. For instance, cities including Krasnoyarsk,
Murmansk, and Fairbanks exhibit complex urban forms shaped
by settlement and transportation infrastructure. In contrast,
resource-dependent sites display distinct morphological signa-
tures. The Mirny diamond mine and Fort Knox gold mine feature
concentric, excavation-driven footprints, whereas Vorkuta (coal)
displays elongated, corridor-like structures constrained by trans-
portation networks and local terrain.

Diverging vegetation trends across disturbed and
stable Arctic HFAs

We identified contrasting vegetation trajectories between dis-
turbance-affected and stable areas within Arctic HFAs over the
past 2 decades (Fig. 4A). Specifically, disturbed areas exhibited
a pronounced browning trend (ANDVI, , = —109.7 x 10 *year ™,
P < 0.05), whereas stable areas showed a moderate greening
trend (ANDVI__ = 37.8 X 10~* year™ ', P < 0.05). A distinct
greenness shift occurred around 2011, after which the NDVI_,
of stable areas remained higher than that of disturbed regions,
suggesting an increasing divergence in vegetation response.
Across pan-Arctic HFAs, ANDVI, , displayed a clear negative
relationship with disturbance intensity (Fig. 4B). Low-intensity
disturbances were frequently associated with vegetation green-
ing, yet as the disturbance percentage increased, ANDVI,_
declined progressively, indicating a transition toward browning
in heavily disturbed clusters (each 1% increase in disturbance
corresponded to an estimated 2.3-unit decrease in ANDVI_, ).
Spatially, disturbed areas exhibited negative ANDVI, . values
in 58.7% of all HFA clusters, although the browning magnitude
varied considerably across demographic, geographic, and eco-
logical contexts (Fig. 4C and Fig. S7). Notably, browning
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hotspots were particularly concentrated in the lower Arctic,
including southern Siberia, Sweden, and parts of the Canadian
Arctic. In contrast, stable areas displayed a predominance of
greening HFA clusters (67.7%), more than double the propor-
tion of browning clusters (32.3%). Greening signals in stable
areas were widespread across Eurasia and Alaska, with the
strongest positive ANDVI . observed in taiga-dominated
and high-latitude permafrost regions (Fig. 4D and Fig. S7).
We further selected 3 representative subset regions (Mirny,
Yellowknife, and Fort Knox) to illustrate contrasting greenness
dynamics between disturbed and stable areas within Arctic HFAs
(Fig. 5). These sites capture the diversity of Arctic climate zones,
geographic settings, and socioecological conditions. Quantitative
analysis confirmed that anthropogenic disturbance markedly
suppresses vegetation greening trends across all 3 diverse settings.
Two-sided Wilcoxon rank-sum tests revealed highly significant
differences (P < 0.0001) in the distribution of ANDVI___between
disturbed and stable areas (Fig. 5A to C), with disturbed zones
consistently exhibiting lower NDVI . trends than stable areas,
although the magnitude of difference varied among regions.
Spatially, greening was concentrated within urban cores, whereas
browning occurred predominantly in peripheral vegetated zones,
along transport corridors, and around industrial facilities. Despite
the mosaic of greening and browning patterns, high-resolution
Google Earth imagery from ~2000 and ~2020 reveals a clear spa-
tial correspondence between mapped disturbance zones and
observed land transformations, including infrastructure develop-
ment, vegetation loss surrounding settlement areas, and the
expansion of mining footprints (Fig. 5D to F). In contrast, stable
landscapes within these HFAs generally retained or enhanced
greenness during the same period, underscoring a consistent
spatial separation between disturbance-related browning and
background greening signals across the pan-Arctic domain.
Notably, ANDVI,_, values derived from Landsat closely matched
those from MODIS but provided substantially finer spatial detail,
capturing localized greening and browning patterns that are
largely obscured in coarser-resolution satellite products (Fig. S8).

Attribution of vegetation greenness responses to

disturbance and climate

The observed greenness trend was further partitioned into
climate-related and disturbance-related components (Fig. 6).
Among analyzed vegetated pixels within HFAs, climate contri-
butions were predominantly positive: 76.3% of pixels exhibited
greening and 23.7% browning, yielding a mean Az of +0.05
(year™"). By contrast, disturbance contributions were overall
negative: 68.9% of pixels showed browning and 31.1% greening,
with a mean Az of —0.05 (year '). Spatial patterns further
underscored the contrasting signatures of the 2 drivers (Fig.
6A and B). Climate-related greening extended over broad, con-
tiguous areas of western Siberia and central Alaska, with
additional coverage across northern Eurasia and Arctic North
America. Climate-related browning was less extensive, mainly
distributed in southern and eastern Siberia, the Canadian
Arctic, and parts of Fennoscandia. In sharp contrast, disturbance-
related browning was prominent across the entire Arctic. The
strongest signals occurred in settlement-dense regions of west-
ern Russia and northern Fennoscandia, in major mining zones
of Arctic Canada and Siberia, and along transportation corri-
dors including roads and pipelines. Disturbance-related greening
was limited and appeared only in small, spatially scattered
patches. The joint influence of these forces created a mosaic of
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reinforcing and offsetting signals, characterized by 4 co-change
types: climate-greening with disturbance-browning, climate-
browning with disturbance-greening, concordant greening, and
concordant browning (Fig. 6C). Spatially, climate-greening
with disturbance-browning was dominant, accounting for
50.3% of the total Arctic HFAs, with notable concentrations in
western Russia and parts of southern Siberia. Concordant
greening and concordant browning followed, covering 26.5%
and 21.5% of the area, respectively, while climate-browning
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with disturbance-greening was rare (1.7%). To further syn-
thesize these interactions, we aggregated the co-change types
into broad categories of reinforcing and offsetting effects (Fig.
S9). This simplified view confirms that antagonistic interactions,
where human disturbance opposes climate impact, are the defin-
ing vegetation greenness trend characteristic of Arctic HFAs.
The box-scatter plots (Fig. 6D and E) provide a complemen-
tary perspective by summarizing driver contributions across
demographic, regional, and ecological contexts. In all groups,
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climate-related greening and disturbance-related browning pre-
vailed, although climate contributions exhibited broader vari-
ability. Notably, the magnitude of climate-associated greening
tended to increase with population size, while the strength of
disturbance-related browning showed partial attenuation along
the same gradient. By contrast, no systematic trends emerged
among Arctic countries or permafrost types. At the biome scale,
taiga and tundra exhibited stronger climate-associated greening
and disturbance associated browning than other ecosystems,
underscoring that both drivers consistently act in opposing
directions but with differing intensity depending on ecological
setting. Stacked bar summaries (Fig. 6F) further confirmed that
disturbance-induced browning frequently counteracts climate-
driven greening across groups: a pattern that is noticeably more
pronounced when assessed by total HFA rather than frequency
count. Together, these results indicate that although climate
forcing generally enhances vegetation greenness, anthropogenic
disturbance exerts concentrated browning pressures, and their
interaction amplifies the spatial heterogeneity of vegetation
change.

By quantifying the relative contributions of disturbance and
climate drivers, we identified spatially divergent controls of
vegetation greenness dynamics within Arctic HFAs (Fig. 7).
Although disturbance contributed modestly on average (16.1%),
it imposed disproportionately strong browning pressures in
several regions, including western Russia, southern Scandinavia,
and major industrial and mining corridors in Siberia and Alaska
(Fig. 7A). Grouped comparisons further showed that climate
forcing consistently dominated across population classes, coun-
tries, permafrost zones, and biomes, yet disturbance remained a
substantial contributor in boreal forest biomes, isolated/sporadic
permafrost regions, and Russian HFAs (Fig. 7B). Notably, HFAs
with larger populations generally exhibited stronger climate-
driven contributions, whereas disturbance exerted greater
constraints in sparsely populated clusters. Latitudinal profiles
revealed a transition from disturbance influence at lower lati-
tudes to climate dominance toward the high Arctic, with climate-
associated greening strengthening above ~65°N and disturbance
impacts weakening across all regions (Fig. 7C). Such a pan-Arctic
gradient was overwhelmingly shaped by Russian HFAs, which
exhibited the steepest decline in disturbance influence toward
higher latitudes and the strongest amplification of climate-driven
greening. In contrast, North American HFAs showed weaker
disturbance signals and more muted latitudinal variation, reflect-
ing their concentration within midlatitude permafrost zones and
smaller industrial footprints. European HFAs displayed com-
paratively narrow latitudinal ranges, with disturbance impacts
peaking near settlement corridors and diminishing rapidly
northward.

Discussion

The rapid expansion of human activities into previously undis-
turbed Arctic landscapes has intensified ecological pressures
across the northern high latitudes. Our pan-Arctic assessment
reveals contrasting vegetation greenness trajectories between
disturbed and stable portions of HFAs. While stable areas
exhibited overall greening, disturbed land surfaces experienced
pronounced browning, revealing a pronounced human-induced
ecological divergence (Figs. 4A and 5). Browning signals were
geographically extensive, with notable concentrations across
southern Siberia, northern Fennoscandia, and portions of
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interior Canada, where industrial development, urban infra-
structure, and mining operations are most concentrated
(Figs. 3 and 4C). Moreover, variations within HFA groups sug-
gest that nonsettlement clusters experienced more severe
browning than settlements, likely due to the more intensive
land surface modification and persistent vegetation removal in
extractive zones (Fig. 4B and Fig. S7). In contrast, stable por-
tions of HFAs showed persistent greening across most of the
Arctic, despite considerable regional heterogeneity (Figs. 4D and
5). Collectively, our analysis echoes broadscale reports of pan-
Arctic greening associated with recent warming [24,26,94] but
indicates strong local reversals of this trend under direct human
impact.

To elucidate the drivers behind these contrasting trajecto-
ries, we developed a novel attribution framework that integrates
fine-scale HFA delineation with adjacent-pixel reference analy-
sis. Our results reveal that while climate forcing governs the
long-term background greening, anthropogenic disturbance
predominantly regulates the browning pattern within HFAs,
affecting 68.9% of analyzed HFA clusters (Fig. 6B) and account-
ing for 16.1% of overall vegetation greenness dynamics (Fig.
7A). This contribution is substantially greater than previous
global-scale estimates [25,40], highlighting that traditional coarse-
resolution analyses may obscure fine-scale disturbance signa-
tures by blending them into the broader greening trend [32,89,95].
Unlike the gradual and pervasive influence of climate forcing,
disturbance acts abruptly and heterogeneously, triggering imme-
diate cascading ecological consequences. Concurrent second-
ary stressors, such as industrial dust and soil compaction,
further inhibit regrowth and exacerbate local browning [96].
These impacts are magnified by Arctic ecological constraints
including short growing seasons (typically 60 to 90 d), shallow
rooting depths, and nutrient-poor soils, together restricting
recovery and rendering vegetation highly sensitive to distur-
bance [32,97,98]. Critically, vegetation recovery following mechan-
ical disruption operates on decadal to centennial time scales,
often failing to return to predisturbance biomass levels due to
irreversible hydrological changes [33,37]. Consequently, the
strong browning signals observed in our study likely represent
persistent ecological scars rather than transient fluctuations.

Despite the severity of these local impacts, the spatial reach
of disturbance-induced browning appears confined. We exam-
ined ANDVI . in the 10- to 30-km buffer zones surrounding
each HFA and observed no significant correlation between
HFA disturbance intensity and buffer zone greenness trajecto-
ries (Fig. S10). Unlike extensive urban agglomerations found
at lower latitudes that often exert regional ecological footprints,
Arctic HFAs appear to function as patches of disturbance, and
their browning effects are largely contained within the footprint
boundaries, while the surrounding landscapes largely remain
dominated by the background climate signals at this scale. This
contrast reinforces the discrete nature of Arctic development,
wherein anthropogenic impacts are spatially confined yet
locally dominant, potentially decoupling local vegetation tra-
jectories from the regional climatic trends. However, the cumu-
lative magnitude of this decoupling varies across the Arctic.
Climatic effects dominate in the high Arctic but weaken south-
ward as human disturbance increases (Fig. 7C). Such a pole-
ward decline in anthropogenic footprint largely reflects the
logistical and economic constraints on infrastructure expan-
sion in the high Arctic, where extreme environmental condi-
tions and remoteness limit the feasibility of large-scale industrial
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development and land-use pressure. This asymmetry also marks
a critical biogeographic transition in the terrestrial Arctic that
governs productivity, surface energy fluxes, and carbon exchange
along northern latitudinal gradients [20,27,99,100]. As warming
persists, the interplay among these processes may increasingly
weaken the resilience of Arctic ecosystems [18,101].

Our study demonstrates that Arctic vegetation change can-
not be characterized by a uniform “greening” phenomenon.
Instead, it underscores a complex interplay between broad
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climatic forcing and expanding human activity across the cir-
cumpolar domain [34,97]. This duality exposes a major blind
spot in current Arctic greening research, carrying both meth-
odological and practical implications. Methodologically, exist-
ing ecosystem models often fail to capture the complexity of
Arctic vegetation dynamics. This limitation arises largely because
they underrepresent the abrupt biophysical changes associated with
human activity [88,89,95,102]. Leveraging 2 decades of 30-m
Landsat observations and explicit HFA delineation, our proposed
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framework provides a direct, observation-based benchmark for
robustly quantifying and separating climate- and disturbance-
driven vegetation responses at ecologically meaningful scales. This
capacity not only improves attribution accuracy across the Arctic
but also provides a transferable tool for other climate-sensitive
regions such as alpine zones and the Antarctic Peninsula, where
snow and ice retreat are accompanied by vegetation change yet the
role of localized disturbance remains poorly constrained [78,79].
Practically, our circumarctic assessment highlights the urgency of
integrating human land-use activities into Earth system analyses
and climate adaptation strategies. As industrial infrastructure and
resource extraction continue to advance northward, cumulative
disturbance may progressively offset climate-driven productivity
gains and diminish the Arctic’s role as a terrestrial carbon sink.
Mitigating these risks requires low-impact infrastructure design
[103], strengthened land management in permafrost regions [3],
and targeted restoration efforts in areas where vegetation loss is
concentrated [88,104]. More broadly, the insights presented here
align with the United Nations Sustainable Development Goals and
provide actionable knowledge for Arctic Council initiatives seek-
ing to reconcile ecological resilience with sustainable economic
opportunities [2,10]. By improving the capacity to monitor and
attribute vegetation change, our study supports local communities,
Indigenous knowledge systems, and regional stakeholders in bal-
ancing environmental stewardship with livelihood opportunities
in a rapidly transforming Arctic.

Although our study advances fine-scale attribution of Arctic
greenness dynamics within HFAs, several limitations remain that
frame avenues for future work. We combined NTL observations
with mining inventory data to represent human footprints across
the Arctic. However, isolated or small-scale HFAs may still be
missed due to the incomplete detection of subsurface activities.
Such omission could lead to underestimation of the true extent
and ecological influence of anthropogenic disturbance, particu-
larly in regions where industrial infrastructure leaves subtle but
persistent landscape imprints [105]. Addressing this detection
challenge requires multisource fusion strategies, such as integrat-
ing synthetic-aperture radar to identify structural signatures
invisible to optical sensors and employing very high-resolution
imagery for targeted validation. In this study, we relied primarily
on NDVTI as the sole proxy for vegetation dynamics, which can-
not fully capture the complexity of ecosystem responses [93,106].
Incorporating complementary indicators such as leaf area index
[89,107] and solar-induced chlorophyll fluorescence [93] would
provide a more nuanced view of canopy structure and photo-
synthetic activity when their higher-resolution products become
available in the near future. Additionally, while our phenology-
based NDVI_ .. correction effectively minimizes temporal sam-
pling bias, the underlying harmonic model assumes a consistent
seasonal trajectory. Consequently, this method may be less reli-
able in pixels with high spatial heterogeneity or those undergoing
abrupt, short-term surface changes.

The proximity-based decomposition framework offers a
valuable potential for attributing vegetation trajectories to cli-
mate versus disturbance. However, the residual term (A zpgs)
underscores the influence of unmodeled local complexities.
This component likely reflects variability driven by factors dis-
tinct from the broad climate-disturbance dichotomy, poten-
tially including microtopographic constraints, soil moisture
heterogeneity, or cryptic natural disturbances (e.g., pest out-
breaks). Analyzing the spatial patterns of these residuals could
help identify regions where local biophysical conditions decouple
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from the regional background signal. Furthermore, the frame-
work does not yet resolve the individual roles of specific climatic
drivers (such as temperature, precipitation, or radiation) or cap-
ture the full types of human-relevant disturbances. Specifically,
due to the resolution mismatch between fine-scale Landsat obser-
vations and coarse-scale gridded climate products, our approach
groups all background climatic forces into a single aggregate
driver. Similarly, the lack of a consistent, attribute-rich pan-Arctic
disturbance inventory prevented us from using statistical model-
ing to quantify the individual contributions of specific activities,
such as mining excavation versus road construction, or to evaluate
postdisturbance recovery trajectories. Bridging this gap will
require integrating emerging high-resolution climate datasets and
detailed disturbance taxonomies to resolve these specific drivers.
Moreover, the current analysis focuses exclusively on vegetation
dynamics, representing only one dimension of Arctic ecosystem
change. Future work should expand to carbon fluxes, ecosystem
resilience, and biodiversity functions, thereby linking vegetation
dynamics more directly to the long-term sustainability of human
and natural systems in a rapidly warming Arctic.

Conclusion

Our study provides a comprehensive, fine-scale assessment of
Arctic vegetation change within HFAs over the past 2 decades.
By integrating 2 decades of 30-m Landsat observations with a
novel attribution framework, we demonstrated that Arctic veg-
etation dynamics are jointly governed by climate and anthro-
pogenic disturbance. Climate forcing has broadly promoted
greening across stable landscapes, yet human activities have
induced pronounced, spatially concentrated browning, account-
ing for 16.1% of total greenness variability within Arctic HFAs.
This quantitative separation reveals that the expansion and
intensification of human presence are already counteracting
climate-driven vegetation gains, particularly in industrial and
mining regions. Our findings highlight the growing vulnerabil-
ity of Arctic ecosystems to cumulative disturbance and provide
an observation-based benchmark for improving model repre-
sentation of human impacts in high-latitude environments.
Continued integration of fine-scale monitoring, process-based
modeling, and policy-oriented management will be essential
to safeguard the ecological resilience and climate-regulating
capacity of the Arctic under accelerating environmental change.

Acknowledgments

Funding: The research was supported by the National Natural
Science Foundation of China (42371344) and the Discipline
Breakthrough Precursor Project of the Ministry of Education
of China (JYB2025XDXM803).

Author contributions: Chong Liu and X.C. conceived the idea.
Chong Liu and Y.Z. designed the research and developed the
methodology. J.W. and Chong Liu performed the analysis. All
authors, including Chong Liu, JW,, Y.Z., QZ., N.D,, Caixia Liu,
T.L., and X.C,, contributed to the writing and editing of this paper.
Competing interests: The authors declare that they have no
competing interests.

Data Availability

All datasets used in this study are publicly available. Landsat 5,
7, and 8 Collection 2 Tier 1 surface reflectance imagery; the

14

9202 ‘6T 4200100 Uo Bioaous1os’ [dsy/:sdny woly pspeojumoq


https://doi.org/10.34133/remotesensing.1062

Journal of Remote Sensing

MOD13Q1.061 Terra NDVI time series; the Copernicus GLO-
30 Digital Elevation Model; and the Global Surface Water
Occurrence dataset were accessed through the Google Earth
Engine data catalog via https://developers.google.com/earth-
engine/datasets. The harmonized NTL dataset was obtained from
Figshare at https://doi.org/10.6084/m9.figshare.9828827.v5. Two
global mining inventories are available at https://doi.org/10.1594/
PANGAEA.942325 and https://doi.org/10.5281/zenodo.6806817.
Population data were derived from the Global Human Settlement
Layer (GHSL) Population Grid, 2020 via https://doi.org/
10.2905/2FF68A52-5B5B-4A22-8F40-C41DA8332CFE. The GLAD
GLCLU dataset and the GLanCE dataset were used for land
cover mapping via https://glad.umd.edu/dataset/ GLCLUC2020
and https://doi.org/10.5067/MEaSUREs/GLanCE/GLanCE30.001.
Three global HFA or urban extent products used for comparison
were accessed from https://doi.org/10.6084/m9.figshare.16571064,
https://doi.org/10.5061/dryad.ttdz08m1f, and https://doi.
org/10.6084/m9.figshare.16602224.v1. The derived data products
supporting this paper are available from the corresponding
authors upon reasonable request.

Supplementary Materials
Figs. S1 to S10

References

1. Portner H-O, Roberts DC, Masson-Delmotte V, Zhai P,
Tignor M, Poloczanska E, Mintenbeck K, Alegria A, Nicolai M,
Okem A, et al,, editors. IPCC special report on the ocean
and cryosphere in a changing climate. Cambridge (UK):
Cambridge University Press; 2019.

2. LiX, Guo H, Cheng G, Song X, Ran Y, Feng M, Che T, Li X,
Wang L, Duan A, et al. Polar regions are critical in achieving
global sustainable development goals. Nat Commun.
2025;16(1):3879.

3. Hjort ], Karjalainen O, Aalto J, Westermann S, Romanovsky VE,
Nelson FE, Etzelmiiller B, Luoto M. Degrading permafrost
puts Arctic infrastructure at risk by mid-century. Nat
Commun. 2018;9(1):5147.

4. Hope AG, Waltari E, Malaney JL, Payer DC, Cook JA, Talbot SL.
Arctic biodiversity: Increasing richness accompanies
shrinking refugia for a cold-associated tundra fauna.
Ecosphere. 2015;6(9):Article art159.

5. Fossheim M, Primicerio R, Johannesen E, Ingvaldsen RB,
Aschan MM, Dolgov AV. Recent warming leads to a rapid
borealization of fish communities in the Arctic. Nat Clim
Chang. 2015;5(7):673-677.

6. Davidson SC, Bohrer G, Gurarie E, LaPoint S, Mahoney PJ,
Boelman NT, Eitel JUH, Prugh LR, Vierling LA,
Jennewein J, et al. Ecological insights from three decades of
animal movement tracking across a changing Arctic. Science.
2020;370(6517):712-715.

7. Rantanen M, Karpechko AY, Lipponen A, Nordling K,
Hyvirinen O, Ruosteenoja K, Vihma T, Laaksonen A. The
Arctic has warmed nearly four times faster than the globe
since 1979. Commun Earth Environ. 2022;3(1):168.

8. Garcia Criado M, Myers-Smith IH, Bjorkman AD,
Elmendorf SC, Normand S, Aastrup P, Aerts R, Alatalo JM,
Baeten L, Bjork RG, et al. Plant diversity dynamics over space
and time in a warming Arctic. Nature. 2025;642(8068):
653-661.

Liu et al. 2026 | https://doi.org/10.34133/remotesensing.1062

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Moon TA, Overeem I, Druckenmiller M, Holland M,
Huntington H, Kling G, Lovecraft AL, Miller G, Scambos T,
Schidel C, et al. The expanding footprint of rapid Arctic
change. Earths Futur. 2019;7(3):212-218.

Huntington HP, Carey M, Apok C, Forbes BC, Fox S, Holm LK,
Ivanova A, Jaypoody J, Noongwook G, Stammler F. Climate
change in context: Putting people first in the Arctic. Reg
Environ Chang. 2019;19(4):1217-1223.

Liu C, Huang H, Zhang Q, Chen X, Xu X, Xu H, Cheng X.
Arctic’s man-made impervious surfaces expanded by over
two-thirds in the 21st century. Sci Bull. 2022;67(14):1425-1429.
Zhang Y, Li W, Sun G, Mao J, Dannenberg M, Xiao J, Li Z,
Zhao H, Zhang Q, Hu S, et al. Contrasting biological
production trends over land and ocean. Nat Clim Chang.
2025;15(8):880-888.

Wirta HK, Vesterinen EJ, Hambiéck PA, Weingartner E,
Rasmussen C, Reneerkens J, Schmidt NM, Gilg O, Roslin T.
Exposing the structure of an Arctic food web. Ecol Evol.
2015;5(17):3842-3856.

Yuan W, Liu S, Dong W, Liang S, Zhao S, Chen J, Xu W, Li X,
Barr A, Andrew Black T, et al. Differentiating moss from
higher plants is critical in studying the carbon cycle of the
boreal biome. Nat Commun. 2014;5(1):4270.

Malinauskaite L, Cook D, Davidsdottir B, Ogmundardéttir H,
Roman J. Ecosystem services in the Arctic: A thematic review.
Ecosyst Serv. 2019;36:Article 100898.

Loranty MM, Goetz SJ, Beck PSA. Tundra vegetation

effects on pan-Arctic albedo. Environ Res Lett.
2011;6(2):Article 024014.

Massey R, Rogers BM, Berner LT, Cooperdock S, Mack MC,
Walker XJ, Goetz SJ. Forest composition change and
biophysical climate feedbacks across boreal North America.
Nat Clim Chang. 2023;13(12):1368-1375.

Beamish A, Raynolds MK, Epstein H, Frost GV, Macander MJ,
Bergstedt H, Bartsch A, Kruse S, Miles V, Tanis CM, et al.
Recent trends and remaining challenges for optical remote
sensing of Arctic tundra vegetation: A review and outlook.
Remote Sens Environ. 2020;246:Article 111872.

Phoenix GK, Treharne R. Arctic greening and browning:
Challenges and a cascade of complexities. Glob Chang Biol.
2022;28(11):3481-3483.

Frost GV, Bhatt US, Macander MJ, Berner LT, Walker DA,
Raynolds MK, Magnusson RI, Bartsch A, Bjerke JW,
Epstein HE, et al. The changing face of the Arctic: Four
decades of greening and implications for tundra ecosystems.
Front Environ Sci. 2025;13:1525574.

Myneni RB, Keeling CD, Tucker CJ, Asrar G, Nemani RR.
Increased plant growth in the northern high latitudes from
1981 to 1991. Nature. 1997;386(6626):698-702.

Zhou L, Tucker CJ, Kaufmann RK, Slayback D, Shabanov NV,
Myneni RB. Variations in northern vegetation activity
inferred from satellite data of vegetation index during 1981 to
1999. ] Geophys Res Atmos. 2001;106(D17):20069-20083.

Jia GJ, Epstein HE, Walker DA. Greening of arctic Alaska,
1981-2001. Geophys Res Lett. 2003;30(20):Article 2067.
Berner LT, Massey R, Jantz P, Forbes BC, Macias-Fauria M,
Myers-Smith I, Kumpula T, Gauthier G, Andreu-Hayles L,
Gaglioti BV, et al. Summer warming explains widespread
but not uniform greening in the Arctic tundra biome. Nat
Commun. 2020;11(1):4621.

Piao S, Wang X, Park T, Chen C, Lian X, He Y, Bjerke JW,
Chen A, Ciais P, Tommervik H, et al. Characteristics, drivers

15

9202 ‘6T 4200100 Uo Bioaous1os’ [dsy/:sdny woly pspeojumoq


https://doi.org/10.34133/remotesensing.1062
https://developers.google.com/earth-engine/datasets
https://developers.google.com/earth-engine/datasets
https://doi.org/10.6084/m9.figshare.9828827.v5
https://doi.org/10.1594/PANGAEA.942325
https://doi.org/10.1594/PANGAEA.942325
https://doi.org/10.5281/zenodo.6806817
https://doi.org/10.2905/2FF68A52-5B5B-4A22-8F40-C41DA8332CFE
https://doi.org/10.2905/2FF68A52-5B5B-4A22-8F40-C41DA8332CFE
https://glad.umd.edu/dataset/GLCLUC2020
https://doi.org/10.5067/MEaSUREs/GLanCE/GLanCE30.001
https://doi.org/10.6084/m9.figshare.16571064
https://doi.org/10.5061/dryad.ttdz08m1f
https://doi.org/10.6084/m9.figshare.16602224.v1
https://doi.org/10.6084/m9.figshare.16602224.v1

Journal of Remote Sensing

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

and feedbacks of global greening. Nat Rev Earth Environ.
2020;1(1):14-27.

Keenan TE, Riley WJ. Greening of the land surface in the
world’s cold regions consistent with recent warming. Nat
Clim Chang. 2018;8(9):825-828.

Chen A, Lantz TC, Hermosilla T, Wulder MA. Biophysical
controls of increased tundra productivity in the western
Canadian Arctic. Remote Sens Environ. 2021;258:

Article 112358.

Zhang Y, Song C, Band LE, Sun G. No proportional increase
of terrestrial gross carbon sequestration from the greening
Earth. ] Geophys Res Biogeosci. 2019;124(8):2540-2553.
Zhang Y, Mao ], Sun G, Guo Q, Atkins J, Li W, Jin M,
Song C, Xiao J, Hwang T, et al. Earth’s record-high greenness
and its attributions in 2020. Remote Sens Environ. 2025;316:
Article 114494.

LiJ, Holmgren M, Xu C. Greening vs browning?

Surface water cover mediates how tundra and boreal
ecosystems respond to climate warming. Environ Res Lett.
2021;16(10):Article 104004.

Crowther TW, Glick HB, Covey KR, Bettigole C, Maynard DS,
Thomas SM, Smith JR, Hintler G, Duguid MC, Amatulli G, et al.
Mapping tree density at a global scale. Nature. 2015;525(7568):
201-205.

Myers-Smith IH, Kerby JT, Phoenix GK, Bjerke JW, Epstein HE,
Assmann JJ, John C, Andreu-Hayles L, Angers-Blondin S,
Beck PSA, et al. Complexity revealed in the greening of the
Arctic. Nat Clim Chang. 2020;10(2):106-117.

Ylisirnio A-L, Allén A. Plant communities of Fennoscandian
subarctic mountain ecosystems 60 years after human
disturbance. Arct Antarct Alp Res. 2016;48(3):469-483.
Bartsch A, Pointner G, Nitze I, Efimova A, Jakober D,

Ley S, Hogstrom E, Grosse G, Schweitzer P. Expanding
infrastructure and growing anthropogenic impacts along
Arctic coasts. Environ Res Lett. 2021;16(11):Article 115013.
Kumpula T, Forbes BC, Stammler E Meschtyb N. Dynamics
of a coupled system: Multi-resolution remote sensing

in assessing social-ecological responses during 25 years

of gas field development in Arctic Russia. Remote Sens.
2012;4(4):1046-1068.

Kumpula T, Pajunen A, Kaarlejérvi E, Forbes BC, Stammler E
Land use and land cover change in Arctic Russia: Ecological
and social implications of industrial development. Glob
Environ Chang. 2011;21(2):550-562.

Walker DA, Webber PJ, Binnian EE Everett KR, Lederer ND,
Nordstrand EA, Walker MD. Cumulative impacts of

oil fields on northern Alaskan landscapes. Science.
1987;238(4828):757-761.

Raynolds MK, Walker DA, Ambrosius KJ, Brown J, Everett KR,
Kanevskiy M, Kofinas GP, Romanovsky VE, Shur Y, Webber PJ.
Cumulative geoecological effects of 62 years of infrastructure
and climate change in ice-rich permafrost landscapes, Prudhoe
Bay Oilfield, Alaska. Glob Chang Biol. 2014;20(4):1211-1224.
Miner K, Baskaran L, Gay B, Sousa D, Miller C. Frozen no
more, a case study of Arctic permafrost impacts of oil and gas
withdrawal. Sci Rep. 2024;14(1):25403.

Zhu Z, Piao S, Myneni RB, Huang M, Zeng Z, Canadell ]G,
Ciais P, Sitch S, Friedlingstein P, Arneth A, et al. Greening of
the Earth and its drivers. Nat Clim Chang. 2016;6(8):791-795.
Zhang Y, Song C, Band LE, Sun G, Li J. Reanalysis of global
terrestrial vegetation trends from MODIS products: Browning
or greening? Remote Sens Environ. 2017;191:145-155.

Liu et al. 2026 | https://doi.org/10.34133/remotesensing.1062

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Gong P, Li X, Wang ], Bai Y, Chen B, Hu T, Liu X, Xu B, Yang J,
Zhang W, et al. Annual maps of global artificial impervious
area (GAIA) between 1985 and 2018. Remote Sens Environ.
2020;236:Article 111510.

Larsen JN, Fondahl G, editors. Arctic human development
report: Regional processes and global linkages. Copenhagen
(Denmark): Nordic Council of Ministers; 2015.

Raynolds MK, Walker DA, Balser A, Bay C, Campbell M,
Cherosov MM, Daniéls FJA, Eidesen PB, Ermokhina KA,
Frost GV, et al. A raster version of the Circumpolar

Arctic Vegetation Map (CAVM). Remote Sens Environ.
2019;232:Article 111297.

Bartsch A, Efimova A, Widhalm B, Muri X,

von Baeckmann C, Bergstedt H, Ermokhina K, Hugelius G,
Heim B, Leibman M. Circumarctic land cover diversity
considering wetness gradients. Hydrol Earth Syst Sci.
2024;28(11):2421-2481.

Orndahl KM, Berner LT, Macander MJ, Arndal ME,
Alexander HD, Humphreys ER, Loranty MM, Ludwig SM,
Nyman J, Juutinen S, et al. Next generation Arctic vegetation
maps: Aboveground plant biomass and woody dominance
mapped at 30 m resolution across the tundra biome. Remote
Sens Environ. 2025;323:Article 114717.

Woodcock CE, Allen R, Anderson M, Belward A,
Bindschadler R, Cohen W, Gao F, Goward SN, Helder D,
Helmer E, et al. Free access to Landsat imagery. Science.
2008;320(5879):1011.

Wulder MA, Loveland TR, Roy DP, Crawford CJ, Masek JG,
Woodcock CE, Allen RG, Anderson MC, Belward AS,
Cohen WB, et al. Current status of Landsat program, science,
and applications. Remote Sens Environ. 2019;225:127-147.
Waulder MA, Roy DP, Radeloft VC, Loveland TR, Anderson MC,
Johnson DM, Healey S, Zhu Z, Scambos TA, Pahlevan N, et al.
Fifty years of Landsat science and impacts. Remote Sens
Environ. 2022;280:Article 113195.

Gorelick N, Hancher M, Dixon M, Ilyushchenko S, Thau D,
Moore R. Google Earth Engine: Planetary-scale geospatial
analysis for everyone. Remote Sens Environ. 2017;202:18-27.
Zhu Z, Woodcock CE. Object-based cloud and cloud
shadow detection in Landsat imagery. Remote Sens Environ.
2012;118:83-94.

Mu H, Li X, Wen Y, Huang J, Du P, Su W, Miao S, Geng M. A
global record of annual terrestrial Human Footprint dataset
from 2000 to 2018. Sci Data. 2022;9(1):176.

Li X, Zhou Y, Zhao M, Zhao X. A harmonized global
nighttime light dataset 1992-2018. Sci Data. 2020;7(1):168.
Zhao M, Cheng C, Zhou Y, Li X, Shen S, Song C. A global
dataset of annual urban extents (1992-2020) from harmonized
nighttime lights. Earth Syst Sci Data. 2022;14(2):517-534.

Li X, Zhou Y, Zhao M, Zhao X. Harmonization of DMSP and
VIIRS nighttime light data from 1992-2020 at the global scale.
Figshare. 2020. [accessed 17 Apr 2024] https://doi.org/10.6084/
m9.figshare.9828827.v5

Pekel J-F, Cottam A, Gorelick N, Belward AS. High-
resolution mapping of global surface water and its long-term
changes. Nature. 2016;540(7633):418-422.

Hijmans R]. GADM database of global administrative areas,
Version 4.1. GADM. 2022. [accessed 23 Oct 2023]
https://gadm.org/

Maus V, Giljum S, da Silva DM, Gutschlhofer J, da Rosa RP,
Luckeneder S, Gass SLB, Lieber M, McCallum I. An update
on global mining land use. Sci Data. 2022;9(1):433.

16

9202 ‘6T 4200100 Uo Bioaous1os’ [dsy/:sdny woly pspeojumoq


https://doi.org/10.34133/remotesensing.1062
https://doi.org/10.6084/m9.figshare.9828827.v5
https://doi.org/10.6084/m9.figshare.9828827.v5
https://gadm.org/

Journal of Remote Sensing

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Tang L, Werner TT. Global mining footprint mapped from
high-resolution satellite imagery. Commun Earth Environ.
2023;4(1):134.

Zhang Y, Woodcock CE, Chen S, Wang JA, Sulla-Menashe D,
Zuo Z, Olofsson P, Wang Y, Friedl MA. Mapping causal
agents of disturbance in boreal and arctic ecosystems of
North America using time series of Landsat data. Remote
Sens Environ. 2022;272:Article 112935.

Potapov P, Hansen MC, Pickens A, Hernandez-Serna A,
Tyukavina A, Turubanova S, Zalles V; Li X, Khan A, Stolle F,
et al. The global 2000-2020 land cover and land use change
dataset derived from the Landsat archive: First results. Front
Remote Sens. 2022;3:Article 856903.

Friedl MA, Woodcock CE, Olofsson P, Zhu Z, Loveland T,
Stanimirova R, Arevalo P, Bullock E, Hu K-T, Zhang Y, et al.
Medium spatial resolution mapping of global land cover and
land cover change across multiple decades from Landsat.
Front Remote Sens. 2022;3:Article 894571.

Carioli A, Schiavina M, Freire S, MacManus K. GHS-POP
R2023A - GHS population grid multitemporal (1975-2030).
European Commission. 2023. [accessed 15 Apr 2025]
https://doi.org/10.2905/2FF68 A52-5B5B-4A22-8F40-
C41DA8332CFE

Gassert E, Venter O, Watson JEM, Brumby SP, Mazzariello JC,
Atkinson SC, Hyde S. An operational approach to near real
time global high resolution mapping of the terrestrial Human
Footprint. Front Remote Sens. 2023;4:Article 1130896.
Sanderson EW, Jaiteh M, Levy MA, Redford KH, Wannebo AV,
Woolmer G. The human footprint and the last of the wild:
The human footprint is a global map of human influence

on the land surface, which suggests that human beings are
stewards of nature, whether we like it or not. Bioscience.
2002;52(10):891-904.

Williams BA, Venter O, Allan JR, Atkinson SC, Rehbein JA,
Ward M, Marco MD, Grantham HS, Ervin ], Goetz SJ, et al.
Change in terrestrial human footprint drives continued loss
of intact ecosystems. One Earth. 2020;3(3):371-382.

Brooks ST, Jabour ], van den Hoft ], Bergstrom DM. Our
footprint on Antarctica competes with nature for rare ice-free
land. Nat Sustain. 2019;2(3):185-190.

Zhou Y, Li X, Asrar GR, Smith SJ, Imhoff M. A global record
of annual urban dynamics (1992-2013) from nighttime
lights. Remote Sens Environ. 2018;219:206-220.

Watson JEM, Venter O. Mapping the continuum of
humanity’s footprint on land. One Earth. 2019;1(2):175-180.
Chen B, Wu §, Jin Y, Song Y, Wu C, Venevsky S, Xu B,
Webster C, Gong P. Wildfire risk for global wildland-urban
interface areas. Nat Sustain. 2024;7(4):474-484.

Schug E, Bar-Massada A, Carlson AR, Cox H, Hawbaker T7,
Helmers D, Hostert P, Kaim D, Kasraee NK, Martinuzzi S, et al.
The global wildland-urban interface. Nature. 2023;621(7977):94-99.
Taubenbock H, Weigand M, Esch T, Staab ], Wurm M,

Mast ], Dech S. A new ranking of the world’s largest cities—
Do administrative units obscure morphological realities?
Remote Sens Environ. 2019;232:Article 111353.

Li X, Gong P, Zhou Y, Wang ], Bai Y, Chen B, Hu T, Xiao Y,
Xu B, Yang J, et al. Mapping global urban boundaries from
the global artificial impervious area (GAIA) data. Environ Res
Lett. 2020;15(9):Article 094044.

Akandil C, Plekhanova E, Rietze N, Oehri J, Romén MO,
Wang Z, Radeloft VC, Schaepman-Strub G. Artificial

light at night reveals hotspots and rapid development of

Liu et al. 2026 | https://doi.org/10.34133/remotesensing.1062

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

industrial activity in the Arctic. Proc Natl Acad Sci USA.
2024;121(44):Article €2322269121.

Levin N, Kyba CCM, Zhang Q, de Miguel AS, Roman MO,

Li X, Portnov BA, Molthan AL, Jechow A, Miller SD, et al.
Remote sensing of night lights: A review and an outlook for
the future. Remote Sens Environ. 2020;237:Article 111443.
Zheng Q, Weng Q, Wang K. Correcting the Pixel Blooming
Effect (PiBE) of DMSP-OLS nighttime light imagery. Remote
Sens Environ. 2020;240:Article 111707.

Zhao M, Zhou Y, Li X, Cheng W, Zhou C, Ma T, Li M,
Huang K. Mapping urban dynamics (1992-2018) in
Southeast Asia using consistent nighttime light data from
DMSP and VIIRS. Remote Sens Environ. 2020;248:

Article 111980.

Roland TP, Bartlett OT, Charman D], Anderson K, Hodgson DA,
Amesbury M]J, Maclean I, Fretwell PT, Fleming A. Sustained
greening of the Antarctic Peninsula observed from satellites.
Nat Geosci. 2024;17(11):1121-1126.

Choler P, Bayle A, Fort N, Gascoin S. Waning snowfields have
transformed into hotspots of greening within the alpine zone.
Nat Clim Chang. 2025;15(1):80-85.

Mukhtar H, Yang Y, Xu M, Wu J, Abbas S, Wei D, Zhao W.
Elevation-dependent vegetation greening and its responses to
climate changes in the South Slope of the Himalayas. Geophys
Res Lett. 2025;52(4):Article €2024GL113276.

Berner LT, Goetz SJ. Satellite observations document trends
consistent with a boreal forest biome shift. Glob Chang Biol.
2022;28(10):3275-3292.

Roy DP, Zhang HK, Ju ], Gomez-Dans JL, Lewis PE, Schaaf CB,
Sun Q, LiJ, Huang H, Kovalskyy V. A general method to
normalize Landsat reflectance data to nadir BRDF adjusted
reflectance. Remote Sens Environ. 2016;176:255-271.

Bayle A, Gascoin S, Berner LT, Choler P. Landsat-based
greening trends in alpine ecosystems are inflated by
multidecadal increases in summer observations. Ecography.
2024;2024(12):Article e07394.

Qu S, Ryu Y, Liu J, Wang JA. Greening rate in North Korea
doubles South Korea. Environ Res Lett. 2023;18(8):

Article 084020.

LiL, Zhan W, Ju W, Penuelas J, Zhu Z, Peng S, Zhu X, Liu Z,
Zhou Y, Li ], et al. Competition between biogeochemical
drivers and land-cover changes determines urban greening or
browning. Remote Sens Environ. 2023;287: Article 113481.

Ju J, Masek JG. The vegetation greenness trend in Canada
and US Alaska from 1984-2012 Landsat data. Remote Sens
Environ. 2016;176:1-16.

Zhang X, Brandt M, Tong X, Tong X, Zhang W, Fensholt R.
Urban core greening balances browning in urban expansion
areas in China during recent decades. ] Remote Sens.
2024;4:0112.

Zhang Y, Song C, Hwang T, Novick K, Coulston JW, Vose ],
Dannenberg MP, Hakkenberg CR, Mao J, Woodcock CE.
Land cover change-induced decline in terrestrial gross
primary production over the conterminous United States
from 2001 to 2016. Agric For Meteorol. 2021;308-309:

Article 108609.

Wang D, Ziegler AD, Holden J, Spracklen DV, Ciais P, Peng L,
Zeng Z. Vegetation cover change as a growing driver of global
leaf area index dynamics. Nat Commun. 2025;16(1):9259.
LiY, Zhao M, Motesharrei S, Mu Q, Kalnay E, Li S. Local
cooling and warming effects of forests based on satellite
observations. Nat Commun. 2015;6(1):6603.

17

9202 ‘6T 4200100 Uo Bioaous1os’ [dsy/:sdny woly pspeojumoq


https://doi.org/10.34133/remotesensing.1062
https://doi.org/10.2905/2FF68A52-5B5B-4A22-8F40-C41DA8332CFE
https://doi.org/10.2905/2FF68A52-5B5B-4A22-8F40-C41DA8332CFE

Journal of Remote Sensing

91. Zhou D, Xiao J, Frolking S, Liu S, Zhang L, Cui Y, Zhou G.

Croplands intensify regional and global warming according to

satellite observations. Remote Sens Environ. 2021;264:
Article 112585.
92. Alkama R, Cescatti A. Biophysical climate impacts of recent

changes in global forest cover. Science. 2016;351(6273):600-604.
93. Wang S, Ju W, Pefiuelas J, Cescatti A, Zhou Y, Fu Y, Huete A,

Liu M, Zhang Y. Urban-rural gradients reveal joint control

of elevated CO, and temperature on extended photosynthetic

seasons. Nat Ecol Evol. 2019;3(7):1076-1085.

94. Song X-P, Hansen MC, Stehman SV, Potapov PV, Tyukavina A,
Vermote EE, Townshend JR. Global land change from 1982 to

2016. Nature. 2018;560(7720):639-643.
95. Sulla-Menashe D, Woodcock CE, Friedl MA. Canadian

boreal forest greening and browning trends: An analysis of
biogeographic patterns and the relative roles of disturbance versus
climate drivers. Environ Res Lett. 2018;13(1):Article 014007.
96. Walker DA, Leibman MO, Epstein HE, Forbes BC, Bhatt US,

Raynolds MK, Comiso JC, Gubarkov AA, Khomutov AV, Jia GJ,
et al. Spatial and temporal patterns of greenness on the Yamal
Peninsula, Russia: Interactions of ecological and social factors
affecting the Arctic normalized difference vegetation index.

Environ Res Lett. 2009;4(4):Article 045004.

97. Forbes BC, Ebersole J], Strandberg B. Anthropogenic
disturbance and patch dynamics in circumpolar Arctic
ecosystems. Conserv Biol. 2001;15(4):954-969.

98. Heijmans MMPD, Magnusson RI, Lara MJ, Frost GV,

Myers-Smith IH, van Huissteden J, Jorgenson MT, Fedorov AN,

Epstein HE, Lawrence DM, et al. Tundra vegetation

change and impacts on permafrost. Nat Rev Earth Environ.

2022;3(1):68-84.

99. Mack MC, Walker X]J, Johnstone JE, Alexander HD, Melvin AM,
Jean M, Miller SN. Carbon loss from boreal forest wildfires

offset by increased dominance of deciduous trees. Science.
2021;372(6539):280-283.

100. Rotbarth R, Van Nes EH, Scheffer M, Jepsen JU, Vindstad OPL,
Xu C, Holmgren M. Northern expansion is not compensating
for southern declines in North American boreal forests. Nat

Commun. 2023;14(1):3373.

Liu et al. 2026 | https://doi.org/10.34133/remotesensing.1062

101.

102.

103.

104.

105.

106.

107.

108.

109.

Christensen T, Barry T, Taylor JJ, Doyle M, Aronsson M,
Braa J, Burns C, Coon C, Coulson S, Cuyler C, et al.
Developing a circumpolar programme for the monitoring
of Arctic terrestrial biodiversity. Ambio. 2020;49(3):
655-665.

Qiu S, Zhu Z, Yang X, Woodcock CE, Fahey RT, Stehman S,
Zhang Y, Cullerton M, Grinstead A, Hong E et al. A shift
from human-directed to undirected wild land disturbances in
the USA. Nat Geosci. 2025;18(10):989-996.

Hjort J, Streletskiy D, Doré G, Wu Q, Bjella K, Luoto M.
Impacts of permafrost degradation on infrastructure. Nat Rev
Earth Environ. 2022;3(1):24-38.

Wang JA, Friedl MA. The role of land cover change in Arctic-
Boreal greening and browning trends. Environ Res Lett.
2019;14(12):Article 125007.

Zhang Y, Ling E, Wang X, Foody GM, Boyd DS, Li X,

Du Y, Atkinson PM. Tracking small-scale tropical forest
disturbances: Fusing the Landsat and Sentinel-2 data record.
Remote Sens Environ. 2021;261:Article 112470.

Wang X, Dannenberg MP, Yan D, Jones MO, Kimball JS,

Moore DJP, van Leeuwen WJD, Didan K, Smith WK.
Globally consistent patterns of asynchrony in vegetation
phenology derived from optical, microwave, and fluorescence
satellite data. ] Geophys Res Biogeosci. 2020;125(7):

Article e2020]JG005732.

Chen C, Park T, Wang X, Piao S, Xu B, Chaturvedi RK, Fuchs R,
Brovkin V, Ciais P, Fensholt R, et al. China and India lead in
greening of the world through land-use management. Nat
Sustain. 2019;2(2):122-129.

Brown J, Ferrians O, Heginbottom JA, Melnikov E. Circum-
Arctic map of permafrost and ground-ice conditions,

version 2. NSIDC. 2002. [accessed 11 Sep 2024]
https://doi.org/10.7265/skbg-kf16

Olson DM, Dinerstein E, Wikramanayake ED, Burgess ND,
Powell GVN, Underwood EC, D’amico JA, Itoua I, Strand HE,
Morrison JC, et al. Terrestrial ecoregions of the world: A

new map of life on Earth: A new global map of terrestrial
ecoregions provides an innovative tool for conserving
biodiversity. Bioscience. 2001;51(11):933-938.

18

9202 ‘6T 4200100 Uo Bioaous1os’ [dsy/:sdny woly pspeojumoq


https://doi.org/10.34133/remotesensing.1062
https://doi.org/10.7265/skbg-kf16

Journal of Remote Sensing

A SCIENCE PARTNER JOURNAL

Anthropogenic Disturbance Dampens Climate-Driven Greening in the Arctic
Chong Liu, Jiayi Wang, Yulong Zhang, Qi Zhang, Na Dong, Caixia Liu, Teng Li, and Xiao Cheng

Citation: Liu C, Wang J, Zhang Y, Zhang Q, Dong N, Liu C, Li T, Cheng X. Anthropogenic Disturbance Dampens Climate-
Driven Greening in the Arctic. J Remote Sens. 2026;6:1062. DOI: 10.34133/remotesensing.1062

Arctic vegetation is a critical component of the Earth system, regulating high-latitude carbon balance, surface energy
exchange, and ecosystem resilience. Despite the widespread greening observed under recent warming, Arctic
vegetation responses to the combined pressures of accelerating climate change and expanding human activity remain
poorly understood, limiting our ability to anticipate future ecosystem trajectories and climate feedbacks. Here, by
integrating 2 decades of 30-m Landsat observations with a novel attribution framework, we disentangled the respective
contributions of climatic forcing and anthropogenic disturbance to vegetation dynamics within human footprint areas
(HFAs) across the circumarctic. Based on 2,221 distinct HFA clusters, we found that while climatic warming has
broadly enhanced vegetation greenness, anthropogenic disturbance has imposed strong, spatially concentrated
browning, explaining 16.1% of the observed total greenness variability within HFAs. These disturbance effects are
most pronounced in industrial and mining regions and intensify toward lower latitudes. Our findings reveal that human
activity is emerging as an important modifier of Arctic vegetation dynamics, highlighting the need for disturbance-aware
monitoring and adaptive management to sustain ecological integrity across the vulnerable Arctic.
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