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Abstract: Polar ecosystems are reshaping rapidly in the 21st century, yet Antarctica's continent-
wide terrestrial vegetation response remains unclear. Here, using 22 years (2002-2023) of daily 
MODIS products, we provide the first continent-wide, multi-decadal record of spectral 40 

greenness. The area of satellite product exhibiting greenness increased by more than 50%, from 
7,356 to 11,219 km², and mean seasonal detection span lengthened from 22.6 to 32.4 days. Both 
trends were significant across all three major Antarctic regions. Water availability and ultraviolet 
radiation together account for 77% of modeled continental climate contributions, while 
temperature contributes less. Modeled regional contributions diverge sharply: water dominates in 45 

East Antarctica, ultraviolet-radiation on the Antarctic Peninsula, and ultraviolet-radiation and 
temperature jointly in West Antarctica. These results reveal shared spatial and seasonal greening 
across contrasting Antarctic changing environments. 
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Main:  50 

The rapid environmental changes occurring across the globe are particularly evident at the poles, 
where ecological transformations are unfolding at an accelerated pace (1). While Arctic greening 
has been extensively studied and attributed primarily to rising temperatures (2,3), the patterns of 
greenness in Antarctica and their environmental associations remain poorly understood at the 
continental level (4,5). Antarctica's extremely cold and dry environment confines greenness to 55 

small ice-free habitats dominated by bryophytes, lichens, algae, cyanobacteria, and microbial 
communities (6-8). These ecosystems are particularly sensitive to shifts in environmental 
conditions (8,9). Both observational evidence and model projections suggest that Antarctica's 
terrestrial environment is undergoing shifts including ice retreat, soil moisture increase, and 
stratospheric ozone recovery (10-14), suggesting that greenness dynamics may also be changing 60 

(4). Accurately tracking these changes and understanding the associated environmental 
conditions is essential for assessing the continent’s ecological response to global change (4,15). 

Despite growing interest, continent-scale assessments of Antarctic greenness over multi-decadal 
timescales remain absent. Field-based ecological studies have begun to document site-scale 
vegetation change in recent years (9), while satellite-based efforts focus either on regional scales 65 

using Landsat or Sentinel-2 (5) or on time-invariant continental snapshots (8). Recent debate 
highlights the importance of consistent satellite coverage and field validation for interpreting 
Antarctic greening (16-18). No prior study has quantified continent-scale, multi-decadal changes 
in both the extent and seasonal duration of Antarctic greenness. 

To address this gap, we compiled a 22-year dataset (2002-2023) of Antarctic greenness from 70 

Moderate Resolution Imaging Spectroradiometer (MODIS) observations (19-23). Throughout 
this study, 'greenness' refers to the MODIS-detected spectral signal at 500-m pixel scale, 
quantified by the Normalized Difference Vegetation Index (NDVI; see Methods). This metric 
identifies pixels carrying a detectable photosynthetic spectral signature; it does not directly map 
physical vegetation cover, which typically occupies sub-pixel area within Antarctic ice-free 75 

regions. MODIS's daily revisit and 500-m resolution enable continent-wide tracking of greenness 
dynamics across satellite observability windows (September-March) from 2002 to 2024. Cross-
sensor comparisons with Sentinel-2, radiative-transfer simulations, and observation-condition 
diagnostics support the biological interpretation of the detected signals at continental scale (see 
Supplementary Materials). 80 

To examine the environmental conditions associated with Antarctic greenness, we integrated the 
NDVI time series with complementary datasets (24). These include European Centre for 
Medium-Range Weather Forecasts (ECMWF) Reanalysis v5 (ERA5) climate variables (25), 
MODIS annual snow cover maps to delineate ice-free regions (26), and a digital elevation model 
to characterize terrain features (27). Together, these datasets enable continent-wide 85 

quantification of greenness extent, seasonal duration, decadal trends, and their associations with 
climatic conditions (Fig. 1). 

 

Greenness Distribution in Antarctica 

We define ‘green area’ as MODIS pixels with an annual maximum NDVI exceeding 0.2, 90 

computed as the pixel count multiplied by the 500-m pixel area (see Methods). This is a measure 
of the spatial extent over which a photosynthetic spectral signal is detectable, not of physical 
vegetation cover. The resulting distribution shows a strong coastal bias, with marked 
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concentration on the Antarctic Peninsula and scattered patches along the continental coastline 
(Fig. 1A). The Peninsula stands out, consistent with its milder maritime climate (average annual 95 

temperature ~-14 °C versus ~-46 °C inland; 25), which enables longer periods of photosynthetic 
activity and more frequent detection of greenness. Coastal regions of East and West Antarctica 
also show scattered, often transient patches of greenness (Fig. 2, Fig. S1).  
By contrast, the Antarctic interior remains largely devoid of greenness signal: permanent ice 
cover and extremely low temperatures prevent the exposure of substrates that could support 100 

photosynthetic activity (Fig. S1), and detections there are sparse and isolated. Ice-free regions 
such as the Transantarctic Mountains nevertheless host scattered patches of greenness (Fig. 2A). 
This pattern broadly aligns with the Sentinel-2 map of Walshaw et al. (8) but extends coverage to 
the 'pole hole' south of 82.8°S, beyond Sentinel-2's orbital reach. 

 105 

Widespread but Uneven Expansion of Antarctic Greenness  

Between September 2002 and March 2024, Antarctic green area showed substantial interannual 
variability but a significant overall expansion (Mann-Kendall p < 0.05, Sen's slope of 81.0 km² 
yr⁻¹; Fig. 1B). Total green area increased from 7,356 km² in 2002-2003 to 11,219 km² in 2023-
2024, an increase of more than 50% between the first and last observability windows (green area 110 

increase signal is robust under multiple sensitivity tests, see Supplementary Materials). Regional 
trends are concordant: Antarctic Peninsula (Sen's slope of 15.1 km² yr⁻¹), West Antarctica (Sen's 
slope of 14.4 km² yr⁻¹), and East Antarctica (Sen's slope of 32.8 km² yr⁻¹) all show significant 
positive expansion (Mann-Kendall p < 0.05; Fig. 1B). 

Expansion is concentrated in ice-free coastal regions, especially the Antarctic Peninsula, where 115 

milder maritime conditions support bryophytes, lichens, algae, cyanobacteria, and microbial 
communities (Fig. S1). Peak greenness reached 12,917 km² in the 2016-2017 observability 
window (Fig. 1B), coinciding with the strong 2016 El Niño-Southern Oscillation (ENSO) event 
that brought regional warming and increased moisture across the Southern Hemisphere (28,29); 
the long-term expansion persists after excluding this anomaly (Fig. S2). 120 

Comparing the first five (2002-2006) and last five (2019-2023) observability windows reveals 
spatially uneven changes in green area, classified as stable (present in both periods), new 
(present only in the last five), or disappeared (present only in the first five) (Fig. 2A). New green 
area concentrates along the Antarctic Peninsula and the Transantarctic Mountains (Fig. 2B-C), 
while localized losses appear along parts of the East Antarctic coastline (Fig. 2D). Gains and 125 

losses are similar in magnitude, however, “disappeared” pixels do not necessarily indicate 
community loss: even when each period combines five observability windows, episodic 
greenness and variation in hydration and meltwater availability can affect detection. Despite this 
variability, both the aggregated extent and the annual series show a net increase in green area. 

 130 

Extended Duration of Antarctic Greenness 

In addition to spatial expansion, the seasonal duration of greenness has also lengthened across 
Antarctica. In this study, greenness duration is the number of days between the first and last 
NDVI > 0.2 detection within a pixel during the observability window (see Methods); this 
envelope metric bounds the active period rather than counting active days, and is well suited to 135 

taxa with continuous seasonal activity such as mosses and lichens while potentially overstating 
activity for ephemeral taxa that bloom briefly and repeatedly. At the continental scale, mean 
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greenness duration increased from 22.6 (±40.6) days in 2002 to 32.4 (±48.9) days in 2023 
(Mann-Kendall p < 0.001, Sen's slope of 0.28 d yr⁻¹; Fig. 1C). Regional trends are concordant: 
East Antarctica (Sen's slope of 0.25 d yr⁻¹), West Antarctica (0.25 d yr⁻¹), and the Antarctic 140 

Peninsula (0.26 d yr⁻¹) all show significant duration extensions (Mann-Kendall p < 0.05; Fig. 
1C).  
Critically, this lengthening is not an artifact of the metric. An independent area-weighted 
duration measure based on a daily count of pixels exceeding NDVI > 0.2, which makes no use of 
first-and-last endpoints and is therefore insensitive to isolated tail detections, yields a similarly 145 

significant increase (Mann-Kendall p < 0.001; Fig. S24). The two metrics agree in direction and 
significance while differing in magnitude (Sen's slope 0.094 vs. 0.284 d yr⁻¹), consistent with 
their different definitions of greenness duration. The envelope-metric trend remains significant 
across the tested NDVI thresholds (Fig. S10), and both metrics remain significant under duration 
thresholds from 1 to 7 days (Fig. S12). 150 

Although greenness duration and green area generally follow parallel upward trends, they are not 
always temporally synchronized. A notable divergence occurred during the 2016-2017 austral 
summer, which coincided with a strong 2016 ENSO event and an abrupt decline in sea ice 
(29,30). During this period, green area expanded markedly, yet mean greenness duration 
decreased to 20.8 (±32.6) days, which was 34% lower than the preceding year. This divergence 155 

likely reflects rapid colonization of newly exposed ice-free surfaces by ephemeral organisms 
such as snow algae and biocrust microalgae, responding to increased meltwater availability (Fig. 
S1, S4). Despite this ENSO-driven reduction, the long-term increase in greenness duration 
remains when years with large deviations are excluded (Fig. S5). By contrast, established 
bryophyte and lichen communities sustain detectable photosynthetic activity from weeks to 160 

months (7,9,31-35), supporting longer durations where present. 

 

Environmental Associations of Antarctic Greenness Trends 

To resolve the environmental conditions associated with Antarctic greenness trends, we 
employed a random forest (RF) model to predict green area fraction, defined as the proportion of 165 

MODIS pixels with NDVI > 0.2 within each 0.1° grid cell, and partitioned the modeled trend 
among variables using Shapley value decomposition (see Methods). By design, this is an 
attribution of explained signal among co-varying environmental variables, which we interpret in 
concert with independent ecophysiological evidence and with a complementary detrending 
analysis described below; its strength comes from the convergence of these lines. Each 170 

environmental variable was decomposed into spatial (geographic heterogeneity), temporal (long-
term and interannual variability), and residual (local deviations) components, all of which served 
as RF inputs (see Methods). The RF achieved robust performance across both continental and 
regional models under 5-fold spatiotemporal cross-validation (Fig. S6, S7, see Supplementary 
Materials). 175 

Random forest permutation importance, which quantifies how sensitive model predictions are to 
each input variable, shows that the predicted green area fraction depends much more on spatial 
differences in environmental conditions across Antarctica than on interannual variability at any 
single location (Data S1). This pattern reflects the strong heterogeneity of Antarctic climate: 
contrasts between ice-free coast and high-elevation interior, or maritime Peninsula and cold-180 

desert East, are typically larger than interannual variability at any given location. Predictions in 
East Antarctica are most sensitive to ice-free area ratio, consistent with a habitat-limited regime 
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where exposed substrate is a key constraint. On the Antarctic Peninsula, predictions depend more 
on climatic variables (UV radiation, precipitation), suggesting a transition from a habitat-limited 
to a more climate-responsive greenness regime as conditions become milder (36, 37). Because 185 

permutation importance reflects predictive sensitivity rather than causal contribution, we 
attribute the temporal greenness trend to specific climate variables separately, using Shapley 
value analysis. 

Shapley value analysis apportions the modeled greenness trend among variables according to 
each variable’s average marginal contribution across all variable combinations, with shares 190 

summing to the model-explained portion of the trend (see Methods). At the continental scale, 
water availability (volumetric soil water 35%, precipitation 21%) and ultraviolet radiation (21%) 
jointly account for ~77% of the modeled trend, with smaller shares from temperature (8%) and 
other variables; all eight Shapley values are positive (Fig. 3). The regional contrast is sharper 
and, as developed below, tracks the known ecophysiology of each region. In East Antarctica, 195 

where habitat availability is the binding spatial constraint, water variables alone explain ~69% of 
the modeled trend (volumetric soil water 53%, precipitation 16%), matching a water-limited 
cold-desert regime. On the Antarctic Peninsula, where habitat is no longer limiting, UV radiation 
leads the attribution (46%), potentially consistent with reduced photodamage stress under 
stratospheric ozone recovery. West Antarctica shows a transitional pattern, with UV (39%) and 200 

temperature (29%) jointly accounting for ~68% of the modeled regional trend. 

 

Ecological Context and Implications 

The regional Shapley pattern is consistent with an interpretable ecological gradient (4, 7). In East 
Antarctica, the cold-desert environment likely makes liquid water the primary biological 205 

constraint (4, 7, 35). Antarctic bryophytes, lichens, and microalgae are largely poikilohydric 
(38): their photosynthetic activity depends directly on external moisture, so increases in 
volumetric soil water and precipitation can translate to longer photosynthetically active periods 
and stronger detected NDVI signal (15). Although stratospheric ozone recovery is most 
pronounced over the East Antarctic plateau, extreme cold, desiccation, and sparse ice-free 210 

substrate prevent organisms from benefiting much from reduced UV stress there; UV is not the 
limiting factor in this region. The Antarctic Peninsula occupies a different regime: milder 
maritime conditions and abundant moisture (37) release water and temperature limits, leaving 
UV stress as a larger relative bottleneck. Reduced UV diminishes photoinhibition and the 
energetic cost of photoprotective pigments (39), allowing more chlorophyll-driven 215 

photosynthesis and a stronger detected greenness signal. The climate-explained fraction of the 
modeled greenness trend declines from East (~97%) to the Peninsula (~72%). Additional 
processes, including glacial retreat (10) and sea-ice variability (30), may also shape greenness 
dynamics in maritime Antarctica. Together, these regional contributions correspond to a model-
based estimate of ~54.5% ±2.1% of the observed continental greenness trend associated with 220 

climate trends. 

The come-and-go pattern of Antarctic greenness across years (Figs. S1, S4) likely reflects the 
stochastic ecology of these extreme environments. Many Antarctic photosynthetic organisms 
reproduce by spores, soredia, or fragments dispersed by strong polar winds (40), and to a lesser 
extent by birds and other wildlife visiting summer breeding sites (41). Most dispersed propagules 225 

likely fail to establish: they may land on unsuitable substrate, experience rapid desiccation, or be 
carried away before colonization can occur. Where local conditions transiently provide liquid 
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water and stable substrate, however, occasional successful establishment events generate 
detectable greenness signal that may persist for years or fade as conditions change. In addition to 
colonization dynamics, NDVI in lichens and biocrusts varies substantially with hydration state 230 

(38): a dry year may suppress signal at otherwise stable sites, while a wet year may activate 
dormant communities. Ephemeral snow algae similarly bloom transiently when meltwater 
becomes available (42), generating short-lived NDVI signals tied to specific melt events. These 
mechanisms (stochastic dispersal, conditional establishment, hydration cycling, and ephemeral 
blooms) together likely explain the spatial-temporal turnover observed at decadal scales. 235 

The more than 50% expansion of detected spectral greenness signal should not directly be 
interpreted as an equivalent increase in vegetation cover or biomass. NDVI at MODIS scale 
aggregates signals from multiple taxa with differing chlorophyll content, hydration state, and 
physiological responses (4), so a stronger signal can reflect activation of existing communities, 
expansion of new colonies, or some combination at sub-pixel scales. Antarctic photosynthetic 240 

organisms typically occupy surfaces three to four orders of magnitude smaller than a single 
MODIS pixel: Direct UAV surveys at three Windmill Islands sites cover valid mapped areas 
equivalent to only 2.32 to 4.96% of a single MODIS pixel; detected moss within these surveyed 
areas occupies less than 1% of a co-located MODIS pixel (Fig. S8). This scale gap renders direct 
field-to-pixel regression structurally inappropriate for validating pixel-level greenness products, 245 

because a ground measurement and a MODIS pixel sample fundamentally different fractions of 
the same surface. Continental-scale validation must therefore operate at intermediate scales: 
cross-sensor comparison with Sentinel-2 (10 m), which is small enough to resolve the moss-rock 
mosaic yet co-located with MODIS pixels, combined with radiative-transfer simulations that 
establish the pixel-scale detectability of sub-pixel vegetation. Both validation paths confirm that 250 

MODIS-detected greenness corresponds to a biologically meaningful spectral signal at the 
continental scale (see Supplementary Materials). Our results therefore document a coarse-scale 
ecological response detectable from continental-scale satellite observation, with species-level 
dynamics within pixels remaining a target for dedicated UAV and ground-based campaigns. 

Looking ahead, ongoing intensification of the Antarctic water cycle and continued stratospheric 255 

ozone recovery suggest potentially sustained pressure for further greenness expansion across the 
continent. The biological response is unlikely to be linear, however: where water and UV 
constraints are relaxed in the Peninsula, succession, biological inertia, and emerging interactions 
among taxa may modulate the trajectory in ways that satellite signal alone cannot resolve. 
Continental-scale satellite observation (MODIS, Sentinel-2, Landsat) combined with high-260 

resolution UAV surveys at index sites and in-situ ecological transects offers the framework 
needed to track how Antarctic terrestrial systems respond to coupled water-cycle and ozone-
recovery dynamics. Emerging hyperspectral missions such as NASA's PACE further enable 
taxonomic discrimination of photosynthetic organism groups through pigment signatures (43), 
opening a path toward observing not only how much greenness changes but which communities 265 

are responding. 
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Materials and Methods 

Normalized Difference Vegetation Index Data 
In this study, “greenness” refers to the spectral signature associated with photosynthetic or 270 

photosynthetically capable surface features, quantified using the Normalized Difference 
Vegetation Index (NDVI). In the Antarctic context, greenness reflects contributions from 
photosynthetic life-bearing substrates such as mosses, lichens, algae, microbial mats, etc (8). 

To derive the daily NDVI for the Antarctic region, we used the Moderate Resolution 
Imaging Spectroradiometer (MODIS) C6.1 Nadir Bidirectional Reflectance Distribution 275 

Function (BRDF)-Adjusted Reflectance (NBAR) Product MCD43A4 (22). This 500-m product 
applies a BRDF kernel inversion using a 16-day rolling window, in which observations closer to 
the target day receive higher weights. As a result, the retrieved reflectance represents the surface 
conditions most characteristic of that specific day while minimizing variability caused by 
changing illumination and viewing geometry. Extensive evaluations have shown that the BRDF-280 

corrected MCD43 products provide a stable and physically consistent reflectance basis for long-
term greenness analyses in high-latitude environments (44,45). In particular, Wang et al. 
demonstrated that the MCD43 algorithm effectively captures rapid day-to-day surface variation 
and that full and magnitude inversions achieve similarly high accuracy (46). This evidence 
underpins the widespread use of BRDF-corrected MCD43 data in vegetation remote-sensing 285 

studies. The NDVI was computed using the near-infrared (NIR) and red (RED) reflectance bands 
according to the formula: 

NDVI=(NIR−RED)/(NIR+RED) 
We defined the Antarctic region as the area south of 60 °S latitude, with the continental 

boundary extracted for analysis (see Geographic Data section below) to focus on dynamics of 290 

greenness within the terrestrial regions of Antarctica. 
To ensure consistent observation conditions, we selected 2002 as the starting year of the 

analysis, as both Terra and Aqua satellites were fully operational by this time. This allows the 
merged dataset to maintain a uniform observation frequency, reducing potential biases associated 
with differing satellite overpass times. Considering the polar night and the passive optical nature 295 

of MODIS sensors, we defined a specific observation window, from September 23 to March 21 
of the following year, as the growing season. This window spans the austral spring and summer, 
when solar illumination permits optical monitoring across Antarctica. 

MODIS MCD43A4 data were accessed through Google Earth Engine (GEE) Data Catalog 
and processed to generate daily NDVI products based on band calculation during each 300 

observability window (47). The observability window does not assume continuous biological 
growth across Antarctica, which clearly varies by region and taxon. Instead, it marks the period 
during which MODIS has sufficient illumination and surface exposure to detect spectral signals 
of greenness. We then use these detectable signals to assess long-term changes in terrestrial 
greenness across the continent. 305 

 
Greenness Distribution Mapping 

Traditional field-based monitoring presents significant challenges due to Antarctica’s 
extreme and remote conditions, making large-scale and repeatable data collection logistically 
difficult and often temporally and spatially fragmented (7). This limitation is particularly critical 310 

given the short, sporadic, and highly variable nature of greenness events in Antarctica, which 
demand frequent observations to accurately detect and characterize vegetation activity. While 
satellite-based remote sensing provides a powerful alternative for long-term, spatially extensive 
monitoring (35), many commonly used high-resolution sensors such as Sentinel-2 and Landsat, 
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despite their spatial detail (10-30 m), offer limited and temporally inconsistent coverage and may 315 

miss key greenness events. Given the short greenness duration in Antarctica, frequent 
observations are essential in tracking key phenological cycles accurately (5,8). These gaps can 
lead to an underestimation of the distribution and duration of greenness activity. In contrast, the 
MODIS sensors on Terra and Aqua provide daily global observations at 500 m resolution, 
enabling high-frequency tracking of vegetation indices. MODIS’s daily revisit enhances both 320 

temporal detection and spatial coverage of transient greenness events across Antarctica, 
including regions south of 82.8° S that are beyond the reach of many sensors. 

To map greenness across Antarctica, we conducted a comprehensive literature review and 
analyzed spectral measurements specific to the region. Based on this review, we applied a NDVI 
threshold of 0.2 to each pixel for the NDVI products we generated before (see “Normalized 325 

Difference Vegetation Index Data” section), and any pixel with at least one day exceeding this 
threshold during a given year was classified as exhibiting greenness and contributed to that 
year’s “green area” (area of greenness detected by satellite spectral signal) estimate (5,8,16-20). 
The 0.20 threshold lies well above the reflectance characteristics of snow, ice, and most bare 
rock surfaces in Antarctica, ensuring that MODIS-classified ‘green’ pixels contain a non-trivial 330 

fraction of vegetated cover or vegetation-like spectral properties at the 500-m scale. Because 
Antarctic vegetation typically occupies surfaces far smaller than a 500-m MODIS pixel, the 
resulting mapped “green area” should not be interpreted as the physical area of vegetated ground. 
Instead, it represents a MODIS-detectable spectral greenness signal—an integrated sub-pixel 
response that indicates where strong greenness occurs within the mixed surface footprint. 335 

Accordingly, all area values reported in km² refer to the spatial extent of MODIS-detectable 
greenness signals, rather than true vegetation cover. 

To represent the overall spatial distribution of greenness across Antarctica during the study 
period, we created a frequency of greenness map (Fig. 1A), which records the number of years 
greenness was observed at each pixel. For each year, if a pixel’s NDVI exceeded the threshold of 340 

0.2 at any point during the observability window, it was counted as a greenness occurrence for 
that year. By summing these annual occurrences across all years, we obtained a spatial greenness 
distribution map indicating how many years each pixel exhibited greenness. 

To quantify long-term trends in Antarctic greenness, we calculated the total green area for 
each observability window (2002-2023), both at the continental scale and each biogeographic 345 

region (see “Geographic Data” section). We assessed trends in green area using the Mann-
Kendall (MK) test and report their p-values to determine significance. We also fitted linear 
regression models and showed the slope values as an estimate of trend magnitude over time (Fig. 
1B). Because the observability window spans two calendar years, we used the first calendar year 
of each observability window (such as 2002 for the 2002-2003 season) as the year input for both 350 

MK tests and linear regression models. 
To evaluate the robustness of the NDVI threshold of 0.2, we repeated the green area trend 

analysis using alternative thresholds. Green area trends remained positive across all tested NDVI 
thresholds and were significant at thresholds of 0.15–0.30 (Fig. S9). Greenness duration trends 
remained significant across the tested NDVI thresholds (Fig. S10). 355 

To further investigate the drivers of green area distribution and trends in green area 
expansion, we used a random forest (RF) model (see “Machine Learning Modeling and 
Analysis” section). Given the 500-meter resolution of MODIS data, we calculated the green area 
fraction within each 0.1-degree grid cell, defined as the ratio of green area (i.e., area of pixels 
with NDVI larger than 0.2) to the total land area within the grid cell, to align with other input 360 

variables used for the RF model. 
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Antarctica Continent Greenness Duration Mapping 
Daily NDVI data derived from the MODIS MCD43A4 was used to study greenness 

duration across the Antarctic continent for each observability window. Although MCD43A4 is 365 

generated through a 16-day moving window for BRDF inversion, it is not a 16-day composite. 
The algorithm applies strong temporal weighting, giving greatest influence on observations 
closest to the target date, and yields a BRDF-corrected reflectance that is most representative of 
surface conditions on that day. This approach reduces angular noise, enforces strict quality 
control, and has been widely adopted for daily-scale phenology and long-term NDVI analyses in 370 

polar and cryosphere environments. The use of a moving window can smooth short-lived 
greenness pulses and introduce timing uncertainty on the order of several days. 

We first applied a mask to exclude pixels with a maximum NDVI below 0.2 within a given 
observability window, thereby removing areas without large enough greenness signal from 
observations. For each remaining pixel, greenness duration was calculated as the number of days 375 

between the first and last dates when NDVI exceeded 0.2, representing the seasonal span of 
satellite detectable greenness signal(48). 

To quantify long-term trend in greenness duration, we calculated the area-weighted mean 
greenness duration for each observability window at both the continental scale and each 
biogeographic region (see “Geographic Data” section). Temporal trends of the annual area 380 

weighted greenness duration were assessed using MK test, and their slopes were calculated based 
on linear regressions. To test the sensitivity of our results to the NDVI threshold, we repeated the 
analysis using different thresholds (see section “Sensitivity to NDVI and Duration-Day 
Thresholds”). Same as what we did in green area trend calculation, we used the first calendar 
year of each observability window as the year input for both MK tests and linear regression 385 

models. 
 

Sensitivity to NDVI and Duration-Day Thresholds 
To evaluate the robustness of our results to threshold choices, we conducted sensitivity 

analyses for both the green-area trend and the mean greenness-duration trend across two 390 

threshold types: the NDVI threshold used to classify a pixel as "green", and the minimum 
number of qualifying days within each observability window. For each analysis, we applied a 
range of threshold values and assessed whether the resulting trends remained significant. 

For the green area trend, we varied the NDVI threshold from 0.1 to 0.3 in increments of 
0.05. At each threshold, we recalculated the total green area across the Antarctic continent for 395 

each observability window. We then applied the MK test to evaluate the statistical significance 
of the temporal trend and fitted a linear regression model to estimate its slope over the study 
period, based on the green area results derived from each NDVI threshold (Fig. S9). 

For the greenness duration trend, we varied the NDVI threshold from 0.1 to 0.3 in 
increments of 0.1. At each threshold, we recalculated the area-weighted mean greenness duration 400 

across the Antarctic continent, defined as the number of days between the first and last dates 
when NDVI exceeded the threshold for each pixel in each observability window. As with the 
green area trend, we applied the MK test to assess the statistical significance of the greenness 
duration trend under different NDVI thresholds and used linear regression to estimate its slope 
over time (Fig. S10). 405 

For the duration-day threshold, we required NDVI > 0.2 to be exceeded on at least T days 
within each observability window, with T varying from 1 to 14 days. At each T, we recomputed 
the annual continental green-area total and the area-weighted mean greenness duration using 
both the first-and-last-day method and the daily-count method (see "Antarctica Continent 
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Greenness Duration Mapping"), then applied the MK test and computed Sen's slope on the 410 

resulting time series. 
 
Base Geographic Data 

Several base geographic data recording the continent’s land mask and subregions were used 
in this study. The Antarctica continent land mask used in this study was obtained from Hijmans 415 

et al. from University of California, Berkeley (49). For biogeographic regional analysis, we 
utilized the biogeographic subregion map derived from the Basins Antarctica dataset provided by 
the NASA Making Earth System Data Records for Use in Research Environments (MEaSUREs) 
Antarctic Boundaries for IPY 2007-2009 from Satellite Radar, Version 2 (50). In this study, the 
Antarctic continent includes East Antarctica, West Antarctica, the Antarctic Peninsula, and 420 

surrounding offshore islands. We conducted regional analyses for three major biogeographic 
regions: the Antarctic Peninsula, West Antarctica, and East Antarctica. While surrounding 
islands were included in the hexagonal aggregation to provide a comprehensive view of 
continent-wide greenness patterns, we excluded them from RF modeling and biogeographic 
region-specific green area and greenness duration trend analyses due to their small size and 425 

sparse distribution. 
 

Environmental Data 
To predict the spatial distribution and temporal dynamics of Antarctic green area 

occurrence, and to investigate their potential environmental drivers, we assembled a suite of 430 

environmental variables as predictors for the RF models (see “Machine Learning Modeling and 
Analysis” section). These variables represent key climatic and topographic conditions that 
influence green area occurrence across the continent.  

Topographic data for this study were obtained from the Antarctic 1-km Digital Elevation 
Model (DEM), which integrates satellite altimetry measurements from the European Remote 435 

Sensing Satellite-1 (ERS-1) Radar Altimeter and the Ice, Cloud, and land Elevation Satellite 
(ICESat) Geosciences Laser Altimeter System (GLAS) (27). The resulting DEM provides 
comprehensive coverage at 1-km resolution across the Antarctic continent. Using ArcMap 
10.8.2, we derived topographic variables aspect from the DEM. To ensure alignment with other 
input predictors in RF models, aspect was aggregated to a 0.1° resolution using area weighted 440 

mean method. Since the aspect data are time invariant, we directly used them as the input 
predictor into the RF models without decomposition. 

Ice-free area data were obtained from the MODIS Terra Snow Cover Daily Global 500m 
product (MOD10A1.061) via GEE (26). This product provides daily estimates of snow cover as 
percentage values ranging from 0 to 100%, representing the area proportion of each pixel 445 

covered by snow. Only observations with quality flags labeled as "Best" or "Good" were 
retained. For each observability window (2002-2023), we calculated the minimum snow cover 
and identified ice-free regions where snow cover remained below 30%. To facilitate integration 
with other input predictors in RF models, we upscaled the MODIS snow cover data to a 0.1° 
resolution, which computed the area fraction of the MODIS pixels with ice-free regions within 450 

each grid cell instead of using a binary classification. This approach produced a continuous 
representation of snow-free extent across Antarctica, rather than a binary classification, 
improving the robustness of environment-green area  interaction assessments. 

Meteorological data for this study were derived from the European Centre for Medium-
Range Weather Forecasts (ECMWF) Reanalysis v5 (ERA5) post-processed daily statistics on 455 

single levels, a global reanalysis dataset provided by the ECMWF, spanning from 1940 to the 
present (25), which provides spatially complete and internally consistent climate fields widely 
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used in Antarctic studies (51). ERA5 has been shown to reproduce the observed temperature and 
wind variability at Antarctic stations with acceptable bias during the modern satellite era (52). 
ERA5 radiation fields, including UV-related components, show small errors at monthly-annual 460 

scales in high-latitude evaluations, making them suitable for the seasonal to half-yearly averages 
used in this study (53).To ensure consistency across variables and compatibility with other 
datasets, we resampled all variables to a common 0.1° spatial resolution using a nearest-neighbor 
aggregation method. For each climate variable, we calculated the mean value over each 
observability window. These variables included 2-m mean air temperature, UV radiation, solar 465 

radiation, volumetric soil water, runoff, 10-m wind speed, precipitation, and vapor pressure 
deficit, all of which play critical roles in Antarctic green area occurrence responses by 
influencing energy balance, water availability, and atmospheric moisture conditions (4). To 
enhance interpretability in the RF models, each climate variable was further decomposed into 
spatial, temporal, and residual components (see “Machine Learning Modeling and Analysis” 470 

section). 
 

MODIS-Sentinel-2 Cross-Sensors Validation 
To evaluate uncertainty in the MODIS green area and link MODIS detections to sub-pixel 

green area cover, we compared MODIS-derived green area with 10 m green area derived by 475 

Sentinel-2. For each observability window, we identified all land pixels whose maximum NDVI 
from the MODIS MCD43A4 product (500 m) exceeded one of three thresholds (0.10, 0.15, or 
0.20). For each such pixel, we extracted all Sentinel-2 Level-2A surface-reflectance observations 
falling within the MODIS footprint and assembled a growing-season image collection restricted 
to scenes with <10% cloud cover and mean solar-zenith angles <70°. Clouds were removed 480 

using the Sentinel-2 Scene Classification Layer, and NDVI was computed from the red (B4) and 
near-infrared (B8) bands. Each Sentinel-2 pixel was assigned its maximum NDVI in the 
corresponding growing season and labelled “green” when this value exceeded a certain threshold 
(0.10, 0.15, or 0.20). This procedure was repeated across all MODIS-Sentinel-2 threshold 
combinations. 485 

From all MODIS pixels with valid Sentinel-2 coverage and at least one Sentinel-2 green 
pixel, we retained a fixed sample of up to 1,000 MODIS-Sentinel-2 pairs per growing season 
(sampling done independently across seasons, so locations could recur). For each retained pair, 
we recorded the MODIS maximum NDVI, the number of Sentinel-2 green pixels, and the total 
number of valid 10 m pixels within the footprint. These data were used to estimate the mean sub-490 

pixel green-coverage fraction associated with each MODIS green area threshold class. 
 

Cross-Study Green Area Alignment 
To enable a like-for-like comparison of the area between MODIS-derived detections and the 

estimates reported by Walshaw et al. (8), we reproduced the spatial filtering used in their 495 

analysis and applied it to our green area map. The mask consisted of three elements: consistent 
permanent rock map; a DEM filter retaining only areas with elevation under 500 meters; and a 
latitudinal constraint excluding all regions south of 83°S (the practical limit of Sentinel-2 
acquisition). 

We first reprojected the Permanent Rock shapefile into the native projection of the MODIS 500 

raster grid and rasterized the mask at 500 m resolution. The MODIS pixels with DEM (see 
“Environmental Data” Section) below 500 meters were filtered. We computed center latitudes of 
pixels and retained only those north of 83°S. We then applied this composite mask to our green 
area map and calculated the green area trend. 

 505 
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Sub-pixel scale-mismatch between satellite and field observations 
Antarctic vegetation typically occupies surfaces several orders of magnitude smaller than a 

MODIS pixel: individual moss and lichen patches can range from centimeters to a few meters 
across, while field quadrats and UAV imagery sample square-meter to tens-of-meter footprints. 
A single 500 m MODIS pixel therefore integrates a heterogeneous mix of bare rock, snow, ice, 510 

and small vegetation patches, and any quantitative match between a MODIS-detected greenness 
signal and a single field or UAV measurement is necessarily mediated by the unresolved sub-
pixel mosaic (Fig. S8F). To illustrate the magnitude of this scale gap, we compared UAV-
derived green-area estimates and field-quadrat vegetation cover (54) with co-located MCD43A4 
NDVI at three Windmill Islands sites (Fig. S8) At all three sites the MODIS signal is consistent 515 

with the presence of vegetation but quantitatively reflects a much larger ice and rock 
background, so direct one-to-one cross-validation between continental MODIS products and 
small-footprint ground observations is not appropriate. The cross-sensor MODIS-Sentinel-2 
comparison and the DART-based detectability simulations described above provide more scale-
consistent validation paths. 520 

 
Cloud and Land Observation Frequency Analysis 

To assess whether long-term changes in observation conditions could artefactually amplify 
MODIS greenness trends, we quantified seasonal cloudiness and land-observation fraction over 
Antarctica using MODIS atmosphere products from both Terra and Aqua. We used the monthly 525 

Level-3 MODIS cloud products MOD08_M3 (Terra) and MYD08_M3 (Aqua) Collection 6.1 
(55) and extracted two variables: the mean cloud fraction (Cloud_Fraction_Mean_Mean) and the 
daytime land fraction within the cloud-top pressure retrieval area (Land_Fraction_Day_FMean). 

All analyses were restricted to the Southern Hemisphere high latitudes (south of 60°S). For 
each monthly image in MOD08_M3 and MYD08_M3, we computed an area-weighted mean 530 

cloud fraction and land fraction over this region. We then aggregated these monthly statistics 
into observability window means consistent with our greenness analysis. To test for trends in 
these time series, we applied the Mann-Kendall test separately to the cloud-fraction and land-
fraction series from MOD08_M3 and MYD08_M3. 

 535 

Trend Robustness to Outlier Years 
To test whether MODIS greenness trends were unduly influenced by anomalous years, we 

identified statistical outliers using ±2σ and ±3σ thresholds, where σ denotes the standard 
deviation of each metric across observability windows. No years exceeded the ±3σ threshold, 
which therefore served as the unfiltered baseline. The ±2σ filter flagged a small number of 540 

unusually high or low years, and these were removed in separate sensitivity experiments. 
For each σ-filter configuration, we rebuilt the corresponding time series and recalculated 

trends in green area and mean greenness duration. Linear trend slopes were estimated using 
ordinary least squares, and trend significance was assessed using the non-parametric MK test, 
yielding independent estimates of trend magnitude and statistical significance under each outlier-545 

removal scenario. 
 

Radiative Transfer Simulations 
To mechanistically evaluate the sensitivity and robustness of MODIS-equivalent NDVI to 

sub-pixel vegetation abundance, substrate composition, terrain structure, and viewing geometry, 550 

we implemented a coordinated suite of forward simulations using the Discrete Anisotropic 
Radiative Transfer (DART) model (https://dart.omp.eu), which is one of the most accurate and 
complete 3D radiative transfer models (56,57) and can simulate the radiative budget and remote 
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sensing signals of natural and urban landscapes, from visible to thermal infrared. All simulations 
used the exact MODIS red and NIR band specifications embedded directly into the forward 555 

model (Band 1: 645 ± 25 nm; Band 2: 858 ± 17.5 nm), allowing DART to integrate reflectance 
across the prescribed spectral windows and return physically consistent MODIS-equivalent 
NDVI without any post-hoc convolution (see “Spectral Libraries Generation”). 

Using the synthetic land-cover and DEM surfaces (see “Synthetic Landscapes 
Construction” section), we generated several sets of simulations designed to isolate the primary 560 

physical controls on NDVI in Antarctic landscapes. The first set of simulations explored how 
NDVI responds to controlled changes in vegetation abundance within mixed vegetation-rock-
snow mosaics. These experiments spanned the full range of plausible sub-pixel vegetation cover, 
from sparse lichen or algae patches to more continuous biological crusts, while holding DEM, 
illumination and viewing geometry fixed. This allowed us to quantify how much vegetation is 565 

required to produce a detectable NDVI signal in a MODIS-sized footprint and how this detection 
threshold varies with background substrate. 

To quantify how snow and ice suppress the detectability of green area in MODIS-equivalent 
NDVI, we designed a second set of forward simulations in which green area was held at trace 
abundances and snow cover was incrementally increased until green area became undetectable. 570 

All experiments used a flat, rock-dominated synthetic landscape with fixed illumination and 
viewing geometry (solar zenith, sensor zenith, solar azimuth, and view azimuth held constant) to 
ensure that the results isolate spectral-mixing effects rather than BRDF artefacts or topographic 
shading. For each snow-cover increment, we introduced a small vegetation fraction into the 
remaining snow-free area and then gradually increased this vegetation fraction until the 575 

simulated band-integrated MODIS NDVI surpassed the threshold (NDVI > 0.2). If no vegetation 
fraction within a physically realistic range could generate NDVI above this threshold, the snow 
fraction was deemed to exceed the detectability limit. By repeating the procedure across a 
sequence of snow fractions, we derived the theoretical minimum vegetation fractions required 
for detectability under each snow-background scenario, as well as the snow-cover values beyond 580 

which NDVI-based green area detection becomes impossible. 
The third set of simulations assessed NDVI variability driven solely by terrain geometry 

and bidirectional reflectance effects. Using the synthetic DEMs (see “Synthetic Landscapes 
Construction” section) spanning combinations of slope magnitude (mild, moderate, steep) and 
surface roughness (smooth, undulating, high-relief), we quantified how topographic shading, 585 

anisotropic reflectance, and slope-aspect alignment influence MODIS-equivalent NDVI 
independent of vegetation structure. To isolate terrain and angular effects from compositional 
variability, all experiments used a fixed land cover (Rock 50% and Algae 50%), allowing 
directional artefacts to be evaluated under controlled spectral conditions. Each DEM was paired 
with this land-cover map and subjected to systematic sweeps of solar zenith angle, view-zenith 590 

angle, and relative azimuth differences. To fully characterize directional sensitivity, we 
additionally conducted azimuth-rotation experiments in which the illumination azimuth, sensor 
azimuth, or the terrain itself was rotated in 30° increments through 0-330°. These simulations 
explicitly test whether NDVI is disproportionately influenced by slope orientation, self-
shadowing, or BRDF effects under Antarctic illumination regimes. 595 

 
Synthetic Landscapes Construction 

For each DART run, we constructed a series of synthetic landscapes which is composed of 
two parts: synthetic land cover and synthetic DEM. To represent Antarctic surface heterogeneity 
at sub-meter scale, we generated synthetic 500 m × 500 m land-cover maps at 1 m resolution that 600 

prescribe the spatial distribution of snow, algae, moss, lichen, and exposed rock for all DART 
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simulations. Each class was assigned a distinct spatial pattern to fit better with Antarctic ground-
cover organization (Fig. S18). Snow and algae were created as clustered, spatially coherent 
patches by applying smoothed random fields, reflecting the tendency of snowfields and algal 
communities to occur in contiguous microtopographic basins rather than as isolated pixels. In 605 

contrast, moss and lichen were placed as sparse, fine-scale patches stochastically distributed 
across rock surfaces, mirroring their natural occurrence in discontinuous cushions or crusts on 
desert pavements. Rock served as the background substrate for all unassigned pixels. For each 
experiment, we controlled surface composition explicitly by specifying target fractional cover for 
all green area and snow classes; these fractions were converted to exact pixel counts, and classes 610 

were allocated sequentially (clustered classes first, followed by sparse classes) to ensure that the 
realized composition matched the prescribed totals. To capture the influence of local relief and 
slope on surface reflectance, we also constructed a suite of synthetic 500 m × 500 m DEMs at 1 
m resolution for use in DART. Each DEM was generated from first principles to isolate specific 
topographic configurations while maintaining realistic Antarctic micro-terrain structure (Fig. 615 

S19). We first prescribed a base elevation field and imposed a unidirectional planar slope of 
controlled magnitude (0°, moderate, and steep). To introduce natural small-scale variability, we 
added Gaussian-smoothed stochastic noise, tuned via amplitude and smoothing kernels to mimic 
gentle undulations and micro-relief without imposing unrealistic roughness. Depending on the 
experiment, we further varied the overall relief amplitude (10-30 m) and slope fraction to create 620 

DEMs with mild, intermediate, and strong relief, producing a total of six distinct terrain 
scenarios. All DEMs were then rescaled to a fixed elevation range to ensure comparability across 
simulations. Each surface was exported as a triangulated mesh (OBJ format) matched exactly to 
the land-cover grid, enabling DART to model the combined effects of topography, shadowing, 
and bidirectional reflectance geometry. 625 

 
Spectral Libraries Generation 

Surface optical properties were assigned using measured spectral libraries. Spectra for rock, 
moss, lichen, and green algae were obtained from Walshaw et al. (8), and snow and blue-ice 
reflectance spectra were taken from the cryospheric dataset (58). All spectra were resampled to 630 

DART’s internal wavelength grid and assigned to the synthetic land-cover classes on a per-pixel 
basis. This combination of Antarctic-specific vegetation spectra and physically based snow-ice 
optics ensures that the simulated surface reflectance is mechanistically realistic and 
representative of true polar conditions. 

 635 

Machine Learning Modeling and Analysis 
To investigate how environmental conditions are associated with Antarctic green area 

distribution and its temporal dynamics, we constructed a two-step modeling pipeline. In the first 
step, we used random forest (RF) models (59) to predict the green-area fraction at 0.1° resolution 
girds from environmental variables across Antarctica, and within each biogeographic region; in 640 

the second step, per-0.1°-grid predictions are aggregated, to yield annual green-area time series. 
Climate-variable attribution targets these aggregated time series, so it reflects the composite 
behavior of pixel-scale prediction together with spatial aggregation rather than any single 
internal component. The first step RF was trained using only spatial, temporal, and residual 
components of the environmental variables (see "Decomposition Methods"). Importantly, no 645 

explicit time variable (e.g., year or date) was included as a predictor, so the RF was not fit to a 
temporal index but instead learned associations between MODIS-detected green area and 
contemporaneous environmental conditions. In this analysis, the RF serves strictly as a predictive 
mapping rather than a causal model; attribution of the temporal greenness trend to specific 
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climate variables is performed separately by Shapley value analysis on the full pipeline (see 650 

"Shapley Value Attribution Method"). 
To evaluate the first step predictive performance while avoiding overfitting, we used a 5-

fold spatiotemporal cross-validation scheme. The dataset was divided into five folds that each 
contained a representative mix of different regions and years. Because the RF does not receive 
time as an input, this design prevents the model from implicitly learning long-term trends and 655 

ensures that model skill reflects robust environmental-green area relationships rather than 
temporal autocorrelation. In each fold, 80% of the data were used for training and 20% for 
testing. Model performance was quantified using the mean coefficient of determination (R²) and 
root-mean-squared error (RMSE) across the five test folds. In addition, we trained five 
independent RF models (one in each fold) and used their mean and standard deviation of model 660 

performance and permutation importance to evaluate stability across folds. The same procedure 
was applied to both continental and regional RF models. The 5-fold spatiotemporal cross-
validation confirms the stability of the first step mapping across independent subsets of space 
and time, which is essential for the Shapley attribution analysis at the second step: it ensures that 
the attribution results are not sensitive to fold partitioning or training-data composition. 665 

To characterize how environmental factors relate to MODIS-detected spectral greenness 
signal area, we applied two diagnostic analyses on top of the pipeline. Permutation importance is 
applied to the first step alone and quantifies the predictive sensitivity of the RF model to each 
input variable. Shapley value attribution operates on the full two-step pipeline and allocates the 
predicted continental, and regional, greenness trend among the climate variables. To maintain 670 

consistency with the validation framework, both diagnostics were computed as the mean across 
the five cross-validation RF models. Analyses were performed at both continental and 
biogeographic regional scales to assess spatial variability in these statistical relationships. 
 
Decomposition Methods 675 

To disentangle the effects of environmental factors on Antarctic green area distribution and 
green area trend, we followed previous work to decompose the input data into three components, 
which are temporal, spatial, and residual components (60,61). Let 𝑥௜,௧ be an environmental 
variable at cell ݅ and year ݐ, then the temporal component is an average across sites for each year ݐ, 𝑥௧௜௠௘ = ∑ 𝑥௜,௧ே௜ =1 ÷ ܰ; the spatial component is an average across years for each cell ݅, 680 𝑥௦௣௔௖௘ = ∑ 𝑥௜,௧௧் =1 ÷ ܶ; and the residual component is the remaining spatio-temporal variation in 𝑥௜,௧, 𝑥௥௘௦௜ௗ௨௔௟ = 𝑥 − 𝑥௧௜௠௘ − 𝑥௦௣௔௖௘.  The temporal component captures shared interannual 
variability, reflecting year-to-year changes common across the continent. The spatial component 
reflected geographic heterogeneity, distinguishing regions with differing environmental 
conditions. The residual component captures local fluctuations not explained by broad temporal 685 

or spatial patterns. 
 

Permutation Importance Analysis 
To quantify how sensitive the random forest predictions are to each input variable, we 

performed permutation feature importance analysis at both continental and biogeographic 690 

regional scales using the scikit-learn package in Python, within the 5-fold spatiotemporal cross-
validation framework described above. The procedure shuffles one variable at a time across all 
samples and measures the resulting decline in model R²; a larger decline indicates greater 
predictive sensitivity to that variable. We emphasize that permutation importance reflects how 
strongly the RF model relies on each variable to predict greenness signal at any given time and 695 

place, and is therefore a measure of predictive sensitivity, not of causal contribution to the 
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temporal trend. The full set of permutation importance values for the continental and the three 
regional random forest models is provided in Data S1. 

 
Detrending of Climatic Variables 700 

To support the Shapley value attribution analysis (see "Shapley Value Attribution 
Method"), we generated counterfactual environmental fields in which the long-term linear trend 
of selected variables was removed while interannual variability was preserved. These detrended 
fields serve as the no-trend inputs of the Shapley value function: comparing the random forest's 
predicted green-area trajectory under original versus detrended inputs isolates the contribution of 705 

each variable's long-term trend to the predicted green-area trend. For reference, the long-term 
trends (Sen's slope and MK p-value) of each environmental variable at continental and 
biogeographic-regional scales are tabulated in Data S4. The spatial distribution of each 
environmental variable across the three biogeographic regions is shown in Fig. S13, and the 
pixel-wise long-term trend of each variable, computed only over pixels exhibiting a greenness 710 

spectral signal, is shown in Fig. S14. 
We performed detrending separately at every 0.1° grid cell. For each environmental 

variable, we fitted an ordinary least-squares linear regression of annual values on calendar year, 
then subtracted the fitted trend line from the time series. To preserve the variable's typical 
magnitude at each cell, we added back the long-term mean of the original time series at that cell. 715 

The resulting series is centered at the cell's long-term mean and contains the original year-to-year 
variability with the long-term linear trend removed. Anchoring at the long-term mean rather than 
at an endpoint year keeps the detrended values close to the bulk of the training data, so that the 
random forest is queried within its calibrated input range when the detrended fields are used as 
Shapley counterfactuals. Example modeled continental green-area trajectories under 720 

representative detrending counterfactuals are shown in Fig. S22. 
Detrending was applied only to the temporal and residual components of each variable (see 

"Decomposition Methods"); the spatial component is time-invariant by construction and was left 
unchanged (62). When the Shapley analysis required detrending a group of variables jointly, the 
procedure above was applied to each member of the group while all variables outside the group 725 

retained their observed trajectories. 
As a sanity check on the Shapley results, we additionally re-applied the five cross-validated 

random forest models to each detrended counterfactual and tested the Mann-Kendall significance 
of the resulting continental and regional predicted green-area trends, following the combinatorial 
procedure of our earlier analysis. The pattern of significance loss across variable combinations is 730 

consistent with the Shapley shares reported in the main text (Fig. S23). 
 

Shapley Value Attribution Method 
To partition the modeled long-term green-area trend among individual climate variables in a 

way that respects their correlated and non-linear interactions, we used Shapley value attribution 735 

from cooperative game theory (63) as a data-driven decomposition of the modeled trend rather 
than a causal-inference framework. The Shapley value provides the unique allocation that is 
symmetric across players, assigns zero to non-contributing players, is linear in the underlying 
value function, and satisfies the efficiency property whereby the assigned shares sum exactly to 
the total trend produced by the model. These properties avoid the order-dependence and arbitrary 740 

baseline choices that arise when more than two variables jointly co-vary. 
The Shapley value treats attribution as a cooperative game in which N climate variables 

jointly produce an outcome (the modeled green-area trend) and asks how much each variable 
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contributes on average across all possible coalitions ܵ ⊆ ܰ. We defined the value function ݒ(ܵ) 
as follows. For each subset ܵ, we kept the variables in S at their observed trajectories while 745 

replacing all variables in ܰ ∖ ܵ with their detrended counterfactuals (see "Detrending of 
Climatic Variables"); time-invariant predictors retained their observed values throughout. We 
then applied the first step random forest to obtain per-pixel green-area fraction predictions for 
every year and aggregated them in the second step to produce a continental (or regional) annual 
green-area time series. The Sen's slope of this time series defines ݒ(ܵ), the modeled green-area 750 

trend that emerges when only the variables in ܵ retain their long-term trends. By construction, ݒ(∅) approximates zero (all variable trends removed) and ݒ(N) equals the full modeled trend (all 
variables retained). Climate-trend attribution therefore operates on the full two-step pipeline 
rather than on any single internal step. 

The Shapley value for variable ݅ is: 755 φ௜ = ∑ |ܵ|! (ܰ − |ܵ| − 1)!ܰ!ௌ⊆ே∖{௜} ܵ)ݒ] ∪ {݅}) −  [(ܵ)ݒ
 
the weighted average marginal contribution of variable ݅ across all coalitions that do not 

contain it. By the efficiency property, ∑ φ௜௜∈ே = (ܰ)ݒ −  so the Shapley shares partition ,(∅)ݒ
the modeled total trend exactly. 760 

With eight climate variables, the value function was evaluated on all 2⁸ = 256 coalitions: a 
single no-detrend reference run, an all-variables-detrended run, and every intermediate 
combination. For each coalition we generated the detrended inputs at each 0.1° grid cell, applied 
each of the five cross-validation random forest models from the first step, averaged the 
predictions to obtain the green-area time series, and computed the Sen's slope of that series as 765 ݒ(ܵ). The same procedure was used at the continental scale and at each biogeographic region, 
with each region using its own region-specific random forest. 

To quantify uncertainty in the Shapley shares, we computed ߮௜ separately for each of the 
five cross-validation random forest models. Reported shares are the mean across the five folds, 
and the standard deviation provides a fold-level estimate of attribution uncertainty. This bounds 770 

the contribution of training-data composition to the attribution result. 
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Fig. 1. Antarctic greenness expansion and Shapley attribution to climate variables. 
Frequency of MODIS-detected greenness across Antarctica during 2002–2023. The map is 
hexagonally binned; each hexagon summarizes the number of years in which at least one pixel 
within the hexagon exhibited a maximum NDVI > 0.2 during the observability window. 995 

Hexagonal counts describe detection frequency and do not represent actual green area. 
Biogeographic regions are outlined: Antarctic Peninsula (red), West Antarctica (yellow), and 
East Antarctica (black). (B) Annual greenness area (km²) for the whole continent (green), East 
Antarctica (gray), West Antarctica (orange), and the Antarctic Peninsula (red), 2002–2023. Solid 
lines are linear-regression fits; Mann-Kendall p-values are annotated for each region. The y-axis 1000 

is broken to accommodate the magnitude difference between the continental aggregate and the 
regional series. (C) Area-weighted mean greenness duration (days) for the same regions and 
period, with linear-regression fits (solid lines), Mann-Kendall p-values, and 95% confidence 
intervals of the fit (shaded bands). (D) Continental Shapley attribution of the 2002–2023 
greenness-area trend among the eight climate variables: volumetric soil water (VSW), 1005 

precipitation, UV radiation, 2-m temperature (T2 m), wind speed, solar radiation, runoff, and 
vapor pressure deficit (VPD). 
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Fig. 2. Spatial shifts in Antarctic green area. A. The spatial pattern of green area dynamics 1010 

between the first five years’ observability window (2002-2006) and the last five years’ 
observability windows (2019-2023) of the study period. Each displayed grid cell represents a 
40×40 Moderate Resolution Imaging Spectroradiometer (MODIS) pixel aggregation block and 
shows the percentage composition of green area pixels categories within that block, rather than 
actual green area. A ternary color scheme is used to indicate green area pixels’ status at each grid 1015 

cell: bluer indicates grid cell which tends to have more stable green area (present both in the first 
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five years’ observability windows and last five years’ observability windows); increasing orange 
indicates a higher proportion of disappeared green area (present in the first five years’ 
observability windows but absent in the last five years’ observability windows); and increasing 
green indicates a higher proportion of new green area (absent in the first five years’ observability 1020 

windows but present in the last five years’ observability windows). (B-D) Zoomed-in views of 
green area dynamics in three key regions: (B) Antarctic Peninsula, (C) transantarctic mountains, 
and (D) East Antarctic coastline. (E) Total area of stable, new, and disappeared green area for the 
regions shown in Panels A-D. Sensitivity of area estimates to NDVI threshold selection is 
provided in Fig. S3. 1025 
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Fig. 3. Shapley attribution of models derived climate-driven green area expansion across 

Antarctic. Subpanels show the per-variable Shapley values (߮, km² yr⁻¹) for the eight potential 
climate drivers of green area expansion in (A) Antarctica continent, (B) East Antarctica, (C) 1030 

West Antarctica, and (D) the Antarctic Peninsula, respectively. Green bars (߮ > 0) indicate 
variables whose 2002–2023 trend, on net, accelerated green area expansion; red bars (߮ < 0) 
indicate variables whose trend slowed it. Error bars denote ±1 SD across five RF training folds. 
Inset pie charts show the four variables with the largest absolute Shapley values, with the 
remaining four variables grouped as “Others.” Slice percentages are calculated as 100 × |φᵢ|/Σⱼ|φⱼ| 1035 

and therefore represent relative contribution magnitudes, irrespective of sign. Red hatching 
identifies negative contributions displayed as individual slices. “Others” combines the absolute 
magnitudes of the remaining modeled contributions, which may include both positive and 
negative values; it does not represent unexplained model error. Percentages are rounded and may 
not sum to 100%. The boxed value reports the signed sum of Shapley contributions, Σᵢφᵢ, equal 1040 

to the modeled greenness-area trend under the full scenario minus that under the reference 
scenario in which all eight climate variables are detrended. See Materials and Methods for the 
random-forest models, detrending procedure, and Shapley calculations. 
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