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Radiative forcing reduced by early 
twenty-first century increase in land albedo

Zhengyang Hou1, Liqiang Zhang1,2 ✉, Jingjing Peng3, Giovanni Forzieri4, Aolin Jia5, 
Zhiqiang Xiao1, Ying Qu1, Jintai Lin6,7 ✉, Duoying Ji1, Zidong Zhu1, Xin Yao1, Shuwen Peng1, 
Lanpu Zhao2, Wenjie Fan8, Zhaocong Wu2, Hao Geng1, Qihao Wang1, Chenghu Zhou9 ✉, 
Suhong Liu1 & Liangpei Zhang2 ✉

Surface albedo greatly affects how much energy the Earth absorbs. Intensive human 
activities and accelerated climate change have altered surface albedo across spatial 
and temporal scales1–3, yet assessments of the effects of land use or land cover (LULC) 
and snow variations on land surface albedo are scarce at the global scale. As a result, 
the global land surface albedo dynamics over recent decades and their corresponding 
radiative forcing to the climate system remain poorly understood4–9. Here we quantify 
the individual and combined effects of snow cover dynamics, LULC conversions and 
non-conversion regions on albedo variations during 2001–2020 and estimate their 
induced radiative forcing. We show that the negative radiative forcing induced by the 
global land surface albedo change was −0.142 (−0.158, −0.114) W m−2 over the past two 
decades. The global snow-free land surface albedo increased by 2.2% (P < 0.001), with 
a negative radiative forcing of −0.164 (−0.186, −0.138) W m−2 (P < 0.001). The magnitude 
of this negative forcing is sevenfold larger than the positive forcing induced by snow 
dynamics, and equivalent to 59.9% of that caused by CO2 emissions from 2011 to 201910. 
The global radiative forcing due to albedo changes in LULC non-conversion regions is 
3.9 to 8.1 times greater than that from LULC conversions. The radiative forcing induced 
by albedo changes highlights the important role of land surface dynamics in 
modulating global warming.

Land surface albedo modulates the amount of energy that the Earth 
absorbs from the Sun, and it is thus a key variable influencing surface 
temperature and water balance11–15. The anthropogenic intensification 
of land use or land cover (LULC) and the continuing climate change 
are profoundly altering landscape characteristics and land physical 
processes, ultimately causing large changes in surface albedo1–3, which 
directly alter the Earth’s radiation budget. LULC conversions, for instance 
associated with the increasing urbanization and widespread deforesta-
tion can abruptly change surface reflectance properties and thus their 
albedo. The LULC non-conversion regions may also experience impor-
tant albedo variations due to long-term processes such as the browning 
and/or greening and wetting and/or dying of natural ecosystems, and 
short-term processes such as the recurrent changes induced by pheno-
logical stages and crop rotation16. Owing to the disparities of land-climate 
interactions among the regions, even the same LULC types may have 
different albedo across regions17. The complexity of these processes 
acting at different spatial and temporal scales, coupled with data and 
methodological gaps in observing such dynamics, makes it challenging 
to quantify the variations in global land albedo and their climate impact.

Satellite data allow for systematic tracking of spatial and tempo-
ral albedo dynamics18 and have been widely used for global surface 
energy budget assessments19–22. However, existing albedo products 
face substantial data gaps, primarily because of cloud contamination 
in optical satellite imagery used for albedo retrieval, especially in per-
sistently cloudy regions such as the Amazonian forests23–25. Accurately 
estimating missing albedo values requires accounting for the LULC 
types and the discontinuity of surface albedo over space and time due 
to LULC differences.

Accounting for the heterogeneous albedo effects from varying land 
surface properties is crucial as they drive distinct radiative forcing. 
Previous studies have primarily focused on specific LULC types or 
human driven type-to-type conversions and their effects on albedo 
and radiative forcing4–9. However, these studies, failing to explore the 
full range of LULC conversions and snow dynamics, can only provide 
a partial quantification of surface albedo. Moreover, 63.5–68.5% of 
the global land surface does not undergo LULC conversions, but the 
changes in surface albedo over these non-conversion regions and their 
corresponding climate effects have been so far poorly explored. As a 
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result, how LULC and snow dynamics have driven the observed global 
land surface albedo and influenced the surface energy budget over the 
past decades is still lacking so far.

Here we conduct a comprehensive analysis of global land surface 
albedo dynamics and resulting global radiative forcing over the period 
2001–2020. We quantify the contributions from snow dynamics, LULC 
conversions and non-conversion regions on the basis of 612 conversion 
pathways across 50 LULC types in four LULC classification schemes. 
We integrate the 500-m-resolution MODIS-based albedo18, snow 
cover26 and LULC27 products in a consistent multi-dimensional array. 
Albedo and LULC conversions are then aggregated at 1° × 1° spatial 
resolution and at monthly scale separately for each LULC type, and the 
four-dimensional spatio-temporal inverse distance weighted (IDW) 
interpolation model is used to reconstruct missing data. From this, we 
generate four seamless monthly albedo and land cover look-up maps 
(ALLUMs) from 2001 to 2020 (Extended Data Fig. 1a and Methods), 
each corresponding to one of the four LULC classification schemes. 
ALLUMs are used to explain how snow dynamics, LULC conversions 
and LULC non-conversion regions individually influence global land 
surface albedo changes. We also use six radiative forcing kernels to 
quantify the global land surface mean radiative forcing over the past 
two decades. Finally, we integrate photosynthetic vegetation (PV), 
non-photosynthetic vegetation (NPV) and surface water content 
(SWC) within a multivariate linear regression framework to uncover 
the mechanisms driving albedo variations in non-conversion regions.

ALLUM datasets
The ALLUM multi-dimensional arrays, each one separately generated 
from the four reference classification schemes, provided white-sky 
and black-sky albedo in three bands for all 50 LULC types excluding 
water bodies, as well as for all 612 LULC conversion regions and 50 
non-conversion regions within each 1° × 1° grid cell. Missing albedo 
data were reconstructed using a four-dimensional spatio-temporal 
IDW model (Supplementary Text 1). The filling method shows r2 ≥ 0.98 
and root mean square error (r.m.s.e.) ≤ 0.035 across the three bands 
over the four ALLUMs (Supplementary Figs. 1–3, details in Methods). 
The four sets of the reconstructed 500-m-resolution albedo based 
on the four ALLUMs align closely with the monthly average albedo 
from MCD43A3, with r2 ≥ 0.96 and an r.m.s.e. ≤ 0.050 (Extended Data 
Fig. 1b, Supplementary Figs. 4 and 5 and Methods) for latitudes with 
solar zenith angles below 70°. Such results confirm that the ALLUMs 
are suitable for investigating global land surface albedo changes on a 
monthly timescale.

Global land surface albedo change
The global snow-free land surface albedo (GSLA) (that is, in the snow- 
free regions that were not covered by snow in the same months of both 
2001 and 2020) increased by 2.2%. This corresponds to an absolute 
change of 0.0038 (0.0036, 0.0039) (t-test, P < 0.001) and a significant 
trend of 0.0011 per decade (Mann–Kendall test, P = 0.048; Fig. 1a and 
Extended Data Fig. 2), which represents the average annual albedo 
change derived from the four ALLUMs (Methods) with upper and lower 
limits indicating the maximum and minimum values of the albedo 
change in four seasons of each year. This increase raised the global land 
surface mean albedo by 0.0031 (Fig. 1d), which offset the decline in 
global land surface mean albedo caused by the snow albedo change and 
the widespread reduction in snow cover (−0.0013, Fig. 1e). As a result, 
the global land surface mean albedo in 2020 was 0.72% higher than that 
in 2001 (0.0018 (0.0006, 0.0029); t-test, P  < 0.001; Fig. 1a–c). However, 
the interannual fluctuations made the trend statistically insignificant 
(Fig. 1a). Snow cover changes were the primary driver of these fluctua-
tions (Supplementary Text 2) due to higher albedo of snow compared 
to other LULC types, as seen in peaks in 2009, 2016 and 2018. This was 

also reflected in the high correlation (Pearson’s r = 0.91) between snow 
areas and global land surface mean albedo after detrending (Fig. 1a).

To verify the robustness of our results, albedo change estimates 
derived from ALLUMs were confronted with analogous estimates 
retrieved from independent satellite-based products and in situ 
observations (Supplementary Text 3, Extended Data Fig. 3 and Sup-
plementary Figs. 6–11). We further validated the sensitivity of our 
results (Supplementary Fig. 12) as well as MODIS instrument calibration 
errors (Supplementary Text 4, Extended Data Fig. 4 and Supplementary 
Figs. 13 and 14), demonstrating the robustness of the methods and 
the validity of our findings. Notably, the trends in albedo estimated at 
the local scale falling below the calibration limit were associated with 
uncertainties28, particularly in polar regions covered with snow and ice 
(these regions were highlighted in Supplementary Fig. 15).

We found a considerable spatial variability in surface albedo change. 
In the northern temperate zone, the average albedo of snow-free 
regions increased by 1.20% (0.0021 (0.0018, 0.0027); Extended Data 
Fig. 2 and Extended Data Fig. 5a), but overall (snow and snow-free) 
albedo remained almost unchanged due to the snow-melt induced 
decreases (Extended Data Fig. 5b). At high northern latitudes, such as 
northern Asia, there was a marked decline in albedo (Fig. 1c). Similarly, 
evergreen needleleaf forests in eastern Europe experienced a decline, 
while eastern Canadian plain experienced an increase. By contrast, snow 
dynamics had no obvious effects on albedo changes in the tropical 
regions and very marginally in southern temperate regions (Extended 
Data Fig. 5b versus Extended Data Fig. 5a). In the tropical regions, albedo 
increased by 0.0034 (0.0027, 0.0039) (Extended Data Fig. 5b). Increases 
in albedo also occurred over grasslands, savannas and barren lands in 
Africa and South America. In the southern temperate zones, albedo 
increased by 9.5% (0.0150 (0.0117, 0.0188); Extended Data Fig. 5b), 
especially over Australia, southern Africa and South America (Fig. 1c). 
However, albedo decreased over equatorial evergreen broadleaf forests 
and croplands in the Indian Peninsula.

The changes in snow-free albedo in the northern and southern tem-
perate regions and tropical regions drove the GSLA increase over the 
past 20 years (Extended Data Fig. 5b). Notably, only the increase in 
tropical albedo showed a stable linear trend from 2001 to 2020 (0.0013 
per decade for trend, Mann–Kendall test, P = 0.0016; Extended Data 
Fig. 5b), whereas the GSLA during 2009–2011 and 2011–2016 were pri-
marily driven by decreases in albedo in the southern and northern 
temperate zones, respectively.

The induced radiative forcing
To calculate the global mean radiative forcing induced by surface 
albedo changes, we used 2001 as baseline value and computed the 
changes in global mean radiative forcing from 2001 to 2020 using six 
radiative kernels. These kernels estimated the net shortwave radiative 
flux change at the top of the atmosphere (Methods). The maximum 
and minimum values of radiative forcing derived from these kernels 
and the four ALLUMs were then used to quantify the uncertainty range 
(Methods).

The global mean radiative forcing due to the GSLA change from 
2001 to 2020 was −0.164 (−0.186, −0.138) W m−2 (t-test, P < 0.001), 
and showed a significant trend of −0.0427 W m−2 per decade for trend 
(Mann–Kendall test, P = 0.0010; Fig. 2a,d). The magnitude of the forc-
ing was about 59.9% of the CO2 radiative forcing and 48.9% of the total 
greenhouse gas forcing from 2011 to 2019 (IPCC Sixth Assessment 
Report (AR6))10, but with the opposite sign. When including albedo 
reductions caused by snow dynamics, the global mean radiative forcing 
for the same period was −0.142 (−0.158, −0.114) W m−2 (t-test, P < 0.001; 
Fig. 2a–c). Although snow dynamics caused greater interannual fluc-
tuations in global mean radiative forcing, they did not diminish the 
significance of the trend (−0.0404 W m−2 per decade, Mann–Kendall 
test, P = 0.0478; Fig. 2a and Supplementary Text 2). Furthermore, the 
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Fig. 1 | Changes in global land surface albedo from 2001 to 2020. a, Annual 
time series of global land surface mean albedo (purple), GSLA (grey) and snow 
cover area (blue), with dashed lines representing linear fits using the Theil–Sen 
Median method as a robust statistical approach. Shaded areas show maximum 
and minimum values of albedo change of the four seasons using the four 
ALLUMs. b, Spatial distribution of the 20-year global land surface albedo 
change trend. The Theil–Sen Median method is used to retrieve linear trends at 
the grid-cell level. Black dots represent the regions with statistically significant 
trends, determined by the Mann–Kendall test (P < 0.05). The regions with 
statistically significant trends account for 31.0% of the global land area (23.8% 
showing an increase and 7.2% showing a decrease). c, Spatial distribution of 

albedo changes between 2001 and 2020. The black dots indicate the bins in 
which the average albedo change between two independent temporal windows 
(2011–2020 and 2001–2010) is statistically significant (different from zero in 
two-sided Student’s t-test; P < 0.05). The regions with statistically significant 
changes account for 26.8% of the global land area (19.1% showing an increase 
and 7.7% showing a decrease). d,e, Spatial distribution of mean albedo changes 
in each 1° × 1° grid cell attributed to the snow-free regions (d) and snow 
dynamics (e). These results are the averages calculated from ALLUM-LCCS 1–3 
and ALLUM-IGBP. Significance tests for b and c are conducted within each 
3° × 3° grid cell for visual purposes.
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Fig. 2 | Albedo-induced radiative forcing from 2001 to 2020. a, Global mean 
radiative forcing averaged across six radiative kernels and the four ALLUMs 
induced by the global land surface mean albedo change (purple), GSLA change 
(grey) and snow dynamics (blue). Dashed lines represent the linear fits using 
the Theil–Sen Median method as a robust statistical approach. The shaded area 
represents the ranges of the maximum and minimum values of the radiative 
forcing. b, Spatial distribution of 20-year global land albedo-induced radiative 
forcing (RF) trend. The Theil–Sen Mdeian method is used to retrieve linear 
trends at the grid-cell level. Black dots represent the regions with statistically 
significant trends, as determined by the Mann–Kendall test (P < 0.05). The 
regions with statistically significant trends account for 32.4% of the global land 

area (7.0% showing an increase and 25.4% showing a decrease). c, Spatial 
distribution of grid-mean radiative forcing induced by albedo changes. Black 
dots indicate the bins in which the average albedo-induced radiative forcing 
change between two time periods (2011–2020 and 2001–2010) is statistically 
significant (different from zero in a two-sided Student’s t-test; P < 0.05). The 
regions with statistically significant changes account for 28.2% of the global 
land area (7.6% showing an increase and 20.6% showing a decrease). d,e, Spatial 
distribution of grid-mean radiative forcing induced by snow-free land surface 
change (d) and snow dynamics (e) during 2001–2020. Significance tests for b 
and c are conducted within each 3° × 3° grid cell for visual purposes.
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integrated radiative forcing, used to quantify the change of absorbed 
shortwave radiation energy due to the global land surface mean albedo 
change, indicated a decrease of 2.958 (2.320, 3.363) × 1022 J in absorbed 
energy from 2002 to 2020.

Attributions of albedo and radiative forcing
LULC conversions often triggered substantial surface albedo changes, 
as albedo showed large disparities across different LULC types4,6,8. 
There were considerable variations in the areas and extents of LULC 
conversion regions across the four classification schemes due to the 
differences in the definition and number of LULC types (Fig. 3 and Sup-
plementary Figs. 16–18). Water bodies were excluded from the analysis 
in all classification schemes. The three classification schemes LCCS 1–3 
(Food and Agricultural Organization Land Cover Classification System 
(LCCS) 1–3, refs. 29,30) separately provided 15, 10 and 9 LULC types 
(Supplementary Tables 1–3), and were designed to characterize for 
different applications. The IGBP (International Geosphere-Biosphere 
Programme31) scheme contained 16 widely used LULC types (Supple-
mentary Table 4). Over the snow-free regions, there were 9–16 LULC 
types and 72–240 LULC conversion pathways depending on the LULC 
classification schemes (Fig. 3b and Supplementary Figs. 16b, 17b and 
18b). The snow-free LULC conversion regions contributed to 12.6–22.1% 
of the GSLA change from 2001 to 2020 (Fig. 4a, Extended Data Fig. 6 
and Methods). The snow-free regions with LULC non-conversions cov-
ered 78.6–84.9% of global snow-free land surface and contributed to 
77.9–87.4% of the GSLA change and increased the global land surface 
mean albedo by 0.0024–0.0027.

During 2001–2020, the global mean radiative forcing from albedo 
changes in LULC non-conversion regions was 3.9 to 8.1 times larger than 
the forcing caused by LULC conversions (−0.131 (−0.146, −0.111) W m−2 
versus −0.0333 (−0.0390, −0.0275) W m−2 for the smallest difference 
in LCCS 1, and −0.1455 (−0.163, −0.123) W m−2 versus −0.0179 (−0.0213, 
−0.0143) W m−2 for the largest difference in IGBP; Fig. 4b, Extended 
Data Fig. 7 and Methods). The radiative forcing by the non-conversion 
regions over this 20-year period was comparable to the forcing induced 
by anthropogenic LULC conversions over the past three centuries 
(−0.15 ± 0.1 W m−2, IPCC AR6, ref. 10). On the basis of our results, the radi-
ative forcing of LULC conversions from 2001 to 2020 through the path-
ways caused by human activities was −0.0101 (−0.0119, −0.0081) W m−2, 
with a reduction rate of 0.0053 (0.0043, 0.0063) W m−2 per decade. Our 
estimate was largely consistent with the value of −0.0056 W m−2 per 
decade over the period 1750–2019 reported in the IPCC AR6 (ref. 10)  
(Supplementary Text 5).

In each of the four LULC classification schemes, the contribution of 
snow cover conversions to the global land surface mean albedo change 
was represented by all snow-related LULC conversion pathways, which 
included the conversions from snow cover to other non-snow LULC 
types and vice versa. Snow dynamics, including snow cover conver-
sions and snow albedo changes in snow-covered non-conversion 
regions, contributed to a global land surface mean albedo decrease, 
but its magnitude was only 41.4% of the GSLA increase (−0.0013 ver-
sus 0.0031; Figs. 1e and 4a). The snow dynamics-associated global 
land surface mean albedo decline was primarily driven by snow 
cover reduction, with the contribution of snow albedo changes 
less than 0.0001 (Fig. 5a and Supplementary Figs. 19a, 20a and 21a. 
Supplementary Fig. 22 illustrates the snow albedo change at the 1° 
grid-cell spatial resolution). The radiative forcing resulting from 
snow dynamics was only 0.0222 (0.0105, 0.0280) W m−2, equiva-
lent to −13.5% of the radiative forcing caused by the GSLA increase  
(Figs. 2a,d and 4b).

Among the four classification schemes, the LCCS 2 contained many 
key LULC types, including cropland, urban areas, shrublands, natural 
herbaceous, dense forests and open forests, and showed a relatively 
high classification accuracy (81% of overall accuracy) across four 

classification schemes32. Under LCCS 2, the albedo changes from LULC 
conversions and non-conversion regions separately led to a global land 
surface mean albedo increase of 0.0005 and 0.0026 (15.8 and 84.2% 
of GSLA, Fig. 4a), resulting in radiative forcing of −0.0239 (−0.0283, 
−0.0195) and −0.141 (−0.157, −0.120) W m−2 (14.6 and 85.9% of GSLA 
radiative forcing, Fig. 4b). Results obtained for the other classifica-
tion schemes were similar as shown in Supplementary Figs. 16–18 and  
19–21.

Under the LCCS 2 scheme, there were 36 net bidirectional LULC 
conversions among nine non-snow LULC types from 2001 to 2020 
(Fig. 5). Results for other classification schemes are shown in Sup-
plementary Figs. 19–21. Among the 36 net conversions, shrublands 
and open forests converted to natural herbaceous areas were about 
157,862 and 561,554 km2, respectively (Fig. 3b). These two pathways 
contributed the most to the GSLA increase (5.4 and 5.3%) and global 
radiative forcing (−0.0091 and −0.0087 W m−2). The second largest 
contribution came from the net conversion from dense forests to 
open forests (254 km2), accounting for a 3.8% increase in GSLA and 
−0.0056 W m−2 of radiative forcing. Barren lands were mainly con-
verted in net to natural herbaceous and shrublands (Fig. 3b), contrib-
uting to −2.5 and −1.2% of the GSLA change, with radiative forcing of 
0.0053 and 0.0023 W m−2.

The classification of mixed cropland LULC types (forest and/or 
cropland mosaics and natural herbaceous and/or cropland mosaics) 
introduced a large uncertainty to the delineation of cropland regions, 
because the areal fraction of croplands was unknown. Thus, under 
the LCCS 2 scheme, we calculated the effects of cropland changes on 
albedo and radiative forcing under two scenarios (one considering 
only herbaceous cropland as cropland, and the other one considering 
both herbaceous cropland and mixed cropland LULC types as crop-
land). Results of these two experiments were then used as the upper 
and lower bounds of the uncertainty range. From 2001 to 2020, the 
global cropland-relative conversions contributed to 2.4–3.7% of the 
GSLA increase (Fig. 4a), with induced radiative forcing of (−0.0057)–
(−0.0039) W m−2 (Fig. 5b).

Urban expansion under LCCS 2 contributed to less than 0.1% of the 
GSLA increase with radiative forcing less than 0.0001 W m−2. When 
the conversions between urban and snow were also included, the 
radiative forcing induced by urban expansion during 2001 and 2018 
aligned with previous estimates (0.00013 W m−2 for ALLUM-LCCS 2 and 
0.00015 W m−2 for ALLUM-IGBP compared to 0.00017 W m−2 in ref. 4).

In the LULC non-conversion regions under LCCS 2, non-snow LULC 
types (except natural herbaceous and/or cropland mosaic, which cov-
ered less than 0.1% of the global snow-free land area) experienced vary-
ing degrees of albedo increase (Fig. 3a). Shrublands showed the highest 
albedo increase (by 0.0151), contributed the most to the GSLA change 
(31.9%, Fig. 5a) and global mean radiative forcing (35.5%, Fig. 5b). Natu-
ral herbaceous areas, covering the largest fraction of snow-free land 
(17.9%), had the second highest albedo increase (0.0051) contributing 
to 24.0 and 22.9% of GSLA change and radiative forcing, respectively. 
Meanwhile, about 12.0, 7.7 and 7.1–7.6% (on the basis of the above men-
tioned two scenarios) of the GSLA increase were attributed to open 
forests, barren and croplands, respectively. Dense forests showed the 
smallest albedo increase (less than 0.2%).

The albedo changes in LULC non-conversions regions under the 
other three classification schemes (Supplementary Figs. 16a, 17a and 
18a) were similar to those retrieved for the LCCS 2 scheme. For instance, 
shrublands and short natural vegetation types (natural herbaceous, 
grasslands and savannas) showed the largest albedo increase consis
tently across all schemes.

Overall, the albedo enhancement in non-barren LULC non- 
conversion regions under LCCS 2 increased global land surface mean 
albedo by 0.0024, contributing to 76.6% of the GSLA increase and resul
ted in a global mean radiative forcing of −0.126 (−0.141, −0.107) W m−2, 
accounting for 76.4% of GSLA-induced forcing. The albedo changes in 
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these non-barren, non-conversion regions could be largely explained 
by changes in PV, NPV and SWC. PV refers to plant types actively enga
ged in photosynthesis, such as green leaves and grasses. NPV includes 
plant components that do not photosynthesize, such as dry leaves, 
stems and woody material, commonly found in shrubs and dead plant  
matter33. SWC represents the amount of water in soil or vegetation sur-
face, which influences albedo by altering the reflectivity of the surface34.

As such, we used a PV-NPV-SWC multivariate linear regression model 
to assess their effects on GSLA by fitting albedo changes at monthly 
and pixel scales (Extended Data Fig. 1c and Methods). In regions with 
solar zenith angles less than 85°, r2 of the model for predicting white- 
and black-sky albedo were 0.931 and 0.943, respectively, with r.m.s.e. 
values of 0.0102 and 0.0090 (Supplementary Fig. 23 and Methods). On 
the basis of this model, changes in PV, NPV and SWC led to an estimated 
global land surface mean albedo increase of 0.0016. This increase was 
52.9% of the actual GSLA increase, or 68.5% of the surface albedo vari-
ations in non-barren, non-conversion regions. The estimated albedo 
change from the PV-NPV-SWC model led to radiative forcing of −0.0818 
(−0.0914, −0.0689) W m−2, explaining 49.8% of the radiative forcing 
induced by the GSLA increase and 64.9% of that induced by surface 
albedo variations in non-barren, non-conversion regions. Specifically, 
the increase in PV greenness in the Northern Hemisphere resulted 
in a global land surface mean albedo decrease, which was offset by 
a decrease in greenness in the Southern Hemisphere (both around 
0.00093 in magnitude; Fig. 6a and Extended Data Fig. 8a). Globally, 
the recent changes in PV explained 6.1% of the global mean radiative 
forcing induced by the GSLA change (Fig. 6a and Extended Data Fig. 9a). 
Increases in NPV led to a global land surface mean albedo increase by 
0.0014, contributing to 43.6% of GSLA change (Fig. 6a and Extended 
Data Fig. 8b) and 33.7% to the GSLA-induced negative radiative forc-
ing. Furthermore, the change in SWC worldwide raised the global land 
surface mean albedo by 0.0003 (Fig. 6a and Extended Data Fig. 8c), 
contributing to 10.0% of the GSLA-induced negative forcing (Extended 
Data Fig. 9b,c).

In recent decades, widespread greening was observed across most 
regions globally35–37. Vegetation greening could reduce surface albedo 
because plants absorbed more solar energy for photosynthesis38–40. 

However, some of the increases in PV were converted to NPV in winter, 
leading to an albedo increase41. This albedo enhancement effect was 
particularly strong in January and February (Extended Data Fig. 10)42. 
The response of albedo to changes in PV and NPV changes varied with 
LULC types and spatial locations. Albedo in regions with low normal-
ized difference vegetation index (NDVI) was highly sensitive to PV 
changes39,40 with PV changes contributing more to albedo variations 
than NPV changes (Fig. 6b and Supplementary Fig. 24). For instance, in 
regions with reduced greenness of shrubs and grasslands in Australia, 
southern Africa and southern South America, there were substantial 
increases in albedo. Conversely, in regions with increased greenness 
in shrublands, such as the southwestern United States and the Indian 
Peninsula, albedo decreased43,44. In regions with high NDVI values, the 
sensitivity of PV-associated albedo to NDVI growth decreased. There 
was more vegetation browning in high-density vegetation types in 
winter44, and thus the changes in NPV often contributed more to albedo 
than those of PV (Fig. 6b and Supplementary Fig. 24). As a result, despite 
broader greening trends, many of the greening regions in the Northern 
Hemisphere still experienced albedo increases.

In the four LULC classification schemes, albedo increases in shrub-
lands were primarily driven by the PV change. For short natural vegeta-
tion types (natural herbaceous, grasslands and savannas) and cropland, 
NPV played a dominant role in the albedo increase (Supplementary 
Fig. 25). For instance, under LCCS 2, the PV explained 62.3% of the 
albedo change of shrublands. NPV explained 86.7 and 176.3% of the 
albedo changes over natural herbaceous and herbaceous croplands, 
respectively (Supplementary Fig. 25b).

Discussion
Understanding the magnitude and causes of the global land surface 
albedo change is essential to benchmark the pace of climate change. 
Our study demonstrates the importance of global land surface mean 
albedo changes for climate forcing. Albedo in snow-free regions 
experience a substantial increase (2.2%, 0.0038 (0.0036, 0.0039)), 
leading to a 0.72% global land surface mean albedo increase (0.0018 
(0.0006, 0.0029)). The albedo increase in snow-free regions results in 
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considerable negative global mean radiative forcing (−0.164 (−0.186, 
−0.138) W m2), equivalent in magnitude to 59.9% of CO2 radiative forcing 
and 48.9% of total greenhouse gas emissions radiative forcing during 
the period 2011–2019, as reported by the IPCC AR6 (ref. 10). Globally, 
snow change results in a 0.0013 decrease in global land surface mean 
albedo, but the induced radiative forcing accounted for only −13.5% 
(0.0222 (0.0105, 0.0280) W m−2) of the radiative forcing due to the 
GSLA increase. LULC conversions only contribute to 12.6–20.1% of the 
GSLA increase under the four LULC classification schemes. The nega-
tive global mean radiative forcing originating from LULC conversion 
(0.0178–0.0333 W m−2) is only 12.3% (IGBP) to 25.3% (LCCS 1) of the 
forcing from LULC non-conversion regions.

The increase in GSLA is mainly attributed to LULC non-conversion 
regions (77.9–87.4%). In these regions, shrublands and short natural 
vegetation types have the largest effects on global land surface mean 
albedo and radiative forcing among all of the non-snow LULC types in 
different LULC classification schemes. Albedo varies greatly across 
different LULC types. Even the same LULC types can play different roles 
in albedo change in different regions. These spatial differences are be 
related to different levels of greenness. The decreases in PV in Southern 
Hemisphere LULC non-conversion regions, coupled with the increase 
in NPV in the Northern Hemisphere regions, are the primary drivers 
of GSLA increase.

There are some limitations in this study, including the disregard for 
anisotropic scattering of diffuse skylight and the use of high-uncertainty 
albedo data to calculate radiative forcing in regions with solar zenith 
angles up to 70°–85°. For more details on the limitations and their 
potential effects, please refer to Supplementary Text 6.

The Earth energy budget variations due to surface albedo changes 
and trends may profoundly affect local-to-global climate, and their 
influence may be further complicated with different biophysical pro-
cesses in near future. Thus, global land surface albedo changes need 
to be considered in future climate change assessments, especially over 
regions experiencing long-term changes in vegetation and SWC. Our 
findings improve the understanding of biophysical feedback mecha-
nisms related to surface albedo, and can inform land management poli-
cies aimed at climate mitigation by accounting for the climate effects 
of albedo change. Our observation-driven methodology provides a 
baseline for developing monitoring and verification guidelines for 
land-based climate change mitigation efforts.
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Methods

To reconstruct land surface albedo, explore its temporal evolution 
and explain the underlying key mechanisms, we implement a series 
of data-driven analyses that are detailed in the following sections and 
summarized in the scheme shown in Extended Data Fig. 1.

ALLUMs
We construct a total of four ALLUM datasets including ALLUM- 
LCCS 1, ALLUM-LCCS 2, ALLUM-LCCS 3 and ALLUM-IGBP, each of 
which is based on different LULC classification schemes. Each ALLUM 
is a multi-dimensional array in which the monthly global land surface 
albedo and conversions among 9–16 LULC types corresponding to a 
specific classification scheme are stored in 1° × 1° grid cells from 2001 
to 2020. Specifically, each grid cell contains for each monthly time step: 
(1) the values of terrestrial white- and black-sky albedo in shortwave 
(0.3–5.0 μm), visible light (0.3–0.7 μm) and near-infrared (0.7–5.0 μm) 
bands for the total of 50 LULC types with respect to the four LULC clas-
sification schemes (Supplementary Tables 1–3); (2) the areal extent of 
each LULC type and (3) the areas of LULC changes in each month from 
2002 to 2020 relative to the same month in 2001 across 612 LULC con-
version pathways, and the areas of LULC non-conversion regions for 50 
LULC types under the four LULC classification schemes. The ALLUMs 
exclude the regions with solar zenith angles greater than 85°, where 
there is negligible downward radiation at the land surface. The recon-
struction involves aggregating 500-m-resolution monthly snow frac-
tion, yearly LULC and monthly albedo data to 1° × 1° grid cells. Details 
on the aggregation methods are reported in the following paragraphs.

Snow fraction. On the basis of daily 500-m-resolution snow cover frac-
tion (SCF) data acquired from the MOD10A1 C6.1 (ref. 26), we synthe-
size a global monthly snow cover product. SCF is given as a percentage 
per pixel. The following three sequential steps are used to fill in missing 
values caused by cloud cover and/or limited coverage of observations 
at the monthly scale and to generate gap-free monthly SCF.
1.	 Missing daily data are initially reconstructed using the values from 

the temporally nearest data within the previous 8-day cycle45.
2.	The monthly SCF data are synthesized using the mean compositing 

method from the daily data.
3.	The remaining missing data, originating from consecutive or sys-

tematic missing retrievals that cannot be reconstructed by steps (1) 
and (2), are interpolated using the IDW interpolation model46.

LULC map. The MCD12Q1 C6.1 product provides several different 
classification layers of land cover types from 2001 to 2020 at 500-m 
resolution27. We use the IGBP classification scheme and the LCCS 1–3 
classification schemes to generate four ALLUMs, which separately  
define 16, 15, 10 and 9 LULC types excluding water bodies. Owing to large 
seasonal variations in snow cover, snow is taken in each of ALLUMs as a 
separate land cover class and merged with the permanent snow class, 
through setting an empty LULC type and 100% SCF in permanent snow 
region defined by the corresponding LULC scheme. The snow type is 
represented by the SCF rather than a discrete classification value. Each 
pixel in the grid cells includes the attributes of annual LULC types and 
monthly SCFs. This indicates that the land areas with different LULC 
types may change on a monthly scale due to variations in snow cover.

Surface albedo. Surface albedo values are retrieved from the MCD43A3 
C6.1 albedo dataset18. The product provides daily directional hemi-
spherical reflectance (black-sky albedo) and bihemispherical reflec-
tance (white-sky albedo) for three broad spectrum bands (shortwave 
0.3–5.0 μm, visible light 0.3–0.7 μm and near-infrared 0.7–5.0 μm) at 
500-m-resolution. Each daily image is generated using the data from 
a 16-day period centred on the given day. To synthesize monthly aver-
age snow and snow-free albedo of white and black sky for each band, 

we distinguish between snow albedo and snow-free albedo pixels. We 
exploit the daily snow albedo mask derived from MCD43A2 C6.1 (ref. 47) 
to achieve this. Because the MCD43 albedo algorithm is not validated 
for water bodies, we mask water albedo data defined by the LULC maps.

Area, white- and black-sky albedo of each LULC type. In each of 
the four ALLUMs, the snow cover area Asnow( y, m, lon, lat) in a 1° × 1° 
grid cell, located at latitude (lat) and longitude (lon) is the sum of the 
snow areas from all 500-m-resolution pixels, in month m and year y. 
For other LULC types, At( y, m, lon, lat) is the sum of the snow-free areas 
for pixels belonging to a specific LULC type t. The snow and snow-free 
areas for each pixel are separately calculated by multiplying the pixel 
area with SCF and (1 − SCF).

In each 1° × 1° grid cell, albedo of snow is the albedo average in all snow 
pixels. Similarly, albedo of each of non-snow LULC types is the average 
of all albedo in the snow-free pixels belonging to that LULC type. Missing 
albedo values are reconstructed using the four-dimensional IDW inter-
polation model in combination with data anisotropies based on several 
nearby known albedo values with the same LULC type, spectral band 
and albedo type (white or black sky). Details on the four-dimensional 
IDW interpolation are reported in Supplementary Text 1.

Areas of LULC conversions. On the basis of the monthly LULC data 
resulting from annual LULC information and the monthly variations in 
snow cover, we compute the LULC type conversion areas (LCApixel)  
between two time periods time0 and time1 in each 500-m-resolution 
pixel where non-snow LULC type t1 and SCFtime0 are converted to non-
snow LULC type t2 and SCFtime1, where time0 and time1 represent any 
month in 2001 and the same month in a specific year between 2002 and 
2020, respectively. The computation takes into account variations  
in land cover types and snow cover and is based on the following two 
principles as shown in Supplementary Fig. 26: (1) the sum of the areas  
of persistent snow cover regions (LCApixel

snow→snow), the areas of chan
ged snow cover regions (LCA t

pixel
snow→ 2 and LCAt

pixel
1→snow ) and the areas of  

snow-free regions with conversion among other LULC types (LCAt t
pixel

1→ 2)  
equals the total area of the pixel Apixel; (2) the area of snow-covered regi
ons equals LCApixel

snow→snow in the period with less snow cover; the area of  
snow-free regions equals LCAt t

pixel
1→ 2 in the period with more snow cover.

To this aim, we first obtain the area of persistent snow cover 
(LCApixel

snow→snow) and the area of the conversion from t1 to t2 (LCAt t
pixel

1→ 2)) 
using equations (1) and (2):

ALCA = min(SCF , SCF ) (1)pixel
snow→snow

pixel time0 time1

ALCA = (1 − max(SCF , SCF )) (2)t t
pixel

1→ 2
pixel time0 time1

The area of conversion between snow and t1 or t2 can then be  
quantified depending on the changes in snow cover conditions.

If SCFtime0 > SCFtime1, the conversion areas are retrieved as follows:

ALCA = (max(SCF , SCF )

− min(SCF , SCF ))
(3)

t
pixel
snow→ 2

pixel time0 time1

time0 time1

LCA = 0 (4)t
pixel

1→snow

If SCFtime0 ≤ SCFtime1, the conversion areas are retrieved as follows:

ALCA = (max(SCF , SCF )

− min(SCF , SCF ))
(5)

t
pixel

1→snow
pixel time0 time1

time0 time1

LCA = 0 (6)t
pixel
snow→ 2

The area of each LULC conversion pathway in a grid cell is the sum of  
all LCApixel in that grid cell with the same conversion pathways.



Blue-sky albedo
In MCD43A3 C6.1, white- and black-sky albedo represent two con-
ceptual scenarios of albedo under isotropic diffuse conditions and 
direct illumination, respectively. Blue-sky albedo, which represents 
the actual surface albedo under natural illumination conditions, is 
derived from them using the fraction of diffuse downward radiation 
(DDRF) as the weight factor. We derive DDRF in shortwave lights by 
exploiting monthly diffuse and direct surface solar radiation fluxes in 
the visible (vis) and near-infrared (NIR) spectra provided by the National 
Centers for Environmental Prediction Reanalysis Derived Products for 
the period 2001–202048 based on equation (7)8,25:

(7)
y m

y m y m
y m y m y m y m

DDRF( , , lon, lat, shortwave) =

DDR( , , lon, lat, NIR) + DDR( , , lon, lat, vis)
BDR( , , lon, lat, NIR) + BDR( , , lon, lat, vis) + DDR( , , lon, lat, NIR) + DDR( , , lon, lat, vis)

where BDR and DDR denote the beam downward radiation and the 
diffuse downward radiation, respectively.

Under the assumption of isotropy in skylight scattering, we calculate 
blue-sky albedo in the shortwave bands on the basis of DDRF of the 
corresponding band (equation (8)):

α α α= DDRF + (1 − DDRF) (8)blue white black

Validation of reconstructed global monthly albedo data
Four-dimensional spatio-temporal IDW interpolation. In construct-
ing the ALLUMs, the four-dimensional spatio-temporal IDW interpola-
tion model is used to fill in missing albedo values for the 50 LULC types 
over the four classification schemes. For the validation purpose, we 
randomly select 2 million grid-level albedo cells where land surface 
has no missing albedo values. In these grid cells, white- and black-sky 
albedo values of different bands for each LULC type serve as ground 
truth to evaluate the credibility of the interpolated data.

Validation of reconstructed global monthly 500-m-resolution  
albedo data. We separately use the four ALLUMs to reconstruct glo
bal monthly 500-m-resolution shortwave albedo. Specifically, the 
500-m-resolution white- or black-sky albedo of a pixel with a LULC type 
t is calculated by weighting the albedo α y m( , )t

white/black  of t and snow 
albedo α y m( , )white/black

snow  with the SCF of the pixel (equation (9)). The 
LULC type and SCF of the pixel are determined by the monthly 
500-m-resolution LULC and SCF datasets, respectively. αwhite/black is 
retrieved from the ALLUMs in the grid cell where the pixel locates as 
follows:

α y m α y m y m

α y m y m

( , ) = ( , )[1 − SCF( , )]

+ ( , )SCF( , )
(9)

t
white/black,pixel white/black

white/black
snow

We then reconstruct the 500-m-resolution blue-sky albedo using 
equation (8), and compare it to the blue-sky albedo value synthesized 
from the original MCD43A3 C6.1 black- and white-sky albedo to verify the 
reliability of the ALLUMs (Extended Data Fig. 1b). We select 4.8 million  
points from the two blue-sky albedo datasets to validate the accuracy 
of the reconstructed results. Random sampling with strict buffer49 is 
used to avoid biases due to spatial autocorrelation. Each random point 
is at least 10 km from its nearest neighbours.

Contributions to changes in global land surface mean albedo
Changes in global land surface mean albedo. Satellite albedo  
retrievals tend to be inaccurate for solar zenith angles exceeding 70° 
(ref. 50), and this has also been confirmed and supported in the valida-
tion of our reconstructed data (Supplementary Fig. 5). Thus, we calcu-
late global land surface mean albedo by using the monthly albedo from 
the regions with a solar zenith angle less than 70° as follows:

∑ ∑ ∑α y
A

α y m A y m M y m T m

M y m T m

( ) =
1

∑ ( , , lon, lat) ( , , lon, lat) ( , , lon, lat) ( )

∑ ( , , lon, lat) ( )

(10)
t

N

m
t t

m

GL
GL lat=−90

90

lon=−180

180

=1

=1
12

blue 70 m

=1
12

70 m

t

where AGL is the global land area (147.9 million km2). Nt is the number of 
LULC types in each of the four LULC classification schemes. M70 = 0 if 
the maximum solar zenith angle of the day is greater than 70°; other
wise, M70 = 1. Tm denotes 1 month with units of seconds in a normal year. 
We neglect the difference of the month length between normal years 
and leap years. These calculations are performed separately for each 
ALLUM dataset specific to different classification schemes.

Contributions of LULC and snow dynamics. In the conversion from 
t1 to t2, there are Nt

2 pathways for Nt LULC types in each 1° × 1° grid  
cell. N N( − 1) − ( − 1)t

2
t  pathways (t1 ≠ t2 and both t1 and t2 are not  

snow) represent the global land surface mean albedo change due to 
LULC conversions in snow-free regions. The contribution of snow  
dynamics is contained within the N N− ( − 1)t

2
t

2 snow-related path
ways (t1 = snow or t2 = snow).

On the basis of the areas of the LULC conversions through each of 
the pathways in each 1° × 1° grid cell, LCAt1→t2( y, m, lon, lat) and the 
blue-sky shortwave albedo for different LULC types and time 
α y m( , , lon, lat)t

blue , we compute the global land surface mean albedo 
change caused by the conversion between any two LULC types CαGL( y) 
by using equations (11) and (12), with the year 2001 as the reference:

∑ ∑
(11)

C y
A

α y m y m M y m T m

M y m T m

( ) =
1

∑ Δ ( , , lon, lat)LCA ( , , lon, lat) ( , , lon, lat) ( )

∑ ( , , lon, lat) ( )

a
t t

m
t t t t

m

GL
1→ 2

GL lat=−90

90

lon=−180

180

=1
12

blue
1→ 2 1→ 2

70 m

=1
12

70 m

α y m α y m

α m

Δ ( , , lon, lat) = ( , , lon, lat)

− (2001, , lon, lat)
(12)

t t t

t
blue

1→ 2
blue

2

blue
1

where y spans the 2002–2020 period.
The contribution of GSLA to global land surface mean albedo  

change C y( )aGL
GSLA  is C y∑ ∑ ( )t

t
t
t

a
t t

1
1≠snow

2
2≠snow

GL
1→ 2 . Then the relative contri-

bution of each LULC conversion to the GSLA change is quantified as a 
percentage value, by dividing C y( )a

t t
GL
1→ 2  by C y( )aGL

GSLA  and multiplying  
by 100%.

Contributions of LULC non-conversion regions. For the LULC non- 
conversion regions, there are Nt − 1 pathways (t1 = t2, and both t1 and 
t2 are not snow) representing the global land surface mean albedo 
change owning to changes in land attributes in snow-free regions (LULC 
non-conversions), such as an increase in forest density. The contribu-
tion of each LULC non-conversion pathway is calculated using the same 
method (equations (11) and (12)) as other pathways.

To explain the reasons for albedo changes in non-conversion regions, 
a multivariate linear regression model (equation (13)) is used to fit 
monthly shortwave albedo changes in each pixel from MCD43A3 C6.1 
(Extended Data Fig. 1c):

α
α α α

ε=
∂

∂ln NDVI
lnNDVI +

∂

∂SSI
SSI +

∂

∂NMDI
NMDI + (13)pixel

pixel pixel pixel

where ε represents the model residuals, NDVI51 was defined in the 
main text, and SSI and NMDI denote the spectral shape index33 and 
the normalized multi-band drought index34, respectively. NDVI, SSI 
and NMDI are used to characterize the PV cover, NPV cover and SWC, 
respectively. NDVI is transformed by using the natural logarithm in the 

(7)
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regression model to account for the nonlinear relationship between 
NDVI and albedo52.

The multivariate linear regression model described in equation (13) 
is chosen because it represents a simple and reasonable approach to 
capture possible emerging first-order temporal changes in the signal 
that can be applied consistently on the long time series data and across 
different products and variables. The NDVI, SSI and NMDI from 2001 
to 2020 are taken from the MOD09A1 C6.1 (ref. 53) 500-m-resolution 
8-daily surface reflectance dataset. Their calculation methods are 
detailed in Supplementary Table 5. NDVI, SSI and NMDI data are com-
posited into monthly data by taking the mean of 8-day retrievals, after 
masking out snow and clouds conditions retrieved from the product 
quality bands. The albedo data fitted in equation (13) is monthly aver-
aged white- and black-sky snow-free albedo synthesized from MCD43A3 
C6.1 for each pixel from 2001 to 2020.

The model (equation (13)) is applied to each month m, 500-m-reso-
lution pixel p and albedo type w (white or black sky) to individually 
regress the albedo sensitivity of the three components m p w( , , )

α

Z

∂

∂
pixel  

(Z represent lnNDVI, SSI or NMDI). In the regions with solar zenith angles 
less than 85°, r2 of the model for predicting white- and black-sky albedo 
are 0.93 and 0.94, respectively, with r.m.s.e. values of 0.010 and 0.009 
(Supplementary Fig. 23). These results indicate that the model can 
estimate the albedo accurately. The contribution of these three com-
ponents to the albedo changes for each month and 500-m-resolution 
pixel is estimated by using equation (14):

C m p w
α

Z
m p w Z m p

m p m p

( , , ) =
∂

∂
( , , )Δ ( , )

(1 − max(SCF ( , ), SCF ( , ))
(14)α

Z
−pixel

pixel

2001 2020

where ΔZ is the difference in Z between 2020 and 2001.
The three components-induced global land surface mean albedo 

change is calculated by weighting and summing C m p w( , , )α
Z
−pixel . For 

details, please refer to Supplementary Text 7.

Albedo-induced radiative forcing
To estimate the top of the atmosphere radiative forcing induced by the 
land surface albedo changes, we use six grid-cell specific all-sky albedo 
radiative kernels, which are resampled to align with the 1° × 1° ALLUM 
grid cells using the bilinear interpolation. These kernels represent the 
change of net shortwave radiation flux at the top of the atmosphere in 
response to a 0.01 change of surface albedo. These six kernels are gen-
erated on the basis of four models, CAM5 (ref. 54), HadGEM2 (ref. 55), 
HadGEM3 (ref. 56) and ECHAM6 (ref. 57) and two reanalysis datasets, 
including ERAI58 and ERA5 (ref. 59).

Using the ALLUMs and six shortwave radiative kernel datasets, we 
calculate the yearly global mean radiative forcing GMRFt1→t2( y) induced 
by the conversion between any two LULC types (equation (15)). We 
finally take the maximum and minimum values of the radiative forc-
ing calculated by different radiative kernels as the uncertainty range:

∑ ∑ ∑y
A T

α y m y m
K m M m T m

GMRF ( ) =
100

[Δ ( , , lon, lat)LCA ( , , lon, lat)
( , lon, lat) ( , lon, lat) ( )]

(15)

t t

m
t t t t

1→ 2

global y lat=−90

90

lon=−180

180

=1

12

blue
1→ 2 1→ 2

r 85 m

where Kr(m, lon, lat) denotes the shortwave radiation kernel (W m−2) for 
each month and grid cell, αΔ t t

blue
1→ 2 is the change in blue-sky shortwave 

albedo, Aglobal is the global surface area (510 million km2) and Ty denotes 
one normal year with units of seconds. M85 = 0 if the maximum solar 
zenith angle of the day is greater than 85°; otherwise, M85 = 1. The value 
of 100 is used to account for the kernel definition for every 0.01 change 
in surface albedo. The global mean radiative forcing induced by PV 
cover, NPV cover and SWC changes is calculated by using the method 
similar to equation (15). For details, please refer to Supplementary Text 7.

This analysis includes the regions with solar zenith angles up to 85°, 
which is a broader range than that used to calculate global land sur-
face mean albedo (solar zenith angles less than 70°). This is because 
the calculation of global mean radiative forcing requires considering 
the contribution of radiative flux change over the entire land surface, 
including the regions with solar zenith angles of 70°–85°.

The total albedo-induced radiative forcing is the sum of the GMRF 
caused by LULC conversions through individual pathways and the 
albedo change in LULC non-conversion regions (equation (16)):

∑ ∑y yGMRF ( ) = GMRF ( ) (16)
t

N

t

N
t t

total
1=1 2=1

1→ 2
t t

Albedo-induced integrated radiative forcing is the integration of 
radiative forcing over time and regions. We calculate the integrated 
radiative forcing caused by the global land surface mean albedo change 
from 2001 to 2020 (using the year 2001 as the reference), using equa-
tion (17), to measure the long-term impact on the overall energy bal-
ance of the Earth:

∑A T yRF = GMRF ( ) (17)
y

Integrated global y
=2002

2020

total

where RFIntegrated represents the contribution of the albedo change to 
the shortwave radiation energy variation. A positive radiative forcing 
value shows that more energy is absorbed at the top of the atmosphere, 
leading to a net energy gain and contributing to global warming. Con-
versely, a negative value indicates less energy is absorbed by the Earth.

Uncertainty and sensitivity analysis
To assess the impact of the calibration errors of MODIS sensors, we 
derive the long-term trends of monthly blue-sky albedo trends at the six 
pseudo-invariant calibration sites (PICSs) from 2001 to 2020 (Supple-
mentary Fig. 13). The average trend error across the six PICSs is 0.09% 
per decade. We mask out all the albedo changes below the calibration 
limit (0.7% per decade on the basis of the largest blue-sky albedo trend 
in the six PICSs) over the LULC conversion pathways or non-conversion 
regions in each grid cell in the four ALLUM datasets, and the differ-
ence in global land surface mean albedo change was less than 2 × 10−4 
before and after the mask in the four ALLUMs, whereas the difference 
in GSLA was less than 8 × 10−5. These small differences indicate that the 
global land surface mean albedo change is little affected by the calibra-
tion error. For details, please refer to Supplementary Text 4, Extended 
Data Fig. 4 and Supplementary Fig. 14. Furthermore, we investigate the 
regions with albedo trends below the calibration limit in Supplementary 
Fig. 15 (mainly in Greenland and the Antarctic Ice Sheet), emphasizing 
the uncertainties associated with these local changes28.

To further evaluate our results, we calculate the global land surface 
mean albedo change from 2001 to 2020 using the GLASS02B03 V50 
albedo data60 with an 8-day temporal resolution. The comparison with 
our ALLUM-based results demonstrates a high consistency in tempo-
ral and spatial patterns. Furthermore, we validate the reliability of 
our results of albedo changes in Greenland and Antarctica by using 
MOD10A1 C6.1 snow albedo data26 and long-term automatic weather 
stations albedo observations61 (Supplementary Text 3, Extended Data 
Fig. 3 and Supplementary Figs. 6–11).

We demonstrate here that the impact of LULC misclassification on 
the albedo accuracy of ALLUMs is negligible. We validate each of the 
four ALLUMs by using 2 million albedo samples at the grid level and 
4.8 million 500-m-resolution samples reconstructed using ALLUMs 
(section ‘Validation of reconstructed global monthly albedo data’). 
The classification accuracies of the four ALLUMs corresponding to 
different LULC schemes are very different, that is, the overall classifica-
tion accuracy of 72, 81 and 87% for LCCS 1–3, respectively, and 67% for 
IGBP32. Yet, albedo accuracy of each of the four ALLUMs shows little 



differences (Supplementary Figs. 1–3). Furthermore, the global land 
and snow-free land surface mean albedo changes from 2001 to 2020 
by using ALLUM-LCCS 1–3 and ALLUM-IGBP show very small deviations 
(less than 0.0003; Supplementary Fig. 12). We calculate the albedo 
change across four seasons per year by using the four ALLUMs, and use 
their maximum and minimum values as a measure of the uncertainty 
introduced to the land surface albedo change.

We use six different radiative kernels to reduce the uncertainty in 
radiative forcing calculations. The radiative forcing across the six ker-
nels show a high consistency (Figs. 2a and 4b). Although the albedo 
radiative forcing induced by snow dynamics shows considerable 
variabilities, it accounts for a very small fraction of the total radiative 
forcing (Figs. 2a and 4b). We take the maximum and minimum values 
of radiative forcing using these kernels and the four ALLUMs as the 
uncertainty range of radiative forcing.

We use the one-sample t-test to analyse the statistical significance of 
change in the global land surface mean albedo, GSLA and the induced 
radiative forcing, and Mann–Kendall test to examine their trends (Figs. 1a 
and 2a). We further conduct significance tests within each 3° × 3° grid cell 
by using the two-sided Student’s t-test for albedo changes and radiative 
forcing between two periods (2011–2020 and 2001–2010), and using 
the Mann–Kendall test for trends over the past two decades. The albedo 
changes and induced radiative forcing (Figs. 1c and 2c, Extended Data 
Fig. 2a and Supplementary Fig. 14), as well as their trends (Figs. 1b and 2b, 
Extended Data Fig. 2b and Supplementary Figs. 15 and 22), are statisti-
cally significant over much of the global land areas. The trends are fitted 
using the Theil–Sen Median method as a robust statistical approach.

Further details are available in the Supplementary Information and 
rely on refs. 62–76.

Data availability
The ALLUMs dataset is available at Zenodo (https://doi.org/10.5281/
zenodo.13981586)77. The MCD43A3 C6.1 surface albedo data are 
available at https://doi.org/10.5067/MODIS/MCD43A3.061 (ref. 18)  
and the MCD12Q1 C6.1 LULC data from https://doi.org/10.5067/
MODIS/MCD12Q1.061 (ref. 27). The MOD10A1 C6.1 daily SCF data 
can be obtained from https://nsidc.org/data/mod10a1/versions/61  
(ref. 26). The MOD09A1 C6.1 surface reflectance data can be accessed 
at https://doi.org/10.5067/MODIS/MOD09A1.061 (ref. 53). The diffuse 
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Extended Data Fig. 1 | The framework of our methodology. a, Generation of 
ALLUMs, and calculation of the contributions of LULC change to global land 
surface mean albedo change and the induced radiative forcing. b, Validation of 
reconstructed 500m-resolution blue-sky albedo. c, Contributions of the 

changes in photosynthetic vegetation (PV), non-photosynthetic vegetation 
(NPV) and surface water content (SWC) to albedo change over the regions 
without LULC conversions. The data in pink boxes and yellow boxes separately 
represent the 500m-resolution pixel-level data and grid-level data.



Extended Data Fig. 2 | See next page for caption.
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Extended Data Fig. 2 | Spatial distribution of albedo changes in snow-free 
regions from 2001 to 2020. a, Absolute albedo changes from 2001 to 2020 in 
snow-free regions. The black dots indicate the bins where the average albedo 
change between two time periods (2011-2020 and 2001-2010) is statistically 
significant (i.e., different from zero in two-sided Student’s t-test; P-value 
≤0.05). Only the grid cells where snow-free regions account for more than 5%  
of the grid cell land area are displayed, and the snow-free areas with statistically 
significant changes account for 32.9% of all snow-free areas in these grid cells 
(with 24.1% showing an increase and 8.9% showing a decrease). b, Albedo trends 

in snow-free regions. The linear trend for each grid cell is regressed using the 
Theil-Sen Median method as a robust statistical approach. The black dots 
indicate statistically significant trends determined by the Mann-Kendall test 
(P-value ≤0.05). The snow-free areas with statistically significant trends 
account for 38.1% of all snow-free areas (with 29.7% showing an increase and 
8.4% showing a decrease). These results represent the average albedo changes 
derived from ALLUM-LCCS 1-3 and ALLUM-IGBP datasets. Significance tests are 
conducted within each 3° × 3° grid cell for clear visualization.



Extended Data Fig. 3 | Global land surface albedo changes based on ALLUMs 
and GLASS02B03. a, Annual time series of the global land surface mean albedo 
changes based on ALLUMs (purple line) and GLASS02B03 (orange line), 
respectively. Dashed lines represent the linear fits using the Theil-Sen Median 
method as a robust statistical approach. Shaded areas show maximum and 
minimum values of albedo changes of the four seasons. b-c, Spatial distribution 

of absolute albedo changes from 2001 to 2020 based on GLASS02B3 (b) and 
ALLUMs (c). d-e, Albedo trends from 2001 to 2020 based on GLASS02B3 (e) and 
ALLUMs (e). The Theil-Sen Median method is used to retrieve linear trends at 
the grid cell level. Panel (c and d) shows the average of the albedo changes 
calculated from ALLUM-LCCS 1-3 and ALLUM-IGBP.
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Extended Data Fig. 4 | Differences in global land surface albedo changes 
before and after the albedo changes smaller than the calibration limit are 
masked. a-d, Global land (gray line) and snow-free land (purple line) surface 
mean albedo changes derived from ALLUM-LCCS 1-3 (a-c) and ALLUM-IGBP (d), 

respectively. The solid line and dashed line represent the differences before 
and after the mask. e, The difference in the global land surface mean albedo 
changes before and after the mask in the four ALLUMs is applied.



Extended Data Fig. 5 | Albedo changes in the northern temperate zone 
(66°N-23°N), tropical zone (23°N-23°S) and southern temperate zone 
(23°S-66°S). Panels (a) and (b) illustrate albedo change in snow-free regions 
and overall land regions (snow + snow-free regions), respectively. The shaded 

areas denote the maximum and minimum values of albedo change of the four 
seasons using the four ALLUMs. The dashed lines represent the linear fit of 
reflectance variation, regressed using the Theil-Sen Median method as a 
robust statistical approach.
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Extended Data Fig. 6 | Contributions to the land surface albedo changes 
from LULC conversions and non-conversion regions. The contributions of 
LULC conversions (a, c, e, g) and non-conversion regions (b, d, f, h) during 

2001-2020 based on ALLUM-LCCS 1 (a, b), ALLUM-LCCS 2 (b, c), ALLUM-LCCS 3 (e, f) 
and ALLUM-IGBP (g, h).



Extended Data Fig. 7 | Grid-level radiative forcing due to surface albedo 
changes from LULC conversions and non-conversion regions. The forcing 
due to LULC conversions (a, c, e, g) and non-conversion regions (b, d, f, h) 

during 2001-2020 based on ALLUM-LCCS 1 (a, b), ALLUM-LCCS 2 (b, c), 
ALLUM-LCCS 3 (e, f) and ALLUM-IGBP (g, h).
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Extended Data Fig. 8 | Effects of changes in PV, NPV, and SWC on land surface albedo during 2001-2020. Panel (a), (b), and (c) illustrate the effects of changes in 
PV, NPV, and SWC, respectively, in LULC non-conversion regions defined by LCCS 2.



Extended Data Fig. 9 | Albedo-induced radiative forcing due to changes in PV, NPV and SWC during 2001-2020. Panel (a), (b), and (c) display the effects of 
changes in PV, NPV, and SWC, respectively, in LULC non-conversion regions defined by LCCS 2.
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Extended Data Fig. 10 | Contributions of PV, NPV, and SWC to the monthly 
global land surface mean albedo change from 2001 to 2020. Points with 
different colors represent the results based on different LULC classification 

schemes. The albedo in the regions where the solar zenith angle is larger than 
70° is filled with the mean in other months.


