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Extensive forest changes have occurred in monsoon Asia, substantially affecting climate, carbon cycle
and biodiversity. Accurate forest cover maps at fine spatial resolutions are required to qualify and
quantify these effects. In this study, an algorithm was developed to map forests in 2010, with the use
of structure and biomass information from the Advanced Land Observation System (ALOS) Phased
Array L-band Synthetic Aperture Radar (PALSAR) mosaic dataset and the phenological information
from MODerate Resolution Imaging Spectroradiometer (MOD13Q1 and MOD09A1) products. Our forest
map (PALSARMOD50 m F/NF) was assessed through randomly selected ground truth samples from
high spatial resolution images and had an overall accuracy of 95%. Total area of forests in monsoon
Asia in 2010 was estimated to be ~6.3 × 106 km2. The distribution of evergreen and deciduous forests
agreed reasonably well with the median Normalized Difference Vegetation Index (NDVI) in winter.
PALSARMOD50 m F/NF map showed good spatial and areal agreements with selected forest maps
generated by the Japan Aerospace Exploration Agency (JAXA F/NF), European Space Agency (ESA F/NF),
Boston University (MCD12Q1 F/NF), Food and Agricultural Organization (FAO FRA), and University of
Maryland (Landsat forests), but relatively large differences and uncertainties in tropical forests and
evergreen and deciduous forests.
Human activities in monsoon Asia (see Supplementary Fig. S1) have resulted in intensive land use and cover
changes, especially for forests, which have considerable effects on climate change, biodiversity, and ecosystem
services1–3. Forest changes, especially in tropical regions, are regarded as a major source of greenhouse gas
(GHG) emissions. Deforestation and forest degradation are responsible for 12–20% of global GHG emissions
per year3,4. To mitigate future global climate change in a cost effective way, the REDD+ (Reduce Emissions
from Deforestation and Forest Degradation) mechanism under the United Nations Framework Convention on
Climate Change (UNFCCC) was proposed (http://unfccc.int/2860.php) with the aims of reducing emissions from
deforestation and forest degradation, as well as promoting forest conservation, sustainable management of forests,
and enhancement of forest carbon stocks in developing countries. Accurate and consistent detection of forest
changes at fine spatial resolutions is required for the estimation of GHG emissions and for developing polices to
reduce deforestation and forest degradation5,6.
Although much attention has been given to forest protection, large areas of forests are diminishing in tropical
regions in monsoon Asia (see Supplementary Fig. S2), as highly dense, poor populations depend on forests and
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other local natural ecosystems7. Agricultural land expansion via deforestation, and the replacement of primary
forests by forest plantations (e.g., rubber, eucalyptus, oil palm) or cash crops are common and have resulted in
tremendous losses of forest cover, biodiversity, carbon storage and sustainability1,7–9. For example, the forest cover
loss in Indonesia over the past 20 years has been high and continually increasing9, particularly in areas with a high
proportion of primary forests in protection areas; the annual loss of annual primary forest cover was higher than
that in Brazil during 2000–20128. National-scale reforestation and afforestation is considered an important contributor to East Asia’s becoming a high carbon dioxide (CO2) uptake region10,11. For example, annual forest cover
increased about 2.5 ×  104 km2 in China during 1990–2012 (see Supplementary Fig. S2).
Multiple historical forest cover datasets were developed with reasonably good accuracies using different satellite images such as 8-km or 1-km Advanced Very High Resolution Radiometer (AVHRR)12,13, 500-m Moderate
Resolution Imaging Spectroradiometer (MODIS)14,15, 30-m Landsat16,17, and 25-m or 50-m Phased Array L-band
Synthetic Aperture Radar (PALSAR)18,19. Optical remote sensing is sensitive to the canopy structure of vegetation,
which may overestimate or omit the extent of the woody vegetation in some cases18. The L-band PALSAR images,
independent of clouds and day/night, show promising potential for global forest mapping18. Optical images contain information on the reflectance of the land surface, while radar images contain information on the structure,
biomass, and dielectric of the land surface. Land cover types inseparable by optical images may be distinguished
by radar images due to the complementary information provided by these two kinds of images. Recent studies
investigated the advantages of the integration of optical and radar images to identify land cover types20–22, and
their results showed that the integration of optical and radar images can achieve higher classification accuracy
than those generated by an individual sensor.
The objectives of this study are to (1) map the forests (both evergreen and deciduous) cover at the spatial resolution of 50 m in monsoon Asia in 2010 using a decision tree algorithm and the PALSAR and MODIS data; and
(2) investigate the uncertainties between our resultant forest/non-forest maps (PALSARMOD50m F/NF, ALOS
PALSAR- and MODIS-based forest/non-forest maps) and the selected forest cover datasets (see Supplementary
Table S1). The selected forest datasets are currently the best available products for 2010, including the 50-m forest/
non-forest map generated by PALSAR mosaic datasets from the Japan Aerospace Exploration Agency (JAXA F/
NF), 300-m forest/non-forest map generated by Medium Resolution Imaging Spectrometer (MERIS) and SPOT
VEGETATION from the Europe Space Agency (ESA F/NF), 500-m forest/non-forest map from MCD12Q1
(MCD12Q1 F/NF), forest area statistics in countries from the Food and Agriculture Organization Global Forest
Resources Assessment (FAO FRA), and Landsat-based forest maps produced by researchers in the University of
Maryland. This study aims to provide a simple and effective algorithm for monitoring forests in monsoon Asia
at a fine spatial resolution, and a baseline forest cover map for investigating forest dynamics and their effects on
GHG emissions, carbon stock and ecosystems, which is important for the success of REDD+.

Results

PALSARMOD50m forest/non-forest map in 2010 and accuracy assessment.

Extensive forests were mainly distributed in Southeast Asia, northeastern and southern China, the Korean Peninsula, and
Japan, while sparse forests were mainly in South Asia, western and northern China, and Mongolia dominated
by cropland, prairie, or desert (Fig. 1(a)). The total forest area in monsoon Asia (23 countries) in 2010 was estimated to be ~632.4 ×  104 km2, and China and Indonesia covered the largest proportions, approximately 29.6%
and 22.2%, respectively. The resultant PALSARMOD50m F/NF map at 50-m resolution was assessed through a
confusion matrix based on randomly selected forest/non-forest Area of Interests (AOIs) from high spatial resolution images in Google Earth. The Kappa coefficient, Overall Accuracy, User Accuracy and Producer Accuracy
of PALSARMOD50m F/NF were approximately 0.90, 95.9%, 98.9%, and 88.4%, respectively (see Supplementary
Table S2).

PALSARMOD50m evergreen and deciduous forest maps.

The areas of evergreen and deciduous forests were estimated to be ~398.4 ×  104 km2 (63.0% of the total forest area) and ~233.8 ×  104 km2 (37.0%) in monsoon Asia in 2010, respectively. The spatial distribution of both evergreen and deciduous forests showed obvious
regional characteristics (Fig. 2(a,b)). Evergreen forests were mainly distributed in tropical regions, i.e., Southeast
Asia, southern China, and Japan, while deciduous forests were mainly in the north temperate zone (Northeast
Asia and southwestern China), and the subtropical zone with its obvious dry season (Indo-China and India).
The reasonability of the resultant evergreen and deciduous forests were evaluated using a distribution map of
median NDVI (Fig. 3(a)) in winter (December, January, and February) generated by good observations without
cloud cover, shadow, or snow/ice from MOD13Q1 product. Approximately 93.2% and 65.1% of evergreen and
deciduous forest pixels, respectively, had median NDVI values higher or lower than 0.5 in the PALSARMOD50m
F/NF map (Fig. 3(b)).

Spatial and area comparisons of multiple forest cover datasets. Geographically, PALSARMOD50m,

JAXA, ESA, and MCD12Q1 F/NF maps presented similar spatial distributions of forests in monsoon Asia in 2010
(Fig. 1(a–d)). The fraction of forest area agreed reasonably well between PALSARMOD50m F/NF map and JAXA,
ESA, and MCD12Q1 F/NF maps at the spatial resolution of 1,500 m, and the differences of over 80% pixels were
in the range of ± 25% (see Supplementary Fig. S3(a–c)). PALSARMOD50m F/NF identified more forests than
the JAXA and ESA F/NF maps in tropical regions (Fig. 1(e–h) and Supplementary Fig. S3(d–f)). For the area
comparison, the forest area of PALSARMOD50m F/NF was very close to that estimated by the Landsat-based
forest map16, and higher than that of the other forest datasets in Monsoon Asia (see Supplementary Fig. S4(a)).
The forest areas from PALSARMOD50m F/NF were very close to those derived from Landsat images, and differed
considerably from the other forest datasets, especially for China, Indonesia and India (Fig. 4, Supplementary Fig.
S4 and Table S3).
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Figure 1. Spatial distribution of forests in monsoon Asia at the spatial resolution of 1,500 m in 2010 from
multiple forest/non-forest maps. (a) PALSARMOD50m forest/non-forest map, produced by the developed
algorithm in this study. (b) JAXA forest/non-forest map, provided by the Earth Observation Research
Center, JAXA (ftp://ftp.eorc.jaxa.jp/pub/ALOS-2/PALSAR_MSC/50m_MSC). (c) ESA forest/non-forest
map, provided by ESA Climate Change Initiative-Land Cover (CCI-LC) project (http://www.esa-landcovercci.org/?q= node/158). (d) MCD12Q1 forest/non-forest map, derived from MODIS/Terra +  Aqua Land
Cover Type Yearly L3 Global 500m SIN Grid V051 product, provided by Earth Observing System Data and
Information System, National Aeronautics and Space Administration (http://reverb.echo.nasa.gov/reverb).
(a–d) were aggregated into 1,500 m for spatial comparison in ArcGIS 10.1. (e–h) Zoomed-in forest/non-forest
maps in Southeast Asia from (a–d), respectively. This figure was produced using ArcGIS 10.1.
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Figure 2. Spatial distribution of evergreen, deciduous, and mixed forests from PALSARMOD50m,
ESA, and MCD12Q1 forest maps at the spatial resolution of 1,500 m in monsoon Asia in 2010.
(a) PALSARMOD50m evergreen forests and (b) PALSARMOD50m deciduous forests, produced by the
developed algorithm in this study. (c) ESA evergreen forests, (d) ESA deciduous forests, and (e) ESA mixed
forests, provided by ESA CCI-LC project (http://www.esa-landcover-cci.org/?q= node/158). (f) MCD12Q1
evergreen forests, (g) MCD12Q1 deciduous forests, and (h) MCD12Q1 mixed forests, derived from MODIS/
Terra +  Aqua Land Cover Type Yearly L3 Global 500m SIN Grid V051 product, provided by Earth Observing
System Data and Information System, National Aeronautics and Space Administration (http://reverb.echo.nasa.
gov/reverb). All these maps were aggregated into 1,500 m for spatial comparison in ArcGIS 10.1. This figure was
produced using ArcGIS 10.1.

Figure 3. The median NDVI of forests in winter (December, January, and February) in monsoon Asia
from 2000 to 2014. (a) The distribution map of median NDVI in winter from MOD13Q1 product, at the
spatial resolution of 250 m, derived from MODIS/Terra Vegetation Indices 16-Day L3 Global 250m SIN Grid
V005 product, downloaded from Earth Observing System Data and Information System, National Aeronautics
and Space Administration (http://reverb.echo.nasa.gov/reverb). (b–d) are the median NDVI distribution of
PALSARMOD50m, ESA, and MODIS forests, respectively. This figure was produced using ArcGIS 10.1.
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Figure 4. Forest area comparison from multiple forest datasets at the country scale in monsoon Asia in
2010. This figure was produced using Origin 8.0.

Figure 5. Area comparisons of (a) evergreen and (b) deciduous forests from multiple forest datasets at the
country scale in monsoon Asia in 2010. This figure was produced using Origin 8.0.

Spatial and area comparisons of evergreen and deciduous forest maps. We compared our result-

ant evergreen and deciduous forest maps with ESA and MCD12Q1 F/NF maps, as only two out of the selected
forest maps had evergreen and deciduous forest classes. In this study, PALSARMOD50m evergreen forest was
compared with evergreen and (evergreen +  mixed forests) from ESA and MCD12Q1 F/NF maps, respectively; PALSARMOD50m deciduous forest was compared with deciduous and (deciduous +   mixed forests)
from ESA and MCD12Q1 F/NF maps, respectively. The results showed that large uncertainties existed among
PALSARMOD50m, ESA, and MCD12Q1 evergreen and deciduous forest maps (Figs 2 and 5, Supplementary
Table. S3), and their differences were over ± 50% in some disputed areas (see Supplementary Fig. S5). As evergreen forests dominate the tropical regions, good agreement between evergreen and deciduous forests were
achieved for PALSARMOD50m F/NF and ESA, MCD12Q1 F/NF maps, except for the differences contributed by
the forest baseline maps. However, large differences of evergreen and deciduous forests existed in other areas (e.g.,
China, South Korea), and the mixed pixels of evergreen and deciduous forests might be the reason.

Discussion

The algorithm developed in this study presented the potential for large areas of forest (evergreen and deciduous)
mapping using uniform thresholds of PALSAR backscatter coefficients, NDVI, and Land Surface Water Index
(LSWI). PALSAR images could reduce the limitation of frequent clouds on forest mapping with optical images
and could exclude other evergreen vegetation cover types such as evergreen shrubs and continuous crops that
were difficult to distinguish with optical remote sensing. NDVI can eliminate the commission error of forests
caused by mountains with complex reflectance/backscatter environment (e.g. the Qinghai-Tibetan Plateau and
urban area), and LSWI is an effective indicator to identify evergreen and deciduous forests based on their phenological differences23,24. The resultant 50-m PALSARMOD50m F/NF map was assessed with reasonably high
accuracy and presented good spatial and areal agreement with the selected forest datasets in monsoon Asia.
The PALSARMOD50m evergreen and deciduous forests were assessed, yielding good reasonability based on the
median NDVI in winter. As shown in Fig. 3, a certain number of mixed pixels may exist in these evergreen and
deciduous forests maps arising from multiple sources, particularly for deciduous forests. Two factors are responsible for this. First, evergreen forests in the temperate and subtropical climate regions without snow in the winter
have high NDVI values, while deciduous forests in high latitude regions show negative bias in NDVI values as a
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Figure 6. Workflow of forest mapping in monsoon Asia using 50-m PALSAR, 250-m MOD13Q1 NDVI,
and 500-m LSWI derived from the MOD09A1 product. This figure was produced using Microsoft Visio 2010.

result of snow cover, which makes identifying evergreen and deciduous forests difficult25. Second, in the tropical
monsoon climate regions (e.g. India, Indo-China), some trees usually defoliate in the dry season (March, April,
and May), which could be investigated by LSWI23 rather than the median NDVI value in winter.
Several factors might affect the accuracy of our forest (evergreen and deciduous) map. First, the forest definition varies among the map producers. Mature forests were easily identified from high spatial resolution images
for algorithm training and accuracy assessment through their colors, intensity, and structure; however, the sparse
and/or low-height forests were difficult to be identified by the interpreters. Second, PALSAR data in the growing
season was preferred for forest mapping, but a small number of PALSAR datasets from outside the growing season were also included in the JAXA PALSAR 50-m mosaic images, which affected the forest mapping results in
the boreal area. Third, the mixed pixel was identified as either evergreen or deciduous forest with stronger signals.
Large differences and uncertainties in forest distribution among the multi-source forest maps were observed
in the tropical regions of monsoon Asia (see Supplementary Fig. S6). Several factors may contribute to these
uncertainties. First, forest definitions are different in these forest cover datasets: forest coverage varies from >10%
to >60% and and tree height varies from >2-m to >5-m (see Supplementary Table S1). The difference in forest
definition was reported to be the major reason causing uncertainties of forest cover area estimation26. Secondly,
different ground truth samples were used in those datasets. Thirdly, different forest mapping algorithms were
used in those datasets. Thus, the use of similar forest definitions and the share of training samples would help
reduce the uncertainties of forest cover estimation. High cloud frequency (over 90%) occurs in Southeast Asia,
southwestern China, and Central Asia, which limits the data availability of optical images for tracking forest
changes in these regions27. Therefore, multi-year optical images, which were usually used to generate these forest
maps14,16,17,28, could miss annual forest changes in some hotspots with extensive deforestation and/or reforestation/afforestation. The coarse spatial resolution images (e.g., 300-m MEdium Resolution Imaging Spectrometer
(MERIS), 500-m MODIS, and 1-km SPOT VEGETATION) can track the dynamics of large-size intact forests, but
the complicated and fragmented landscape contributed by selective logging of timber was hard to monitor29–31.
Illegal deforestation and forest exports were common in Southeast Asia32–35; for example, approximately half of
Vietnam’s wood imports (approximately 39% of the regrowth of Vietnam’s forests) during 1987–2006 was illegal35.
However, the official statistics seemed to struggle to track illegal logging and thus may easily have large uncertainties in the FAO FRA data8.
Forest distribution and its dynamics are important input datasets for models to investigate the interactions
between land cover, climate, and ecosystems1,2,36,37. The great loss of humid tropical forests, especially the burning
and oxidation of peat swamp forests, contributed a large proportion of total CO2 emissions and endanger the
biodiversity3,38,39 in Southeast Asia. The differences in vegetation cover, seasonal albedo, surface roughness, and
fluxes of water, energy and CO240 caused by phenology and growing characteristics, as well as spatio-temporal
changes of evergreen and deciduous forests can help to investigate their biophysical and biochemical effects on
climate cooling or warming, carbon cycle, and biodiversity34. Moreover, the dynamics of evergreen and deciduous
forests can illustrate their responses to different disturbances, e.g., the expansion of deciduous forests into evergreen forests in boreal region as a symptom of climate warming2 or the deciduous rubber plantation expansion
into primary evergreen forests in the northern tropical region41.

Methods

The workflow of this study is composed of five parts as the followings (Fig. 6): (1) image collection and preprocessing, (2) algorithm development, (3) algorithm implementation, (4) accuracy assessment; and (5) comparison
with other available forest cover maps.
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Study area. Monsoon Asia covers a large area in East Asia (China, Mongolia, North Korea, South Korea,
and Japan), Southeast Asia (Myanmar, Thailand, Laos, Cambodia, Vietnam, Philippines, Brunei, Malaysia,
Singapore, Indonesia, Palau, Timor-Leste, Papua New Guinea, and Solomon Islands), and South Asia (India,
Bhutan, Bangladesh, Nepal, Pakistan, and Sri Lanka). Singapore is not included in this study, as its forest area is
not available from the online Landsat-based forest maps produced by the University of Maryland. The land area of
monsoon Asia is about 16% of the world land area and, in 2010, supported about 54% of the world population42.
Monsoon Asia is a region with great interaction of land and ocean. The climate has distinct regional and seasonal characteristics due to the Asian monsoons and complex topography (see Supplementary Fig. S1). Tropical,
subtropical, and temperate zones comprise southern to northern monsoon Asia. The marine monsoon prevails
from May to September and brings a large amount of rainfall, and the continental monsoons occurring from
November to March bring cool, dry air. Southeast Asia is hot and rainy all year round, dominated by a tropical
rainforest climate.
Elevation in the region varies from −156 m to 8,685 m (see Supplementary Fig. S1). The Qinghai-Tibetan
Plateau has an average elevation of approximately 4,500 m, followed by the plateaus and mountains (~1,000 m) of
the Mongolia Plateau and Indo-China, and the plains and low hills (<500 m) in coastal areas. The area of forest
is the second largest land cover type in monsoon Asia, about 28% of the land area, second only to the area of
agricultural land42.
PALSAR 50-m orthorectified image data. The 50-m PALSAR orthorectified mosaic data at fine beam
dual polarization mode for 2010 is aggregated from the original observation with minimum response to surface
moisture18, which is available from the Earth Observation Research Center, JAXA (ftp://ftp.eorc.jaxa.jp/pub/
ALOS-2/PALSAR_MSC/50m_MSC). PALSAR HH and HV backscatter data are slope corrected and orthorectified with a geometric accuracy of about 12 m, using the 90-m Shuttle Radar Topography Mission (SRTM) Digital
Elevation Model (DEM), and radiometrically calibrated. The Digital Number (DN) values (amplitude values)
were converted into gamma-naught backscattering coefficients in decibels (γ°) using a calibration coefficient,
which were used for forest/non-forest mapping in monsoon Asia.
γ° = 10 × log10 DN 2 + CF

where CF is the absolute calibration factor of −8343.

MODIS image data. MOD09A1, MOD13Q1 and MCD12Q1 products, derived from daily MODIS observa-

tions available from National Aeronautics and Space Administration (NASA) Earth Observing System Data and
Information System (http://reverb.echo.nasa.gov/reverb/), were used in this study. MOD09A1 provides MODIS
bands 1–7 surface reflectance products with quality assessment information every 8-day cycle at the spatial resolution of 500 m from 2000 to date44. These 7 bands, in the visible and short-wave infrared (SWIR) spectrum,
are designed primarily for land, cloud, and aerosol use. LSWI is a satellite-derived index from the near infrared
(NIR) and SWIR bands from MOD09A1 product. The SWIR band is sensitive to the total amount of liquid water
from leaves and their soil background45,46. LSWI is sensitive to equivalent water thickness47, and can be used as an
indicator to identify evergreen and deciduous forests23,24.
LSWI =

ρnir − ρswir
ρnir + ρswir

where the ρnir and ρswir are the land surface reflectance of NIR (841–875 nm) and SWIR (1628–1652 nm) bands,
respectively, from MOD09A1 product at the spatial resolution of 500 m.
MOD13Q1 has provided NDVI, EVI, and their quality assessment information every 16 days at the spatial
resolution of 250 m from 2000 to date, which can be used for global monitoring of vegetation conditions. The
annual MCD12Q1 includes five different land cover classification systems at the spatial resolution of 500 m14. The
forest classes in the International Geosphere-Biosphere Programme (IGBP) classification system were used to
compare our results: evergreen needleleaf forest, evergreen broadleaf forest, deciduous needleleaf forest, deciduous broadleaf forest, and mixed forest.

Algorithms for the forest and non-forest map at 50-m resolution.

Forest is defined in the FAO
as land with tree canopy cover greater than 10%48. We used the decision classification algorithm to map forests
with the updated thresholds derived from ground truth samples of different land cover types (forests, cropland,
water, and built-up) in mainland Southeast Asia19,30. Forests, cropland, water, and built-up lands present different
characteristics of two polarizations (HH and HV), HH/HV (Ratio), and HH-HV (Difference), indicating the
potential of their combination to identify these land cover types (see Supplementary Fig. S7). First, water can
be identified easily as it has very low HH and HV values. Second, forests have high HH and HV values, and low
Difference values, although these partly overlap with built-up lands. Third, most cropland can also be identified,
although it may partly overlap with water. L-band PALSAR data can retrieve the structure and above ground biomass (AGB) of forests49,50, as it possesses great penetration into forests, substantial volume scattering through the
incident energy interaction with large trunks and branch components. Forests, especially for the mature forests,
usually have dense and large canopy and relative high AGB from tremendous number of leaves, branches, stems,
and trunks. Recent studies show that forests and forest AGB exhibit a certain range of PALSAR backscattering
coefficients, respectively50–52. Therefore, the uniform thresholds were used for forest mapping: −15 <  HV <  − 9
& 3 <  Difference <  7 & 0.35 <  Ratio <  0.75. Finally, the land cover mapping results were merged into forest and
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Figure 7. Ground truth samples for the accuracy assessment of PALSARMOD50m forest/non forest map,
generated by a random sampling method in IDL 8.4. This figure was produced using ArcGIS 10.1.

non-forest. A median filter (3 ×  3 pixels) was then applied to recode isolated pixels classified differently than the
majority class of the window due to image noise18,53.
Maximum NDVI (NDVImax) from MOD13Q1 in 2010 was used to reduce the potential commission error
from sparsely vegetated land with complex structures and rough land surfaces (e.g., rock mountains, large buildings), which had high PALSAR backscatter values similar to forests. Forests usually have an NDVImax above 0.5,
while the NDVImax of sparsely vegetated lands (e.g., rocks, desert, buildings) is lower than 0.3, based on our statistics (see Supplementary Fig. S8) and the previous studies54–57. The growing season defined by the period of night
Land Surface Temperature >0 °C was produced from MOD11A2 product. We then generated a vegetation cover
using the 16-day composite MOD13Q1 NDVI product during the growing season for 201058, after excluding bad
observations (cloud, cloud shadow, and snow/ice), and based on the threshold value of NDVImax greater than or
equal to 0.5 (see Supplementary Fig. S9).

Algorithms for evergreen and deciduous vegetation maps derived from phenological analysis
of MODIS vegetation indices at 250-m and 500-m resolutions. The seasonal profiles analysis of

NDVI, EVI, and LSWI provides the basis for distinguishing evergreen and deciduous forests (see Supplementary
Fig. S10). Green leaves yield high NDVI values (~0.8) and LSWI >0 all year around, but senescent plants (senescent leaves and branches) in winter and/or dry season have low NDVI values (<0.4) and LSWI <0. Pixels fitting
the criteria of LSWI > 0 for all the good quality images in 2010 were identified as evergreen cover23, and the other
pixels as deciduous cover (see Supplementary Fig. S11).
The evergreen vegetation usually has green leaves in winter, while deciduous vegetation does not. The median
NDVIs out of MOD13Q1 NDVI at the spatial resolution of 250 m in winter (December, January, and February)
from 2000 to 2014 were used to assess the reasonability of the produced evergreen and deciduous forests maps.

Evergreen and deciduous forest map at 50-m resolution. To map evergreen and deciduous forests,

we developed an algorithm by the integration of strong points from our previous studies19,23, i.e., using the structure and biomass information to extract forest distribution and using the phenology of forests to distinguish
evergreen and deciduous forests. In this study, we overlaid our 50-m PALSAR-based forest/non-forest map with
a 500-m evergreen/deciduous cover map to obtain the 50-m evergreen and deciduous forests map in monsoon
Asia in 2010.

Accuracy assessment of forest map. A random sampling method was developed to generate a large
number of ground truth samples to assess the accuracy of our forest mapping results. First, we randomly generated 20 pixels at the spatial resolution of 500 m (MODIS pixel size) in each 1 ×  1 degree tile using the IDL 8.4
random function. The files were organized in 5-degree latitude-longitude geographical unit in kmz file format.
Second, we opened those kmz files, overlaid them on the high spatial resolution images in Google Earth, and distinguished forest and non-forest pixels. If a pixel is covered by 90% or more forests, this pixel will be identified as
forest; the same criteria applies for non-forest selection. The high spatial resolution images acquired in the main
growing season in 2010 or after 2010 were used for this task. Third, interpreters double-checked the selected forest
and non-forest pixels with each other to guarantee the quality of these ground truth samples. Finally, 2397 forest
pixels and 4330 non-forest pixels at the spatial resolution of 500 m were selected in monsoon Asia (Fig. 7). The
accuracy assessment was carried out through confusion matrix in ENVI 5.2.
Comparison with multiple forest cover datasets in 2010. We collected three remote sensing-based
forest datasets (50-m JAXA F/NF, 300-m ESA F/NF, and 500-m MCD12Q1 F/NF), Landsat-based forest areas
(>10% canopy), and inventory-based FAO FRA datasets available in the public domain for 2010. We compared
the area and spatial distribution of these forest datasets in monsoon Asia at country and pixel scales. For the area
comparison, we compared the forest areas from these forest maps in different countries. For the spatial comparison, we aggregated these forest maps into new forest maps at the spatial resolution of 1,500 m, the least common
multiple of the spatial resolutions (50-m, 300-m and 500-m) from the collected forest datasets. This makes it
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convenient to compare the spatial differences among these forest datasets. We then analyzed the agreement and
disagreement of these forest datasets through spatial overlay. The 500-m MODIS LSWI datasets in time series
were used to distinguish evergreen and deciduous forests, which might result in mixed pixels with both evergreen
and deciduous forests. Here, we use the approach put forward by Fritz et al.59,60, and the proposed approach takes
into account all possible situations in which there is an overlap between land cover definitions. Supplementary
Table S1 provides a brief introduction of these forest datasets for inter-comparison.
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