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a b s t r a c t
Knowledge of the spatial distribution of forest types in tropical regions is important for implementation
of Reducing Emissions from Deforestation and Forest Degradation (REDD), better understanding of the
global carbon cycle, and optimal forest management. Frequent cloud cover in moist tropical regions poses
challenges for using optical images to map and monitor forests. Recently, Japan Aerospace Exploration
Agency (JAXA) released a 50 m orthorectiﬁed mosaic product from the Phased Array Type L-band Synthetic Aperture Radar (PALSAR) onboard the Advanced Land Observing Satellite (ALOS). PALSAR data provides information about the land surface without cloud interference. In this study we use the ﬁne beam
dual (FBD) polarization PALSAR 50 m mosaic imagery and a Neural Network (NN) method to produce a
land cover map in Hainan Island, China. Subsequently, forest areas are classiﬁed into evergreen and
deciduous forests and rubber plantations are mapped using vegetation and land surface water indices
derived from 250 to 500 m resolution MODIS products. The PALSAR 50 m forest cover map, MODIS-based
forest types and rubber plantation maps are fused to generate fractional maps of evergreen forest, deciduous forest and rubber plantation within 500 m or 250 m pixels. PALSAR data perform well for land cover
classiﬁcation (overall accuracy = 89% and Kappa Coefﬁcient = 0.79) and forest identiﬁcation (both the
Producer’s Accuracy and User’s Accuracy are higher than 92%). The resulting land cover maps of forest,
cropland, water and urban lands are consistent with the National Land Cover Dataset of China in 2005
(NLCD-2005). Validation from ground truth samples indicates that the resultant rubber plantation map
is highly accurate (the overall accuracy = 85%). Overall, this study provides insight on the potential of
integrating cloud-free 50 m PALSAR and temporal MODIS data on mapping forest types and rubber plantations in moist tropical regions.
Ó 2012 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS) Published by Elsevier
B.V. All rights reserved.

1. Introduction
Tropical forests play an important role in the terrestrial carbon
cycle and reduce the amount of greenhouse gases such as carbon
dioxide (CO2), carbon monoxide (CO) and nitrogen monoxide
(NO) in the atmosphere (Lelieveld et al., 2008). Tropical forests also
provide many ecosystem services that substantially affect human
well-being (Foley et al., 2005; Pielke, 2005). Both human-induced
deforestation (primarily to convert land to agricultural uses) and
natural disturbance (e.g. ﬁre, drought, wind blow-down) occur
extensively in tropical regions (Bond-Lamberty et al., 2007; Kummer and Turner, 1994; Page et al., 2002; Sakaguchi et al., 2011).
Plantations used for production of biofuels (e.g. oil palm) and
industrial resources (e.g. rubber, Hevea brasiliensis) have expanded
⇑ Corresponding author. Tel.: +1 405 325 6091.
E-mail addresses: jinwei.dong@ou.edu (J. Dong), xiangming.xiao@ou.edu
(X. Xiao), sage.sheldon@ou.edu (S. Sheldon), chandra.biradar@ou.edu (C. Biradar).

rapidly in tropical regions in the last 50 years (Fox and Vogler,
2005). This expansion has brought along a detrimental cascade of
environmental effects including increasing threats to biodiversity
and reduction in forest carbon stocks (Li et al., 2007; Ziegler
et al., 2009). Accurate information on the area and spatial distribution of natural and planted forests in tropical areas is necessary for
the implementation of Reducing Emissions from Deforestation and
Forest Degradation (REDD) (Achard et al., 2007) and for modeling
global carbon cycles (Dixon et al., 1994).
During the past few decades, optical remote sensing has been
widely utilized for forest mapping (Asner et al., 2005; Collins
et al., 2004; Thessler et al., 2008; Xiao et al., 2009, 2002). Previous
studies have explored the potential for tropical forest mapping
using imagery from the Advanced Very High Resolution Radiometer (AVHRR) (Achard and Estreguil, 1995; Achard et al., 2001),
SPOT4-VEGETATION (Stibig et al., 2004; Stibig and Malingreau,
2003) and Moderate Resolution Imaging Spectroradiometer
(MODIS) (Miettinen et al., 2012). Most of these studies employed
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unsupervised classiﬁcation due to the difﬁculty of ground truth
sampling in tropical forest regions. Landsat Thematic Mapper
(TM) images with 30 m spatial resolution and a 16-day revisit cycle
are an important data source (Huang et al., 2009; Townshend and
Justice, 1988); however, it is often difﬁcult to obtain cloud-free
Landsat images in tropical regions due to frequent cloud cover
and moist climate (Asner, 2001). The images from the MODIS sensors have been used to map forest and detect deforestation at regional and global scales (Friedl et al., 2002; Giri et al., 2005;
Morton et al., 2005; Tottrup et al., 2007; Xiao et al., 2009). Daily
image acquisition by the MODIS sensors partly reduces cloud problems as compared to Landsat, providing valuable information to
identify and map different forest types (Friedl et al., 2002; Xiao
et al., 2009, 2002). However, its relatively coarse spatial resolution
(250–1000 m) makes it difﬁcult to accurately quantify and map
forest areas at the regional scale due to mixture of land cover types
within pixels. High spatial resolution remotely sensed imagery
(e.g. SPOT-5, IKONOS, and aerial photographs), on the order of 1–
50 m, are a very effective data source for local land use and land
cover classiﬁcation (Kabir et al., 2010; Perea et al., 2010; Su
et al., 2010), but are not widely used in regional level monitoring
due to the high cost of image acquisition and intensive computation resource requirements.
Images from synthetic aperture radar (SAR) offer an alternative
data source for mapping tropical forests (Ardila et al., 2010; Simard
et al., 2000). The radar illuminates vegetation types with microwave energy, recording return energy that is related to aboveground biomass and structure. Longer radar wavelength L-band
SAR is better suited to the delineation of forest than other wavelengths because of its greater penetration through the canopy
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(Baghdadi et al., 2009). The Phased Array Type L-band Synthetic
Aperture Radar (PALSAR) data is not subject to cloud interference,
making it a more effective data source for forest mapping at the regional scale in moist tropical regions. PALSAR is onboard the Advanced Land Observing Satellite (ALOS) launched by the Japan
Aerospace Exploration Agency (JAXA) in January of 2006, and it
provides polarimetric radar images for most of the global land surface. PALSAR images have been used for many applications, including forest, crop, and ice mapping (Torbick et al., 2011; Xiao et al.,
2010; Xie et al., 2010; Yang et al., 2010). The PALSAR team has
developed two data products for the public: (1) the PALSAR 50 m
Orthorectiﬁed Mosaic Product, and (2) the PALSAR 500 m Browse
Mosaic Product. The publically released PALSAR 50 m mosaic product covers a large portion of Asia, and has recently been evaluated
for regional forest monitoring potential in insular Southeast Asia
(Longepe et al., 2011; Miettinen and Liew, 2011) with positive results. However, further evaluation of the potential of PALSAR 50 m
mosaic product for mapping tropical forests in many regions is
needed along with the development of new methodologies to challenges in those regions with complex landscapes and land use.
Hainan Island, the most representative tropical region in China,
underwent dramatic changes in land use and land cover during the
past few decades (Liu et al., 2010; Xu et al., 2002; Zhang et al.,
2010). With the increasing demand for rubber products, rubber
plantations continue to expand in Southern China (Qiu, 2009; Ziegler et al., 2009). It is necessary to develop an accurate and updated
rubber distribution map for improving our understanding of land
use change and carbon and water cycles (Li and Fox, 2011, 2012).
Hainan Island is now thought to have the largest area of rubber
plantation in China (Chen et al., 2010). There is an increasing need

Fig. 1. The workﬂow of this study.
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to obtain accurate information on the spatial distribution and areal
extent of rubber plantations in Hainan Island.
The objective of this study was to quantify the extent and spatial distribution of evergreen and deciduous forests as well as rubber plantations on Hainan Island. PALSAR 50 m mosaic products
and MODIS time series data (MOD09A1 and MOD13Q1) acquired
in 2007 were used. This study was conducted through three components (Fig. 1): (a) creating a 50 m resolution land cover map with
PALSAR mosaic data and aggregating the resultant map to produce
forest percentage maps in 250 m and 500 m resolutions; (b) separating evergreen and deciduous forests as well as rubber plantations using a phenology-based approach with a time series of
MODIS imagery; and (c) deriving area proportion distribution
maps of evergreen, deciduous forests and rubber plantation by
combining results from the previous two stages.
2. Materials and methods
2.1. A brief description of the study area
Hainan Island is located in southern China with a geographical
area of 34,000 km2, mostly located in a tropical area. The topography of the island is complex, characterized by hilly regions in the
middle surrounded by lowlands in the coastal regions (Fig. 2).
The Wuzhi Mountain is the highest mountain with an elevation
of 1867 m above sea level. Climate on the island is characterized
as a tropical monsoon climate. Annual mean temperature is
approximately 23–25 °C and monthly temperature varies between
16 °C in January to 30 °C in May to July. Annual precipitation is
approximately 1500 mm, and most of precipitation occurs between May and October.
There are a variety of vegetation types on the island. Historically,
most of the island was covered by natural forests (Lin and Zhang,
2001); however, human exploitation has led to signiﬁcant deforestation, and the natural forest area decreased from 1.2  104 km2 in
the 1950s to 0.42  104 km2 in 1979 (Lin and Zhang, 2001). After
1994, extensive reforestation occurred on the island, and forest cover increased to 1.84  104 km2 in 2004 (Hunan, 1999). Much of the
newly planted areas were cash plantations which are included in the
forest classes in the land cover classiﬁcation developed in this study.
The cropland area is approximately 0.73  104 km2 and the agricultural intensity is high. At present, cash trees and crops, such as rubber, coconut, oil palm, and betel nut, are widely planted on the

island. Human activities played an important role in these processes
of deforestation, reforestation and land transformation. For example, several politico-economic activities such as the ‘‘rubber plantation campaign’’ in the 1950s, the ‘‘land reclamation campaign’’ in the
1960s, the ‘‘crop breeding campaign’’ in the 1970s, and the ‘‘opendoor economic reform’’ in the 1980s (Cai, 1994; Christian and Narong, 2005) affected land use and land cover. Rubber plantations increased rapidly due to increasing rubber demand in recent decades,
and a signiﬁcant portion of natural tropical rainforest was converted
into rubber plantations.
2.2. Data
2.2.1. PALSAR data and pre-processing
The PALSAR 50 m Orthorectiﬁed Mosaic product is provided by
JAXA and available at the ALOS Kyoto and Carbon Initiative ofﬁcial
website
(http://www.eorc.jaxa.jp/ALOS/en/kc_mosaic/kc_mosaic.htm). It is created from images of the ascending path. The original PALSAR images with an off-nadir angle of 34.3° were
resampled into the 50 m by 50 m mosaic. The product is produced
once a year and the dates of image acquisition vary between years.
It has been geometrically rectiﬁed using 90 m digital elevation
model (DEM) and geo-referenced into geographical latitude and
longitude coordinates (Longepe et al., 2011).
In this study, we used HH and HV polarization data from the
PALSAR 50 m mosaic product acquired with Fine Beam Dual
(FBD) polarization observational mode in October 2007. We converted the Digital Number (DN) values (amplitude values) into normalized radar cross section in decibel (dB), based on the
conversion formula from JAXA (Rosenqvist et al., 2007) and the
parameters from the metadata ﬁle:

r0 ðdBÞ ¼ 10  log10 DN2 þ CF

where r is the backscattering coefﬁcient, DN is the digital number
value of pixels in HH or HV, and CF is the absolute calibration factor.
We calculated two additional indicators using HH and HV data
(dB data): (1) the ratio of HH and HV (Ratio = HH/HV) and (2) the
difference between HH and HV (Difference = HH–HV). Both the Ratio and Difference images have been used in forest and forest
change monitoring (Miettinen and Liew, 2011; Wu et al., 2011).
2.2.2. MODIS data and pre-processing
We used two MODIS products: (1) the 500 m MODIS land surface reﬂectance product (MOD09A1), which provides data in spectral ranges that most beneﬁt the study of land surfaces and
vegetation in an 8-day composite with quality screening; and (2)
the 250 m vegetation indices product (MOD13Q1), which is designed to provide consistent spatial and temporal comparisons of
vegetation conditions in 16-day intervals. Detailed information
about these products is available on the site (http://lpdaac.usgs.gov/products/) maintained by the NASA Land Processes Distributed
Active Archive Center (LP DAAC).
Three vegetation indexes, the Normalized Differential Vegetation Index (NDVI) (Tucker, 1979), the Enhanced Vegetation Index
(EVI) (Huete et al., 2002, 1997), and the Land Surface Water Index
(LSWI) (Xiao et al., 2004, 2005), were calculated from MOD09A1
data with the following formulas:

NDVI ¼

qNIR1  qred
qNIR1 þ qred

EVI ¼ 2:5 

Fig. 2. Spatial distribution of terrain in Hainan Island, China. The DEM data is
derived from the Shuttle Radar Topography Mission (SRTM) 90 m database.

ð1Þ

0

LSWI ¼

qNIR1  qred
qNIR1 þ 6  qred  7:5  qblue þ 1

qNIR1  qSWIR1
qNIR1 þ qSWIR1

ð2Þ

ð3Þ

ð4Þ
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where qblue , qred , qNIR1 , and qSWIR1 are the reﬂectance values from the
blue (459–479 nm), red (620–670 nm), NIR1 (841–875 nm) and
SWIR1 (1628–1652 nm) bands, respectively. In this study we used
500 m NDVI, LSWI and EVI data in 8-day internals and 250 m NDVI
data in 16-day internals.
2.3. Land cover map based on analysis of PALSAR 50 m mosaic data
Google Earth provides geometrically rectiﬁed images with a
high horizontal accuracy and resolution (Potere, 2008), and has
been utilized in several recent land cover classiﬁcation studies (Cohen et al., 2010; Huang et al., 2010; Potere, 2008). In this study, we
used Google Earth images over Hainan Island to collect a training
dataset for land cover classiﬁcation, and most of the images in Google Earth were acquired during 2006–2010, consistent with the
time of PALSAR data (2007). From these images we selected 52 regions of interest (ROI) for forest, 54 for cropland, 12 for water, and
14 for urban land. The sizes of urban land and water ROIs were relatively large, as both water and urban land are distributed in large
sizes and easy to extract. The ROI pixel numbers for four land covers were abundant.
The feed-forward Neural Network (NN) algorithm with one hidden layer (Richards and Jia, 2006) and PALSAR 50 m data (HH, HV,
Ratio and Difference images) were used to map four land-cover
types (forest, water, urban and cropland) of Hainan Island. A number of parameter compositions were tried and evaluated, and ﬁnally we veriﬁed and reported the parameters as following: the
activation method was set as Logistic, with parameters viz.: training
threshold contribution at 0.9, which determines the internal weights
and affects the activation level of the nodes; training rate at 0.2,
which decides the magnitude of the adjustment of the weights;
training momentum at 0.9; training RMS exit criteria at 0.1; and
training iterations number at 2500. Training data sets were essential
for the NN classiﬁer, as every sample was taken into consideration
in the training (Kavzoglu, 2009). We applied the ROIs mentioned
above to map land cover on the island.
Finally, the resultant 50 m PALSAR-based forest map provides
more precise information for forest canopy cover than that from
MODIS data (Fig. 6a). The PALSAR 50 m spatial resolution map
was aggregated to calculate the percent forest canopy cover (%)
within each MODIS pixel from MOD13Q1 (250 m) and MOD09A1
(500 m) products. These fractional cover maps of forest were later
used together with the per-pixel binary maps of forests from
MODIS to estimate the spatial distribution and areas of evergreen
and deciduous forests.
2.4. Separating evergreen and deciduous forest with MOD09A1 data
Time series LSWI data from MODIS imagery was used for mapping evergreen forest based on its temporal proﬁle characteristics
(Xiao et al., 2009). The resultant outputs were tested against other
existing global forest maps, such as the standard MODIS Land Cover data product (MOD12Q1) (Friedl et al., 2002), FAO FRA 2000, and
GLC2000 (Bartholome and Belward, 2005). A MODIS pixel is assigned to evergreen forest if it has LSWI values larger than 0 in
all good-quality observations throughout a year (Xiao et al.,
2009); deciduous forests do not have all LSWI values above 0 for
the entire year.
The resultant evergreen forest map from MOD09A1 imagery
(Fig. 6c) was overlaid with the fractional map of forests from PALSAR imagery, and the total area of evergreen forest was calculated
by summing the fractions of PALSAR-based forests within those
MODIS-based evergreen forest pixels. We then considered the
remaining forest area of the PALSAR-based forest map as deciduous
forests.
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2.5. Mapping rubber plantations using phenology from MOD13Q1 data
When rubber was introduced from British Malaya in the 20th
century, Hainan Island was not a suitable environment for its cultivation. Subsequent improvement in rubber germplasm allowed it
to adapt to the frequent typhoons and low winter temperatures of
Hainan Island. Rubber plants on the island remain sensitive to temperature change, and have different phenological characteristics
from natural forest and other cash forests such as lichee and longan
(Chen et al., 2010). Rubber plantations have two distinct seasons in
a year: a growing season and a non-growing season. In the growing
season, rubber plantations have high NDVI values, similar to other
evergreen forests. However, low temperatures in the winter
(10 °C) force rubber plants to defoliate, resulting in a canopy coverage of 20% (or less) and a low NDVI value (Chen et al., 2010).
We extracted the time series vegetation indices (NDVI, EVI and
LSWI) from (1) one typical rubber site (Danzhou), which is the
long-term study site of the Rubber Research Institute, Chinese
Academy of Tropical Agricultural Sciences; (2) one evergreen forest
site in southwestern Hainan Island; and (3) one paddy rice site in
the Luodaixiang Town of Dongfang City (Fig. 3). The NDVI values
of rubber plantation decreases substantially in the senescence period due to cold and rubber tapping, which starts from late October
and ends in March of next year; and the lowest NDVI values appear
in January, February and March. In the growing season, NDVI increases rapidly from the end of March to October (Fig. 3a). The
temporal proﬁles of EVI and LSWI for rubber, paddy rice cropland
and evergreen forests are different as well, but not as signiﬁcant
as NDVI (Fig. 3b and c). Therefore, we applied 250 m MOD13Q1
NDVI products to identify and delineate phenology of rubber plantation. In this study we only identify and map mature rubber plantation, as young rubber is easily confused with bare soil or crops,
especially when rubber seedlings are intercropped with other
crops.
The workﬂow for mapping rubber plantation is depicted in
Fig. 1. Rubber plantation was identiﬁed with the following decision
rule:
if ð0:5 < NDVIðJan;Feb;MarÞ < 0:7 \ 0:73 < NDVIðMay;Jun;JulÞ < 0:85Þ; rubber ¼ 1;
else; rubber ¼ 0

where NDVI(Jan, Feb, Mar) and NDVI(May, Jun, Jul) are the mean NDVI in
January, February and March and the mean NDVI in May, June
and July, respectively. The monthly NDVIs were calculated with
the Maximum Value Composition (MVC) method from the 16-day
composites in a month (most months have two 16-day composite
data, but there is only one 16-day composite in November). The
selection of the thresholds was basically based on a statistical
analysis of 287 rubber plantation samples. For example, the
NDVI(May, Jun, Jul) of rubber samples had a mean value of 0.79 and a
standard deviation of 0.06, we set the thresholds as the mean value
minus and plus the standard deviation value; we further checked
the data distribution and tested the thresholds, and ﬁnally veriﬁed
0.73 and 0.85 as the thresholds of NDVI(May, Jun, Jul).
2.6. Accuracy assessment and comparison to other land cover datasets
We used both ground survey and Google Earth to evaluate the
accuracy of the land cover maps produced in this study. Firstly,
we linked the PALSAR-based land cover map with Google Earth
and randomly selected 40 polygons (31,284 pixels) as ground reference from the Google Earth images for accuracy assessment. In
order to assess the accuracy of the rubber plantation identiﬁcation,
we conducted a ﬁeld survey in August of 2011 with a GPS digital
camera as the main information capture tool. 87 georeferenced
ﬁeld photos were acquired in the plots where rubber plantation
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Fig. 3. Comparison between the temporal proﬁles of (a) NDVI, (b) EVI, and (c) LSWI for typical vegetation types (January 2006 to December 2008). The samples include (a) a
rubber sample in Danzhou station (19.516 N, 109.47 E), which is a typical observational site of Rubber Research Institute, Chinese Academy of Tropical Agricultural Sciences;
(b) an evergreen forest sample (18.718 N, 108.966 E) in southwestern Hainan Island; and (c) a paddy rice cropland sample (19.058 N, 108.676 E) in the Luodaixiang Town of
Dongfang City, Hainan. There are some gaps in the curves as the values with low quality (e.g. intensive cloud coverage or shadow) were removed.

areas were larger than 500 m  500 m. This data was also uploaded into an online system named the ‘‘Global Geo-Referenced
Field Photo Library’’ (http://www.eomf.ou.edu/photos/). Subsequently, these plantation areas were outlined in Google Earth
and used as ground truth polygons for evaluating the accuracy of
the identiﬁcation of rubber plantations.
We also compared the PALSAR-based land cover map with the
Landsat-based National Land Cover Dataset (NLCD). The Chinese
Academy of Sciences has supported the development of NLCD in

China and developed a methodology based on visual interpretation and digitalization of Landsat imagery (Liu and Deng, 2010;
Liu et al., 2010). The NLCD vector dataset has a scale of
1:100,000 (Liu et al., 2005). Four periods (the late 1980s, the
mid-1990s, 2000, and 2005) of NLCD datasets have been completed, and they are comprehensive spatial datasets about land
cover change at the national scale. In this study, we used the
NLCD 2005 for comparison with the PALSAR-based land cover
map.
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surrounded by forests. This indicates that topography (Fig. 2) plays
a role in the spatial pattern of forests and cropland on the island.
The two large cities, Haikou and Sanya, account for the majority
of the urban land area. The PALSAR-based false color composite
map clearly illustrates land cover separability (Fig. 5c).
The overall accuracy of the land cover map was 89% with Kappa
Coefﬁcient of 0.79 (Table 1). Both the Producer’s Accuracy and the
User’s Accuracy of forest and water were more than 92% (Table 1).
Cropland also had a high Producer’s Accuracy (86%); however, the
User’s Accuracy of cropland was only 62%. The low User’s Accuracy
shows that cropland area was underestimated in some places, as
different kinds of crops (e.g. fallowed cropland or different stages
of crops) have various polarization signatures. Urban land had a
Producer’s Accuracy of 56% while its User’s Accuracy was 74%, as
some trees in cities affected the pixels of urban land. In general,
the classiﬁcation results had reasonably good accuracy for the four
land cover types, especially forests.
A comparison between the PALSAR-based land cover map in
2007 (PALSAR 2007) and the NLCD 2005 map was conducted
and a confusion matrix was generated to evaluate the consistency
of the two land-cover classiﬁcation results. Fig. 5a shows the spatial distribution of the PALSAR-based map, which is consistent
with the NLCD 2005 dataset (Fig. 5b). Forests have a relatively
high agreement; PALSAR-based forest area is 2.07  104 km2

3. Results
3.1. Landcover map of forest, cropland, urban and water from PALSAR
in 2007
The signatures of four land cover types were explored in the HH,
HV, Ratio image and Difference image based on the ROIs from Google Earth. The separability of these four land cover types was high
(Fig. 4). Water has the lowest HH and HV values but higher Ratio
values than the other three land cover types and is thus easily
identiﬁed. Cropland has lower HV and HH values but higher Difference values than that of forest. Higher HV values were observed for
the forests due to their large crown canopy which depolarizes incident radiation. Urban land has higher HH and Difference values
than forest but lower Ratio values. However, urban land overlaps
with forest to a large degree in all the four indicators due to complex reﬂectance environments in urban area, building orientations,
corner reﬂectance, and large forest patches in urban areas.
The map produced with NN method is shown in Fig. 5a. The
areas of the four land cover types are 2.07  104 km2 forest;
1.06  104 km2 cropland; 0.17  104 km2 urban land; and
0.08  104 km2 water body, respectively. The forests are mainly
concentrated in higher elevations of the central hilly area. The
cropland is distributed in a mosaic pattern in the lower elevations
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Fig. 4. The histogram of the four land cover types in (a) PALSAR HH polarization, (b) PALSAR HV polarization, (c) PALSAR HH/HV ratio image, and (d) PALSAR HH–HV
difference image for all the pixels within the Region of Interest (ROIs) in Hainan Island, China.
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Fig. 5. A comparison between (a) PALSAR-based land cover map in 2007, (b) NLCD land cover map in 2005, and (c) PALSAR-based color composite map in 2007 (R/G/
B = polarizations HH/HV/HH–HV Difference) in Hainan Island, China.

while the forest in NLCD is 2.17  104 km2. The overlapped forest
area between these two datasets is 1.63  104 km2 (Table 2),
which accounts for 79% of forest in the PALSAR 2007 map and
75% of forest in the NLCD 2005 dataset. The discrepancy between these two datasets could be attributed partly to the land
use change from 2005 to 2007, and partly because the classiﬁca-

tion systems differ slightly. The estimates of cropland area from
these two land-cover classiﬁcation schemes differ somewhat
(Table 2). It is possible that cropland in the NLCD 2005 dataset included different cropland types, such as fallowed cropland, and
the classiﬁed cropland from PALSAR might have included some
tall-grass grassland.
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Fig. 6. (a) 50 m PALSAR-based per-pixel binary forest map; (b) 500 m forest area percentage map aggregated from the 50 m PALSAR-based forest map; (c) 500 m per-pixel
binary map of evergreen forest based on MODIS LSWI analysis; (d) area percentage map of evergreen forest by overlaying per-pixel binary evergreen forest map c and 500 m
forest area percentage map b; (e) area percentage map of deciduous forest by subtracting evergreen forest area percentage map d from 500 m forest area percentage map b.

3.2. The area and spatial distribution of evergreen and deciduous
forests
The spatial distribution of forest area percentage within 500 m
pixels is shown in Fig. 6b. The loss of forest area during the aggregation from 50 m spatial resolution (Fig. 6a) to 500 m and 250 m

spatial resolutions was negligible. The 500 m pixels including forests covered 94% of the whole island area.
The spatial distribution of evergreen forest area percentage is
shown in Fig. 6d. The area of evergreen forest was estimated to
be approximately 0.75  104 km2. Those evergreen forest pixels
with high forest area percentage were concentrated in the middle
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Table 1
A comparison between PALSAR land cover map and ground truth samples.
Ground truth samples (unit: pixels)

PALSAR land cover classiﬁcation

Water
Forest
Cropland
Urban land

Total ground truth samples (pixel)
Prod. acc. (%)

PALSAR Total (pixel)

User acc. (%)

96.23
92.30
61.66
73.59

Water

Forest

Cropland

Urban land

5074
0
113
0

6
18,839
193
943

193
7
1245
3

0
1564
468
2636

5273
20,410
2019
3582

5187
97.82

19,981
94.28

1448
85.98

4668
56.47

31,284

Table 2
A comparison between PALSAR land cover map in 2007 and NLCD 2005 dataset.
NLCD 2005 (km2)

PALSAR 2007

NLCD total (km2)

Forest
Cropland
Water
Urban land

PALSAR total (km2)

Forest

Cropland

Water

Urban land

16,268
4382
138
924

3215
5025
177
475

220
397
341
27

257
346
42
166

744
467
117
61

20,704
10,616
815
1654

21,712

8892

984

811

1389

33,789

and southern regions with hilly topography, whereas the deciduous forests were mainly distributed in the northern parts of the island (Fig. 6e).
Fig. 7 shows the frequency distributions for forest percentage
within 500 m and 250 m pixels for the evergreen forest pixels,
deciduous forest pixels and rubber plantation pixels, and the region as a whole. Most of the evergreen forest pixels have high forest percentages; 49% of evergreen forest pixels have forest
percentages ranging from 95% to 100%. In other words, 49% of
MODIS-based evergreen forest pixels were almost pure evergreen
forest. In addition, 70% of MODIS evergreen forest pixels have forest area percentages greater than 65%, which revealed that evergreen forest distribution was concentrated to a great extent.
However, deciduous forest showed different characteristics from
evergreen forest in that its distribution was more dispersed than
that of evergreen forest. For example, 47% of 500 m deciduous forest pixels have forest area percentages larger than 60%, 53% of
500 m pixels have forest area percentages larger than 50%, and
the 500 m pixels with forest area proportion less than 5% accounts
for 10%.

3.3. The area and spatial distribution of rubber plantation in 2007
The spatial distribution of rubber plantations from analysis of
MOD13Q1 (250 m) data in 2007 is shown in Fig. 8b. According to
the ground sampling based accuracy assessment the mapping
accuracy was high. The overall accuracy for rubber plantations
was 85% with kappa of 0.83.
The NDVI-based rubber plantation map has 1.04  105 pixels of
rubber plantations; it was overlaid with the PALSAR-based 250 m
forest area percentage map in 2007 (Fig. 8a); and the resultant
map is assumed to be the map of rubber plantation in 2007
(Fig. 8c). Approximately 43% of rubber plantation pixels (from
MOD13Q1, 250 m resolution) have a rubber plantation area percentage of more than 95%, and 85% of rubber plantation pixels have
rubber plantation area percentages larger than 50% (Fig. 7d). The
total area of rubber plantations was calculated by summing forest
area percentage over those rubber plantation pixels from the
MOD13Q1 map (Fig. 8c), and it is estimated that there was a total
of 5149 km2 of rubber plantations on Hainan Island in 2007, which

Others

is about 7% larger than the area estimate (4800 km2 in 2010) from
the ofﬁcial statistical report (The Yearbook of Hainan Province in
2011).

4. Discussion
This study evaluated the application potential of PALSAR 50 m
mosaic and MODIS data for delineation and mapping of forests in
the tropical zone. The results were evaluated with ground truth
data and compared to the Landsat-based NLCD 2005 map generated through visual interpretation. Our study revealed the advantages of PALSAR mosaic product as compared to Landsat images.
The PALSAR-based forest area estimate (2.07  104 km2) is closer
to the land survey result (2.02  104 km2) from the China Land Resource Bureau1 than the Landsat-based NLCD-2005 data
(2.17  104 km2). In addition to the potential land cover changes
that have taken place 2005–2007, these differences may be largely
due to methodological differences and image data. Note that the
NLCD-2005 land cover map was generated by visual interpretation
based on color composition maps; forest and some crops could have
similar optical (color) characteristics and are difﬁcult to separate
them in human-aid interpretation on a false color composite map.
With comparison in some selected regions by zooming in the map,
we found that the PALSAR 2007 dataset has a higher accuracy than
the NLCD-2005 dataset. The maximum ability for human vision to
distinguish land cover from Landsat images is about 3 pixels (about
100 m). Therefore, when compared to automated digital image classiﬁcation, the visual interpretation method omits some information
sometimes. The PALSAR 2007 forest map shows more spatial heterogeneity and has more speciﬁc details in the land parcels.
Before PALSAR, single HH polarization data from JERS-1 was
widely used for forest mapping (e.g. clear-cut or biomass intensity)
(Luckman et al., 1998; Simard et al., 2002). However, this single
polarization-based algorithm has some shortcomings in forest
delineation (Santoro et al., 2010). Multiple frequency, multiple
polarization and time series of SAR data improves classiﬁcation
accuracy evidently (Ranson and Sun, 1994; Townsend, 2002). Sev1
According to ‘Outline of comprehensive land use planning of Hainan province
(2006–2020)’ by Yansui Liu et al. (2008).
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Fig. 7. Frequency histograms of forest area proportion in (a) the entire Hainan Island, (b) evergreen forest pixels, (c) deciduous forest pixels, and (d) rubber plantation pixels.

eral studies have evaluated the potential of PALSAR 50 m mosaic
data in forest identiﬁcation and forest classiﬁcation (Miettinen

and Liew, 2011; Thiel et al., 2009). In this study, we used not only
HH and HV polarizations of PALSAR data, but also two new gener-
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Fig. 8. (a) 250 m forest area percentage map aggregated from the 50 m PALSAR-based forest map; (b) 250 m per-pixel binary map of rubber plantation based on MODIS NDVI
data; (c) area percentage map of rubber plantation by combining the forest area percentage map a and the 250 m rubber plantation per-pixel binary map b.

ated images (Ratio and Difference of HH and HV) that were proved
effective. However, more complicated forest type classiﬁcation
methods are less robust than a simple forest/non-forest classiﬁcation (Walker et al., 2010).
Phenology of forests (deciduous and evergreen forests) in the
tropical zone is affected by the seasonality of precipitation (dry
season and wet season). Hainan Island has a typical tropical monsoon climate. Deciduous trees lose their leaves to conserve water
and avoid transpiration in the dry season (winter) and are so-called
tropical seasonal forest in this region. Evergreen trees grow all year
but suffer greater water loss during the dry season, and they have
different photosynthetic rates and nutrient-use efﬁciency than
deciduous trees (Delucia and Schlesinger, 1995).
The pattern of forest composition (evergreen and deciduous forests) plays an important role in ecological processes and forest carbon cycling. However, due to lack of time series of PALSAR 50 m
mosaic data throughout a year, we were not able to map deciduous
and evergreen forests from the PALSAR 50 m data. Instead, we used
time series MODIS data to generate an evergreen forest map (per-

pixel map) and combined that map with the PALSAR-based forest
fractional map to estimate evergreen and deciduous forests on Hainan Island. Note that time series imagery from optical sensors (e.g.,
SPOT-VGT, AVHRR, MODIS) are widely used to generate regional
and global maps of evergreen and deciduous forests (DeFries
et al., 1995; Liang, 2001; Roderick et al., 1999). The leaf loss of
deciduous trees is an important biophysical event to separate evergreen and deciduous forests. Time series data of LSWI were used to
separate evergreen and deciduous plants (Xiao et al., 2002), and to
map evergreen forests in the pan-tropical zone (Xiao et al., 2009). A
comparison between the PALSAR-based forest map and MODISbased forest map will help evaluate the accuracy of the forest
map derived from MODIS imagery. The comparison between the
PALSAR-based forest map and the MODIS-based evergreen forest
map in the Hainan Island showed that the LSWI-based approach
for mapping evergreen forest is robust.
Plantations, or cash forests, are an important land use type and
economic activity. Miettinen and Liew (2011) found that the PALSAR 50 m mosaic product can be used to separate rubber, wattles
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and palms (oil palm and coconut combined) in known closed canopy plantation areas. PALSAR 50 m mosaic data were used to identify palm plantations in insular Southeast Asia with a method using
threshold values (Miettinen et al., 2012). For Hainan Island, two recent studies have used a remote sensing approach to estimate the
area of rubber plantations (Zhang et al., 2010; Chen et al., 2010).
One study used four Landsat TM images (acquired in May and June
2008) and a supervised classiﬁcation method to map rubber plantations on the island (Zhang et al., 2010); they estimated a total
area of rubber plantations to be 4167.6 km2, which is about 8%
lower than the estimate from the annual ofﬁcial statistical report
in 2008. The other study using maximum monthly NDVI composites derived from the MODIS 16-day vegetation indices product
(MOD13Q1) estimated a total area of rubber plantation to be
4664 km2 on Hainan Island in 2009 (Chen et al., 2010).
Together with all the above mentioned studies, our study shows
the capabilities of remote sensing methods in forest monitoring
and mapping of economically valuable cash plantations. It also
highlights the beneﬁts that can be achieved by combining several
different types of remotely sensed data. Based on our ﬁndings during this study, we believe that the mapping of rubber plantations
on Hainan Island could be further improved by combining or fusing
the time series of Landsat images and PALSAR 50 m mosaic imagery (Hong et al., 2009).
Finally, we would like to highlight the usability of online photo
archives for ground truth purposes. Evaluation (or validation) of
land cover maps is a major challenge in the community of remote
sensing and land use and land cover change, as it often requires a
large number of ground truth data of individual land cover types.
In this study, we used ground truth references data from both
geo-referenced ﬁeld photos acquired during ﬁeld surveys and
high-resolution images available in Google Earth. The Global
Geo-Referenced Field Photos Library at the University of Oklahoma
(http://www.eomf.ou.edu/photos/) allows users to share and archive geo-referenced ﬁeld photos; those ﬁeld photos and associated land cover database are downloaded in ‘kml’ or ESRI shape
ﬁles online. As of January 2012, there are more than 35,000 high
quality geo-referenced ﬁeld photos in the database, which provides
valuable validation references for global land cover classiﬁcation.
In this study we also highlighted the Google Earth based validation
workﬂow. Google Earth’s High-Resolution Imagery Archive have
high horizontal positional accuracy (Potere, 2008), especially in urban areas, and is convenient for land cover validation in some regions. This method has been used in validation for land cover
classiﬁcation (Benedek and Sziranyi, 2009; Cohen et al., 2010;
Gemmell et al., 2009; Montesano et al., 2009). A speciﬁc tool that
integrates Google Earth with image processing software synchronously could improve the convenience greatly in future.
5. Conclusion
A regional map of tropical forest distributions (e.g. evergreen or
deciduous) is imperative for ecological modeling and forest management in pan-tropical regions (Achard et al., 2002). Mapping of
the rubber plantation and its spatial distribution is also necessary
for not only rubber industry but also regional development and
decision making (Li and Fox, 2011). Considering the cloud limitation from traditional optical remote sensing in pan-tropical regions, an integrating approach combining PALSAR 50 m and
MODIS imagery was found to be alternative method for mapping
forest and rubber plantation in the region, as this method incorporates both cloud-free forest information from PALSAR and phenology information from MODIS. Evergreen and deciduous forests
were separated and rubber plantations identiﬁed using phenology
information based on MODIS temporal proﬁle analysis. We found
that the PALSAR 50 m Orthorectiﬁed Mosaic Product can be used
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effectively to delineate forest, cropland, water body and urban
land. The sensitivity of rubber plants in Hainan Island to climate
makes the rubber separable from other types of forests. This study
demonstrated that an integrated strategy combining PALSAR and
MODIS data could be more reliable in tropical forest classiﬁcation
and cash forest (e.g. rubber plantation) identiﬁcation.
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