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Abstract: The development of sophisticated and accessible approaches to monitoring
deforestation and forest degradation is central to assessing changes in ecological processes
such as carbon storage, biodiversity, biomass and many others in tropical regions. CLASlite
is an automated satellite mapping model used to identify deforestation and forest
degradation, especially in tropical forest regions. In this paper, we used the CLASlite model
to analyses deforestation and forest disturbance from 1990 to 2015 in Xishuangbanna,
situated in the southern part of Yunnan Province. We found that the highest rate of forest
change was 23% between 1995-2000, followed by 0.64% during the period 1990-1995 and
2.81% during the period 2000-2005. The overall rate of forest change in the last five years is
2.18%. By means of geographic information system processes, the forest changes detected
were compared with the land uses and protected areas of the study area. Most of the
change to forest area corresponds to crops and plantations, mosaics of vegetation and
natural forest. The deforestation within environmentally protected areas was 285.2 km²,
6.53% of the total protected area. Xishuangbanna is one of the few regions in China with a
significant tropical forest area, but, as the results illustrate, these areas are at serious risk of
disappearing. We consider it important to continue monitoring this region conscientiously,
especially in its protected areas. Advanced remote sensing approaches play an important
role in attaining the objective.
Key words: CLASlite, Landsat, deforestation, tropical forest, Xishuangbanna.
1. Introduction
According to the WWF estimations in the last 25 years, the world lost some 129 million ha of
forest (WWF, 2011). A big part of that loss belongs to the tropical forests cover, they
although are less than 6% of the surface of the planet, but are home to approximately half of
all living species on Earth (WWF, 2006), tropical forests apart from being home to the richest
biodiversity on the planet, are a source of fuel and sustenance to human inhabitants, in
addition to storing massive amounts of carbon that would otherwise accelerate global
warming (CLASlite Team, 2013). In the last decades China's forest cover have
experimented important changes, the rapidity of the country's development has affected its
natural resources, during the 1970s to 1990s, with weak forest protection laws and
enforcement, the annual deforestation rate reached a value of 3.0% (Li S & Yang Q, 2000;
Zhu H, Chai, S. et al., 2015), that contributed to severe water and wind erosion of soil. By
1990s, approximately 38% of China’s total land area was considered badly eroded,
particularly, in Yunnan and Sichuan provinces (Ren et al., 2013), however, according to
recent Chinese government statistics, the country’s forests have been recovering over the
past three decades, this thanks to one of the largest forest conservation and restoration
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programs in the world “The Natural Forest Conservation Program (NFCP)”. Lowland tropical
forests once covered a large portion of tropical southern China, but currently have a reach of
633,800 ha, mostly in Xishuangbanna in the southern area of Yunnan province (Cao Zou,
Warren, & Zhu, 2006, H Zhu, H Wang and SS Chou, 2010). The forests of Xishuangbanna
are habitat to a biodiversity that is essential both nationally and globally; this region is
included amongst the Indo-Burma biodiversity hotspots and includes over 5000 species of
vascular plants, comprising 16 percent of China’s total plant variety (Myers et al., 2000;
Zhou, 2010).
Historically, the Xishuangbanna region would have had almost total forest cover,
predominated by subtropical evergreen broad leaf forest, mountain rainforest and tropical
seasonal rainforest. These forested areas have mostly been replaced by rubber plantations,
shifting cultivation and scrublands (Li, Ma, Aide, & Liu, 2008; Zhu, H, 2017).Monitoring
deforestation is central to assessing changes in carbon storage, biodiversity and important
ecological processes such as biogeochemical cycling, energy flow, community dynamics,
species interaction and biological movement (McQuillan et al, 2009). Satellite remote
sensing is the most accurate and cost-effective way of monitoring changes in forest cover
and degradation over vast geographical areas (Asner, 2009). Global satellite mapping of
vegetation coverage has greatly improved over time and may be considered routine for
calculating estimates of deforestation (Achard et al., 2007). However, these mapping
approaches currently require expert maintenance and often miss millions of small forest
clearings that occur at a small scale, thus discounting a large portion of forest degradation
(Zhu, H, 2017). But several other higher resolution regional mapping approaches have also
been developed (Hansen et al., 2008; Huang et al., 2008), The Carnegie Institution for
Science developed the Carnegie Landsat Analysis System or CLAS. CLASlite is a software
package specifically designed to support forest monitoring for REDD “United Nations
Collaborative Programme on Reducing Emissions from Deforestation and Forest
Degradation” (Asner, 2009; UN-REDD, 2016), this method was designed for highly
automated identification of deforestation and forest degradation, including monitoring at <
0.1 ha spatial resolution (Asner, 2011).
CLASlite has become a very reliable and sophisticated model adopted by official
organizations and governments in South American countries and some African and Asian
regions with tropical forests for deforestation monitoring (Asner, G, 2014). This model is not
very familiar in China yet, so in this study, we applied CLASlite to monitoring forest changes
in the tropical region of Xishuangbana. More specifically, we studied forest change over the
last 25 years (1990–2015) using satellite images provided by Landsat 5 (TM), Landsat 7
(ETM+) and Landsat 8 (OLI-TIRS). Here, we combine CLASlite and spatial analysis to
compare the rates of deforestation with land uses and protected areas. Firstly, we identified
deforestation and disturbance pixels through CLASlite's sub-pixel analysis processes
(Radiometric calibration, atmospheric correction, masking of Clouds, water and shadows,
decomposition and classification of the imagery into forest cover, and mapping of
deforestation and disturbance), then, by multi-image analysis calculate the forest change in
the last two decades, secondly, we used ArcGIS 10 to compare the CLASlite results,
analyze the relation between deforestation and land uses, and calculate the deforestation in
the protected areas.
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2. Study Area
Xishuangbanna is situated in the province of Yunnan in southwest China, bordering Laos
and Burma (Fig. 1). Xishuangbanna has an area of 19,125 km2 and the altitude varies from
517 to 2415Meters above sea level (Guardiola, Claramonte et al., 2010; Zhu, H. Y. Chai, S.
et al, 2015). The average temperature is 20–22.5 °C, with the average highest temperature
of 25–27 °C occurring in May–June. The wet season lasts from May to October during which
90% of the rainfall occurs and the average precipitation is 1200–1800 mm per annum
(Guardiola et al., 2010). Xishuangbanna lies in the transition zone from sub-tropical to
tropical climates and lies within the zone from the Eastern Himalaya flora and fauna to the
biota of mainland Southeast Asia (Yi et al., 2014). There are over 5000 flowering plant
species, accounting for approximately 35% of all of Yunnan’s higher plants, including 153
endemic species and 56 endangered species (Yi et al., 2014). The region contains China’s
largest area of diverse types of mature tropical forest, which mainly belongs to the
Xishuangbanna Biosphere Reserve. This reserve features 8 vegetation types and 12 subtypes, including tropical rain forest, tropical monsoon forest and sub-tropical monsoon
evergreen broadleaf forest (Zomer, Trabucco, Metzger, & Oli, 2013; Zomer et al., 2014). The
population of Xishuangbanna is approximately 1.1 million and includes 13 distinct ethnic
minorities (Sturgeon, Janet C, 2012), included among which are the Dai (Tai Lue), Hani
(Akha), Jinuo and Miao (Hmong). Traditionally, all minorities were hunter-gatherers and kept
livestock (Sturgeon & Menzies, 2006). In more recent times, however, a large socioeconomic shift in household income has occurred across all ethnic groups, with rubber
monoculture and terrace tea becoming increasingly important (Cannon, Chen, Ye, &
Swetnam, 2014).
Fig. 1. Location of Xishuangbanna in the southern part of Yunnan province of China.

2.1. Data sources
Images from Landsat satellites (Landsat 5-TM, Landsat 7-ETM+, and Landsat 8-OLIT-TIRS)
covered the study area. The images selected were taken during the driest period of the year
(January to March) as there is a relatively low cloud coverage (<10% cloud cover). In total
we used 28 images obtained from the NASA and the US Geological Survey online service
http://earthexplorer.usgs.gov (USGS, 2015).
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The basic geographical information was obtained from the following sources:
• Raster data: Global land cover data of ESA-GlobCover-2009, resolution of 300
meters, format TIFF, (Gscloud.cn, 2015).
• Boundary line vector data (shape-files): Geo-spatial data cloud www.gscloud.cn
(Gscloud.cn, 2015).
• Protected Areas shape-files: UNEP-WCMC， United Nations Environment
Programme, World Database on Protected Areas, Cambridge, UK (UNEP-WCMC,
2015).
3. Method
CLASlite is a software package developed by an expert team at the Department of Global
Ecology of the Carnegie Institution for Science (Asner, 2009). It was designed specifically for
highly automated identification of deforestation and forest disturbance using remotely
sensed satellite imagery (CLASlite Team, 2013). The CLASlite technology has evolved in
the last 8 years, it has been mainly used to monitor important amazon areas in South
America (Brazil, Peru, Bolivia, Colombia) (Cabrera et al., 2011) Also, regions of Asia and
Africa, have implemented CLASlite's model to evaluate deforestation, carbon emissions, and
illegal logging (Claslite.edu, 2016). CLASlite model provides an automated satellite mapping
approach to determine important components of tropical forest structure: fractional cover of
vegetation canopies, dead vegetation, and bare surfaces. These covers are core
determinants of ecosystem composition, physiology, structure, biomass, and biogeochemical processes (Feng, M. C, Huang. et al., 2013). CLASlite through a fractional cover
analysis allows for rapid forest monitoring with error tracking, we processed 28 Landsat
scenes using CLASlite-version 3.2. In order to detect forest change across the time,
CLASlite method integrates a series of processes that take raw satellite imagery and
produces forest cover change images. These processes include (Radiometric calibration,
Masking, Decomposition of image pixels into fractional surface covers, Forest Cover
Classification and Forest Change Detection) as detailed below.
3.1 Radiometric calibration and atmospheric correction of satellite data.
Radiometric calibration consists in linking pixels intensities to a physical parameter. Its main
goal is to allow comparisons of spectra from different origins and also measurements of
important physical parameters (Buil, C, 2013). For radiometric calibration, CLASlite uses
conversion factors (gains and offsets). The result of radiometric calibration is an image in
units of radiance, also known as the energy measured by the satellite-based sensor. The
radiometric data obtained contain information about both the Earth’s surface and its
atmosphere. Thus, to work with vegetation (surface data), it is necessary to minimize the
contribution of the atmosphere to the values of each pixel in the satellite image. The process
of atmospheric correction minimizes the effect of water vapor (humidity), aerosols (from dust,
volcanoes, etc.), and other factors. To apply atmospheric correction, CLASlite uses the 6S
radioactive transfer mode (Vermote et al., 1997), which simulates the Earth’s atmosphere in
each satellite image. 6S models the effect of the atmosphere on sunlight as it passes
through the atmosphere, interacts with the land surface, and returns through the atmosphere
to the satellite sensor. The raw image is then “corrected” by removing the estimated model
of the atmosphere, resulting in an image of surface reflectance, which shows the fraction of
incoming solar radiation that is reflected from Earth's surface.
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3.2 Cloud, Water and Shadow Masking.
Mapping with optical satellite sensors (Landsat, SPOT, etc.) requires radiance data to
determine the reflectance of each pixel, which is the information required to extract
information about vegetative cover. No satellite sensors can collect this radiance information
on the land surface through clouds, in darkened shadow areas under clouds, or in shadows
caused by steep terrain. Thus, clouds and cloud shadows, terrain shadows, as well as
bodies of water must be masked, or excluded from the image analysis. CLASlite has two
masking steps: The first is in step 1 for image calibration, and the second is in step 2 for the
fractional cover map. The masking that occurs in step 1 eliminates clouds, cloud shadows,
topography shadows, and water. The second eliminates MCU errors based on the RMSE
values [the seventh band product] in the fractional cover image.
3.3 Decomposition of image pixels into fractional surface covers, Monte-Carlo
spectral unmixing algorithm-AutoMCU.
Different types of Earth surface covers have different reflectance properties (spectral
signature). From these spectral signatures, it is possible to derive information on each pixel
in a reflectance image. The traditional land cover classification techniques assign a whole
pixel to a class (i.e., forest, rock) based on the spectral signature in the pixel (Weng et al.,
2011). This type of thematic classification is useful for land-cover mapping, but it often has
reduced sensitivity to small variations and changes in forest cover that occur at the subpixel, or within-pixel, scale. Since we want to map deforestation and forest degradation
occurring at the sub-pixel scale, we must use a different approach.
The AutoMCu, or Automated Monte Carlo Unmixing (Asner and Heidebrecht 2002,
Asner et al. 2004), provides quantitative analysis of the fractional or percentage cover (0-100
%) of live and dead vegetation, and bare substrate within each satellite pixel (within each
30×30 m pixel in a Landsat image). Live vegetation is technically referred to as
Photosynthetic Vegetation (PV) because live vegetation maintains unique spectral properties
associated with leaf photosynthetic pigments, canopy water content, and the amount of
foliage in the canopy. The dead or senescent vegetation fraction is termed Nonphotosynthetic Vegetation (NPV). Which is expressed in the spectrum as bright surface
material with spectral features associated with dried carbon compounds in dead leaves and
exposed wood. Finally, bare substrate is often dominated by exposed mineral soil, but can
also be rocks and human-made infrastructure.
The method requires “libraries” of spectral end members for each of three relevant
surface cover types: bare substrate, photosynthetic vegetation, and non-photosynthetic
vegetation. End members are reference spectra that are chosen as pure representatives of a
given surface material, and they are intended to encompass the spectral variability within
that surface material (Carnegie Institution, 2014) (a). These libraries, derived from extensive
field databases and satellite imagery, are used to decompose each image pixel using the
following linear equation:
ρ(λ) pixe = ∑ [ Ce • ρ(λ)e ] + ε = [ Cpv • ρ(λ)pv + Cnpv • ρ(λ)npv + Csubstrate • ρ(λ)substrate ] + ε
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(1)

Where ρ(λ)e is the reflectance signature library (e) at wavelength λ and ε is an error term.
Solving for each sub-pixel cover fraction (Ce) requires that the satellite observations (ρ(λ)pixel)
contain sufficient spectral information to solve a set of linear equations, each of the form in
equation (1) but at different wavelengths (λ).
The tropical forest spectral libraries provide the spectral reflectance signatures required by
the AutoMCU sub-model: ρpv(λ), ρnpv(λ)and ρsubtrate(λ).
Fig. 2. CLASlite 3.2 processing stream. Major processes are numbered 1-6. (CLASlite
Team, 2013) (b); Asner, 2009(c)). PV: photosynthetic vegetation, NPV: No Photosynthetic
vegetation.

The output from AutoMCU process is a 7-band image containing information about fractional
cover of PV, NPV, and bare substrate, uncertainty estimates for each cover fraction, and
total error for each pixel in the image.
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Fig. 3. Image Landsat 8-2014 of Xishuangbanna after Sub-pixel analysis process
“Decomposition of image pixels into fractional surface covers”

3.4 Forest Cover Classification.
A simple decision tree is used to convert the single-image AutoMCU results to an estimate of
forestcover.Forest:PV≥80ANDS<20Non-forest:PV<80ORS≥20 where PV is photosynthetic
vegetation cover fraction in the pixel, S is the bare substrate fraction in the pixel, this S term
is included to eliminate non-forest regrowth (successional vegetation, grasses, and some
agriculture which may contain high PV fractions) from the forested class. These regrowth
cover types usually have higher S levels than are found in neighboring intact forest. This
simple decision tree for forest cover, based on a default S setting of 20, is sufficiently
general to allow the algorithm to accommodate a broad range of tropical forests.
3.5 Forest Change Detection.
Multi-image analysis is the most accurate approach for detection of forest loss
(deforestation), gain (secondary regrowth), or degradation (areas of persistent forest
disturbance), “forest disturbance” refers to events such as forest fire, harvesting, wind-throw,
insect and epidemics, and forest flooding that cause large pulses of CO2 to be released into
the atmosphere through combustion or decomposition of resulting dead organic matter
(Pickett and White, 1985).
To map forest change, CLASlite applies the following decision trees to each pair of images,
where the subscripts 1 and 2 indicate images from one year to the next. In this study, we
compared five periods consisting of five years each from 1990 to 2015. (Table 1)
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Deforestation:
(((PV1–PV2)≥[PV
decrease
captures
most
deforestation]
OR ((S1 ≤ 5) AND ((S2 - S1) ≥ 15)) [S increase captures deforestation followed by early
regrowth] OR ((PV2< 80) AND ((NPV2 - NPV1) ≥ 20)))[NPV increase]
Forest Disturbance:
((((NPV2 - NPV1) ≥ 10) AND ((PV1 - PV2) > 10)) OR ((S1 ≤ 5) AND ((S2 - S1) > 10) AND (S2 ≤
15))) PV: is photosynthetic vegetation cover fraction in the pixel
S: is the bare substrate fraction in the pixel
NPV:
is
Non-photosynthetic
vegetation
cover
fraction
in
the
pixel
The masked pixels (water, cloud rings, cloud shadows, and topography shadows) are
excluded from the forest change analysis [to eliminate the detection of false positives].
Fig. 4. Image Landsat 5-2010 of Xishuangbanna (A) before and (B) after Forest Cover
Classification.

After performing all of the CLASlite processes on the images, by ArcGis software we took
the obtained maps of forest change and delimited them to the study area, then, were
measured theirs correspondent areas, in the same way, we compared this results with layers
of land use and protected areas.
4. Results
The results indicate changes in forest cover, deforestation and forest disturbance during five
periods. In addition, they show forest change within protected areas and land use units that
have likely replaced former forested areas. We found that the largest total amount of forest
change was observed during 1995-2000 with 197.32 km2 of forest disturbance (0.8% of the
total area) and 885.60 km2 (3.97%) of deforestation, followed by 1990-1995 with 0.64% of
disturbance and 2.95% of deforestation and then 2000-2005 with 0.34% and 2.81%
respectively. During the last two periods (2005-2010, 2010-2015) the rate of forest change
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was over 2.1% (> 500 km2 approximately), and the last five years presented the largest
percent of forest disturbance (0.67%, >149 km2 approx). (Table 1, Fig. 5).
Fig. 5. Map of deforestation 2005 -2015 across study area.

Table 1. Change per period. Forest change is the sum of disturbance and deforestation.
Disturbance

Deforestation

Forest change

Era
total

%

total

%

total

%

1990-1995 144.12 km 2 0.64%

657.70 km 2 2.95%

801.82 km 2

3.59%

1995-2000 179.32 km 2 0.80%

885.60 km 2 3.97%

1064.92 km 2

4.77%

2000-2005 76.64km 2

0.34%

626.97km 2

2.81%

703.61 km 2

3.15 %

2005-2010 90.62 km 2

0.40 % 543.59 km 2 2.44%

634.21 km 2

2.84%

485.76 km 2

2.18%

2010-2015 149.36 km 2 0.67%

336.40 km 2 1.51%

The total deforested area during the last 15 years in the study area was of 3050.26 km2 and
the disturbance was 640.06 km2. the result maps show that besides the current protected
areas, most of the others forest sectors were clearly altered.
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Fig. 6 Change forest cover from 1990 to 2015 on of Xishuangbanna, green areas represent
forest cover.

After applying overlay and intersection functions to the CLASlite results, maps of land use in
2009 (Gscloud.cn, 2015) and protected areas of Xishuangbanna (UNEP-WCMC, 2015), we
found that:
A) The majority of the change found in forested areas correspond to land uses related to
crops and plantations, mainly rubber plantations. In 2010, rubber crops occupied
4242 km2, 22% of the total area of Xishuangbanna, while farmlands occupied 2194
km2, 11% of the area of Xishuangbanna (Zomer et al., 2014). In the same way, there
are current areas of deforestation and disturbance that before were some mosaics of
vegetation and natural forest, (mosaic croplands/vegetation, mosaic grassland
/forest/ scrubland, closed broadleaved deciduous forest, closed to open scrubland)
Fig. 7. Overlay between deforestation areas and land uses 2009.
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B) The deforestation in environment protection areas until 2000 year was of 202.48 km², this
area represents the 4.64% of total in protected areas, and from 2005 to 2015 the
deforestation was 82.72 km² (1.89%).
Fig. 8. Deforestation on protected areas of Xishuangbanna.

5. Discussion
The results obtained in this study show the forest change in the Xishuangbanna area over
the last 25 years. These changes were measured according to the rates of deforestation and
forest disturbance in the area. Although we found that the highest rates of forest change
were between 3.5 and 4.5% from 1990 to 2000, previous studies indicate that historically the
Xishuangbanna region would have had almost total forest cover, dominated by tropical
seasonal rainforest (21%), mountain rainforest (23%) and subtropical evergreen broad leaf
forest (57%). By 1976, forest cover had been reduced to 70% and by 2003 to 50% (Li, Ma,
Aide, & Liu, 2008). The estimates of forest change in the 2000-2005 period was 140.7 km2
per annum, which are very similar to the results obtained by Li et al. (2008), who estimated a
deforestation rate of 137.2 km2 per annum in the same time period. The forest change is
attributable principally to the massive cultivation of rubber (Ahlheim, Börger, & Frör, 2015;
Zhai, Xu, & Dai, 2015), scrublands and shifting cultivation (Zomer et al., 2014), other factors
such as climate change and accelerated development in the region have also had influence.
Southern China has experienced an increase in average temperature in the last decade
(Zomer et al. 2013). Also, the increase in urban infrastructure, and changes in local socioeconomic dynamics have assisted the transformation of the landscape. These abrupt
changes have led to the occupation of territory that was once natural forest. After
overlapping the deforestation and land use layers (2009), we confirmed that most of the
areas that suffered deforestation corresponded to land uses related to crops and plantations
(Fig. 7).
A decrease in the annual rate of forest change can be observed over the last decade.
Between 2005 and 2010, the change was 2.8% (Fig. 4, 5). The forest recovery observed
during this period was possibly as a result of the reforestation programmes carried out by
government, Green Programme (Chen, Zhang, Zhang, & Wan, 2009) and National Forest
Protection Program (Ren et al., 2013), Over the 2000-2010 period, around 1.6% (157,315
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km2) of China’s territory displayed a significant gain in percent tree cover (Vina et al., 2016).
The change rate was around 2% in 2015, which is the lowest rate in the last two decades,
but it is still a notable degree of forest disturbance. In this study we combined CLASlite
methodology with the GIS process to calculate the accumulated deforestation inside
environment protection areas, which represent the largest part of tropical rainforest within
Xishuangbanna. Until 2000, an area of 202.48 km² suffered deforestation, 4.64% of the total
area of environment protection areas. In 2015, this rate decreased to 1.89%.
XIshuangbanna's tropical forest and rubber plantations have been object of study in the last
years, by mean advanced methods of remote sensing, such as Phenology-Based Vegetation
Index Differencing (Fan et al., 2015) and Multi-Spectral Phenological Metrics from MODIS
Time Series (Senf et al., 2013), although these research results are focused in the rubber
plantation detection, also as this study they showed a similar change forest tendency. Due
to CLASlite has developed a special technique to tropical deforestation mapping, in recent
years it has been used to detection and monitoring of deforestation in important tropical
forest regions (Brazilian, Peru, Bolivia and Colombian Amazon, in Madagascar Rain forest
and some South-Asia tropical countries, like Malaysia and Indonesia.) (Carnegie Institution,
2016). Here we show how remote sensing tools such as CLASlite can provide an objective
and long-term view of trends in both small scale disturbance and deforestation,
complementing policy and management needed to safeguard forests in protected areas.
CLASlite was specifically designed to measure tropical forest change; therefore it is
important to note that Xishuangbanna also has different kinds of forestation that can also be
affected by deforestation. So, according to the present results, we suggest the continuation
of subsequent research in a specific rainforest area (for example, nature reserves) over a
shorter period of time, in this way rendering the CLASlite process more efficient and precise.
6. Conclusions
After we modeled and mapped the change in Xishuangbanna’s forestation, our study
highlights the continuation of the rate of deforestation, which reached a total of 3690.32 km2
in the last 25 years. It is evident that forest change patterns in Xishuangbanna changed
rapidly between 1995 and 2000 (1064.92 km2). The lowest deforestation rate (2.18%) was
observed over the last five years 2010-2015. Nevertheless, this period presented the largest
rate of forest disturbance (0.67%). In this period the results show an increase in forest area
as well. This highlights an important and persistent problem of lost forest within the
Xishuangbanna region. Despite nominal protection, support and financing from national and
international organisations during the last years (Zhu. H, 2017), the rate of deforestation has
remained within notable proportions. Although the main cause of Xishuangbanna’s
deforestation is rubber plantations, other factors such as climate change, economic
development and urban expansion are also important causes of landscape alteration and
deforestation. Thus, in order to protect and recover tropical forest and its ecological
functions, it is fundamental to strengthen and enhance the strategies and programmes
established by authorities as well as the participation and compromise of the Xishuangbanna
community. CLASlite provides an objective and long-term view of trends in disturbance and
deforestation of tropical forests. Tropical forests are on the decline in China, so it is vitally
important to preserve the remaining forests. Remote sensing approaches are good tools to
complement the authorities’ conservation and protection work, so, in order to monitor in a
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more accurate and detailed manner, we suggest the continuation of research in specific
rainforest areas (nature reserves) by using CLASlite and high resolution images.
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