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Abstract: We develod and evaluat® a new approach for mapping rubber plantations
and natural forests;n one of Soutkast Asia®s biodiversity hotspots, Xishuangbanna in
China. We useé a oneyear annual time series ofModerate Resolution Imaging
Spectroradiometer (MODISEnhanced Vegetation Index (EVI) and shegve infrared
(SWIR) reflectance data to develop phenological metiibiese phenological metriagere
used to classify rubber plantations and foresith the Random Forest classification
algorithm. We evaluatd which key phenological characteristiagere important to
discriminate rubber plantations amatural forestsby estimating the influence of each
metric on the classification accuraéys a benchmarkwe compare the best classification
with a classification based othe full, fitted time seriesdata Overall dassification
accuracies derived from EVI and SWIRng series alone were 64.4% and 67.9%,
respectively. Combining the phenological metrics from EVI and SWIR time series
improved theaccuracyto 73.5%. Using the full, smoothedtime series datanstead of
metrics derived from the time serigsprovedthe overall accuracynly slightly (1.3%),
indicating that the phenological metrics were sufficient to explain the seasonal changes
captured bythe MODIS time series The results demonstrate a promising utility of
phenological metrics for mapping and monitgriabber expansiowith MODIS.
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1. Introduction

Mapping land cover is one of the key applications of remote sefi§inghe increased availability
of broad scaldearth observation data together wittcent developments in muteémporal analyses
techniques have increased the quality of continental to global land covef2hagisbal forest cover
maps[ 3], and global mapsf cropland extensiof#]. The Advanced Very High Resolution Radiometer
(AVHRR), the Moderate Resolution Imaging Spectroraditan (MODIS), the Medium Resolution
Imaging Spectrometer (MERIS), arfshtellite Pour dObservation de la Terr¥egetation SPOT
VEGETATION) capture images of the globe at moderate spatial but very high temporal resolution
(2i 3 days for MERIS and SPOT VEGETION sensorsdaily for AVHRR and MODISsensork
This high temporal resolutiofacilitatesmonitoling dynamic inter and inte-annual processes on the
Earth surface, which would not be observable udess frequent Earth observation datarhis
phenological information supports mappigent land cover andonitoringland cover changes.

The conversionof naturaland semnaturalforess to rubber plantationfHevea Brasiliensidduell.

Arg.) has become a significant lande chang@rocess dung the last decaddheconversionoccurs
throughout the tropical and stitmpical region but it is especially prevalent in Southeast A
Transforming natural forests to rubber plantations has significant ecological impacts on water balance,
carbon cycle, and biodiversity{6]. In some regions, rubber has replaced traditional subsidence
farming[7] and therefore completely changed local economic stru¢8jreAccurate mapping and
monitoring of rubber plantations is thus of great importanau#mntify andproject theecologi@al and
economidmpacts of rubber expansion.

The need to develop methods fonproved monitoring ofubber plantations with remote sensing
has been recognized already in several studvesst studies have used high spatial resolution
multi-spectralsensors such as Landsat or hypeectral sensof®i 11]. A high spatial resolution is a
clear advantage for capturinige fine spatialdetail of manyland-use processesHowever,extensive
cloud cover and limited data availatyloften diminish the utility of Landsdike sensors for mapping
large tropical areadn comparison, coarseesolution sensors like MODISrovide dataat a higher
temporalfrequencyi.e., every dayandover larger areas

MODIS6high temporal resolution not onigcreagsthe chance ofloud-free observationbut also
permits a detailed temporalrecord (signature) of seasonalvegetation patterns These temporal
signatures can be useful to discriminadgetatiorand land covetypes thatare spectrally distinct only
during short periods of time throughout the year. Time seri@dQDIS EnhancedVegetationindex
(EVI) and Normalized Difference Vegetation IndeXNDVI) have beensuccessfully used to
characterize vegetation types different environmental settingd2i 14]. For example,MODIS
Vegetation Index (VI) time serigzaveimproved theclassifcation ofabandoned farmland, different
crop types, and senairid vegetatiorby capturing the specific phenological pattern of eactdlcover
type. Other studies developed phenological metrics from NDVI or EVI time series to describe patterns
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in vegetation phenologe.g, length and peak of the vegetation seasml to use this information for
mapping different land cover typgk5i 17], including different forest typg4.8§].

To date only few studies have tried to map rubber plantatiwite MODIS data[19,20]. Li and
Fox [19 used MODIS Enhanced Vegetation Index (EVI) time series in combination withadidmal
statistical data on rubber growth to map rubber across SoutheastA8sstatistical data they used
information on the area of land covered by rubber plantgtionghe amount of land in rubber
production,and on theotal amount of latex production at different soational administrativenits
Their results proved to identifynature rubber plantations witha produceis/usefs accuracy of
67.0%/98.1%andyoungrubber plantations with a produéguseis accuracy of 59.4987.2% When
using MODIS dataalone, the produceés/useés accurages of mature and young rubber plantations
decreasedtb 60.9%/64.6%and 0%0%, respectivelyThe approaclirom Li and Fox[19] thus heavily
dependd on statistical data, whiclare not updated very frequentong et al. [20] mapped three
forest types, including rubber plantations, on the Hainan Island usingnced Land Observing
Interferometric Synthetic Aperture Rad#LOS PALSAR), MODIS NDVI, MODIS EVI, and Land
Surface Water Index (LSWI) time series. Their results sugdestgood separability of rubber
plantations from other forest types using a simple threshold of summer and winter NDVI composites
(85% overall accuracy for their binary rubber plantationclassification) The method from
Donget al.[20] is an effective application of MODIS time serigsit it is likely to workwell only in
evergreenforests,as theydo not shed leaves seasonahlycontrast to rubber plémtions To map
rubberfor thelargetropical s@asonal forest regiorsf Southeast Asibased orMODIS time serievill
require & approachhat builds uporan in-depthunderstanding of thphenologicapatternsof natural
forests and rubber plantations

Shortwave infrared SWIR) reflectanceand SWIR-based indicebave been shown to b@nportant
predictos for mappingrice paddies andertainforest typesn Asia and Southeast Asjali 23] and
some studietiaveusedSWIR to derive phenological metric§24,25]. The importance of SWIR for
discriminating forestcompositionand structure has been known of a whHi|. Yet, vegetation
indices like the NDVI and EVI areommonly used to characterizegetation phenologyRecently,
Dong et al. [27] used Landsatlata acquired during seasonal leave senescamdéound that the
SWIR-based LSWI in addition to other Visasimportantfor discriminatingrubber plantationand
forests.Evaluatingthe outcome ofhese studiest is likely thatthe mapping of rubber ptatations and
natural forests can be enhanced by capturingpttemologicaldynamics of both land cover classes
Furthermorejncorporatingthe phenological dynamics of the SWIR reflectance might further enhance
the mapping of rubber plantations.

In this study, we tested a new approdoh mapping rubber plantations andtural forests using
phenological metrics demd from MODISEVI and SWIR reflectancéme seriesBy analysing the
importanceof each phenologicalmetric on classification accuracy we theexplore the seasonal
differencesof rubber plantations and natural forests basedi@DIS time seriesOur study is
performed in the region of Xishuangbanna, China, where rubber plantations have become one of the
major land covertypesover the past dedas.
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2. Study Area

The autonomous prefecture Xishuangbanna in the Yunnan Province is the most southern prefecture
of China and borders Laos to the east and Myanmar to the(kigste 1Q)). The prefecture is
subdivided into three municipalitiedinghong, Menghai, and Mengla. The capital of Xishuangbanna,
Jinghong, is located in the central low elevatameas(~400 to 1000 m above sea levelpf the
Mekong River. The northern parts of the Jinghong municipality are at a higher elevation, reaching
2,000 m above sea levelThe western municipality Menghai is characterized by higher elevations
reaching up to 500 mabove sea levelwhereas the eastern municipality, Mengla, is dominated by
lowlands to the west and highlands to the east. Due to tlderay highlands, Xishuangbanna is the
only region in continental China with tropical, monsanfiuenced climate. The wet season starts in
April and ends in November; and the precipitation maximum is reached in UglysA with an
average of 30@nm/month. In the dry season (December to March) heavy fog is occurring frequently.
Temperatures do not drop below X5 except for the very highelevation areas. Westeason
temperatures are high with peaks around May and August/September. With its junction location
between different climate and ecological zones, Xishuangbanna inhabits a diverse flora and fauna,
which makes ugior 20% of the total pecies diversity of Chinf28]. However Xishuangbanna ialso
home to a massive rubber producing aigidustry[6] established in thiate 1990s[29].

Figure 1. (A) Topography of the study arg®) Location of the study areéC) Available
Quickbird imaery.
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The rubbertreesin Xishuangbanna argeciduous treethat shed their leavefr a relatively short
period of two to four weekduring thecoldest and driest month (January to MaWi@0]. Throughout
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the rest of the yearubber trees stay folied. Forests in Xishuangbanna can be differentiated into four
major forest types: (1jropical rain forest(2) tropical seasonal moistorest, (3) tropicalmontane
evergreen broattaved forestand (4) tropical monsoon ford®l]. Forest types 1 to 3 amvergreen
forests whereas forest type 4 is a deciduous forest, influenced by annual dryness cadked by
monsoon climateEvergreen forests rely on heavy water deposition from fog in the dry season to
overcome water shortagg82]. Tropical rain forests and tropical seasonal rain forests present
differences in species compositjazaused by different soil types. Montane evergreen blemcdd
forestsare onlyfound in elevations higher,d00 m. Monsoon forests mostly occur on the low
elevaton banks of the Mekon®iver or in low elevation basinsThe Natural Forest Conservation
Program (NFCP), which has been established in 1990 strictly protects remaining natural forests

in XishuangbannaHowever, before thBIFCPwas established, forashave largely been converted to
shifting cultivation or other cash crops. Many forest areaghmm@foresegmentedy abandonedr

fallow lands,which arecovered by secondary vegetation such as deciduous monsoon &aeats)ah
woodland, bamboo, andyrasslandg434]. These small patches of deciduous vegetation within the
natural evergreen forest can oga the phenological response of tropical rain foré&stes more
seasonal variatiofi3l]. Rubber plantations, in turn, can be mixed with other cash crops such as
pineapple, which are cultivated yeaund. In such casesrubber plantations mighthave green
vegetatiorduring the dry season

3. Data and Methods

The objective of our work was to evaluate the utility of phenological metrics derived from MODIS
time series to map rubber plantations and natural fores¥simuangbannaWe thereforederived
phenologicalmetrics fromMODIS EVI and SWIR time series (s&ection 33). To evaluate the added
value of including SWIR metrics into a classification, we trained and validated three Random Forest
classification models (see Sectiod)3based on: (1) phenological metrics from the EVI time series,
(2) phenological mieics from the SWIR time series, and (3) phenological metrics from bothaiy/

SWIR time series (Figure)2

Figure 2. Processing scheme showing the comparison of the models based on phenological
metrics to each other arnd the full time series modeRF: random forest classification;
Acc.: accuracy assessment; TS: time series; Var. Imp.: variable importance.
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As a benchmark, we then compared the classification accuracy of the best model based on
phenological metrics to the classification accuracy ofagel based on the full, fitteadne series data
(Figure 3. Finally, we calculated the variable importance (see Section 3.4) for the overall best model
based on phenological metrics. By doing so, we explore the relative importance of each phenological
metric for classifying rubber plantations and forests.

3.1. Moderate Resolution Imaging Spectroradiom¢hMODIS) Data Preparation

We used the MODIS Terra Vegetation Index product (MOD13Q1, H/V 27/6) from Collécabn
250 m spatial resolutionMODIS data were retrieved from thHeational Aeronautics and Space
Agency (NASA) Earth Resource Observation and ScieGeatervia the Global Visualization Viewer
(GLOVIS). The time series spans the period from January) 201December 2010 with A6-day
interval, resulting i3 time stepsWe extractd the SWIR reflectanceand the EVIitime seriesfrom
the MOD13Q1 Vegetation Index produe¥e used absolute SWIR reflectance instead of a normalized
SWIR based index, because we wanted to test direct effetttie SWIR onthe mapping accuracy of
forests and rubber plantatiofshe EVI is a vegetation index using the &d ), NIR(” ) and blue
reflectancg” ) (Equation(1)):

O w"0¢d

@ M

We chose the ¥ instead ofNDVI, becausat is less sensitive tatmospheric noise amtbes not
saturag as early as NDVat high biomas§35].

3.2. Reference Data

The collection of reference data in the data scarce and remote ar&asitbivestChina is a
challenging task. In this papave used a combination of field data, high resolution Quickbird imagery
from Google Earth! (GE), and RapidEye imagery acquired through thepiEEye Science Archive
(RESA) as reference datawith the GE true-colour imagery at very high spatial resolution
(2.6 m x 2.6 m) it was possible toisually identify thesystematic row structure of rubber plantations.
The RapidEyeimagery hasa lower spatial resolutioninterpolated to5 m x 5 m), but the sensor
features a reédge band and a neafrared band, whichfacilitated differentiating betweemubber
plantationsand forests RapidEye imagery was available for thatire Xishuangbanna prefecture,
whereas Quickbird imagery in GE was only partly availaltegure XC)). Field mapping was
performedduring April 2012 in the township of Manlin anfouth of the city of Jinghong in
Xishuangbanna (FigurC)). We used the field data to helpith the interpreaition of GE and
RapidEye imagery

To construct a representative reference data set, we randomly selected 520 MODIS pixels. The
sample size was chosen based on a multinomial distribatsorsuggested by36,37], using a
confidencelevel of 95% (precision of 5%) an@n estimated probabilitpf 35% of the largest class.
This number was selectdzthsed ona priori knowledge froma preliminary analysis.As response
design each pixel wadabelled according to its primary land cover using the GE Quickbird and
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RapidEye imagery (Table).1The primary land cover was defined as the land cover that covered the
largest share of the MODIS pixel arétence, we included pure and mixed pixels as refereaize d

Table 1.Reference classes and number of reference pixels

Class Description Number of Pixels

) Areas coverethy rubber treem varying stand densityJndergrowth varies
Rubber plantation ) i 154 (30%)
between open soil and fruits.
Forest Primary and secondary forests withanopycover greater than 40%. 257 (49%)
Areasnot covered by rubber plantations or natural forests. Mostly cover
Non-forest by crops(eggplant, rice, corn, pineapple, melon, among othassyvell as 109 (21%)

areas with aificial land cover (urban and transportation), water, simaibs

3.3. Time Series Analysis

We used the TIMESAT softwaf@8] to extract phenological metrics from the EVI and SWIR time
series First, TIMESAT fits a double logistic function to each p&etemporal signal using a non
linear leastsquare fif39]. The result is a fitted time series for each pixel th&ngporallysmoothed
i.e, data only showsesidual atmospheric noisand is gapfilled (e.g, for clouds). We setup
TIMESAT to apply three fitting iterations, an adapt&mength parameter of 2, a seasonality
parameter of, and a window size of 1 for the median filter.

Figure 3. Raw and fittedModerate Resolution Imaging Spectroradiomgt#ODIS)
Enhanced Vegetation IndekVI) (A) andshortwave infrared SWIR) (B) time series of a
naturalforest pxel with phenological metrics\: Base values of season; B: Start of season;
C: Maximum of season; D: End of season.
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Based on the fitted time series we then extracted nine phenological metrics l{ie@nip
Figure3). The metrics can be grouped into temporal metrics that describe the timing of seasonal events
(x-direction) and spectral metrics-@yrection) that describe the EVI and SWIR values at seasonal
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events. Thenaximums the maximum value foa given season (C). Thwase values the mean of the
off-season minima (A). Theeason amplitudes the difference between tihase valueand theseason
maximum Season star(B) is defined as the day of year (DOY) at which the time series value
increagd 50% in relation to theeason amplitudeandseason ends defined as the DOY at which the

time series value decreased 50%, respectively (D).lGigthis the time difference between season
start and season end. Tle& andright derivativesare the ifst order derivative in point B and C. And
finally, the middleis the DOY at which thenaximumoccurs. For some pixels @ 938; 0.3%) no
season was extractable, because of extreme noise or cloud cover. These pixels were excluded fror
further processingteps and labelled d@®o season fourdn the resulting classification maps.

34. ClassificationAlgorithm, Variable Importance, and Accuracy Assessment

In this study a Random Forest (RF) classificati@pproachwas used40]. RF is ensembles of
decisiontrees whernm each treas trained on randomly selected features of a bootstrapped sample of
training data. RF are increasingly used in remote sensing and proved tdovotpether machine
learning algorithms in terms of accuracy and computational resotie$3]. Since each tree in the
forest is only trained on a bootstrapped sample, the complement of the samyoteb@git is used to
estimate the accuracy of eachetrevhich is then aggregated over all tteBse aggregateaut-of-bag
accuracy represexain unbiased estimate of map accuracy as long as the referenoedathtained
via probability sampling asgivenin our casg41,43]. We used the owudf-bag preditions to construct
a confusion matrix from which we calculated overall, Gsa@nd producé accuracie§44]. By using
the outof-bag accuracy in combination with the random feature selection, the importance of each
variable for the classification reswitasestimated. Thisvasdone by measuring theean decrease
accuracyif a feature ideft out in building a treeThe RF variable importance measure has proven to
be a reliable tool, providing insights into the predictive power of individual varipdbgs

The RF in this study were built using the statistical software[48] and therandomForest
packagd47]. The number of trees was 26t1000, the sample size of the bootstrapped sample was
stratified with 70 pixels per class to avoid effects of imbhaéd training datpd8], and the number of
features used for each tree was set to the square root of the total number of, feaigydbe standard
setting in theoriginal RandomFore& software[40].

4. Results
4.1. ClassificatiorResults

The bestmodelresuted in an overall accuracy oBB% and included phenological metrig®m
EVI and SWIR(Table 2) Using SWIR metrics aloneachieved an overall accuracy &t.9%, slightly
better thanthe EVI model with 64.826. The SWIR model discriminated bettbetween rubber
plantations and forests; produéeraccuracies were 5.8% and 13.7% higher compared to the EVI
model. In comparison, the EVI model better differentiated betweernfanest and forests/rubber
plantations. Here, us@rand producds accuracis of the norforest classvere23.9% and 9.1%igher
compared to taSWIR model
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The overall best model, trained on metrics from EVI and SWIR time series, resulted in
classification accuracies of 63.6% for rubber plantations, 80.2% for forests and fét.6éf-forest
areas. Confusion mostly occurred between rubber plantations and forests, but also between rubbe
plantations and noforest areas (Table 3). Forest/Aomest differentiation yielded better results.

Table 2. Overall produces and usés acaracies for the three models based on
phenological metrics.

Accuracy (%)

Land Cover EVI SWIR EVI and SWIR

Producerés Userts Producerés Userts Producers  Userds

Rubber plantation 55.2 50.6 61.0 61.8 63.6 64.9
Forest 66.5 78.4 80.2 79.2 80.2 84.8
Non-forest 72.5 59.0 48.6 49.1 71.6 61.9
Overall 64.4 67.9 73.5

Table 3.Confusion matrix for the overall best model basedEnhanced Vegetation Index
(EVI) andshortwave infrared SWIR) metrics.

Classification

Reference

Rubber Forest Non-Forest Producerés Accuracy
Rubber 98 25 31 63.6%
Forest 34 206 17 80.2%
Nonforest 19 12 78 71.6%
Useits acaracy 64.9% 84.8% 61.9%

The classification map resulg from the EVI model (Figure A}) showed many forest pixels
interspersed wth rubberplantations (Figure #(.1)). It reflects the low producés accuracy of rubber
plantations for the EVI model (Table 2). The map resulting from the SWIR model (FigB)e 4
correctly represented large rubber plantation areas in the central and séahands. However,
many mixed pixels at the border of nfurest and forest areas in the northern and nedstern parts
of Xishuangbanna were falsely classified as rubber plantations (Fi¢gBr2))4 which explains the
high confusion between ndorestand forest/rubber plantation areas (Table 2). The ®WIR model
presented an accurate classification map (Fig€®)4that best captured rubber expansion areas
known from previous studies on rubber expansion in Xishuanghjaah@igure 4C.3)).

The classification accuracy of the SWHYI model based on the full time series data was 74.8%.
Thus, he metricbased modelvas slightly less accurat€l.3% difference). The differences were
largest for rubber plantations, which had a prodiscaccuracy of 63.6% with the metribased model
and 688% with the model based on the full time series (5.2% difference).
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Figure 4. (A). (A.1i A.3) Enhanced Vegetation Inde§EVI) classification map with
details. (B). (B.1iB.3) shortwave infrared (SWIR) classification map with details.
(C). (C.1Ii C.3) EVI-SWIR classification map with details.
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4.2. Variable Importance

We estimated theelative importance foreach phenological metric based time combined
EVI-SWIR model For better visibility we analysed importance of EVI and SWIR metrics in the
combined EVASWIR model separately (Figure T)he by far most important phenological metrif
the EVIwasthe base valudollowed by thelength left derivative andamplitude Within the SWIR
thebase valuavas also the most important metric followedthg start, the middle andthe maximum
of the seasarHence, thespectral values of thEVI metricswere more important than tingiming,
whereaswith the SWIR temporal §tart and middle) and spectralbiase valueand maximun metrics
wereimportantpredictor variables the combined EMVMEWIR model

Figure 5. Variable importance measure for the overall best mbdsked onEnhanced
Vegetation IndeXEVI) and shortwave infrared(SWIR) metics, estimated by the mean
decrease in accuracy if a feature is left out in building a decision tree (Section 3.4)

EVI SWIR
Start 4| X Start — x
Right derivative — X Right derivative — X
Middle — X Middle — X
Maximum — X Maximum — X
Length — X Length | X
Left derivative — bt Left derivative — X
End — X End — X
Base value — X Base value — X
Amplitude — X Amplitude — X
I [ I I I [ I I I [ I
0 1 2 3 4 1 2 3 - 5 6 7
Mean decrease in accuracy [%] Mean decrease in accuracy [%]

5. Discussion

Using phenological metrics for mapping natural forests and rubber plantations resalteoverall
accuracy of73.5%. Tl finding that phenological metrics are reliable predictors of land csver
agreement witlother studiesthat usedohenological metrics to magtherland covertypes[16]. We
also identifed thatoverallaccuracies only slightlincreasedvhenusing the full time series instead of
the phenological metrics (1.3%ncreasg¢ However, differences were last for rubber plantations
(5.2% increase in produoc@&raccuracy), which was ounain class of interestThis suggests that the
phenological metrics were overall sufficient to capture the spdetrgloral differences between the
different land cover classes, but using the full time series generally adhweyleer accuracies.
Nonethelessusing phenologicaimetrics has several advantagesie Teature space isubstantially
reduced i(e., 46 vs. 18 features for the EVBWIR model) which reduces redundancies and
multi-collinearity in the explanatory variable §d8]. Secondphenological differences in larmbver
can be broken dowmto single key metricglescribing a specific land covefrhese more simple
metrics facilitate the interpretation of phenological differences and their importance for land cover
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classificationsThese more generalizedetricsmight also increase the transferability of the redualts
other study aredgl9]. Third, metricsthat have been identified as relevant for differentiating between
natural forests and rubber plantati@as be monitored over tinmaore easily than trackinchanges in
multi-dimensional annual time seri€éghese three argumengsipport the use of phenological metrics
as predictor for land cover

The study also demonstratekde importance ofSWIR for mapping rubber plantation§Vhile
phenological metrics basedn EVI differentiated béer between notiorest and forestrubber
plantations phenological metrics based on SWIR were important to differerbeteen rubber
plantations and forest®ased on theéEVI, the temporabpectralprofile of rubber plantationand
forestswere very similar (Figure(®,B)). In comparison, th&WIR profile showed distinatifferences
between rubber plantations and forests (FigyBeH). In the SWIR, thepeak ofthe seasoroccurred
onaveragemuch earlieover rubber plantationglay of year, DOY:128 £80) thanoverforests DOY:

176 + 48). Similarly, the season stawras much earlier in rubber plantation®QY: 48 + 80),
compared to forestDQY: 96 £48). The differences in théming of the season staaind peak in the
SWIR were also reflected by the highportanceof thesemetrics aspredictor variablesn the RF
classification (Section 4.2).

The temporal differences ithe SWIR time seriebetween rubbeplantationsand forestanay be
explained byseverakeasonsin the dry seasomreenvegetation coveof rubber plantations low and
the spectral signas dominated byopensoils, which leads to an increase in SWi&lectance The
decrease in soil water content in the dry seasay further incease SWIR reflectand®0]. The
SWIR maximumof rubber plantationshereforerepresentshe cotlest and driest time of the year
Though the actual timing may alseary with site conditions, understory vegetation, antbertree
density visible in the high standard deviation of the SWIR maximum in rubber plantations
(Figure6(D)). In comparisonthe SWIRsignalof forestsin the dry seasois lessinfluenced by soil
reflectanceprobably because seasonal forests include mixturesesfireerand deciduougrees and
a greater proportion of understory vegetatibhese winter/dry season differences between seasonal
forests and rubber plantations are also supported by the signyfibagiter EVI base value of forests
compared to rubber planiians (t =1 2.56, df = 346, gralue < 0.05)This finding is in agreement with
Dong et al. (2012)[20] who usedthe difference in NDVI during the winter months differentiate
between evergreen forests and rubber plantatemd with Donget al. (2013)[27] who highlighed
the importance of NDVI, EVI, and LSWI reflectance in the defoliation pefarddifferentiating
between rubber plantations and foreblswever,in our studythedifferences in EVI base value alone
were not sufficient taccuratelyseparate forests and rubber plantatiloser accuracies witleVI
model) This may be explained by the varying phenologyanésts in Xishuangbannahich partly
resembésthe phenology of rubber trees (Section 2)

Interestingly, the SWIR peaked similato the EVI during the summer months over forests but not
over rubber plantations his summerincrease in SWIRor forestsmay be explained by structural
changes in the forest cangpye., less shadows and higher reflectance caused by higher leavénarea.
rubber plantations we would expect the same effect, because rubber plantations also increase thei
leave area in summer (higher EVI). However, wheter SWIR reflectance peak iubber pantations
caused by the soil signal (discussed aboway simply superimpose the summer peakcause of the
higher SWIR reflectance of sail¥his explanation is supported by the fact that SWIR reflectahce



Remote Seng2013 5 2807

rubber plantations and forests in the summentls are equally high (around 0%, Figure @,E)).
Therefore,EVI and SWIRtime series of foresthave coincident seasongleals (Figure 6B,E)),
whereagubber plantationsavetheir SWIR peak in the winter/dry season (Figu®)p andthe EVI
peak in he summer (Figure(8)).

The importance of the EVI base value also be attributed to the separability of forest areas
(including rubber plantations) and néorest areasi.. cropping, urban, and water argagll
non-forest pxels presentedx significaniower base value the EVI time series (mean of 0.2D.08)
compared to rubber plantations (mean of &807; t = 11.90, df = 201p-value < 0.0) and forests
(mean 0f0.41+0.07; t = 14.75,df = 168, p-value < 0.0L Furthermorethe importance of th&WIR
base value can be attributed to differences between forest affdrashareasThe SWIR base value
of nonforest areasvas significantlyhigher (mean of 0.09 0.02) compared to rubber plantations
(mean of 0.0%0.02;t =14.69, d = 183,p-value < 0.0) and forests (mean of 0.@9.01; t =1 13.84,
df = 136,p-value < 0.0 Thismaybe explained by theajority of crop pixels within the noforest
class,where thesoil in thedry seasorcauses a high SWIRflectancgFigure gF)).

Figure 6. SmoothedEnhanced Vegetation Indg)eVI) (AT C) and shortwave infrared
(SWIR) (Di F) time series extracted and averaged for all reference pixels of the rubber
plantation, forest, and neforest classes. Dotted lines indicate one standard deviation.

In comparisorto the study from Li et al.[19], we achievedimilar produceés accuray for rubber
plantationsf compared to theiclassification based on MODIS and statistical &86% compared to
67.8%/59.4%) but lower usde accuracies (64.9% compared to 98.1%/97.296)vever, we achieved
higher accuracies if compared to their prddsmlely relying on MODIS datapfoduceés accuracy:
63.6% compared to 6Q80%; usebs accuracy64.9% compared to 64.6%/Q%Since their study

mainly relies on the temporal profile of the EVI we can highlight the importance of the SWIR temporal

profile for mapping rubber plantations. Nevertheless, their stadgreda largerregion andaccuracy
measures that were derived from different validation protocols should alwagsniygaredwith



