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Abstract Fractional vegetation cover (FVC) is a critical
component of ecosystems, global climate change and the carbon I. INTRODUCTION

cycle. Several FVC products have been released, the most widely v . I ial role in the alobal b I
used of which are the GLASS FVC products (including the egetation plays an essential role in the global carbon cycle

GLASS-MODIS and GLASS-AVHR R FVC products). Specifically, PY @absorbing carbon dioxide from the atmosphere in the form of
the GLASS-MODIS FVC product covers the period from 2000 to ~ carbohydrates through photosynthesis and fixing it in terrestrial
present with a 500 m spatial resolution, whereas the ecosystemg$l-4], which can protect terrestrial ecosystems by
GLASS-AVHRR FVC product is available from 1982 to present regulating climate, conserving water and preventing soil erosion
with a coarser spatial resolution of 5 km. For local maitoring of  [5-7]. Moreover vegetation is an effective way to alleviate the
patterns of change in vegetation, however, there is a great need for ;ihan heat islandUHI) effect by decreasing the temperature

fine spatial resolution (e.g., 500 m in this paper) and longerm through evapotranspiration[8]. Therefore, monitoring
time-series FVC datasets. To this end, we proposed to reconstructavegetation dynamics has become an im’portant topic in

500 m, 8day historical MODIS FVC dataset (1982 2000) by . . :
making full use of the advantages of the existing GLASSIODIS ecological ~and ~ environmental ~assessments.  Fractional
FVC (fine spatial resolution of 500 m) and GLASSAVHRR FvC ~ Vegetation cover (FVC) is an important indicator of surface
(long-term coverage from 1982 to the present) products covering Vegetation conditions and is defined as thepprtion of the

China in this paper. The known GLASSAVHRR FVC product  Vvertical projection area of vegetation canopy (including
was first used to fit the relationship between the FVC data after vegetation components such as leaves, stems and branches) per
2000 and before 2000, based on a random forest (RF) model. Theynit area [9]. FVC is also a key factor in transpiration,
trained relationship was migrated to the GLASSMODIS FVC  photosynthesis, global climate change and other terrestrial
product, that is, predicting the MODIS FVC before 2000 based on processes and climate patterns, angaibeen used widely in

the input of MODIS FVC after 2000. The validation using64 scenes o : L
of Landsat FVC reference data revealed that the predicted applications _SUCh as agriculture, forestry, drought monitoring
and related fieldgL0], [11].

historical MODIS FVC dataset has a reliable accuracy with a ) . . .
correlation coefficient (CC) value of 0.8, root mean square error Remote sensing is the main tool used to estimate FVC at a

(RMSE) of 0.14, Bias of 0.8+ and unbiased RMSE (ubRMSE) of large scale and has the advantages of a large monitoring range
0.12. Moreover, an accuracy evaluation in seven different regions (e.g., global covege) and regular revisit frequencyeri@rally

in 1999 suggested that the historical MODIS FVC is closer to the the FVC extracted by remote sensing technology refers to green
Landsat FVC than the GEOV2 FVC product. Overall, the 500 m, vegetation cover. Currently, there are three classical methods for
8-day MODIS FVC dataset (19822000) in China can provide estimating FVC[12]. First, empirical rethods construct the
important historical data for long-term, local monitoring of relationship between true FVC and vegetation indé}. The
vegetation, which has great potential in supporting studies in a . 04s can be divided into linear and nonlinear regression.
range of applications areas including ecology, hydrology and Secondl| hysical methods aim to establish the physical
climatology. This dataset is available at naty _p Y phy
https://doi.org/10.6084/m9.figshare.24616446.v1 relationships between FVC and the spectral cédlece of the
vegetation canopy, such as via a radiative transiedel [14]

Index Term$ Fractional vegetation cover (FVC), historical, and geometrioptical model.For example asa widely used
MODIS, dataset, random forest (RF). radiative tansfer model PROSAIL is composed of the leaf

optical properties model PROSPE(I5] and the canopy
bidirectional reflectance model SAIllThe vegetation canopy
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GLASS FVC productg12], [24]. Information regarding the cover change effects on changes in vegetation cover using a
sensors, resolution and available time fosthproducts is listed generalized linear model.Hu et al [31] used the

in Table 1 Amongst themthe GLASS F\C isa widelyused GLASSMODIS FVC product as a fine spatial resolution
product due to the advantages in terms of spatial resol(it®n independent variable to assist in downscaling soil moisture data
500 mfor MODIS) or temporal coveragg.e., from 1982 to the in the Thetan Plateau region. Therefore, the GLA8SDIS
presenfor AVHRR). Originally, the GLASS FVC product was FVC product at fine spatial resolution provides important data
derived from 500 m moderate resolution imaging supporting aviderrange of researels

spectroradiometer (MODIS) data (denoted as the As mentioned earlier, 500 m FVC data are absent before 2000.
GLASSMODIS FVC product) using the general regressioifhus, presently, the existing GLAS®ODIS FVC product
neural networks (GRNNSs) approalédb], [26], where Thematic cannot satisfy the requirement for long tiseries vegetation
Mapper (TM) and Enhanced Thematic Mapper plus (ETM+honitoring at fine spatial resolution, and it would be of great
data were used as labels to construct training sanjplys interest to extend the time span of the GLA86DIS FVC
Considering that the computational efficiency of GRNNs wagroduct at 500 m spatial resolutidfor existing FVC products
unsatisfactory for longerm products, alternative algorithmsthe GLASSAVHRR FVC has the longest historical time span
were considered in later studies, such the multivariate (i.e., begimingfrom 1982).Conseqgenty, the GLASSAVHRR
adaptive regression splines (MAR8Y-29]. Generally, the 500 FVC could be used as base dataxtend the temporal lengt

m GLASSMODIS FVC product can provide more detailedthe GLASSMODIS FVC backto 1982.In contrast to some
spatial information than other FVC productt kilometer historical coarse gpatial resolution FVC data (e.g.,
resolution However, 8 MODIS surface reflectance data werdGLASSAVHRR FVC and GEOV), the produced 500 m
acquired after 2000, GLASBIODIS FVC product data are only historical FVC datavould provide more refined and abundant
available from 2000 to the present. That is, a {mign spatial information. Moreover, based treseadvantagesthe
time-series FVC product that extends to before 2000 is nobonstructed data will contribute to vegetation change trend
available. Therefore, to further expand temporal coverage of analysis over a longer period and can also be employed to study
GLASS FVC, a GLASS FVC product derived from advancestlegetationclimate interactions and the relationships between
very high resolution radiometer (AVHRR) data (denoted as tlezosystems over historical periods.

GLASSAVHRR FVC product) was developed, where the Currently, most spatitemporal econstruction methodsim
relation between the GLASMODIS FVC product and the to fill missing data usingpartial available datahat are spatially
AVHRR reflectancedata was identified in the training processadjacent (known as gap filling), which is essentially an
[24]. As the AVHRR data have been available from 1982, thaterpolationtask However, thigask is substantially different
GLASSAVHRR FVC product can span from 1982 to thefrom the task of reconstructing comf@ly missing dataif., an
present which is generally longer than other FVC produat extrapolation task)ln this paper, the 500 m historical MODIS

the global scale FVC datato be predicteds completely missingit the time of
interest Thus the gap filling methods aneot applicableo the
Tablel. Information on som&VC products. reconstruction task in this paper.

Spatial Temporal ) . In this paper, we reconstructed a 500 ngay historical
Productname  Sensor  resolution  resolution  AVAaPle time MODIS FVC dataset from 1982000 in China, based on the
ENVISAT MERIS 1.2 km 10-day 20022012 GLASSMODIS FVC with fine spatial resolution and
GLASSAVHRR FVC with a longer period (from 1982 to the
GEOV VGT 1km 10-day 19992020 present). First, a training model wasnstructed using the
https://land.copernicus.eu/global/products/fcover GLASSAVHRR FVC product at different times in China,

based on the assumption that the FVC temporal change pattern

MUSyO MODIS, F¥-3  1km S-day 2010-now in the GLASSAVHRR FVC product is similar to that of the

http://www.doi.org/10.11922/sciencedb.j00001.00266 GLASSMODIS FVC product. Specifically, the relation

between the GASS-AVHRR FVC data after 2000 (i.e., input)

AVHRR 5km 8-day 1982now and GLASSAVHRR FVC data at any time within 1982000
http://www.glass.umd.edu/FVC/AVHRR/ (i.e., label) was fitted using a random forest (RF) model. Then,
GLASSFVC the trained RF model was applied to estimate the historical 500
MODIS — S00m 8-day 2000now m MODIS FVC dataset from 1982000, with the
http://www.glass.umd.edu/FVC/MODIS/500m/ GLASSMODIS FVC after 2000 as input. The accuracy of the

estimated 500 m, -8Bay FVC data from 1982 to 2000 was

The GLASSMODIS FVC product, with a 500 m spatial evaluated by referring to L_andsat_ FVC d_zi[be reco_nstructed
resolution and an-8ay temporal resolution, has good spatia VVC datasehot onlymaintains thdine spatial resolution of the
and temporal continuity characteristics as well as satisfactg ASSMODIS. FVC produgt but alsofurther extends the
accuracy at the global scale. Therefore, it has been used: poral lengthi(e., from 1982)..Thus, the feco”?”“m m,
ancillary data in enjunction with other data types for vegetatior? @y MODIS FVC datasg.982 2000) can provide important

change monitoring and downscaling. For examidie et al [30] sources for londerm, local monitoring of vegetation, which can
used the GLASS/0DIS FVC product from 20012018 to support studis in a range of applications areas including
analyze the vegetatiazhange trend in China and quantified theeCOIOgy’ hydrology and climatology.

o e The remainder of this paper is organized as follows: Selition
CO,, temperature, shortwave radiation, precipitation, and Iaqrqtroduces the used data, including the GLABSDIS and



GLASSAVHRR FVC products and Landsat data. WorkflownB. GLASSAVHRR FVC product

details for reconstructing the historical MODIS FVC dataset in The GLASSAVHRR FVC product is available as a GLASS
China are elaborated in Sectidfi. Section IV presents product suite with a 5 km spatial resolution arda temporal
validation of the reconstructed FVC results and thgssolutionJiaet al [24] used the GLASSODIS FVC product
corresp_ondmg s_paHtemporaI analysis. Sectiod dlspusses to generate a lonterm GLASS FVC product from AVHRR
further issues with the pduced FVC dataset, including FVC yata dating back to 1982. More precisely, the AVHRR surface
change analysis, advantages in spatial resolution and {@@ectance datf83], including the red and nearfrared bands,
FVC product (reprojected to 5 km) was used as a label for
Il. DATA training samples in training the MARS model. Based on the
A. GLASSMODIS FVC product trati_nedt rgode'l, terang Ff\llctprodugt tstartir!gﬂ_i"rllt 1982 was
. . estimated using reflectance data as infiat.ensure
] Ihe GLASGSLKg’g\;I‘gDSg@FZ\]/ gro""?'tﬁs g'Obé"‘(; MODIS FVC consistency with the GLASSIODIS FVC results, the AVHRR
ata (!.e., ) WIith -an _sday temporal py,c results were corrected linearly using the GLA8GDIS
resolution and a 500 m spatial resolution [9]. Th

GLASSMODIS FVC product was generated ngia machine Fve product. Direct validation of the ground measurements

learning method applied to the MODIS surface reflectance d Sorgﬁztstgzt:eg ng Rtséa;:"gyl 4(?) tgﬁrthe el;giféH?oRmpz\r/;I to

(i.e., MODO9AI), where the MARS model was chosen as thge ) AssMODIS FVC product from 2013, satisfactory
most applicable algorithm compared with the other three mode} atial and temporal consistencies were found between the two

[27]. Landsat data from global samples were used as labels bducts. The data can be freely downloaded from

the training samples. Direct validation using 44 groung.. .
measurements from the Validation of Land European Remo gp.//www.glass.umd.edu/FVC/AVHRR/.

Sensing Instruments (VALERI) sites revealed that th€. Landsat data
GLASSMODIS FVC product trained by MARS has a reliable The Lanisat5 TM reflectance data, which can be acquired

performance for estimating FVCRQ(?O-836, root mean square from Earth Explorer Ittps://earthexplorer.usgs.gdwhere used
error (RMSE)=0.149). Considering the MODIS surfacgg validate the estimated historical MODIS FVC results in this
reflectance data were acquired from 24 February 2000, thgperThe spatial and temporal resolution of Landsat data are 30
corresponding GLAS$10DIS FVC product is not available ; and 1eday, respectively. To match by location, the
before 2000. This paper aimed to reconstruct the historicgl ASSMODIS and GLASSAVHRR EVCs and Landsat data
MODIS FVC dataset for China from 1982000. The ere unified into a single Geographic Coordinate System (i.e.,
GLASSMODIS FVC  product was downloaded from\yGs84). The reference FVC dait 500 m spatial resolution
http://www.glass.umd.edu/FVC/MODIS/500m/. were derived by applying the dimidiate pixel model to the
Landsat data. Further details are provided in SectieD.
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Input data: GLASS-AVHRR FVC (China) | | Label: GLASS-AVHRR FVC (China) 5 km t-t,- 1982001-2000041 |
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Input data: GLASS-MODIS FVC (China)

Vit (e of el ef

| Output data: Historical MODIS FVC (China) 500 m -1, 1982001-2000041

T-Ty: 2002001-2005361

Fig. 1. Flowchart showing generation of historical MODIS FVCHrina from 19822000.
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Fig. 3. Therdation (in terms of thre@ndicatord between the FVC temporal profilésom 2002 2005) of the GLASSAVHRR FVC and GLASSMODIS FVC
products (upscaled to 5 kn{n) CC; (b) RMSE; (c) Biafusingthe GLASS-AVHRR FVC as referenge

temporal profiles for each pixel of the GLAY¥HRR FVC
Ill. METHODS and GLASSMODIS FVC products (upscaled to 5 km) from

: ; i 002 2005,respectiely, as shown in Fig. 3. It can be seen that
In this paper, we considered exploiting known FVC producl% . ;
(i.e., GLASSAVHRR FVC) as training samples, in which themc;St r%g|:)ns of Ch(ljna_preselznt cc ""?"“es above,O?S)f\)SE
RF model was used as the training model. A strategy flowchart/&Ues below 0.1 ag Blashva ues rlang‘nmgn '0'1|t0£,'$ T USI,I
shown in Fig. 1. The training samples were constructed usinglt(IjH1 two FVbC pro ucts ave a arg?I correlat | smah
GLASSAVHRR FVC product (China) timseries data, with ifferences between  the temporaprofiles. Based on the
the data frondlay of year DOY) 2002001 2005361 as input and similarity in the two products, we assume that the pattern of
Ctp . s b temporal changes in the GLASS/HRR FVC can be

known historical data (i.e., within DOY 1982Q@000041) as ferred he GLASEIODIS FVC. Theref
labels. The trained RF model was used to estimate the historitg['s’erred  to t e ) erefore, 1o
MODIS FVC dataset from DY 19820012000041. Finally, the €construct the historical MODIS FVC before 2000, the longer
estimated historical MODIS FVC dataset was validated usif§"eSeres GASS-AVHRR FVC product for China was taken

Landsat FVC data. Details of this process are described in e CONSHrUCt the training samples for the predicted model.
following subsections. pecifically, the training model was constructed for each date

within 1982 2000, in turn, in which the GLASBVHRR FVC

A. Construction of training samples data from 20022005 were used as éhinput for training
Based on the GLAS8VHRR and GLASSMODIS FvC Whereas the GLAS®VHRR FVC data for a date within 1982

products, three groups of FVC change curves from 22025 2000 were used as labels to train the corresponding learning
in China are shown in Fig. 2, with geographical locationgodel.
selected randomly in China. We found that, for all three groups, rRE model for training
the overall change trend of GLASS/HRR and
GLASS-MODIS FVC is similar, dspite the local difference in
FVC values between the two products. Moreover, the-yreea
variation in FVC is regular, and the intgear variation also
remains largely constant, indicating that the tiseeies of both
the GLASSAVHRR and GLASSMODIS FVC products
exhibit a regular change. In addition, we calculatée t
correlation coefficient (CC), RMSE arlas between the FVC

The RF model is a decision trbased machine learning
algorithm proposed by Breimaf34]. The RF model can
guantify complex nonlinear relationships that are not affected by
outliers or redundant data and there is no significant-fittierg
risk [35]. Therefore, the RF has been utilized widely in fields
such as ecology36], [37] and agricultue [38]. This paper
exploited the RF model to estimate the historical MODIS FVC
dataset. In addition, the temporal length of the GLASSIRR



FVC data (China) used as input data was evaluated to detern@je The RF model was trainddhsed on thiraining data in step
the appopriate temporal length for historical MODIS FVC 1).
esti mat i onA). (nSadtidnithe number of decision 3) The corresponding GLASBIODIS FVC (China) from

trees (ntree) was st 200and the number ofariables atach 20020012005361 were input to the trained RF model

node(mtry) wasset to5. producing the prediction dhe historical MODIS FVC at
time t, .

C. Estimation of the historical MODIS FVC dataset (18824) The above stepwere repeatedor all time points in the

2000) period from 19820012000041 Then, a 500 m, -8ay

The GLASSAVHRR FVC product in China was utilized as ~ Nistorical FVC dataset from 1982000 in Chinawas
input data, and the optimal temporal length for estimating the ~réconstructed.
historical MODIS FVC was determined as 4 years (illustrated {5 validation with Landat data
Section -A). The RF model was trained using

GLASSAVHRR FVC data (China) using the following Owing to the lack of irsitu FVC data for validation in the

expression: prtladict((ajd time finterval, ttr;e p;ocessl_e(ih_sj Landfsat FVf(IZ data were
. selected as references based on Larlsatrface reflectance
FVC™™ = f (FVC"FVC MR- FVC M™% (1) images, which were acquired from 198800 with a 30 m
where FVC?VHRR’ FVCTAVHRR:_“ FVC TAVHR are the fixed spatial rsolution. The classic dimi_diate pixel model was used to
] ] ! 2 N ) ) calculate the acquired Landsat image FVC valu€q, [39],
time-series GLASSAVHRR FVC data (China)with 5 km  [40]. The dimidiate pixel model is a simple and widely used
spatialresolutionbased on the optimal temporal length (i.e., 4hodel that assumes that a pixel is composed only of vegetation
years in this papgras the input data for training. Specifically,and soil[41], [42]. The normalized difference vegetation index
T, T,---,and T, represent the period from 20020@D05361. (NDVI) reflects vegetation growth during different periods as
Note that the data of two dates, 2002305 and 2005169, arell as vegetation coverage at different kimas[43]. Therefore,
missing from the GLASS$/0DIS FVC product To maintain a based on the dirdiate pixel model, the 30 m FVCas estimated
consistent number of tring samples, the correspondingusing the NDVI[44]. The mathematical expression is as follows:
GLASSAVHRR FVC data constructing the training samples do Langsat _ NDVI - NDVIg
not include the scenes of these two dates, resulting in 182 scenes. FVC - m )

. _ . . AVHRR

That is, N=182 in this paper.FVC ™ represents the o o pjctanssatis the estimated 30 m FVEIDVI is the NDVI
GLASSAVHRR FVCdata(5 km)at atimet, (i =1,2,-- n)in  value of the pixel, which is calculated by bands 3 (i.e., Red band)
the historical period 01982001 2000041(i.e., n=834) which and 4 (i.e., NIR band) from Landsatsurface reflectance data

was used as a label for training the RF model.is the (ie., NDVI = Band4- Band
o Band4+ Ban®
full soil pixel, andNDVI, is the NDVI value of a full vegetation
pixel.
. TheNDVI;andNDVI, values remain constant in the ideal case;
'iﬂg(?gtz)(l)%lg(\)/(%ogi;aﬁ; ;r;;)enc]ificl?a%?gsosio(ﬁei; agf(cz)) I\I(O\f/\rlg'm however, these two parameters were affected by other
VODIS : ODIS OIS . ) environmental factors. Despite this, thBVI;andNDVI, values
FVC®® = f (FVC"FVC "S- FVC "9 (2)  can be confirmed by NDVI statistical analysis of the entire
dLandsat image, which assumes that full soil and vegetation
pixels exist for each Landsat image. In this paperND® | of
FVC{?®,FVC%,... FVC " are known timeseries each Landsat imageas calculated and then the cumiive
GLASSMODIS FVC data (China)with 500 m spatial probability Sistributio? was ana]yzed statistically. The ND\(I
resolutionfrom 20020012005361 as input data. Note that thevalues at 2% and 98% cumglaﬂve percentage were det.ermmed
input data are also fixed, and the temporal length of the inp NDV; and NDVIL, rt_aspectlveM45], [46]. After estimating
: . VODIS. - , the 30 m FVC according to Eq. (3he result wasipscaled to
data is the same as that in Eq. @)/C," is the predicted 5o m to validate directly the corresponding 500 m historical

MODIS FVC (500 m)at timet, in the historical period (i.e., MODIS FVC.
within 19820012000041). For each prediction tinte, the

training model in Eqg. (1) and predicting model in Eqg. (2) were _
constructed in turnThe specific process are summarizecas A. Evaluation of the RF model

follows: The influence of the temporal length of the tisexies data
1) The GLASSAVHRR FVC data (China) from 2002001 for the RF model was evaluated to ensure the reliability of
2005361 weraisedas thefixed input of thetraining data  training sampleselection. Five temporal lengths were evaluated
and the known historical GLASSVHRR FVC (China) at in this study, with a dear minimum and a-ear maximum
the prediction timet; (i.e., in the historical pesd of temporal length. The model performance was evaluated by
1982001 2000041wasusedas the label. predicting the MODIS FVC in China for 2001 (i.e., from DOY
20010012001361 a total of 46 sageg and comparing it with

); NDVlsis the NDVI value of a
nonlinear relationship operator at the corresponding time

In line with the assumption mentioned in SectiorA, the
trained RF model was used to produce a 500-dg\Bhistorical

where ft‘ is the function fitted using Eqg. (1) an

IV. RESULTS



the existing GLASSMODIS FVC product at the corresponding2001361)in 2001. Meanwhile, the ubRMSE remains between
time[12]. The CC, RMSE, Biaand unbiased RMSE (ubRMSE) 0.04 and 0.08. The averages of the four accuracy indicators are
were utilized as statistical indicatoFg. 4 shows the accuracy also plotted in Fig. 5. We can clearly observe that the average
for eath temporal length in the RF model. According to Fig. 4, i€C of the predicted FVC oaachieve 0.95 and the average Bias
is not difficult to find that the CC increases while the RMSEs only -0.02, and the corresponding average RMSE and
decreases with temporal length increasing freyedr to 5year UbRMSE values are 0.07 and 0.07, respectively. The results
For the 4year temporal length, the CC value can reach @35, suggest that the RF model trained by the GLASS&RR FVC
doesnot increase obviouslgsthe temporal length increases toproduct (China) with the optimal temporal lengédincreliably
5-year. Therefore, we take theyédar (i.e., from 2002005) as predict FVC

the desirable temporal length.
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Fig. 5. Four statistical metrics (i.e., CC, RMSE, Bias and ubRMSE) of the
We trained the RF model based on the optimal tempor%[SFrde'fC;fgnig?mFVC in China (with the GLASEDDIS FVC product in 2001
length, and the four accuracy curves of the trained RF model for '
predicting the FV@f the whole Chin&n 2001 are shown in Fig.
5. It can be seen that the CC value remains between 0.92 and
0.97 for the 46 predicted resultgi.e., from DOY 2001001
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Fig. 6. Exhibition of the predicted historical MODIS FVC in China for several randomly selected days.

0.4 and 0.2, respectively. As shown in Fi§, the scatter of the

N . MODIS FVC results is clustered around the §r& (black line),

B. Validation of.the_SOO rﬁVC results using Landsat FVC suggesting that the historical FVC estimatedhi®/RF model is
1) Overall validation.With the RF model, we obtained thec|ose to the reference data (that is, Landsat F¥@is reveals

500 m 8day FVC historical dataset (1982000) in China. Part that the MODIS FVC dataset produced in the historical period
of the data are shown in Fig. 6. Since Landsatata were phas a reliable accuracy.

available from 1984, we acquiréd Landsat ties from 198%
2000. More precisely, for each year, the historical MODIS FV@able2. Accuracy evaluation results (predicted MODIS FVC vs. Landsat FVC)

results were validated witlour Landsat tiles sampled randomly at 500 m reslution.

at different timesThe spatial distribution map of Landsat tiles Date PathRow CC RMSE Bias UbRMSE
used for validatnis displayed in Fig. 7The spéal size of the 1999/03/04 130/042 0.8686 01479 01135 00948
validation region is 200xX200pixels, with a 500 m spatial 199905118 127/035 09275 01129 00730  0.0861

resolution. Table2 shows the accuracy evaluation results
between the historical MODIS and Landysat FVCs at a 500 m 1999/05/27"126/037 08360 0.1228 -0.0745  0.0976
resolution. To provide an intuitive accuracy assessment, we 1999/06/29  117/030 08808 01841 -0.1181 0.1412
present scatterplots for four selected years (i.e., 1996, 1994, 1998/05/25 117/030 09019 01274 00360 01223
1992 and 1990) of the validation vits (Fig.8). According to 1998/05/26  124/033 0.8392 02100 0.1768 01134
the validation analysis (Table 2), it is observed that the CC 1998/05/28 122/032 0.9095 0.1637 0.1348  0.0930
values are all above 0.71, and the RMSE values are below 0.22. 1998/10/24 125/044 07717 0.1555 0.1147 0.1051
Mo_reoyer, we calculated the averages of each indicator for ,997/05125 122/025 08047 01618 00488 01542
validation results of all 48 scenes. Theutes show that the

; 1997/05/28 127/035 0.9303 0.0910 0.0186  0.0891
mean values of CC, RMSE, Bias and ubRMSE ard, @84,




1997/06/13 127/035 0.9387 0.0968 -0.0066 0.0966 1987/05/14 122/032 0.8946 0.1068 0.0348  0.1009
1997/06/23 117/029 0.8051 0.1879 -0.1223 0.1427 1987/06/02 127/038 0.7917 0.2004 -0.1530 0.1295
1996/04/12 130/042 0.8830 0.1617 0.1287  0.0979 1987/10/08 127/035 0.8863 0.1870 0.1435 0.1199
1996/05/22 122/032 0.8887 0.1361 0.0914  0.1008 1986/05/27 122/032 0.8992 0.1008 0.0249  0.0977
1996/09/14 127/035 0.8029 0.1021 0.0002 0.1021 1986/06/04 114/028 0.8184 0.1731 0.0134 0.1725
1996/12/14 124/044 0.8089 0.1410 0.1052  0.0939 1986/06/09 117/030 0.8183 0.1820 0.1049  0.1488
1995/05/07 127/035 0.8587 0.1109 0.0038 0.1108 1986/12/13 130/042 0.7403 0.1628 0.1037  0.1255
1995/05/09 125/041 0.7890 0.1128 -0.0305 0.1086 1985/05/14 116/030 0.7989 0.1741 -0.0716 0.1587
1995/06/08 127/035 0.9244 0.1126 0.0264  0.1095 1985/05/16 114/028 0.8467 0.1704 0.0789  0.1510
1995/06/19 124/033 0.8221 0.1807 0.1336  0.1217 1985/05/21 117/029 0.8925 0.1417 0.0426  0.1352
1994/05/17 122/032 0.8877 0.1246 0.0816  0.0941 1985/05/21 117/030 0.8577 0.1338 0.0322  0.1299
1994/05/27 128/036 0.9352 0.0907 -0.0047 0.0905 1984/05/18 117/027 0.8093 0.1315 0.0122  0.1309
1994/06/15 117/030 0.8660 0.1250 -0.0157 0.1240 1984/05/18 117/028 0.8747 0.1555 0.0924  0.1250
199408/22  145/030 0.7354 0.1536 0.0608 0.1411 1984/05/18 117/029 0.8653 0.1466 0.0659  0.1310
1993/04/04 130/042 0.8717 0.1556 0.1137 0.1061 1984/05/18 117/030 0.8706 0.1710 0.1238  0.1180
1993/05/14 122/032 0.8877 0.1070 0.0478  0.0957 Average 0.8403 0.1446 0.0416 0.1173

1993/09/22 127/035 0.8226 0.1205 0.0791  0.0909
1993/12/06  124/044 0.8072 0.1503 0.1115 0.1008
1992/02/13 130/042 0.7614 0.1667 0.1099  0.1254
1992/05/14 127/035 0.9189 0.1238 0.0575  0.1096
1992/05/27 122/032 0.8595 0.1192 0.0475  0.1093
1992/07/17 127/035 0.8741 0.1102 -0.0077 0.1100
1991/02/10 130/042 0.7687 0.1468 0.0789  0.1238
1991/05/25 122/025 0.7520 0.1683 0.0556  0.1588 300'0'N
1991/11/15 124/043 0.8162 0.1189 -0.0297 0.1151
1991/11/15 124/044 0.7967 0.1031 0.0133  0.1031
1990/03/11 130/042 0.8411 0.1695 0.1348  0.1027
1990/05/18 126/037 0.7973 0.1302 -0.0804 0.1024 150°0'N
1990/05/22  122/032 0.8963 0.1002 -0.0029 0.1001
1990/11/28 124/044 0.8055 0.1096 0.0116  0.1090
1989/05/03 122/032 0.8769 0.2075 0.1709 0.1178
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450'0"N

450'0"N

300'0"N

150'0"N

1989/05/11 130/042 0.8972 0.1405 0.0990  0.0997 000" ~ 000"
1989/06/01 117/028 0.8963 0.1341 00227 0.1322 9000°E 10500° 12000
Land cover classification mm Croplands
1989/12/02 125/044 0.8131 0.1445 0.0962 0.1079 [ Landsat Path/Row B Forests [ Urban and Built-up Lands. ,
1988/02/02 130/042 0.7133 0.1556 00801 0.1335 Nlum:er of Landsatlles || abons ey g aoniand/iNatural Vegetation Mosaics
[IGrasslands [ Barren
1988/06/04 127/038 07326 0.2203 -0.1835 0.1234 TN e e e
1988/06/06  125/041 0.7561 0.1247 -0.0606 0.1090 Fig. 7. The spatial distribution of Landsat tiles used for valittafihe base map
1088/06/25 114/028 0.7764 0.1984 -0.0561 0.1903 is the land cover type map derived from M€D12Q1, where the different

1987/02/15 130/042 07579 0.1800 01316 0.1228 forest types are all categorized as forests.
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