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Abstract:
correlation between simulated NPP derived from data at different spatial resolutions. How to transfer NPP at one scale by the

Spatial scaling for net primary productivity (NPP) refers to the transferring process of establishing quantitative

algorithm with smaller error to at another is the urgent problem. Nonlinearity and effects from land cover type are two main
problems in NPP scaling. In this paper, the contextural approach based on mixed pixels and support vector machine (SVM)
algorithm are used to make the scaling model from the fine resolution (TM) to the coarse resolution (MODIS). Spatial scaling
from NPP retrieved from fine resolution data to NPP derived from coarse resolution images is performed, and the correction of
scale effect to NPP retrieved from coarse resolution data of MODIS is accomplished. The result shows that the correlation
between R; corrected Of the correction factor for scale effect and 1-Fiiddie density grassland €Stimated by SVM regression model is higher
(R2=0.81). Before the correction for scale effect, the correlation between NPPyopis and NPPry is lower (R2=0.69; RMSE=3.47),
while the correlation between NPPry and corrected NPPyviopis corrected 18 higher (R2=0.84; RMSE=1.87). Therefore, NPP corrected
for scale effect has been greatly improved in both correlation and error.
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1 INTRODUCTION

The advantage of remote sensing is to provide land surface
information frequently and longer. An important reason is that
problems in remote sensing are complex and the inconsistent
scale data are derived from the measured data, data from dif-
ferent methods of remote sensing and data for applications.
How to scale between different scale data is the core of scale
problem (Li et al., 2001; Turner et al., 1996). Spatial hetero-
geneity of the earth system limits the transferring from one
scale to another. That is the major cause that data at different
scale retrieved from satellite sensors need to be unified (Su et
al., 2001; Pierce et al., 1995).

Spatial scaling for net primary productivity (NPP) refers to
the transferring process of establishing quantitative correlation
between simulated NPP derived from data at different spatial
resolutions. In the process of scaling, simulated NPP at one
resolution can be deduced from simulated NPP at another
resolution (Ehleringer & Field 1993). Errors in land surface
parameters at the coarse resolution are derived from the synthesis
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of various kinds of spectral signals from land surface objects
received by sensors. In addition, the quantitative correlation
between mixed spectral signals and land surface parameters is
difficult to be precisely defined. Therefore, the urgent problem
is how to transfer NPP at one scale by the algorithm with
smaller error to at another. In scaling, nonlinearity and land
cover types that have effects on scaling are two main problems
(Chen et al., 1999; Nemani et al., 2003).

In this paper, a contextural approach based on mixed pixels
was used to make the scaling model from the fine resolution
(TM) to the coarse resolution (MODIS). The algorithm of support
vector machine (SVM) was adopted to establish the regression
model between correction factor (R;) of scale effect for a pixel
labeled as cover type j and F; of the nondominant cover type i
in this pixel. That is, F}; was the fraction of a nondominant
cover type i in a pixel labeled as cover type j in fine resolution
data of TM. Afterwards Spatial scaling from NPP retrieved at
the fine resolution to NPP derived from the coarse resolution
was performed, and the correction of scale effect to NPP re-
trieved at the coarse resolution was accomplished.

Foundation: Chinese Liaoning Province Education Bureau General Science Research Project (No. L2010226); Chinese Education Ministry Humanities
and Social Sciences Key Research Base Project (No.08JJD790142); Chinese Liaoning Province Education Bureau Innovation Team Project (No. 2007T095);
Chinese Special Funds for Major State Basic Research Project (No. 2007CB714406).

First author biography: WANG Liwen (1971— ), female, lecturer. She graduated from Institute of Remote Sensing Applications, Chinese Academy of
Sciences in 2009, majors in Cartography and Geographic Information System. She is focusing on the research of remote sensing applications. She has published

more than 10 science papers. E-mail: wlw9585@163.com



WANG Liwen et al.: Spatial scaling of net primary productivity model based on remote sensing 1075

2 STUDY AREA

This study is conducted in Dari County, located in the
southeastern of Qinghai Province in West China (Fig.1). Dari
County is geographically situated between 98°1529” and 100°32'41"
East longitude and between 32°36'42" and 34°15'20" North
latitude. The length of Dari County from east to west is about
162 km, and the width from north to south is almost 126 km.
The total area of Dari County is 14600 km?, and the average
altitude is 4426 m. The climate of Dari County is semi-humid
plateau type without obvious season variation in addition to
warm and cold seasons. The average temperature of Dari County
ranges from —0.1°C to —3.5°C. The annual precipitation is 569
mm usually taking place from June to September. The annual
evaporation is 1119.07 mm, and the monthly highest is 150.1
mm occurring in May. The main vegetation in Dari County is
alpine meadow dominated by Kobresia Pygmaea, K. Humilis
and K. Tibetica, which are widely distributed on sunny sides of
hills and wide valley. Alpine shrub is mainly dominated by
Dasiphora Bsuticosa, Salix Cupularis, which are often located
on shade sides of hills.

3  DATA PREPARATION

Satellite data used in this paper include MODIS data prod-
ucts and TM data. In the process of making the NPP model,
MODIS data products were used to calculation and validation
including MODO09A1 (surface reflectance 8-day L3 global 500
m), MOD11A2 (land surface temperature/emissivity 8-day L3
global 1 km), MOD12Q1 (land cover type yearly L3 global 1
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Fig. 1 Location map of the study area

km), MOD13A2 (vegetation indices 16-day L3 global 1 km),
MODI15A2 (leaf area index/FPAR 8-day L4 global 1 km),
MOD17A2 (gross primary productivity 8-day L4 global 1 km)
and MOD43B3 (albedo 16-day L3 global 1 km), which were
supplied by LPDAAC (Land Process Distributed Active Archive
Center, U.S.A.). Geometric rectification, cloud elimination pro-
cesssing and modifying abnormal pixel were made to MODIS
data in advance. The study used 5 scenes of TM images derived
from Landsat-5, of which path/row numbers were 132/37,
133/36, 133/37, 134/36 and 134/37. Image extent covered the
whole Dari County. Geometric rectification and atmospheric
correction was performed to TM data. The received date of
MODIS and TM was in July 2006, which represented the pe-
riod that vegetation grew better in a year.

The meteorology data including average temperature, pre-
cipitation, average atmospheric relative humidity, sunshine
duration, air pressure and mean wind speed in the paper was
derived from Chinese national meteorological center. The me-
thod of vegetation cover classification in Qinghai Province
(Wang et al., 2008) was used in the research. DEM data were
downloaded from Centro International de Agriculture Tropical
(CIAT, http://srtm.csi.cgiar.org/).

Measured data in the paper was from experiment in Dari
County in July 2006. Experimental instrument included LI-
6400 portable photosynthesis system, LAI-2000 vegetation
canopy analysis system, SUNSCAN canopy analysis system

and so on.

4 METHODS

4.1 NPP simulation model

Remote sensing data can be directly used in the NPP simula-
tion model based on light use efficiency (LUE). Thus spa-
tio-temporal resolution of the model can be greatly improved. It
makes it possible to simulate and dynamic monitor NPP for
large scale. The NPP simulation model in the paper is
based on LUE and learns from advantages of MODIS-PSN,
CASA, GLO-PEM, VPM models. At the same time, the NPP
model fully considers characteristics of vegetation LUE and
environment in the study area. The NPP simulation model
based on remote sensing can be expressed as follows.

NPP =PAR x FPAR xmin (T, W)X &pax (1)

where PAR is photosynthetic active radiation (MJ-m™), FPAR
is fractional photosynthetic active radiation (unitless), 7 is
temperature stress factor (unitless), W; is water stress factor
(unitless), and &,y is maximum LUE (gC-MJfl).

4.1.1 Maximum LUE (&pay)

Values of maximum LUE for various plants are different.
They have great effect on final NPP simulation results. Optimal
values of maximum LUE for different vegetation are simulated
by maximum likelihood estimate based on literature and field
experimental data in the study area (Wang et al., 2006; Zhu et
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al., 2006; Li et al., 2004; Yang et al., 1987; Pu et al., 2005).

n
Z XiYi —nxy
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where £, is the simulated value of maximum LUE, x; is the
calculated value of PAR x FPAR xmin (T, W) for the plant,

y; is the NPP value for the plant, i is the sample number for the

. . _ 1 n
plant, 7 is maximum sample number for the plant, X = fol- ,
i=1

_ 1 n
and y=;2y,-.

i=1
After Eq.(2) is used to simulate maximum LUE value of
main type of grassland or shrub in the study area, Eq. (3) is
adopted to calculate maximum LUE value of every kind of
grassland or shrub remote sensing-based classification in order
to improve simulated precision of maximum LUE.

€max =

-

4] (gmax )i (3)

i=1

where ¢; is area fraction of grassland or shrub labeled as cover
type i, and (&ay); 1S maximum LUE of grassland or shrub la-
beled as cover type i.

Calculated results of maximum LUE for main vegetation in
the study area are 0.908 gC-MJ ™! for broad-leaved forest, 0.725
gC-MJ" for needle-leaved and broad-leaved mixed forest,
0.645 gC-MJ "' for needle-leaved forest, 0.312 gC-MJ ' for
dense grassland, 0.538 gC-MJ ! for dense shrub, 0.234 gC-MJ!

for middle density grassland, 0.208 gC-MJ™' for grassland
mixed with farmland, 0.175 gC-MJ " for sparse grassland, and
0.114 gC-MJ! for sparse shrub.

4.1.2 FPAR
The correlation equation between NDVI and FPAR is made

based on data in the study area. FPAR in non-vegetation cover
regions is assumed as a minimum value of 0, and FPAR in
complete vegetation cover areas is assigned to a maximum
value of 0.95 (Chen et al., 2007):

FPAR = min SR SRmin 95|
SR max— SR min SR max— SR min
R = 1+ NDVI (5)
1-NDVI

where SR, of all kinds of vegetation is assigned to a same
value of 1.06, values of SR,,,« are 6.14 for broad-leaved forest,
3.88 for needle-leaved and broad-leaved mixed forest, 3.44 for
needle-leaved forest, 3 for dense grassland, 3.27 for dense
shrub, 2.17 for middle density grassland, 1.94 for grassland
mixed with farmland, 1.78 for sparse grassland, and 1.70 for
sparse shrub.

4.1.3  Water stress factor (Wy)
In this paper, evaporative fraction (EF) which has been

proven in many researches is used to calculate water stress
factor (W;) (Suleiman & Crago, 2004; Venturini et al., 2004;
Wen et al., 2006; Zhang et al., 2004):

LE
W, =EF = 6
) LE+H ©
where LE is latent heat flux (W-m™), and H is sensible heat

flux (W-m™).
Fig. 2 shows the flowchart of calculating EF.
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4.1.4 Temperature stress factor (T)
Temperature stress factor is estimated by the method from

the Terrestrial Ecosystem Model (TEM) of Raich (1991).
— (T — Tmin )(T _ Tmax)
(T - Tmin )(T - Tmax) - (T - Topt)2

: (7
where T is air temperature, Tpin, Tmax and Ty are minimum,
maximum and optimum air temperature for photosynthetic
activity, respectively. If air temperature is below T,,;, or beyond
Tmaxs Ts is set to 0. In this paper, Ty, and Ty, are set to 0°C
and 36°C, respectively. Because vegetation have adapted well
to the temperature of growth environment, 7, may be set to
the mean temperature of growing season.

4.2 Spatial scaling of NPP

4.2.1 Contextural approach based on mixed pixels

According to primary problems affecting scaling, contex-
tural approach based on mixed pixels of Anita et al. (2004) is
used to perform spatial scaling of NPP. The theory is as fol-
lows.

Mixed pixels are common phenomena in remote sensing
images. The presence of mixed pixels is the main reason that
precisions of land surface parameters can not meet require-
ments. In order to improve precisions of remote sensing app-
lications, unmixing of pixels must be solved and remote sensing
applications need to transfer from pixels level to sub-pixels
level. A pixel in coarse resolution images can be deemed as a
mixed pixel composed of many pixels at corresponding coor-
dinates in fine resolution images, and these pixels in fine reso-
lution images can be considered as sub-pixels of this pixel in
coarse resolution images (Chen et al., 1999; Tong et al., 2006).

Spatial scaling based on contextural approach adopts the
theory of analyzing area fractions for land cover types to com-
pute land surface parameters at various resolutions. A pixel in
remote sensing classifications is often defined as the pixel of
dominant cover type whose area is the largest in the pixel,
while other nondominant cover types in this pixel is ignored
during calculating land surface parameters. This leads to every
pixel only to be labeled as a kind of dominant cover type.
Therefore, final calculation results contain much uncertainty
(Chen et al., 1999). The ideal method is that land surface pa-
rameters in coarse resolution images should be calculated as
mean values of parameters at corresponding coordinates in fine
resolution images.

In this paper, NPPqy retrieved from fine resolution data of
TM is assumed to represent the real value of NPP for terrestrial
vegetation (Fig.3(a)), and NPPyops derived from coarse reso-
lution data of MODIS is the approximate value which needs to
be corrected for scale effect (Fig.3(b)). A pixel in MODIS (1x1
km?) is supposed to contain 1089 pixels of TM (30x30 m?).
Due to the presence of mixed pixels, 1089 pixels in TM contain
many kinds of land cover types. While a pixel at the corre-
sponding coordinate in MODIS is labeled as a kind of

dominant cover type which covers the largest area in this pixel,
and other nondominant cover types in the same pixel are ne-
glected. TM and MODIS data which all covers the study area
are respectively input as parameters of the NPP model based on
LUE, and NPPty and NPPyop;s can be achieved respectively
(Fig.3). It should be noticed that estimated NPP results for two
kinds of scales need to be converted to the same resolution in
order to contrastively analyze NPP results. That is, the reso-
Iution of NPPpy retrieved from fine resolution data of TM
needs to be switched to 1 km. when NPPpy; of 30 m resolution
is converted to 1 km NPPryy, arithmetical mean value of NPP
for many pixels at the corresponding coordinate in NPPry; im-
ages is considered as estimated NPP for a pixel in NPPpy im-
ages. Due to the resolution difference between TM and MODIS
which are all input parameters of the model, much error appears
between NPPpy, and NPPyopis. The reason that calculating
results for two scales are different is that large amount of mixed
pixels are in coarse resolution data of MODIS comparing with
fine resolution data of TM and nondominant cover types in
mixed pixels are ignored. Then NPPyops is corrected for scale
effect based on NPPry; to retrieve NPPyiopisj correcred SO that the
precision of estimated NPP derived from coarse resolution data
of remote sensing can be improved.

NPP

M|D|M|D M|(D|M|D
Land cover /M| D| Model [M[M|M|D| Scaling
pe - oTm[M|D “s|MM[D NPPm
(T™)
S|S| MM S|S|M|M
1 km? study area 1 km? study area 1 km? study area
30 m resolution 30 m resolution 1 km resolution
(@)
Land cover
Model
type M 0 NPPuonis
(MODIS)
1 km? study area 1 km? study area
1 km resolution 1 km resolution
®

Fig. 3 Flowchart of calculating NPP by fine or coarse resolution
data of remote sensing

(a) Flowchart of NPP scaling retrieved from fine resolution data of TM;

(b) Flowchart of NPP retrieved from coarse resolution data of MODIS

NPPyopis retrieved from coarse resolution data of MODIS
can be corrected as follows.

NPPry; = NPPyiopis; % R; (®)

where NPPry ; is estimated NPP result for a pixel labeled as

cover type j derived from fine resolution data of TM, NPPygps

is estimated NPP result for a pixel labeled as cover type j re-

trieved from coarse resolution data of MODIS, and R; is a cor-
rection factor for scale effect.

So R; is given by:
= PPy ©
NPPyiopis;
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The relationship is theoretically as follows.

n
R; =1-3C;F; (10)
i=1

where Fj; is the fraction of nondominant cover type 7 (30 m
resolution TM) in a pixel labeled as cover type j (1 km resolu-
tion TM), Cj; is the regression coefficient between R; for a pixel
labeled as cover type j and F; of nondominant cover type 7 in
this pixel, and # is the amount of nondominant cover types in a
pixel labeled as cover type ;.

Based on above formulas and area fractions of nondominant
cover types in every pixel, NPPyopis  correcrea Which has been

corrected for scale effect can be achieved as follows.
n
NPPMODISj_corrected = NPPMODIS‘/' X (1 - Z CijF;'jJ (1 1)

4.2.2  Support Vector Machine (SVM) algorithm
When NPP is performed scaling in this paper, regression co-

efficient C;; between R; for a pixel labeled as cover type j and
F;; of nondominant cover type i in this pixel needs to be calcu-
lated as in Eq. (10) and Eq. (11). The precision of estimated C;
has direct effect on successful accomplishment of spatial scal-
ing method for the NPP model based on remote sensing.
Therefore, SVM algorithm is used to make the regression
model between R; and Fj; in the paper. Comparing with the
traditional statistical studying theories, it is found that fewer
adjustment parameters, faster studying speed, optimum process
and better spread capability from technical performance make
SVM predominant. Studying results of SVM are often better
than that of other pattern identifications and regression predic-
tion methods. SVM has unique advantages in solving small
sample, nonlinearity and higher dimensional pattern identifica-
tion (Li et al., 2006).

In the paper, Libsvm is adopted as the SVM algorithm.
Libsvm is a software package which has simple structure, easy
usage and fast efficient support vector classification and regres-
sion. It can solve classification (e.g. C-SVM and nu-SVM),
regression (e.g. e-SVM and nu-SVM), distributed estimation
(one-class-SVM) and so on. Linearity, polynomial, RBF and
S-shaped functions are four kinds of common kernel functions
to be selected to solve multi-classification problems, choose

parameters of cross validation, weight unbalance sample, esti-

mate probability of multi-classification problems and so on (Lin,

2008). RBF kernel function is selected to run Libsvm program
in this paper.

5 RESULTS

5.1 Land cover classification in the study area

Vegetation type can make great difference of estimating
LUE and FPAR in the NPP model based on LUE, so it affects
the precision of final NPP results. During NPP scaling, NPP at
30 m resolution is retrieved from 30 m resolution TM, and esti-
mated NPP of a corresponding pixel at 1 km resolution can be

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved.

acquired by calculating arithmetic mean value of NPP in many
corresponding pixels at 30 m resolution. During the process, the
principle of vegetation cover type with dominant area is used to
define vegetation cover type of the pixel. In addition, various
vegetation types have different contribution to NPP in scaling,
and they have not linear or nonlinear relationship. So some
errors are produced in scaling of vegetation classification data,
and they are passed in NPP scaling. Through above analysis,
estimated NPP results greatly rely on land cover type, classi-
fication precision needs to be enhanced to ensure successful
accomplishment of NPP scaling. In this paper, based on litera-
ture of Dari County and field investigation, preprocessed
MODIS at 1 km resolution and TM data at 30 m resolution of
the study area in 2006 were respectively classified by high-
precision synthetic classification method which can reflect the
spatial distribution of vegetation. Fig.4 and Fig.5 show land
cover classification maps retrieved from MODIS and TM data
in the study area, respectively.

Land cover classification results in Dari County were statis-
tically analyzed. The result shows that the area of middle den-
sity grassland is the largest (60.96% of the total area of the
whole county). The second area is sparse grassland (16.81%).
Sparse shrub covers 6.27% of the total area. Gobi and dense
grassland cover approximate area (5.67% and 5.65%). Dense
shrub only covers 3.25%. The area of forest in Dari County is
sparse. Needle-leaved forest, needle-leaved and broad-leaved
mixed forest and broad-leaved forest covers 0.46%, 0.40% and

0.53%, respectively.

Legend
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Fig.4 Land cover classification map of the study area at 1 km resolution
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Fig. 5 Land cover classification map of the study area at 30 m resolution
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5.2 Contrastive analysis of NPPyy and NPPyopis
map

NPPpy (Fig.6) and NPPyopis (Fig.7) maps of the study area
in July 2006 were respectively achieved based on the NPP
model made in the paper. Fig.8 shows NPPry, map at 1 km
resolution which was converted from NPPpy at 30 m resolution.

Fig.7 (NPPyopis) and Fig.8 (NPPry) at 1 km resolution
were contrastively analyzed, and the difference between them
was found. 30m resolution data and 1 km resolution data as
input parameters of the NPP model are different, and during the
course of the model calculating, the difference is enlarged due
to nonlinearity of algorithm.

NPP/
(gCm™month™)

7 —16
17 —25
[ 26 — 33
[134—41
[142—49
150 — 56
57 —64
B 65 —173
0 74 —179
- km
Fig. 6 NPPry map of the study area at 30 m resolution
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.59 — 65
66— 74
.75 —79

0

Fig. 8 NPPpy map of the study area at 1 km resolution converted
from NPPpy by NPP scaling
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According to statistics, the mean value of NPPpy in the
study area in July 2006 is 55 gCm month™" (Fig.8). Mean val-
ues of NPPpry, for various vegetation types are 28
gCm™month™ for sparse shrub, 40 gCm“month™" for sparse
grassland, 63 gCm“month™' for middle density grassland
which is the main vegetation cover type in the study area, 67
gCm™month™ for dense shrub, 69 gCm ?month™ for dense
grassland, 72 gCm™month™ for needle-leaved forest, 75
gCmmonth™ for needle-leaved and broad-leaved mixed forest,
78 gCm ™ month™ (the largest value) for broad-leaved forest,
respectively.

Based on statistics analyzing to Fig.7, the average value of
NPPyopis in the study area in July 2006 is 62 ng’Zmonth’l.
Mean values of NPPyop;s for various vegetation types are 34
gCm™month™ for sparse shrub, 45 gCm month™ for sparse
grassland, 65 gCm“month™ for middle density grassland
which is the main vegetation cover type in the study area, 68
gCm~month™ for dense shrub, 71 gCm month™ for dense
grassland, 74 gCm’month™' for needle-leaved forest, 77
gCm~month™ for needle-leaved and broad-leaved mixed forest,
79 gCm“month™" (the largest value) for broad-leaved forest,
respectively.

From the above calculating results, NPPy,op;s is bigger than
NPPry;, and variable range of the former is also bigger than that
of the latter. Spatial heterogeneity and mixed pixels may be
reasons. Nondominant cover types in the pixel are ignored in
estimating NPP from MODIS data at the coarse resolution,
while other cover types in many pixels are considered in esti-
mating NPP from TM data at the fine resolution. The distribu-
tion characteristic of land cover type in the study area has a
great effect on estimated NPP results, and it will lead that
NPPyopis is bigger or smaller than NPPry,. In this paper, the
ratio of vegetation cover in Dari County is higher (94%). The
primary vegetation cover is middle density grassland (60.96%),
and the second is sparse grassland (16.81%). This distribution
characteristic of vegetation leads that NPPyopys is a little bigger
than NPPry, in the whole study area.

5.3 Regression analysis between R; and Fj;

During NPP scaling, the regression relationship between R;
for a pixel labeled as cover type j and F; of nondominant cover
type i in this pixel needs to be quantified. In this paper, SVM
algorithm is used to make the regression model between R; and
Fj.

In the paper, RMSE is adopted to estimate the error between
the calculated value and the real value. In the regression model
of SVM, various model parameters determine different regres-
sion results, and model parameters include penalty coefficient C
and parameter y of RBF kernel function. Penalty coefficient C
and parameter y are defined by experiments. Selecting the value
in the bigger extent is to acquire approximate optimum region,
then the value is selected in the smaller extent. Considering
synthetic performance and training time, values of parameter C

http://www.cnki.net
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and yare selected by the experiment while the error is less.

Fig.9 shows the scatter plot of R; comecied @A 1-Fiyiqdic density
grassland €Stimated by the regression model based on SVM (for
pixels labeled as middle density grassland). From Fig.9, the
correlation between R; comected AN 1-Finiddic density grassland €Sti-
mated by SVM regression model is higher (R*=0.81).

09+
08r .. ",
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05 S e * -
04 A s+

031
02 L
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*
.

R*=0.81
RMSE=2.01

0 02 04 0.6 0.8 1.0
1-F middle density grassland

Fig. 9 Correlation analysis between R; correeted aNd 1-Finiadic density grassland
for pixels labeled as middle density grassland

5.4 Correlation comparison between NPPp, and
NPP which has been uncorrected or corrected
for scale effect

In NPP scaling, to multiply NPPyiopis by R; corrected €stimated
from SVM regression model is used to calculate NPPyiopis_corrected
which has been corrected for scale effect. Fig.10 and Fig.11 are
analysis maps of correlation comparison between NPPpy; and
NPP which has been uncorrected or corrected for scale effect
(samples used in the figures is different from samples adopted
to make the regression model between R; and Fj;). From the
figures, the correlation between NPPry and uncorrected
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Fig. 10 Comparison between uncorrected NPP (NPPyiopis)
and NPPTM
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Fig. 11 Comparison between corrected NPP (NPPyiopis corrected)
and NPPTM

NPPyiopis is lower (R?=0.69; RMSE=3.47), while the correla-
tion between NPPry and corrected NPPyiopis corrected 18 higher
(R*=0.84; RMSE=1.87).Therefore, NPP which has been cor-
rected for scale effect has been greatly improved in both corre-
lation and error.

6 CONCLUSION AND DISCUSSION

Spatial scaling of NPP model based on remote sensing is the
main research content in this paper. The primary conclusions
are drawn as follows.

(1) Contextural approach based on mixed pixels is ideal in
conducting spatial scaling of NPP. The approach considers the
effect of nondominant cover types in mixed pixels, and it used
the theory of area fractions covered by various cover types to
calculate land surface parameters at various resolutions. It
realizes spatial scaling from NPP at the fine resolution to NPP
at the coarse resolution based on remote sensing data. The study
shows Contextural approach is a better method of scaling.

(2) The regression model between correction factor (R;) of
scale effect for a pixel labeled as cover type j and Fj; of
nondominant cover type i in this pixel is made by support
vector machine (SVM). Results show that SVM can efficiently
convert realistic problems to high dimension characteristic
space by nonlinear transform in order to construct the linear
function to acquire optimum process result for limited samples.
The correlation between R; corecied @A 1-Fiyiadie density grassland
estimated by SVM regression model is higher (R’=0.81).

(3) The scaling model from fine resolution data of TM to
coarse resolution data of MODIS is made, and NPP results
retrieved from coarse resolution data of MODIS is corrected for
scale effect. The correlation between NPPry and uncorrected
NPPyopis is lower (R?=0.69; RMSE=3.47), while the correla-
tion between NPPry and corrected NPPyiopis corrected 18 higher
(R*=0.84; RMSE=1.87).Therefore, NPP which has been correc-
ted for scale effect has been greatly improved in both corre-
lation and error.

With the development of remote sensing technology, various
kinds of spatial and temporal resolution sensors appear. This
makes space scaling more important in quantified analysis of
remote sensing. Land cover types are so stable for a period that
they suit to be acquired by high spatial resolution images of
remote sensing (e.g. Landsat). However, land surface variation
by natural disaster (e.g. forest fire) needs to be found by high
temporal resolution images of which occurring frequency is the
same with that of natural disaster. Therefore, spatial scaling
among remote sensing data at various resolutions in application
needs to be solved. Due to the influence of sub-pixels hetero-
geneity, NPP retrieved from remote sensing data at coarse
resolutions have considerable errors. In the study, the relative
error of NPP derived from MODIS is about 13%. At present,
this kind of error is common in regional and global NPP maps,
but spatial scaling based on mixed pixels can efficiently reduce
it. Contextural approach based on mixed pixels adopted in this
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paper can also be used in spatial scaling among NPP at other
resolutions.
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