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Abstract:  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. How to transfer NPP at one scale by the 
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 Rj_corrected of the correction factor for scale effect and 1-Fmiddle density grassland estimated by SVM regression model is higher 
(R2=0.81). Before the correction for scale effect, the correlation between NPPMODIS and NPPTM is lower (R2=0.69; RMSE=3.47), 
while the correlation between NPPTM and corrected NPPMODIS_corrected is 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 

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 (Rj) of scale effect for a pixel 
labeled as cover type j and Fij of the nondominant cover type i 
in this pixel. That is, Fij 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.  
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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°15′29″ 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 km2, 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℃ to −3.5℃. 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 MOD09A1 (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 

 

 
 

Fig. 1  Location map of the study area 

km), MOD13A2 (vegetation indices 16-day L3 global 1 km), 
MOD15A2 (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. 
 ( )s s maxNPP PAR FPAR min T W ε= × × ×，  (1) 

where PAR is photosynthetic active radiation (MJ⋅m−2), FPAR 
is fractional photosynthetic active radiation (unitless), Ts is 
temperature stress factor (unitless), Ws is water stress factor 
(unitless), and εmax is maximum LUE (gC⋅MJ−1). 
4.1.1  Maximum LUE (εmax) 

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). 
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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 max
1

n

i i
i

ε c ε
=

= ∑  (3) 

where ci is area fraction of grassland or shrub labeled as cover 
type i, and (εmax)i is 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−1 for broad-leaved forest, 0.725 
gC·MJ−1 for needle-leaved and broad-leaved mixed forest, 
0.645 gC·MJ−1 for needle-leaved forest, 0.312 gC·MJ−1 for 
dense grassland, 0.538 gC·MJ−1 for dense shrub, 0.234 gC·MJ−1 

for middle density grassland, 0.208 gC·MJ−1 for grassland 
mixed with farmland, 0.175 gC·MJ−1 for sparse grassland, and 
0.114 gC·MJ−1 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): 

 min

max min max min

SR SRFPAR min ,0.95
SR SR SR SR
⎡ ⎤= −⎢ ⎥− −⎣ ⎦

 (4) 
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1 NDVI
+
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where SRmin of all kinds of vegetation is assigned to a same 
value of 1.06, values of SRmax 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 (Ws) 

In this paper, evaporative fraction (EF) which has been 
proven in many researches is used to calculate water stress 
factor (Ws) (Suleiman & Crago, 2004; Venturini et al., 2004; 
Wen et al., 2006; Zhang et al., 2004): 

 s
LEEF

LE
W

H
= =

+
 (6) 

where LE is latent heat flux (W·m−2), and H is sensible heat 
flux (W·m−2). 

Fig. 2 shows the flowchart of calculating EF. 

 

 
 

Fig. 2  Flowchart of EF 
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4.1.4  Temperature stress factor (Ts) 
Temperature stress factor is estimated by the method from 

the Terrestrial Ecosystem Model (TEM) of Raich (1991). 
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where T is air temperature, Tmin, Tmax and Topt are minimum, 
maximum and optimum air temperature for photosynthetic 
activity, respectively. If air temperature is below Tmin or beyond 
Tmax, Ts is set to 0. In this paper, Tmin and Tmax are set to 0℃ 
and 36℃, respectively. Because vegetation have adapted well 
to the temperature of growth environment, Topt 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, NPPTM retrieved from fine resolution data of 
TM is assumed to represent the real value of NPP for terrestrial 
vegetation (Fig.3(a)), and NPPMODIS 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 (1×1 
km2) is supposed to contain 1089 pixels of TM (30×30 m2). 
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 NPPTM and NPPMODIS 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- 
lution of NPPTM′ retrieved from fine resolution data of TM 
needs to be switched to 1 km. when NPPTM of 30 m resolution 
is converted to 1 km NPPTM′, arithmetical mean value of NPP 
for many pixels at the corresponding coordinate in NPPTM′ im-
ages is considered as estimated NPP for a pixel in NPPTM im-
ages. Due to the resolution difference between TM and MODIS 
which are all input parameters of the model, much error appears 
between NPPTM and NPPMODIS . 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 NPPMODIS is corrected for scale 
effect based on NPPTM to retrieve NPPMODIS j_correcred so that the 
precision of estimated NPP derived from coarse resolution data 
of remote sensing can be improved. 

 

 
 

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 

 
NPPMODIS retrieved from coarse resolution data of MODIS 

can be corrected as follows. 
 TM MODISNPP NPPj j jR= ×  (8) 

where NPPTM j is estimated NPP result for a pixel labeled as 
cover type j derived from fine resolution data of TM, NPPMODIS j 
is estimated NPP result for a pixel labeled as cover type j re-
trieved from coarse resolution data of MODIS, and Rj is a cor-
rection factor for scale effect. 

So Rj is given by: 

 TM

MODIS

NPP
NPP

j
j

j
R =  (9) 
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The relationship is theoretically as follows. 

 
1

1
n

j ij ij
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R C F
=
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where Fij is the fraction of nondominant cover type i (30 m 
resolution TM) in a pixel labeled as cover type j (1 km resolu-
tion TM), Cij is the regression coefficient between Rj for a pixel 
labeled as cover type j and Fij of nondominant cover type i in 
this pixel, and n is the amount of nondominant cover types in a 
pixel labeled as cover type j. 

Based on above formulas and area fractions of nondominant 
cover types in every pixel, NPPMODIS j_correcred which has been 
corrected for scale effect can be achieved as follows. 

 MODIS _corrected MODIS
1

NPP NPP 1
n

j j ij ij
i

C F
=

⎛ ⎞
= × −⎜ ⎟⎜ ⎟

⎝ ⎠
∑  (11) 

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

efficient Cij between Rj for a pixel labeled as cover type j and 
Fij of nondominant cover type i in this pixel needs to be calcu-
lated as in Eq. (10) and Eq. (11). The precision of estimated Cij 
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 Rj and Fij 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 

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. 

 

 
 

Fig. 4  Land cover classification map of the study area at 1 km resolution 
 

 
 

Fig. 5  Land cover classification map of the study area at 30 m resolution 
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5.2  Contrastive analysis of NPPTM and NPPMODIS 
map 

NPPTM (Fig.6) and NPPMODIS (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 NPPTM map at 1 km 
resolution which was converted from NPPTM at 30 m resolution. 

Fig.7 (NPPMODIS) and Fig.8 (NPPTM) 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. 

 

 
 

Fig. 6  NPPTM map of the study area at 30 m resolution 
 

 
 

Fig. 7  NPPMODIS map of the study area at 1 km resolution 
 

 
 

Fig. 8  NPPTM map of the study area at 1 km resolution converted 
from NPPTM by NPP scaling 

According to statistics, the mean value of NPPTM in the 
study area in July 2006 is 55 gCm−2month−1 (Fig.8). Mean val-
ues of NPPTM for various vegetation types are 28 
gCm−2month−1 for sparse shrub, 40 gCm−2month−1 for sparse 
grassland, 63 gCm−2month−1 for middle density grassland 
which is the main vegetation cover type in the study area, 67 
gCm−2month−1 for dense shrub, 69 gCm−2month−1 for dense 
grassland, 72 gCm−2month−1 for needle-leaved forest, 75 
gCm−2month−1 for needle-leaved and broad-leaved mixed forest, 
78 gCm−2month−1 (the largest value) for broad-leaved forest, 
respectively.  

Based on statistics analyzing to Fig.7, the average value of 
NPPMODIS in the study area in July 2006 is 62 gCm−2month−1. 
Mean values of NPPMODIS for various vegetation types are 34 
gCm−2month−1 for sparse shrub, 45 gCm−2month−1 for sparse 
grassland, 65 gCm−2month−1 for middle density grassland 
which is the main vegetation cover type in the study area, 68 
gCm−2month−1 for dense shrub, 71 gCm−2month−1 for dense 
grassland, 74 gCm−2month−1 for needle-leaved forest, 77 
gCm−2month−1 for needle-leaved and broad-leaved mixed forest, 
79 gCm−2month−1 (the largest value) for broad-leaved forest, 
respectively. 

From the above calculating results, NPPMODIS is bigger than 
NPPTM, 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 
NPPMODIS is bigger or smaller than NPPTM. 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 NPPMODIS is a little bigger 
than NPPTM in the whole study area.  

5.3  Regression analysis between Rj and Fij 

During NPP scaling, the regression relationship between Rj 
for a pixel labeled as cover type j and Fij 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 Rj and 
Fij. 

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 γ of RBF kernel function. Penalty coefficient C 
and parameter γ 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 
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and γ are selected by the experiment while the error is less. 
Fig.9 shows the scatter plot of Rj_corrected and 1-Fmiddle density 

grassland estimated by the regression model based on SVM (for 
pixels labeled as middle density grassland). From Fig.9, the 
correlation between Rj_corrected and 1-Fmiddle density grassland esti-
mated by SVM regression model is higher (R2=0.81). 

 

 
 

Fig. 9  Correlation analysis between Rj_corrected and 1-Fmiddle density grassland 
for pixels labeled as middle density grassland 

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

In NPP scaling, to multiply NPPMODIS by Rj_corrected estimated 
from SVM regression model is used to calculate NPPMODIS_corrected 
which has been corrected for scale effect. Fig.10 and Fig.11 are 
analysis maps of correlation comparison between NPPTM 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 Rj and Fij). From the 
figures, the correlation between NPPTM and uncorrected 

 

 
 

Fig. 10   Comparison between uncorrected NPP (NPPMODIS) 
and NPPTM 

 

 
 

Fig. 11  Comparison between corrected NPP (NPPMODIS_corrected) 
and NPPTM 

NPPMODIS is lower (R2=0.69; RMSE=3.47), while the correla-
tion between NPPTM and corrected NPPMODIS_corrected is higher 
(R2=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 (Rj) of 
scale effect for a pixel labeled as cover type j and Fij 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 Rj_corrected and 1-Fmiddle density grassland 
estimated by SVM regression model is higher (R2=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 NPPTM and uncorrected 
NPPMODIS is lower (R2=0.69; RMSE=3.47), while the correla- 
tion between NPPTM and corrected NPPMODIS_corrected is higher 
(R2=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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净初级生产力遥感估算模型空间尺度转换 

王莉雯1, 卫亚星1, 牛  铮2 
1. 辽宁师范大学 城市与环境学院, 辽宁 大连 116029;  

2. 遥感科学国家重点实验室 中国科学院遥感应用研究所, 北京 100101 

摘  要:  采用基于混合像元的结构分析方法和支持向量机(SVM)算法, 建立了高分辨率遥感数据(TM)向低分辨

率遥感数据(MODIS)的尺度转换模型, 实现了由高分辨率遥感数据获得的 NPP 向低分辨率遥感数据获得的 NPP 的

空间尺度转换。对低分辨率遥感数据(MODIS)估算的 NPP结果进行了尺度效应校正。结果表明: SVM回归模型模

拟出的尺度效应校正因子 Rj_corrected与 1−F 中覆盖度草地之间的相关性较高, R2达到 0.81。尺度效应校正前的 NPPMODIS

与 NPPTM的相关性较低, R2仅为 0.69, RMSE为 3.47; 尺度效应校正后的 NPPMODIS_corrected与 NPPTM的相关性较高, R2

达到 0.84, RMSE为 1.87。因此, 经过尺度效应校正后的 NPP无论是在相关性还是在误差方面有了很大程度的提高。 

关键词:  净初级生产力, 光能利用率模型, 遥感, 尺度转换, SVM 

中图分类号:  TP761       文献标志码:  A  
 
 
 
 
 

1  引  言 

遥感的优势在于频繁和持久地提供地表特征的

面状信息。造成遥感问题复杂化的重要原因之一是

地面测量数据、不同遥感测量方式获取的数据和应

用需要的数据在尺度上的不一致。如何在不同尺度

的数据间相互转换是尺度问题研究的核心之一(李

小文等, 2001; Turner 等, 1996)。地球系统的空间异
质性限制了从一个尺度到另一个尺度的信息转换 , 

这也是需要整合不同尺度上不同传感器遥感数据的

重要原因(苏理宏等, 2001; Pierce等, 1995)。 
净初级生产力(NPP)空间尺度转换是指根据不同

空间分辨率的数据所获得的 NPP 估算结果之间建立

定量相关关系的分析转换过程。在这一空间转换过程

中, 根据一定空间分辨率上估算的 NPP 预测另一空

间分辨率上的 NPP估值(Ehleringer & Field 1993)。根

据低分辨率获得的地表参数中多存在误差, 这主要

是因为传感器所获得的发射光谱信号是所对应的各

种地物光谱信号的综合, 而且所获得的混合光谱信

号与地表参数之间的定量相关关系难以准确确定。因

此, 如何将某一尺度上获得的 NPP 通过一定的计算

方法以较小的误差转换到另一空间尺度上, 这是急

待解决的问题。尺度转换中的非线性问题和土地覆盖

类型对尺度转换的影响是 NPP 空间尺度转换的两个

主要问题(Chen等, 1999; Nemani等, 2003)。 

采用基于混合像元的结构分析方法, 建立了高

分辨率遥感数据(TM)向低分辨率遥感数据(MODIS)

的尺度转换模型。采用支持向量机(SVM)算法, 建立

了标注为 j 土地覆盖类型像元的尺度效应校正因子

Rj和该像元中非主要土地覆盖类型 i所对应的 Fij(在

高分辨率遥感数据 TM 中非主要土地覆盖类型 i 在

标注为 j 土地覆盖类型的像元中所占的比例)之间的

回归模型。实现了由高分辨率遥感数据获得的 NPP

向低分辨率遥感数据获得的 NPP 的空间尺度转换, 

并对低分辨率遥感数据(MODIS)估算的 NPP结果进

行了尺度效应校正。 

引用格式: 王莉雯, 卫亚星, 牛  铮. 2010. 净初级生产力遥感估算模型空间尺度转换. 遥感学报, 14(6): 1074—1089 
Wang L W, Wei Y X and Niu Z. 2010. Spatial scaling of net primary productivity model based on remote sensing. Journal
of Remote Sensing. 14(6): 1074—1089 
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2  研究区域 

研究区选定在青海省达日县。达日县位于青海省

东南部 (图 1), 东经 98°15′29″—100°32′41″, 北纬
32°36′42″—34°15′20″。全县东西长 162 km, 南北宽
126km, 总面积 14600 km2。全县平均海拔 4426 m。
县境属高寒半湿润性气候, 除冷暖两季外, 没有明显
的四季之分。全县平均气温在−0.1℃至 −3.5℃之间。
全县年降水量 569 mm, 多集中于 6月—9月。年蒸发
量 1119.07 mm, 最高月份在 5月, 达 150.1 mm。达日
县植被以高山草甸为主, 其中以小嵩草、矮嵩草、藏
嵩草等居多, 广泛分布于阳坡和宽谷。高山灌丛以金
露梅、高山柳等较重要, 大部分分布在阴坡。 

 

 
 

图 1  研究区位置示意图 

3  数据准备 

采用的遥感数据主要包括 MODIS 数据产品和
TM 数据。在 NPP 模型构建过程中用于计算和验证
的 MODIS 数据产品主要包括 MOD09A1(全球每 8
天 500m分辨率地表反射率 L3级产品)、MOD11A2 
(全球每 8天 1km分辨率地表温度、发射率 L3级产
品)、MOD12Q1(全球每年 1km分辨率土地覆盖类型
L3级产品)、MOD13A2(全球每 16天 1km分辨率植
被指数 L3 级产品)、MOD15A2(全球每 8 天 1km分
辨率 LAI、FPAR L4 级产品)、MOD17A2(全球每 8

天 1km 分辨率总初级生产力 L4 级产品 )和
MOD43B3(全球每 16天 1km分辨率反照率 L3级产
品), 由美国 LP DAAC(Land Process Distributed Ac-
tive Archive Center, U.S.A)提供。对上述的 MODIS
数据产品做了几何纠正、去云处理、修复异常值像

元等预处理工作。研究中使用的 TM 数据来源于

Landsat-5。选择了 5 景 TM 影像, 轨道号分别为
132/37、133/36、133/37、134/36和 134/37, 影像范
围覆盖了整个青海省的达日县。对所选用的 TM 数
据进行了几何校正和大气校正。所使用 MODIS 和
TM 影像的成像时间在 2006 年 7 月, 影像成像日期
基本反映了一年中植被生长状况较好的时期, 具有
较好的代表性。 

研究所用气象数据由国家气象中心提供, 包括
青海省内 41个站点的平均气温、降水量、平均空气
相对湿度、日照时数、气压和平均风速。研究采用

了青海省植被覆盖分类方法(Wang 等, 2008)。所用
的 DEM 数据是从国际热带农业中心网(Centro In-
ternational de Agriculture Tropical, CIAT, http://srtm. 
csi. cgiar. org/)下载的。 

地面实测数据来源于 2006年 7月青海省达日县
的实验 , 实验仪器为 LI-6400 便携式光合仪、
LAI-2000植物冠层分析仪和 SUNSCAN冠层分析系
统等。 

4  方  法 

4.1  NPP估算模型构建 

基于光能利用率的 NPP估算模型的典型特点是
直接利用遥感数据, 极大地提高模型的时空分辨率, 
使大范围的 NPP 估算及其时空动态监测成为可能。
构建的 NPP 遥感估算模型是基于光能利用率原理,
借鉴了 MODIS-PSN、CASA、GLO-PEM、VPM 等
光能利用率 NPP 模型的优点, 同时考虑了特定区域
其植物光能利用率和环境因素的典型特点, 建立了
针对特定区域的 NPP遥感估算模型。NPP遥感估算
模型的具体公式为:  
 ( )s s maxNPP=PAR FPAR min T W ε× × ×，  (1) 

式中, PAR 为光合有效辐射, 单位为 MJ⋅m−2; FPAR
为植被层对入射光合有效辐射 (PAR)的吸收分量 , 
无单位; Ts为温度胁迫因子, 无单位; Ws为水分胁迫

因子 , 无单位 ; εmax 为最大光能利用率 , 单位为
gC·MJ−1。 
4.1.1  最大光能利用率εmax估算 

最大光能利用率ε max 的取值因不同的植被类型 
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有所不同, 它的取值大小对最终的 NPP 估算结果影
响很大。采用极大似然估计准则(王新洲等, 2006; 朱
文泉等, 2006), 根据研究区相关文献资料和野外实
验数据(李英年等, 2004; 杨福囤等, 1987; 蒲继延等, 
2005), 采用式(2)模拟了各植被类型的最大光能利
用率εmax的优化值。 

 1
max

2 2
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n

i i
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x y nxy

x nx
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=

−
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式中, maxε̂ 为最大光能利用率εmax的估值, xi为某种

植被类型 PAR×FPAR×min(Ts, Ws)的计算值; yi为某

种植被类型的 NPP值; i为某种植被类型的样本数; n

为某种植被类型的最大样本数 ; 
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为了提高各种草地遥感分类类型最大光能利用

率εmax 的估算精度, 在采用式(2)模拟出研究区主要
草地建群种类型和主要灌丛建群种类型的最大光能

利用率的取值后, 再采用式(3)估算出各种草地遥感
分类类型和各种灌丛遥感分类类型的最大光能利用

率εmax。 

 ( )max max
1

n

i i
i

ε c ε
=

= ∑  (3) 

式中, ci为第 i 种草种类型(或灌丛类型)所占的面积
比例, max( )iε 为第 i种草种类型(或灌丛类型)的最大
光能利用率。 

经计算, 研究区主要植被类型最大光能利用率

为: 阔叶林 0.908 gC·MJ−1, 针阔混交林 0.725 gC·MJ−1, 
针叶林 0.645 gC·MJ−1, 高覆盖度草地 0.312 gC·MJ−1, 
郁闭灌丛 0.538 gC·MJ−1, 中覆盖度草地 0.234 
gC·MJ−1, 草地耕地混合体 0.208 gC·MJ−1, 低覆盖度
草地 0.175 gC·MJ−1, 稀疏灌丛 0.114 gC·MJ−1。 
4.1.2  FPAR估算 

根据研究区数据构建了 NDVI 和 FPAR 之间的
关系方程式, 设定无植被覆盖地区, FPAR 最小, 其
值为 0; 植被完全覆盖地区, FPAR 达到最大值, 即
0.95(陈良富等, 2007):  

 min

max min max m in

SR SRFPAR min ,0.95
SR SR SR SR
⎡ ⎤= −⎢ ⎥− −⎣ ⎦

 (4) 

 1 NDVISR
1 NDVI
+

=
−

 (5) 

式中 , SRmin 在所有植被类型中取同一个值 1.06, 
SRmax 的取值与植被类型有关, 即: 阔叶林取 6.14; 
针阔混交林取 3.88; 针叶林取 3.44; 高覆盖度草地
取 3; 郁闭灌丛取 3.27; 中覆盖度草地取 2.17; 草地
耕地混合体取 1.94; 低覆盖度草地取 1.78; 稀疏灌
丛取 1.70。 
4.1.3  水分胁迫因子 Ws的估算 

采用一种经实践证明较为成熟的算法——蒸发 
比(EF)(Suleiman & Crago, 2004; Venturini 等, 2004; 
Wen等, 2006; Zhang等, 2004), 计算水分胁迫因子
Ws, 计算公式如下:  

 s
LEEF

LE
W

H
= =

+
 (6) 

式中, LE 为潜热通量单位为 W⋅m−2; H 为显热通量,
单位为 W⋅m−2。 

图 2为蒸发比 EF计算流程图。 
 

 
 

图 2  蒸发比 EF计算流程图 
 



 

 

 

4.1.4  温度胁迫因子 Ts的估算 
采用 Raich 等(1991)建立的陆地生态模型(the 

terrestrial ecosystem model, TEM)中的方法来计算
Ts:  

 min max
s 2

min max opt

( )( )
( )( ) ( )

T T T T
T

T T T T T T
− −

=
− − − −

 (7) 

式中, T为大气温度, Tmin、Topt和 Tmax分别为光合作

用的最低、最适和最高温度。如果大气温度低于 Tmin

或高于 Tmax, 将 Ts定为 0。在本研究中, Tmin和 Tmax

分别被定为 0 和 36℃。同时, 假设植物已经适应了
其所生长的环境的温度, Topt可定为生长季的长期平

均温度。 

4.2  NPP空间尺度转换 

4.2.1  基于混合像元的结构分析方法 
根据影响尺度转换的主要问题, 采用 Anita 等

人(2004)提出的基于混合像元的结构分析方法进行
NPP的空间尺度转换, 其原理如下:  

混合像元普遍存在于遥感图像中, 它的存在是
各种地表参数的计算精度难以达到使用要求的主要

原因。为了提高遥感应用的精度, 必须解决混合像
元的分解问题 , 使遥感应用由像元级达到亚像元
级。因此, 低分辨率遥感图像中的一个像元可以认
为是高分辨率遥感图像中对应坐标位置的多个像元

的混合像元, 而该高分辨率遥感图像中这些像元可
以认为是低分辨率遥感图像中该像元的亚像元

(Chen 等, 1999; 童庆禧等, 2006)。 
基于结构分析的空间尺度转换方法是采用了分

析各土地覆盖类型所占面积比的原理计算不同分辨

率下的地表参数。遥感分类一般是将一个像元定义

为一种面积占优的主要土地覆盖类型, 在计算地表
参数时忽略了该像元中其他非主要土地覆盖类型的

影响。这样就导致在低分辨率影像中每个像元只被

标注为一种主要土地覆盖类型, 从而使最终的计算
结果存在较大的不确定性(Chen 等, 1999)。比较理
想的做法是 ,  低分辨率影像的地表参数计算应 
该取相应高分辨率影像对应坐标位置地表参数的平

均值。 
在进行 NPP 空间尺度转换时, 假定由高分辨率

TM估算出的 NPPTM代表了地表植被 NPP的真实值
(图 3(a)); 由低分辨率MODIS估算出的 NPPMODIS是

需要经过尺度效应纠正的 NPP 近似值(图 3(b))。研
究假设 1个MODIS像元(1 km×1 km)包含了 1089个
TM像元(30 m×30 m)。由于存在混合像元, 1089个
TM 像元包含了多种土地覆盖类型。在对应坐标位 

 
 

图 3  高分辨率和低分辨率遥感数据 NPP计算流程图 
(a) 高分辨率数据 TM估算 NPP尺度转换流程; (b) 低分辨率数

据 MODIS估算 NPP流程 
 

置的 1个MODIS像元, 则被标注为一种面积占优的
主要土地覆盖类型, 其他的非主要土地覆盖类型的
信息被忽略了。将覆盖相同区域、不同分辨率的遥

感数据 TM和MODIS分别作为模型的输入参数, 利
用本文所构建的基于光能利用率的 NPP遥感估算模
型模拟, 分别得到该区域的 NPP 模拟结果 NPPTM′

和 NPPMODIS(图 3)。需要注意的是, 为了对比分析两
个尺度下估算的 NPP 结果, 需要将两个尺度下估算
的 NPP 结果转换为相同的空间分辨率, 即需要将由
高分辨率 TM 估算出的 NPPTM’的分辨率转换为

1km。在将分辨率为 30m的 NPPTM’转换为分辨率为

1km的 NPPTM时, 采用取 NPPTM’影像中相应坐标位

置多个像元估算出的 NPP 的算术平均值 , 作为
NPPTM影像中对应的一个像元的 NPP估值。由于模
型输入参数 TM和MODIS空间分辨率的差异, 使得
计算结果 NPPTM和 NPPMODIS之间存在较大的误差。

分析两个尺度下计算结果产生差异的原因, 主要是
由于相对于高分辨率 TM, 低分辨率 MODIS中存在
大量的混合像元, 混合像元中非主要土地覆盖类型
的信息被忽略了。根据高分辨率 TM 的估算结果

NPPTM, 对低分辨率 MODIS 计算的结果 NPPMODIS, 
进行尺度效应校正得到 NPPMODIS j_corrected, 提高了低
分辨率遥感数据估算 NPP的精度。 

采用下述方法对由低分辨率 MODIS 估算的
NPPMODIS结果进行尺度效应校正:  
 TM MODISNPP NPPj j jR= ×  (8) 

式中, NPPTM j为土地覆盖类型为 j 的像元由高分辨
率 TM估算出的 NPP结果, NPPMODIS j为土地覆盖类

型为 j 的像元由低分辨率 MODIS 估算出的 NPP 结
果, Rj为尺度效应校正因子。 

因此, Rj可由式(a)计算得到:  

 TM

MODIS

NPP
NPP

j
j

j
R =  (9) 
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在理论上又存在如下关系式:  

 
1

1
n

j ij ij
i

R C F
=

= −∑  (10) 

式中, Fij为在高分辨率 TM(分辨率为 30 m)中非主要
土地覆盖类型 i 在标注为 j 土地覆盖类型的像元(将
高分辨率 TM的分辨率转换为 1km时所对应的影像)
中所占的比例, Cij为标注为 j土地覆盖类型像元的尺
度效应校正因子 Rj与该像元中非主要土地覆盖类型

i所对应的 Fij的回归系数, n为标注为 j土地覆盖类
型像元内非主要土地覆盖类型的数目。 

根据上述公式和已知的每个像元中非主要土地

覆盖类型所占的面积比例 , 用式(11)计算经尺度效
应校正的 NPPMODIS j_corrected:  

 MODIS _corrected MODIS
1

NPP NPP 1
n

j j ij ij
i

C F
=

⎛ ⎞
= × −⎜ ⎟

⎝ ⎠
∑  (11) 

4.2.2  支持向量机(SVM)算法 
在进行 NPP 空间尺度转换时, 需要计算出标注

为 j 土地覆盖类型像元的尺度效应校正因子 Rj与该

像元中非主要土地覆盖类型 i 所对应的 Fij的回归系

数 Cij, 如公式(10) (11)中的回归系数 Cij。Cij参数估

算的精度, 直接影响 NPP 遥感估算模型空间尺度转
换方法的成功实施。在本文中采用支持向量机(SVM)
算法建立了 Rj和 Fij之间的回归模型。与传统的统计

学习理论相比, 其性能的突出优越性在于: 调节参
数较少 , 学习速度快 , 全局最优 , 技术性能尤其使
推广能力明显提高, 其学习结果经常明显好于其他
它的模式识别和回归预测方法, 在解决小样本、非
线性及高维模式识别问题中表现出许多特有的优势

(李国正等, 2006)。 
采用的 SVM算法是 Libsvm。Libsvm是一个结

构较为简单、易于使用、快速有效的支持向量分类

和回归的软件包, 可以解决分类问题(包括 C-SVM、
nu-SVM)、回归问题(包括 e-SVM、nu-SVM)以及分
布估计(one-class-SVM)等问题, 提供了线性、多项
式、径向基和 S形函数 4种常用的核函数供选择, 有
效地解决多类问题、交叉验证选择参数、对不平衡

样本加权、多类问题的概率估计等(林弘德, 2008)。
在运行 Libsvm程序时选用了 RBF核函数。 

5  结果分析 

5.1  研究区土地覆盖分类 

植被类型会使得基于光能利用率的 NPP估算模
型中主要参数因子光能利用率和 FPAR 的估算存在
很大的差异, 因此植被类型会影响最终 NPP 估算结

果的精度。在对 NPP进行空间尺度转换时, 从 30 m
分辨率 TM数据计算得到了 30 m分辨率 NPP, 通过
计算 30 m分辨率相应位置多个像元NPP的算术平均, 
得到 1 km分辨率对应位置一个像元的 NPP模拟值。
在这一过程中, 需要采用植被覆盖类型面积占优原
则, 确定这个像元的植被覆盖类型。另外, NPP空间
尺度转换过程中, 不同的植被类型对 NPP 贡献是不
一样的, 他们之间不存在线性或者非线性的关系。
植被分类数据在进行尺度转换时产生了一定程度的

误差, 该误差在 NPP 尺度转换过程中进行传递。从
上面的分析看出, NPP 的估算结果在很大程度上依
赖土地覆盖类型 , 需要提高遥感数据的分类精度 , 
才能保证 NPP空间尺度转换方法的成功运用。本文
采用能突出植被空间分布状况的高精度综合分类方

法 , 在达日县历史资料和野外样点调查的支持下 , 
对做过预处理的 2006 年覆盖研究区的空间分辨率
为 1 km的MODIS数据和空间分辨率为 30 m的 TM
数据分别进行了分类。从 MODIS和 TM数据生成的
研究区土地覆盖分类图分别如图 4和图 5。 

对研究区达日县土地覆盖分类结果进行统计分

析。结果表明, 中覆盖度草地的面积最大, 约占全县 
 

 
 

图 4  研究区 1km分辨率土地覆盖分类图 

 

 
 

图 5  研究区 30m分辨率土地覆盖分类图 
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总面积占 60.96%; 其次为低覆盖度草地, 占 16.81%; 
稀疏灌丛占 6.27%; 戈壁和高覆盖度草地的面积近
似, 分别占 5.67%和 5.65%; 郁闭灌丛仅占 3.25%; 
该县森林面积稀少, 针叶林、针阔混交林和阔叶林
分别占 0.46%、0.40%和 0.53%。 

5.2  NPPTM和 NPPMODIS分布图的对比分析 

首先 , 采用本文所构建的基于光能利用率的
NPP 遥感估算模型模拟, 分别得到该区域 2006 年 7
月的 NPP模拟结果 NPPTM′(图 6)和 NPPMODIS(图 7)。 

再将分辨率为 30 m 的 NPPTM′转换为分辨率为

1km的 NPPTM(图 8)。 
 

 
 

图 6  研究区 30m分辨率 NPP分布图(NPPTM′) 
 

 
 

图 7  研究区 1km分辨率 NPP分布图(NPPMODIS) 
 

 
 

图 8  研究区由 NPPTM′经 NPP空间尺度转换算法得到 
的 1km分辨率 NPP分布图(NPPTM) 

将分辨率 1km 的图 8(NPPTM)和图 7(NPPMODIS)
对比分析, 发现他们二者存在差异。这是由于作为
NPP遥感估算模型输入参数的分辨率 30 m和 1 km
本身存在差异, 在模型的运算过程中, 由于算法的
非线性, 加剧了这种差异。 

经统计, 整个研究区 2006年 7月 NPPTM的平均

值为 55 gCm−2month−1(图 8)。其中, 稀疏灌丛 NPPTM

的平均值为 28 gCm−2month−1; 低覆盖度草地的平均
NPPTM为 40 gCm−2month−1; 试验区域的主要植被 
覆盖类型是中覆盖度草地 ,  N P P T M 的平均值为 
63 gCm−2month−1; 郁闭灌丛 NPPTM 的平均值为 
67 gCm−2month−1; 高覆盖度草地的平均 NPPTM 为 
69 gCm−2month−1; 阔叶林、针阔混交林和针叶林的
平均NPPTM值最高, 分别为 78、75和 72 gCm−2month−1。 

同时, 对图7进行统计分析, 得出整个研究区2006
年 7月份 NPPMODIS的平均值为 62 gCm−2 month−1。其

中, 稀疏灌丛 NPPMODIS的平均值为 34 gCm−2month−1; 
低覆盖度草地的平均 NPPMODIS为 45 gCm−2month−1; 
研究区的主要植被覆盖类型中覆盖度草地的

NPPMODIS 平均值为 65 gCm−2month−1; 郁闭灌丛
NPPMODIS的平均值为 68 gCm−2month−1; 高覆盖度草
地的平均 NPPMODIS为 71 gCm−2month−1; 阔叶林、针
阔混交林和针叶林的平均 NPPMODIS值最高, 分别为
79、77和 74 gCm−2month−1。 

从上面的计算结果看出, NPPMODIS 的值略高于

NPPTM, 而且发现前者的波动范围大于后者。这可能
是因为, 由于空间异质性和混合像元现象, 低分辨
率 MODIS 数据在估算 NPP 时忽略了像元中非主要
土地覆盖类型的信息, 而高分辨率 TM 数据在估算

NPP 时考虑了较多的像元中其他土地覆盖类型的信
息。研究区土地覆盖类型的分布特点会在很大程度

上影响 NPP 的估算结果, 根据研究区各种植被类型
分布特点的不同 , 会导致 NPPMODIS 大于 (或小
于)NPPTM。在本文中, 研究区达日县的植被覆盖率
比较高, 达到 94%, 而且主要的植被覆盖类型为中
覆 盖 度 草 地 (60.96%), 其 次 为 低 覆 盖 度 草 地
(16.81%), 这种植被的分布特征 , 使得整个试验区
域 NPPMODIS的值略大于 NPPTM。 

5.3  Rj和 Fij的回归分析 

在 NPP 空间尺度转换过程中, 需要确定标注为
j 土地覆盖类型像元的尺度效应校正因子 Rj 与该像

元中非主要土地覆盖类型 i所对应的 Fij的回归关系, 
采用支持向量机(SVM)算法建立了 Rj和 Fij之间的回

归模型。 



1088 Journal of Remote Sensing  遥感学报  2010, 14(6)  
 

 

采用均方根误差(RMSE)来衡量估计值与真实
值之间的误差。在 SVM回归模型中, 不同的模型参
数决定了不同的回归效果, 模型参数包括惩罚参数
C和 RBF核函数的参数γ。通过实验来确定惩罚参数
C 和参数γ的值, 先在较大范围取值, 确定大致的最
优区域后, 再在较小范围内取值。从综合性能和训
练时间两个方面考虑, 通过实验选择误差较小时参
数 C和γ的取值。 

图 9是采用 SVM算法所建回归模型模拟出的尺
度效应校正因子 Rj_corrected与 1−F 中覆盖度草地的散点分布

图(以标注为中覆盖度草地的像元为例)。从图 9看出, 
SVM回归模型模拟出的尺度效应校正因子 Rj_corrected

与 1−F 中覆盖度草地之间的相关性较高, R2达到 0.81。 

5.4  尺度效应校正前后的 NPP与 NPPTM的相关对比 

在 NPP 空间尺度转换过程中, 采用 SVM 回归
模型模拟出的尺度效应校正因子 Rj_corrected与 NPPMODIS

相乘, 计算得到尺度效应校正后的 NPPMODIS_corrected。

图 10 与图 11 分别是尺度效应校正前后的 NPP 与
NPPTM的相关性对比分析图(图 9所用样本与建立 Rj

和 Fij 之间回归模型时所用样本是不同的)。由图 9
可知, 尺度效应校正前的 NPPMODIS与 NPPTM的相关

性较低, R2仅为 0.69, RMSE为 3.47; 尺度效应校正
后的 NPPMODIS_corrected与 NPPTM的相关性较高, R2达 

 

 
 

图 9  标注为中覆盖度草地的像元 Rj_corrected与 
1−F 中覆盖度草地的相关分析 

 

 
 

图 10  尺度效应校正前的 NPP(NPPMODIS) 
与 NPPTM的对比 

 
 

图 11  尺度效应校正后的 NPP(NPPMODIS_corrected) 
与 NPPTM的对比 

 
到 0.84, RMSE为 1.87。因此, 经过尺度效应校正后
的 NPP在相关性及误差方面有了很大程度的提高。 

6  结论与讨论 

NPP 遥感估算模型空间尺度转换方法是本文的
主要研究内容, 主要结论为:  

(1) 基于混合像元的结构分析方法是进行 NPP
空间尺度转换研究的比较理想的方法。该方法考虑

了混合像元中非主要土地覆盖类型的影响, 采用分
析各土地覆盖类型所占面积比的原理来计算不同分

辨率下的地表参数, 实现了由高分辨率遥感数据向
低分辨率遥感数据获得的 NPP 之间的空间尺度转
换。研究表明该方法是一种比较好的尺度转换方法。 

(2) 采用支持向量机(SVM)算法建立了标记为 j
地表覆盖类型像元的尺度效应校正因子 Rj和该像元

中非主要地表覆盖类型 i 所对应的 Fij之间的回归模

型。计算结果表明, SVM 算法能够有效地将实际问
题通过非线性变换转换到高维的特征空间来构造线

性函数, 得到有限样本的全局最优解, SVM 回归模

型模拟出的尺度效应校正因子 Rj_corrected与 1−F 中覆盖度

草地之间的相关性较高, R2达到 0.81。 
(3) 建立了高分辨率遥感数据(TM)向低分辨率

遥感数据(MODIS)的尺度转换模型, 并对低分辨率
遥感数据(MODIS)估算的 NPP结果进行了尺度效应
校正。尺度效应校正前的 NPPMODIS与 NPPTM的相关

性较低, R2仅为 0.69, RMSE为 3.47; 尺度效应校正
后的 NPPMODIS_corrected与 NPPTM的相关性较高, R2达

到 0.84, RMSE为 1.87。因此, 经过尺度效应校正后
的 NPP无论是在相关性还是在误差方面都有了很大
程度的提高。 

随着遥感技术的发展出现了多种不同空间和时

间分辨率的传感器, 这使得空间尺度转换过程在遥 
感定量分析中突显其重要性。土地覆盖类型在一定

时间段较为稳定, 所以适合使用高空间分辨率遥感
影像(如 Landsat)来获取。但是, 自然灾害(如林火)
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造成的地表变化需要与之发生频率相适合的高时间

分辨率影像来获知。因此, 不同分辨率的遥感数据
结合应用需要解决它们之间的空间尺度转换问题。

由于亚像元空间异质性的影响, 由低分辨率遥感数
据获得的 NPP 存在相当量的偏差。在本研究中, 由
MODIS 数据获得的 NPP 其相对偏差大约为 13%。
这种偏差在目前区域和全球 NPP分布图中应该较为
普遍。而基于混合像元信息的空间尺度转换方法可

以有效地降低该种偏差。本文采用的基于混合像元

的结构分析方法也适用于其他分辨率获得的 NPP之
间的空间尺度转换。 
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