
635

M. Zhao (*) 
Numerical Terradynamic Simulation Group, University of Montana,  
Missoula, MT 59812 USA 
e-mail: zhao@ntsg.umt.edu

Chapter 28
MODIS-Derived Terrestrial Primary 
Production

Maosheng Zhao, Steven Running, Faith Ann Heinsch,  
and Ramakrishna Nemani 

B. Ramachandran et al. (eds.), Land Remote Sensing and Global Environmental Change, 
Remote Sensing and Digital Image Processing 11, DOI 10.1007/978-1-4419-6749-7_28,  
© Springer Science+Business Media, LLC 2011

Abbreviations

AmeriFlux	 Eddy flux tower network of North America
Aqua 	� NASA’s earth observing system satellite with afternoon  

equatorial crossing time
BIOME-BGC 	� A process-based biogeochemistry model developed by NTSG, 

University of Montana
BPLUT 	 Biome Properties Lookup Table
B

r
 	 Base respiration value

C3 	 Collection or version 3 of MODIS data
C4 	 Collection or version 4 of MODIS data
C4.8 	 Collection or version 4.8 of MODIS GPP/NPP data
C5 	 Collection or version 5 of MODIS data
CDR 	 Climate data record
ENSO 	 El Niño-Southern Oscillation
ERA-40/ECMWF	 A 40-year long-term meteorological reanalysis dataset gener-

ated by European Center for Medium range Weather Forecasting 
(ECMWF)

ESDR 	 Earth system data record
FAO 	 Food and Agriculture Organization of the United Nations
FLUXNET 	 Global eddy flux tower network
FPAR 	 Fraction of PAR
FTP 	 File transfer protocol
GEOS4 	 Name and version of assimilation system of GMAO
GMAO 	� Global modeling and assimilation office belonging to NASA
GPP 	 Gross primary production (g C/m2/d)
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HDF-EOS 	� An extended Hierarchical Data Format for storing NASA’s 
earth observing system data

ITCZ 	 Intertropical Convergence Zone
LAI 	 Leaf Area Index
LP-DAAC	 Land Processes Distributed Active Archive Center
M

l
 	 Living biomass for leaves and fine roots (g C/m2), derived  

from LAI
MOD12Q1	 MODIS land cover dataset
MOD15A2 	 8-day MODIS FPAR/LAI dataset
MOD17	 MODIS GPP/NPP dataset
MOD17A2	 8-day MODIS GPP/PsnNet dataset
MOD17A3	 Annual MODIS GPP/NPP dataset
MODIS	� Moderate Resolution Imaging Spectroradiometer, an instru-

ment on board NASA’s TERRA and Aqua satellite
NARR	 North American Regional Reanalysis
NASA	 The National Aeronautics and Space Administration
NCDC	 National Climatic Data Center
NCEP/NCAR	� National Centers for Environmental Prediction/National 

Center for Atmospheric Research
NDVI	 Normalized Difference Vegetation Index
NH	 North hemisphere
NPOESS	� National Polar-orbiting Operational Environmental Satellite 

System
NPP	 Annual net primary production (g C/m2/yr)
NTSG	� Numerical Terradynamic Simulation Group at University of 

Montana
NU

g
	� The number of days during the growing season with unreli-

able or missing MODIS LAI inputs
PAR	 Photosynthetically active radiation
PsnNet	� Net photosynthesis, an intermediate variable between GPP  

and NPP
Q

10
	 Respiration quotient, equal to 2.0

QC	 Quality control data field for MODIS data
R

g
	 Annual growth respiration (g C/m2/yr)

R
m_lr

	� Maintenance respiration from living leaves and fine roots  
(g C/m2/d)

R
m_w

	 Annual maintenance respiration from living wood (g C/m2/yr)
R

plant
	� Plant respiration, functionally, it is the summation of mainte-

nance and growth respiration
S↓

s
	 Downward surface solar shortwave radiation (MJ/m2/d)

SLA	 Specific leaf area
SOGS	 Surface Observation gridding system
T

avg
	 Daily average air temperature (°C)

Terra	� NASA’s earth observing system satellite with morning equato-
rial crossing time
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T
f
	 Daily minimum temperature scalar

T
min

	 Daily minimum temperature
TOTAL

g
	 Total number of days in the growing season

VIIRS	 Visible/Infrared Imager/Radiometer Suite onboard NPOESS
VPD

f
	 Vapor pressure deficits (VPD) scalar

e	 Light use efficiency parameter (g C /MJ)
emax	 Maximum e under optimal conditions (g C /MJ)

28.1 � Introduction

Temporal and spatial changes in terrestrial biological productivity have a large 
impact on humankind because terrestrial ecosystems not only create environments 
suitable for human habitation, but also provide materials essential for survival, such 
as food, fiber and fuel. A recent study estimated that consumption of terrestrial net 
primary production (NPP; a list of all the acronyms is available in the appendix at 
the end of the chapter) by the human population accounts for about 14–26% of 
global NPP (Imhoff et  al. 2004). Rapid global climate change is induced by 
increased atmospheric greenhouse gas concentration, especially CO

2
, which results 

from human activities such as fossil fuel combustion and deforestation. This 
directly impacts terrestrial NPP, which continues to change in both space and time 
(Melillo et  al. 1993; Prentice et  al. 2001; Nemani et  al. 2003), and ultimately 
impacts the well-being of human society (Milesi et al. 2005). Additionally, substan-
tial evidence show that the oceans and the biosphere, especially terrestrial ecosys-
tems, currently play a major role in reducing the rate of the atmospheric CO

2
 

increase (Prentice et al. 2001; Schimel et al. 2001). NPP is the first step needed to 
quantify the amount of atmospheric carbon fixed by plants and accumulated as 
biomass. Continuous and accurate measurements of terrestrial NPP at the global 
scale are possible using satellite data. Since early 2000, for the first time, the 
MODIS sensors onboard the Terra and Aqua satellites, have operationally provided 
scientists with near real-time global terrestrial gross primary production (GPP) and 
net photosynthesis (PsnNet) data. These data are provided at 1 km spatial resolution 
and an 8-day interval, and annual NPP covers 109,782,756 km2 of vegetated land. 
These GPP, PsnNet and NPP products are collectively known as MOD17 and are 
part of a larger suite of MODIS land products (Justice et al. 2002), one of the core 
Earth System or Climate Data Records (ESDR or CDR).

These products have improved based on extensive validation and calibration 
activities by the MODIS science team. The Collection-5 (C5) MODIS data are 
being reprocessed by NASA in 2007 and will have higher quality than the previous 
collections. In this chapter, we provide a brief description of the global MODIS 
terrestrial primary production algorithm and data products, and summarize the 
achievements (i.e., validation, improvements, and applications) and results of a six-
year (2000–2005) global MODIS GPP/NPP dataset.
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28.2 � Description of MODIS GPP/NPP

28.2.1 � Theoretical Basis of the Algorithm

MODIS GPP/NPP is the first continuous satellite-derived dataset monitoring global 
vegetation productivity. The algorithm is based on Monteith’s (1972, 1977) original 
logic, which suggests that NPP under non-stressed conditions is linearly related to 
the amount of absorbed Photosynthetically Active Radiation (PAR) during the 
growing season. In reality, vegetation growth is subject to a variety of stresses that 
tend to reduce the potential growth rate. Especially important are climatic stresses 
(temperature, radiation, and water) or the interaction of these primary abiotic con-
trols, which impose complex and varying limitations on vegetation activity globally 
(Churkina and Running 1998; Nemani et al. 2003; Running et al. 2004). Figure 28.1 
illustrates the range of three dominant climatic controls on global annual NPP, 
distributed from arctic tundra to tropical rainforests. Water limits vegetation most 
strongly on 40% of the land surface. Temperature is most limiting for 33% of the 
land surface, with annual temperature ranges from -20°C in arctic tundra to +30°C 
in deserts. Incident solar radiation is the primary limiting factor for 27% of global 
vegetated areas, mostly in wet tropical regions where temperatures and water avail-
ability are usually adequate (Nemani et al. 2003). While it is easy to imagine boreal 
areas being temperature-limited, and deserts being water-limited, partial constraints 
limit NPP of temperate regions in a complex fashion at different times of the growing 
season. A temperate mid-latitude forest is perhaps limited by radiation and tempera-
ture in winter, temperature-limited in the spring, and water-limited in mid-summer 

Fig. 28.1  Potential limits to vegetation net primary production based on fundamental physiological 
limits imposed by solar radiation, water balance, and temperature (from Churkina and Running 
1998; Nemani et al. 2003; Running et al. 2004). Land regions with gray color are barren, sparsely 
vegetated and non-vegetated areas
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(Jolly et al. 2005a). In addition to the abiotic constraints, another cost associated 
with the growth and maintenance of vegetation is called autotrophic respiration 
(Ryan 1991). Combining Monteith’s logic, climate control, and some principles of 
modeling NPP learned from a general process-based ecosystem model, Biome-
BGC (Running and Hunt 1993), the MODIS GPP/NPP algorithm was developed 
with satellite-derived data inputs. They include land cover, the fraction of photosyn-
thetically active radiation absorbed by vegetation (FPAR), and leaf area index 
(LAI) as surface vegetation inputs (Running et al. 2000). Climate information is 
obtained from a NASA Goddard Global Modeling and Assimilation Office 
(GMAO)-developed global climatic date assimilation system.

28.2.2 � The Algorithm

The daily GPP in the algorithm is calculated using the equation,

	 GPP PAR FPAR e= × × 	 (28.1)

where e is the light use efficiency, FPAR is the fraction of absorbed PAR, and PAR 
accounts for approximately 45% of incident shortwave solar radiation (

sS ↓ ), such 
that

	 sPAR 0.45S= ↓ × 	 (28.2)

The light use efficiency, e, is derived by the reduction of the potential maximum, 

maxε , as a result of low temperatures (T
f
) or limited water availability (VPD

f
),

	 max f fVPDTe e= × × 	 (28.3)

The daily PsnNet is calculated as what remains once maintenance respiration from 
leaves and roots ( m _ lrR ) is subtracted from GPP,

	 m _ lrGPPPsnNet R= − 	 (28.4)

The original MODIS algorithm calculated growth respiration (R
g
) as a function of 

annual maximum LAI, which may pose problems for many forests (see details in 
Sect. 28.5). As a result, for a given forest biome type R

g
 is invariable across both 

space and time, which is unreasonable according to plant physiological principles 
(Ryan 1991; Cannell and Thornley 2000). We have, therefore, modified it by 
assuming growth respiration is approximately 25% of NPP (Ryan 1991; Cannell 
and Thornley 2000) for C5 MOD17. Finally, annual NPP is computed as

	
365

m _ w
1

NPP 0.8 ( )
i

PsnNet R
=

= × −∑ 	 (28.5)
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where m _ wR  is the maintenance respiration of live wood.
All maintenance respiration terms are calculated according to standard  

Q
10

 theory, which depends on the average ambient air temperature for leaves 
(Ryan 1991),

	 avg[( 20)/10]

m r r 10

T
R M B Q

−= × × 	 (28.6)

where R
m
 refers to R

m_lr
 or R

m_w
; M

r
 is the living biomass in units of carbon for 

leaves, fine roots, or live wood, and B
r
 is the base respiration value, which is biome 

type-dependent. Leaf biomass is calculated using specific leaf area (SLA), while 
fine root biomass is calculated by multiplying the leaf biomass by the ratio of fine 
root to leaf biomass. This calculation is based on the assumption that the ratio 
between the fine root mass and leaf mass is constant. The live wood biomass is 
calculated using the annual maximum leaf biomass, and assumes that the ratio of 
live wood mass to leaf mass is constant for a given biome. Both these ratios are 
biome dependent. T

avg
 is daily average temperature. We assume Q

10
 has a constant 

value of 2.0 for both fine roots and live wood. For leaves, we have adopted a tem-
perature-acclimated Q

10
 equation proposed by Tjoelker et al. (2001),

	 10 avg3.22 0.046Q T= − × 	 (28.7)

The parameters for (28.3)–(28.6) are stored in a table called the Biome Properties 
Lookup Table (BPLUT). More details on the algorithm and data product format for 
both the 8-day and annual products are available in the MODIS GPP/NPP Users’ 
Guide (Heinsch et al. 2003).

28.2.3 � Data Flow and Products

Figure 28.2 provides a flowchart of the logic of the MODIS GPP and NPP 
algorithm, demonstrating how daily GPP and annual NPP are calculated with 
MODIS land cover, FPAR, and LAI, as well as the GMAO daily meteorological 
dataset. The 8-day MODIS GPP and PsnNet values for each pixel are actually the 
sum of the variables for the 8-day period, which are stored in the 8-day MOD17A2 
product. Correspondingly, there is a quality control (QC) variable, which denotes 
whether the input 8-day FPAR/LAI is contaminated (e.g., by clouds) or reliable. 
The annual product (MOD17A3) includes annual total (i.e., summation of) GPP 
and NPP and the accompanying QC (for the definition of the annual QC, please see 
Sect. 28.5). Both MOD17A2 and MOD17A3 are stored in HDF-EOS format, 
which is a self-describing data format with ancillary metadata information, such as 
variable names, units, offset and gain, and other relevant data.

One of the unique features of MODIS GPP and NPP is that they represent the 
summation of carbon absorbed by vegetation, which differs from other MODIS 



64128  MODIS-Derived Terrestrial Primary Production

vegetation products, such as the vegetation indices, FPAR, and LAI. Vegetation 
indices and FPAR/LAI are 8-day or 16-day maximum value composited data; there 
are no associated annual products. If there are missing data or data of poor quality 
resulting from contamination by cloud cover or severe atmospheric aerosol, users 
must fill the gaps with a method appropriate to their needs. However, for both 8-day 
and annual MOD17, if users want to fill the contaminated or missing gaps they 
must, theoretically, first gap-fill the FPAR and LAI, and then compute the MOD17 
products using the MOD17 algorithm and corresponding daily meteorological data. 
This poses a potentially prohibitive obstacle to users. To solve this problem, we 
generate an improved MOD17 at the University of Montana and provide the data 
on our FTP site for users to freely download. The data format is similar to that of 
the official products to eliminate confusion. As a result, there are several options 
for users to obtain MOD17, depending on their needs. Users can get the near real-
time 8-day MOD17A2, with gaps, through the Land Processes Distributed Active 
Archive Center (LP-DAAC), or they can get our reprocessed, quality-control fil-
tered, and gap-filled 8-day and annual MOD17 through our FTP site at the end of 
the processing year. Section 28.5 details the method used to fill gaps in the MODIS 
FPAR/LAI inputs to reprocess the improved MOD17.

Fig. 28.2  Flowchart showing the logic behind the MOD17 Algorithm used to calculate both 
8-day average GPP and annual NPP
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28.3 � Input Uncertainties and the Algorithm

Three sources of MOD17 inputs exist (Fig. 28.2). For each pixel, biome type infor-
mation is derived from MODIS land cover products (MOD12Q1); daily meteoro-
logical data are derived from the GMAO dataset; and 8-day FPAR and LAI are 
obtained from MOD15A2. The uncertainties in GMAO, MOD12Q1, MOD15A2, 
and the algorithm itself all influence MOD17 results.

The GMAO is an assimilated meteorological dataset, not observed data. As a 
result, it may contain systematic errors in some regions. At the global scale, we 
have found that the largest uncertainty for MOD17 derives from the global meteo-
rological re-analysis data. We evaluate uncertainties in the three well-documented 
global re-analyses, including GMAO/NASA, ERA-40/ECMWF, and NCEP/
NCAR, and how these uncertainties propagate to MOD17. To do so, we compre-
hensively compare the four main surface meteorological variables, surface down-
ward solar radiation (S↓

s
), air temperature (T

avg
), air vapor pressure (e

a
), and vapor 

pressure deficit (VPD) from the three re-analyses datasets with surface weather sta-
tion observations. We evaluated how the uncertainties in these re-analyses affect the 
MOD17 algorithm-derived NPP estimates (Zhao et al. 2006).

Our study showed that NCEP tends to overestimate S↓
s
, and underestimate both 

T
avg

 and VPD. ECMWF has the highest accuracy but its radiation is lower in tropical 
regions than NCEP, and GMAO’s accuracy lies between NCEP and ECMWF. 
Temperature biases are mainly responsible for the large biases in VPD in the 
re-analyses data, because of VPD’s dependence on temperature. Figure 28.3 
shows the patterns of zonal means and totals of MODIS GPP and NPP estimated 
by different re-analyses. MODIS NPP contains more uncertainties than GPP. 
Global total MODIS GPP and NPP driven by GMAO, ECMWF and NCEP show 
notable differences (>20 Pg C/yr) with the highest estimates from NCEP and the 
lowest from ECMWF. Again, the GMAO results lie somewhere between the NCEP 
and ECMWF estimates. Spatially, the larger discrepancies among the re-analyses and 
their derived MODIS GPP and NPP occur in the tropics. These results reveal that 
the biases in meteorological re-analyses datasets can introduce substantial error 
into GPP/NPP estimates, and emphasize the need to minimize these biases to 
improve the quality of MODIS GPP/NPP products (Zhao et al. 2006).

Land cover (MOD12Q1) accuracies fall in the range of 70–80%, and most 
“mistakes” are between similar classes (Strahler et al. 2002). A misclassified land 
cover pixel will likely lead to a misuse of MOD17 BPLUT parameters, which leads 
to less reliable MOD17 results. In addition, the current 1-km MODIS global land 
cover classification unit is probably too general for local application. Croplands, for 
example, are very diverse, yet the same set of parameters is applied indiscrimi-
nately to croplands everywhere, introducing large uncertainties for some crops in 
some regions.

A pixel-by-pixel comparison of MOD15A2 with ground measurements has a 
poor correlation, and retrieved LAI values have a propensity for overestimation 
under most conditions (Wang et  al. 2004; Abuelgasim et  al. 2006; Heinsch et  al. 
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2006; Pandya et al. 2006). Comparison at the patch level can significantly improve 
the results, but retrieved LAI are still inclined to produce higher values (Wang et al. 
2004). In the MOD17 algorithm, FPAR is directly related to photosynthetic assimila-
tion, and LAI is only related to autotrophic respiration. Therefore, an overestimated 
LAI from MOD15A2 may result in an underestimated NPP even if FPAR is rela-
tively accurate. Although the temporal filling of unreliable FPAR/LAI greatly 
improves the accuracy of inputs, as discussed in Sect. 28.5, the filled values are 
artificial and contain uncertainties, and their quality is determined by the accuracy of 
FPAR/LAI without contamination in the temporal profile.

Finally, weaknesses in the MOD17 algorithm may lead to uncertainties in GPP/
NPP. For example, the potential maximum value and realistic value under environ-
mental controls for light use efficiency (e), a key physiological variable, is still 
difficult to determine globally. GPP estimated from eddy flux towers can provide 
valuable information on e (Turner et al. 2003a) and is useful to calibrate e in the 
algorithm (Reichstein et al. 2004; Turner et al. 2005; Zhao et al. 2005). However, 
current studies are limited to a few sites, and more extensive studies are needed 

Fig. 28.3  Comparison of the zonal mean of annual GPP, R
plant

, and NPP (a–c), and corresponding 
zonal totals (d–f) driven by the three re-analyses for 2000 and 2001 after aggregation into 0.5° 
intervals. The vegetated land area is shown as a gray scale, where darker shades represent more 
vegetation (Zhao et al. 2006)
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to conduct the analysis across the global flux network. In addition, we still have 
little information regarding the actual values of other parameters in the BPLUT, 
such as fine root maintenance respiration base, and the biomass ratio of fine roots 
to leaves. Currently, for a given biome type, the same suite of parameters is being 
used without spatial variation, which may create uncertainties for some regions or 
specific plant species. Plant respiration algorithms also contain large uncertainties 
besides those in the input data since we do not yet fully understand plant respiration 
(Amthor 2000).

28.4 � Validation

Validation to identify problems is our first priority because algorithm refinement 
and BPLUT calibration cannot take place. The BigFoot Project (http://www.fsl.
orst.edu/larse/bigfoot/index.html) was organized specifically to address MODIS 
product validation needs for both the MOD15 LAI and the MOD17 GPP/NPP 
products, and our participation in the Bigfoot project has provided valuable 
assessment of the MODIS LAI, FPAR, GPP and NPP products. Figure 28.4 shows 
the logic used for MOD17 validation with AmeriFlux towers, including nine sites 
in agriculture, temperate mixed forest, semi-arid coniferous forest, boreal needle-
leaf forest, Arctic tundra, desert grassland, prairie grassland, southern boreal mixed 
forest, and moist tropical broadleaf forest (Turner et al. 2006b). Measurements at 
these sites include field LAI, above-ground NPP, and net ecosystem CO

2
 exchange 

(to estimate GPP) under a carefully-designed sampling scheme for a 7 × 7-km area 
specifically chosen to allow scaling with geostatistical theory to the MODIS 
datasets (Cohen et al. 2003). Maximum values, seasonality, and annual total values 
were estimated for comparison with MODIS data, and a number of papers were 
published in support of this activity, most recently those by Cohen et al. (2006) and 
Turner et al. (2005, 2006a, b).

Validation of weekly GPP is important to determine the accuracy of the MOD17 
algorithm. As a result, we are developing relationships with researchers who 
participate in the FLUXNET network of eddy covariance flux towers, which 
AmeriFlux is a member of for the purpose of comparing MODIS GPP estimates 
with flux tower estimates (Running et al. 1999; Baldocchi et al. 2001; Falge et al. 
2002, Heinsch et al. 2006). Fifteen sites participated fully in the validation effort, 
and results indicate that MODIS does a reasonable job of predicting GPP over 
various biomes throughout North America at 1-km resolution (r = 0.86 ± 0.17 
[95% confidence limit], Fig. 28.5a), although its accuracy varies by biome 
type  (Heinsch et  al. 2006). Much of the variation between tower and MODIS 
GPP arises from the use of coarse resolution GMAO input data (28 ± 45%), with much 
of that error derived from estimates of VPD and incoming shortwave solar radiation. 
Although the MOD17 GPP algorithm was parameterized specifically for use with 

http://www.fsl.orst.edu/larse/bigfoot/index.html
http://www.fsl.orst.edu/larse/bigfoot/index.html
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coarse resolution meteorology, using tower meteorology with the MOD17 algorithm 
suggests the main GPP algorithm is fairly accurate as well (r = 0.79 ± 0.21 [95% 
confidence limit], Fig. 28.5b).

Fig. 28.5  Comparison of the annual MODIS GPP with flux tower-measured GPP for 15 
AmeriFlux sites for 2001. These data were created using (a) the global GMAO meteorological 
data as driver and (b) tower-specific meteorology (Heinsch et al. 2006)

Fig. 28.4  The organizing logic we follow to validate MOD17 GPP with flux tower data, where 
tower meteorology, ground-measured FPAR, and more rigorous ecosystem models are sequen-
tially substituted to evaluate sources of error and variability in MOD17 (based on Running et al. 
(1999))
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28.5 � Processing Improvements and the Algorithm

Four major issues in the collection-4 (C4) MOD17 reprocessing exist:

	1.	 The C4 MOD17 operational process fails to account for the mismatched spatial 
resolution between a 1-km MODIS pixel and the corresponding 1.00° × 1.25° 
GMAO meteorological data.

	2.	 The C4 MOD17 process produces GPP and NPP regardless of the quality of the 
8-day FPAR/LAI (MOD15A2) data, which may introduce considerable error in 
the 8-day MODIS GPP product and, therefore, annual GPP and NPP (Kang et al. 
2005).

	3.	 The C4 MOD17 BPLUT was primarily developed and tested before the MODIS 
launch using upstream inputs that differ from those used operationally (Running 
et al. 2000).

	4.	 C4 MOD17 uses a fill value for all vegetated pixels rather than a calculated 
annual quality control (QC) assessment, because there were insufficient data at 
launch to establish meaningful annual QC values.

To solve the first problem, we have spatially interpolated coarse resolution GMAO 
data to the resolution of the 1-km MODIS pixel using a non-linear interpolation 
scheme. Our studies reveal that this spatial interpolation of GMAO can also improve 
the accuracy of daily meteorological inputs except remove the big GMAO foot print 
in GPP/NPP images (Zhao et al. 2005). To account for quality control issues in the 
MODIS FPAR/LAI product, we have temporally filled the missing and contami-
nated data in the 8-day FPAR/LAI profile for each MODIS pixel. As illustrated in 
Fig. 28.6, the 8-day MODIS FPAR/LAI data (Myneni et  al. 2002) contain some 
cloud-contaminated or missing data. According to the MOD15A2 quality assess-
ment scheme provided by Myneni et al. (2002), FPAR/LAI values retrieved by the 
main algorithm (i.e., a Radiation Transfer model, denoted as RT) are most reliable, 
and those retrieved by the back-up algorithm (i.e., the empirical relationship 
between FPAR/LAI and NDVI) are less reliable since the backup algorithm is 
employed mostly when cloud cover, strong atmospheric effects, or snow/ice are 
detected. The LAI retrievals from the backup algorithm are of lower quality and not 
suitable for validation and other studies (Yang et al. 2006). For the C4 products, LAI 
retrievals by the backup algorithm generally have higher values than those derived 
using the RT model (Yang et al. 2006). This explains why the filled LAI is well 
below the maxima in some periods, as shown in Fig. 28.6 for the Amazon. The 
temporal filling process entails two steps. If the first (or last) 8-day FPAR/LAI is 
unreliable or missing, it is replaced by the closest reliable 8-day (16-day) value dur-
ing that calendar year. This step ensures that the second step is performed in which, 
the remaining unreliable FPAR/LAI data are replaced by linear interpolation of the 
nearest reliable values prior to and after the missing data point.

We have also retuned the BPLUT based on the MODIS GPP validation work on 
eddy flux towers (Turner et al. 2003b, 2005, 2006a, b; Heinsch et al. 2006), and the 
synthesized global NPP datasets for different biomes (Clark et  al. 2001; Gower 
et al. 1997, 2001; Zheng et al. 2003) to address the third issue.
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For the last issue regarding annual QC, we have created a meaningful annual 
GPP/NPP QC, expressed as:

	 g gQC (NU /TOTAL ) 100= × 	 (28.8)

where NU
g
 is the number of days during the growing season with unreliable or 

missing MODIS LAI inputs, TOTAL
g
 is total number of days in the growing sea-

son. The growing season is defined as all days for which T
min

 is greater than –8°C, 
which is the minimum temperature control on photosynthesis for all biomes in the 
BPLUT. Although respiration can occur daily, T

min
 is below –8°C, and both FPAR 

and LAI are perhaps greater than 0, the GPP magnitude is negligible during the 
non-growing season. Furthermore, since the annual QC definition is limited to data 
during the growing season, the number of unreliable LAI values caused by snow 
cover will contribute less to the QC than those caused by cloud cover. Therefore, 
the annual MOD17A3 QC reveals the number of growing days (%) when the 
FPAR/LAI were artificially filled because of cloud cover when calculating the 8-day 
GPP and annual GPP/NPP (Fig. 28.7). Details of the improvements are available in 
Zhao et al. (2005).

We have further improved the MOD17 algorithm for C5 based on new 
knowledge of the MODIS LAI, and plant maintenance respiration. The C4 

Fig. 28.6  An example depicting temporal filling unreliable 8-day Collection-4 FPAR/LAI, and 
therefore improved 8-day GPP and PsnNet for one MODIS 1-km pixel located in Amazon basin 
(lat = –5.0, lon = –65.0) (Zhao et al. 2005)
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MOD17 algorithm calculates growth respiration (R
g
) using the annual maximum 

LAI (LAI
max

), and thus, the accuracy of R
g
 is determined by the accuracy of 

LAI
max

. However, when LAI is >3.0 m2/m2, surface reflectances have lower sen-
sitivity to LAI and the MODIS LAI is retrieved, in most cases, under reflectance 
saturation conditions (Myneni et al. 2002). Generally, annual MODIS LAI

max
 is 

calculated as 6.8 m2/m2 for pixels classified as forests. This logic can generate 

Fig. 28.7  Six-year (2000–2005) mean global 1-km C4.8 improved MODIS annual total GPP, 
NPP and annual QC images estimated with the C5 MOD17 system but with C4 MODIS FPAR/
LAI input (annual QC denotes percent of 8-day with filled MOD15A2 FPAR/LAI as input to the 
improved MOD17 due to the cloud/aerosol contamination and missing periods. Also see the defi-
nition in (28.8) in the text). Land regions with white color are barren, sparsely vegetated and 
non-vegetated areas, including urban, snow and ice, and inland water body
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R
g
 values that are greater than NPP. R

g
 is the energy cost for constructing 

organic compounds fixed by photosynthesis, and it is empirically parameterized 
as 25% of NPP (Ryan 1991; Cannell and Thornley 2000). To improve the algo-
rithm, we replaced the LAI

max
 dependent R

g
 with R

g
 = 0.25 × NPP, and annual 

MODIS NPP is computed as

	 m g mNPP GPP GPP 0.25 NPPR R R= − − = − − × 	 (28.9)

where R
m
 is plant maintenance respiration, and therefore,

	 = × − − ≥
= − <

m m

m

NPP 0.8 (GPP ) when GPP 0, and 

NPP 0 when GPP 0.

R R

R
	 (28.10)

Until recently, a constant value of 2.0 was widely used for 10Q in modelling 
R

m
. Tjoelker et  al. (2001) concluded that the Q

10
 for leaves declines linearly 

with increasing air temperatures in a consistent manner among a range of taxa 
and climatic conditions (see (28.7)). Wythers et al. (2005) found that the adop-
tion of this temperature-variable Q

10
 may enhance the application of ecosystem 

models across broad spatial scales, or in climate change scenarios. We have 
adopted (28.6), replacing the constant Q

10
 for leaves in the algorithm to improve 

its performance.

28.6 � Global Six-Year (2000–2005) Results

Using the improved algorithm and data processing, and the consistent GMAO data 
(version GEOS4), we reprocessed the global 1-km MOD17 for a six-year period 
(2000–2005). For this reprocessing, we have again retuned the BPLUT based on 
recent GPP validation efforts of the Bigfoot project and NTSG, as well as this con-
sistent GMAO dataset. We have named the dataset Collection 4.8 (C4.8) MOD17, 
even though it was generated with our C5 system, because the input MODIS land 
cover is Collection-3 (C3) and the input MODIS FPAR/LAI is C4, which form the 
basis for our C4 processing. The following three sections present the results from 
the 6-year C4.8 GPP/NPP datasets.

28.6.1 � Mean Annual GPP, NPP and QC

Figure 28.7 reveals the spatial pattern of the 6-year mean annual total GPP, NPP, 
and related QC. As expected, MODIS GPP and NPP have high values in areas 
covered by forests and woody savannas, especially in tropical regions. Low NPP 
occurs in areas dominated by adverse environments, such as high latitudes with 
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short growing seasons constrained by low temperatures, and dry areas with limited 
water availability. At the global scale, from 2000 to 2005, MODIS estimated a total 
terrestrial annual GPP of 109.07 Pg C (±1.66 S.D.), and an annual NPP of 52.03 Pg 
C (±1.17 S.D.), ignoring barren land cover as defined by the MODIS land cover 
product. For vegetated areas, the mean annual GPP and NPP are 996.03 (±823.67 
S.D.) and 475.19 (±375.44 S.D.) g C/m2/yr, respectively. Table 28.1 lists the mean 
and standard deviation of annual total GPP, NPP and the ratio between the two for 
different biome types and their corresponding areas. Evergreen broadleaf forests 
have the highest GPP and NPP, while open shrublands have the lowest. Generally, 
NPP is approximately half of GPP, agreeing with the results from field observations 
(Waring et  al. 1998; Gifford 2003). The QC image reflects the percent of filled 
FPAR/LAI during the growing season as discussed above, and as expected, high 
values occur in areas of frequent cloud cover (i.e., higher precipitation).

28.6.2 � Seasonality

The 8-day composite MOD17 GPP also demonstrates the seasonality of terrestrial 
ecosystem uptake of carbon from the atmosphere by photosynthesis at the 1-km 
scale. Figure 28.8 illustrates the seasonality of GPP both spatially and temporally. 
We have aggregated 8-day values to 3 months (Fig. 28.8a). The spatial seasonal 
variations clearly demonstrate the expected peak GPP in summer and the low values 
in winter over the mid- and high-latitudes of the Northern Hemisphere (NH). For 
Africa, the temporal development of MODIS GPP corresponds spatially to the 
movements of the Intertropical Convergence Zone (ITCZ). The dry season (approxi-
mately July) has lower GPP than the wet periods for the African rain forests south 

Table 28.1  Mean, standard deviation (in parentheses) of annual total GPP and NPP, and ratio of 
NPP to GPP for different biome types based on the 6-year (2000–2005) 1-km mean annual 
MODIS GPP and NPP, the corresponding areas for different biome types are derived from MODIS 
land cover

Evergreen 
needle 
forests

Evergreen 
broadleaf 
forests

Deciduous 
needle 
forests

Deciduous 
broadleaf 
forests

Mixed 
forests

Closed 
shrublands

Area (M Km2) 6.14 15.10 2.05 1.73 7.06 0.95
GPP (g C/m2/yr) 834 (329) 2668 (342) 726 (140) 1276 (376) 1043 (380) 809 (359)
NPP (g C/m2/yr) 464 (152) 1148 (301) 305 (64) 555 (229) 523 (187) 387 (190)
Ratio (NPP/GPP) 0.56 0.43 0.42 0.43 0.50 0.48

Open shrublands Woody Savannas Savannas Grasslands Croplands

Area (M Km2) 27.49 9.28 9.74 10.70 19.53
GPP (g C/m2/yr) 309 (209) 1368 (533) 1208 (417) 392 (262) 765 (310)
NPP (g C/m2/yr) 145 (108) 670 (276) 596 (257) 201 (122) 419 (150)
Ratio (NPP/GPP) 0.47 0.49 0.49 0.51 0.55

Note: Barren or sparsely vegetated land areas are excluded
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of equator, because, compared with rainforests on other continents, the African 
tropical rainforest is relatively dry and receives 1,600–2,000 mm/year–1 of rainfall, 
while areas receiving more than 3,000 mm of rainfall in a given year are largely 
confined to the coastal areas of Upper and Lower Guinea. Virtually nowhere in the 
African tropical rainforest is the mean monthly rainfall higher than 100 mm for any 
month during the year (Tucker et al. ). Rainforests of the Amazon basin have higher 
GPP during the dry season from July to November than during the wet season, 
which agree with Huete et al. (2006). During the dry season, monthly precipitation 
in the Amazon basin is approximately 100 mm, making solar radiation, not water, 
the leading limiting factor in this region. Figure 28.8b shows the annual cycle of total 
GPP for four latitudinal bands and for the entire globe. Relatively strong sea-
sonal signals occur for the mid- and high-latitudes of the NH (i.e., north of 22.5°N). 
The areas south of 22.5°S have opposite seasonal profiles relative to the mid- and 
high-latitudes of NH, and the seasonality for the southern hemisphere is much 
weaker. For the entire tropical region (22.5°S–22.5°N), there is little to no seasonal-
ity, while total GPP is always the highest among the four latitude bands. Therefore, 
at the global scale, magnitudes of the annual GPP cycle are mostly attributed to the 
tropical region, while the seasonality is largely determined by areas north of 22.5°N. 

Fig. 28.8  Spatial pattern of (a) the seasonality of MODIS GPP and (b) temporal annual cycle of 
GPP at 8-day interval for four latitude bands and the globe. Land regions with white color are 
barren, sparsely vegetated and non-vegetated areas, including urban, snow and ice, and inland 
water bodies
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With global warming, the growing season in high latitudes has lengthened (Myneni 
et al. 1997; Zhou et al. 2001), and the 8-day MOD17 is a valuable dataset to detect 
the resulting change in the amount of carbon uptake.

28.6.3 � Interannual Variability

The improved C4.8 MOD17 also has the ability to capture the response of terrestrial 
ecosystems to extreme climatic variability at the regional scale, especially widespread 
drought. During the growing season, water stress is generally the leading control factor 
on GPP and NPP. Figure 28.9 shows NPP anomalies from 2000 to 2005 as estimated 
from the 1-km C4.8 improved MODIS NPP, which demonstrates the sensitive 
responses of terrestrial ecosystem to drought in both China and the southwestern 
United States during 2000, Europe in 2003, and Australia and the Amazon in 2005. 
In 2000, the drought occurring in both China and the southwestern USA had negative 
impacts on NPP. The severe drought in Australia and a large part of the USA in 2002 
led to reduced NPP. During 2003 the heat wave in Europe led to drought, and lowered 
NPP in the region. In 2005, the Amazon experienced the worst drought in 100 years, 
making water availability the leading limiting factor instead of solar radiation as 

Fig. 28.9  Spatial pattern of C4.8 improved 1-km MODIS NPP anomalies from 2000 to 2005 
with same period as the baseline for average. Land regions with white color are barren, sparsely 
vegetated and non-vegetated areas, including urban, snow and ice, and inland water bodies
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found by Nemani et  al. (2003) and Huete et  al. (2006) under normal conditions. 
Australia also experienced drought in 2005, which is captured by MODIS NPP 
anomalies. The above-mentioned droughts are reported by different news media and 
scientific journals. While unable to monitor the impacts of climatic anomaly on 
ecosystems at the stand or local level, the 1-km resolution MOD17 can measure and 
track the changes in environment, such as desertification, deforestation, disturbance 
(e.g., fire and insect outbreak), and the impacts of pollution on a larger scale.

Using AVHRR to calculate NPP, Nemani et  al. (2003) found that during the 
period between 1982 and 1999, the correlation between NPP and inverted anomaly 
of CO

2
 interannual growth rate was 0.70 (P < 0.001). For this improved 1-km 

MOD17, the correlation between MODIS NPP and inverted anomaly of CO
2
 inter-

annual growth rate is 0.85 (P < 0.016), and 0.91 for the NCEP-driven MODIS NPP 
with CO

2
 growth rate (Fig. 28.10). The high correlation between NPP and CO

2
 

growth rates may imply terrestrial NPP, rather than heterotrophic respiration or 
wildfires, is the primary driver of atmospheric CO

2
 growth rates. Several potential 

reasons account for this. First, the similar variations of global rates of changes in 
13C/12C isotopic ratio of CO

2
 and CO

2
 suggest that exchange of atmospheric CO

2
 

with terrestrial plants and soil is the dominant cause for both signals (Keeling et al. 
2001). Second, tropical NPP values are more highly correlated with CO

2
 growth 

rates than at other latitudes, and NPP and soil respiration are more tightly coupled 
in tropical areas (Nemani et  al. 2003). Third, soil carbon residence times range 
from less than 4 years in hot, wet tropical areas to greater than 1,000 years in cold 
boreal or dry desert conditions (Barrett 2002; Mayorga et al. 2005), and further-
more, NPP is the source of soil respiration, and thus, to some extent, NPP exerts 
control over heterotrophic respiration. More studies are needed to quantify the 

Fig. 28.10  Interannual variations in global total C4.8 MOD17 NPP driven by NCEP and GMAO, 
respectively, in relation to inverted atmospheric CO

2
 interannual growth rate. A Multivariate 

ENSO Index (MEI) is shown in gray scale, where darker shades represent higher MEI values
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contribution of terrestrial NPP to the variation in atmospheric CO
2
 in the context of 

the global carbon cycle.
The 6 years of MODIS data, on the other hand, show that global total NPP 

decreased during 2000–2005 (Fig. 28.10). Spatially, the largest decreasing trends 
occurred in areas of the tropics and most of Southern Hemisphere, while increasing 
trends in most of mid-latitudes over the Northern Hemisphere (Fig. 28.11).

28.7 � Land Management and Biospheric Monitoring 
Applications

MODIS NPP is potentially very useful for land management and renewable natural 
resource estimations. MODIS weekly GPP agreed well with field-observed herba-
ceous biomass for a grassland in North Dakota (Reeves et  al. 2006), and was 
strongly related to wheat yield for cropland in Montana (Reeves et  al. 2005). 
For forests in the Mid-Atlantic region of the U.S., the regional mean of MODIS 
NPP was very close to the mean stem and root increment estimated from the US 
Forest Service Forest Inventory and Analysis (FIA) data (Pan et al. 2006).

MODIS NPP products are also invaluable to measure both changes in the envi-
ronment, such as desertification, deforestation, disturbances (e.g., fire and insect 
outbreak), as well as the impacts of pollution and climate change, and to evaluate 
ecosystem status and service (e.g., ecosystem health, habitat and wildlife, ecological 

Fig. 28.11  Spatial pattern of 1-km NPP trend from 2000 to 2005 estimated by C4.8 MOD17. Land 
regions with white color are barren, sparsely vegetated and non-vegetated areas, including urban, 
snow and ice, and in-land water bodies. Some white color includes areas with NPP trend close to 0
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footprint) (Running et al. 2004). Loehman (2006) used MODIS GPP to study the 
impacts of resources on rodent populations, especially deer mice, the main 
reservoir host for the Sin Nombre virus (SNV), a primary disease agent of 
Hantavirus pulmonary syndrome. Milesi et  al. (2003a, b, 2005) have used the 
global remotely-sensed NPP to analyze the policy relevance of NPP, such as 
the effects of urbanization on NPP, and identification of human populations that are 
vulnerable to changes in NPP resulting from interannual climate variability. In 
addition, MODIS NPP data can provide information to policy makers and stake-
holders in evaluating greenhouse gas mitigation (Baisden 2006). Finally, the Heinz 
Center is considering MODIS annual NPP as a measure of national ecosystem 
services (Meyerson et al. 2005).

We now use the MODIS GPP and NPP algorithm and data to develop a real-time 
biospheric monitoring system. The final goal of MOD17 is to generate a regular, 
real-time monitor of the terrestrial biosphere that provides a meaningful quantifica-
tion of ecosystem biogeochemistry, of which GPP and NPP are the best current 
candidates. However, few scientists, and even fewer policy makers can relate intui-
tively to weekly maps with units of “gC/m2/d”. Departures from a long-term mean 
condition (similar to weather data) is the most easily understood and interpreted 
presentation of MODIS GPP and NPP data for policy purposes. With a defined 
high-quality historical average GPP for each 1-km pixel now complete for 2000–
2005, we can compare the most recent 32-day MOD17 GPP against the average 
GPP for the same period from 2000 to 2005 as an anomaly map. At the global scale 
(Fig. 28.12), we will use the coarse resolution NCEP/NCAR re-analyses data to 
generate near real-time GPP. For North America, relatively high resolution, i.e., 
32-km, near real-time weather data are available from the regional data assimilation 

Fig. 28.12  A prototype observed departure from normal for 32-day GPP. When operational, this 
map updates every 32 days (less than 8 days behind the acquisition date). Land regions with white 
color are barren, sparsely vegetated and non-vegetated areas, including urban, snow and ice, and 
inland water bodies. Some white color includes areas with GPP anomaly close to 0
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system for the North American Regional Reanalysis (NARR) (Mesinger et al. 2006), or 
our own surface observation gridding system (SOGS) (Jolly et  al. 2005b) using 
real-time observations from National Climatic Data Center (NCDC) to produce rela-
tively high resolution real-time MODIS GPP and NPP. Nemani’s Ecocasting System 
(http://ecocast.arc.nasa.gov/) will use this real-time GPP for future forecasting.

Anomalies in terrestrial GPP and NPP demonstrate the effects of environmental 
drivers such as ENSO events, climate change, pollution episodes, land degradation, 
and agricultural expansion. A regular dataset for global GPP, NPP and their anoma-
lies and trends are useful in biodiversity analysis (Sala et al. 2000; Waring et al. 
2006) and as an environmental monitor for policy formulation (Niemeijer 2002). 
These anomalies delivered in near real-time will provide important information on 
global agricultural commodity trends.  This includes similar yet improved informa-
tion over what currently are evaluated with AVHRR NDVI by the Foreign 
Agricultural Service of the U.S. Dept of Agriculture, the FAO, and other agencies. 
The United Nations FAO is currently considering MODIS GPP anomaly dataset for 
a new global Drought and Famine warning system. The GEOSS (Global Earth 
Observation System of Systems) requires quantitative monitoring of the global 
biosphere with sufficient temporal continuity for change detection, similar to what 
is offered here with the MODIS NPP and evapotranspiration multi-year datasets. 
More discussion of MOD17 applications are found in Running et al. (2004).

28.8 � Future Directions

Water stress is one of the most important limiting factors controlling terrestrial 
primary production, and the performance of a primary production model is largely 
determined by its capacity to capture environmental water stress. The MOD17 GPP 
and NPP algorithm uses only VPD to express total environmental water stress. In 
some dry regions where soil water is severely limiting, MOD17 underestimates 
water stress, thus overestimating GPP, and fails to capture the intra-annual variability 
of water stress for areas with strong summer monsoons (Mu et al. 2006a; Turner 
et al. 2005; Leuning et al. 2005; Pan et al. 2006). We have developed a MODIS ET 
algorithm, validated at 22 AmeriFlux towers, and generated a global MODIS 
evapotranspiration product (Mu et  al. 2006b). Once the MODIS ET has reached 
Stage-2 validation, we will add ET as an additional modifier to the e calculation at 
each 8-day time step. Since this index represents a non-linear relationship between 
soil moisture and leaf water potential, we expect the final relationship will manifest 
non-linear as well.

With the Terra and Aqua satellites nearing the end of their missions, spectral data 
from the next-generation radiometer, the Visible-Infrared Imager-Radiometer Suite 
(VIIRS) flying on the National Polar-orbiting Operational Environmental Satellite 
System (NPOESS) (Miller et al. 2006), is expected to generate MOD17-like products. 
The MOD17 algorithm can also use data from other environmental satellites launched 
by different countries to produce regional or global GPP and NPP. At that point, we 

http://ecocast.arc.nasa.gov/
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expect these weekly GPP and annual NPP data to routinely become part of land 
management, environmental policy analysis, agricultural economics, and monitoring 
of biospheric change. These data products do not meet all the needs and expectations 
of scientists, managers, policymakers, and the public. However, they are unique tools, 
which provide global coverage and weekly continuity of key measures of the impacts 
of environmental changes on terrestrial activity, and ultimately, on humankind.
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