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Introduction
Background
Vegetation primary productivity is represented by the amount of carbon dioxide (CO2) fixed by photosynthesis, the process by
which plants use sunlight energy to produce organic compounds from CO2 and water. Primary productivity is the source of all the
food, fiber, and fuel for our planet by which humans and animals survive and so defines most fundamentally the habitability of
Earth. Vegetation primary productivity is the main force driving the functioning of terrestrial ecosystems as well as participating in
the regulation of the global climate through the carbon (C) and water cycles.
Vegetation primary productivity is described in terms of gross primary productivity (GPP) and net primary productivity (NPP).
All the CO2 entering a plant canopy would be photosynthetic flux in the absence of respiration—that is a flux termed as GPP arising
only from photosynthetic fixation of CO2. Terrestrial ecosystem GPP is the largest global CO2 flux and a measure of the amount of
CO2 removed from the atmosphere by plants every year to fuel photosynthesis. The amount of CO2 removed from the atmosphere
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each year by terrestrial GPP is massive ranging from 100 to 150 petagrams of C per year (Pg C y1) (IPCC, 2001; Roy et al., 2001)
with the best average estimate of 123  8 Pg C y1(Beer et al., 2010). Each year, the photosynthetically fixed GPP is oxidized by
plants for their survival processes such as maintenance, transport, and growth collectively called autotrophic respiration (Ra, i.e.,
the sum of the day and night respiration rates of the various plant organs, including roots). The remaining fixed CO2 accumulates as
plant biomass. This accumulation of biomass per unit area and time is called NPP (i.e., GPP-Ra). The time-integrated (24-h day or
season or year) ratio of NPP to GPP, reflecting the C costs of plant respiratory processes relative to C gains in photosynthesis, ranges
from 0.12 in tropical moist forest to 0.7 in cultivated crops (Amthor and Baldocchi, 2001). This ratio, NPP/GPP, globally averaged
for all terrestrial biomes is usually assumed to be 0.5 (DeLucia et al., 2007). Given the aforementioned global estimate of GPP, the
best estimate for NPP therefore would be 61.5  4 Pg C y1. Earlier estimates from 17 global models of terrestrial biogeochemistry
simulated as a framework of the International Geosphere Biosphere Programme (IGBP), its task forces Global Analysis, Interpretation and Modelling (GAIM), and Data and Information System (DIS), as well as its core project Global Change and Terrestrial
Ecosystems (GCTE) resulted in a range of total NPP values of 44.4–66.3 Pg C y1 (Cramer et al., 1999). Errors and uncertainty
ranges in global vegetation primary productivity, GPP and NPP, estimate often amount to a year worth of total anthropogenic
emissions of CO2 into the atmosphere, if not more. This uncertainty has driven continuous effort to create more accurate and
timely global dataset of vegetation primary productivities, both GPP and NPP, particularly in light of intensifying human-induced
global changes.

Remote Sensing Measures of Vegetation Primary Productivity
Remote sensing offers spatially and temporally continuous data for quantifying and monitoring vegetation primary productivity.
There are three categories of methods to estimate vegetation primary productivity using remote sensing surface variables as primary
input datasets. (1) Empirical models: based on a statistical relationship between remotely sensed environmental variables,
primarily spectral vegetation index (VI), and measured primary productivity values. (2) Light use efficiency (LUE) models: estimate
vegetation primary productivity using incident photosynthetically active radiation (PAR) by a remotely sensed fraction of absorbed
PAR by vegetation (fAPAR) and an energy to biomass conversion factor typically called LUE coefficient. The LUE concept (Kumar
and Monteith, 1981; Monteith, 1972, 1977) is the most widely applied concept for estimating vegetation primary productivity
using remote sensing observations. (3) Enzyme kinetic (EK) ecosystem process models: estimate vegetation primary productivity
following leaf-scale enzyme-kinetics with electron and product transport limits using remotely sensed surface variables as key
model inputs (Liu et al., 1997; Running and Coughlan, 1988). This chapter summarizes the conceptual background and progress
of remote sensing measures of vegetation primary productivity.

Gross Primary Productivity
Gross primary productivity is defined as the total amount of C fixed in the process of photosynthesis minus the C lost by
photorespiration in ecosystem per unit area and time.

Empirical Models for GPP Estimation
When solar radiation is intercepted by plant canopy, the photons pass between leaf gaps unintercepted, or they are scattered
forward/transmitted through leaf, or they are absorbed inside the leaf, or they are scattered backward/reflected by leaf. The photon
absorptance by leaves is mostly controlled by the photosynthetic pigments in the leaves particularly chlorophyll a and b, and
carotenoids which have high absorptance, low reflectance, and transmittance in the blue and red portion of the visible spectrum
(0.4–0.7 mm). The red absorption involves electronic transitions in the chlorophyll molecule centered on the magnesium
component of the photoactive site (Goetz et al., 1985), while the blue absorption is also the effect of electronic transitions in
carotenoid pigments. In the near-infrared (NIR) region (0.7–1.3 mm), the dominant feature of photon–leaf interaction is the high
reflectance of leaves that is associated with leaf cell structure and cellular arrangement within leaves, particularly scattering at the
interfaces of cell walls and intercellular air spaces (Gates et al., 1965; Slaton et al., 2001). NIR reflectance by leaves has been
demonstrated to be particularly influenced by ratio of mesophyll cell surface area exposed to intercellular air spaces which is
strongly associated with photosynthetic performance (Slaton et al., 2001). The absorptance feature in the middle infrared regions
(1.3–2.5 mm) is mainly dominated by the presence of water in the leaves. To this regard, numerous spectral VIs have been
developed based on reflectance measured in red and NIR to link remote sensing signals to vegetation primary productivity. The
basic assumption for the formulation of VI is that an algebraic combination of remotely sensed spectral bands, such as red and NIR,
can be related to the amount of vegetation photosynthesis because low and high reflectance in red and NIR, respectively, indicate
the presence of high photosynthetic biomass.
There have been several statistical approaches to empirically retrieve GPP based on the relationship with VI. Most studies use
least squares regression analysis spanning from linear to exponential to polynomial to relate measured GPP with VI. The most
widely used VI is the normalized difference vegetation index (NDVI).
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Fig. 1 Relationship between in situ measured fAPAR and NDVI for three different vegetation types characterized by different mean leaf angles and
canopy heterogeneity from the growing season in Africa. From Fensholt, R., Sandholt, I., Rasmussen, M.S. (2004). Evaluation of MODIS LAI, fAPAR and
the relation between fAPAR and NDVI in a semi-arid environment using in situ measurements. Remote Sensing of Environment 91(3–4), 490–507.

Fig. 2 Relationship between measured (GPP_EC) and estimated (GPP_TG) GPP using “temperature and greenness model” at Harvard Forest eddy flux
tower site From Wu, C. Y., Munger, J. W., Niu, Z., Kuang, D. (2010). Comparison of multiple models for estimating gross primary production using
MODIS and eddy covariance data in Harvard Forest. Remote Sensing of Environment 114(12), 2925–2939.

NDVI ¼

NIR  red
NIR + red

(1)

Here the NIR and red spectral reflectance values are arithmetically arranged to exploit the high absorptance of red by plant
photosynthetic pigments, primarily chlorophyll, relative to high reflectance in NIR by leaf cell structure, and cellular arrangement
while normalizing the difference mathematically removes all other factors which equally affect both spectral bands. The basic
premises of NDVI or other VIs for GPP estimation are that they are near linearly related to fAPAR (Fig. 1) (Asrar et al., 1984;
Fensholt et al., 2004; Gitelson et al., 2014; Myneni and Williams, 1994; Ruimy et al., 1994; Sellers, 1985) and thereby related to
GPP through the potential capacity of vegetation to absorb light for photosynthesis (Fig. 1).
NDVI  APAR=PAR ¼ fAPAR

(2)

where APAR is the absorbed PAR. This idea is based on the original logic of Monteith (1972, 1977) that suggests the primary
productivity of well-watered and fertilized annual crop plants is linearly related to the amount of solar energy they absorbed.
Numerous VIs have been developed to link remote sensing signals to GPP, while their empirical applications and mathematical
sophistications have increased considerably evolving from simple linear regression (Eq. 3) to approaches that combine meteorological variables.
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(3)

where a and b are regression coefficients derived from relationships of measured GPP and VI. Other prominent VI often used in the
form of Eq. (3) for GPP estimation is the enhanced vegetation index (EVI).
EVI ¼ G

NIR  red
L + NIR + C  redD  blue

(4)

where blue is reflectance of the blue spectral band, G is a gain factor, C and D are aerosol resistance coefficients, and L is the soiladjustment factor. The coefficients commonly used for operational satellite-based observations are L ¼ 1, C ¼ 6, D ¼ 7.5, and
G ¼ 2.5 (Huete et al., 2002). Approaches which use a single VI (Eq. 3) to estimate GPP are called “greenness model” (Huete
et al., 2015).
The greenness GPP estimation models which employ a single VI often have limitations for periods when VI exhibit little change
in response to growth-limiting environmental cues. To this regards, recent efforts focus on “temperature and greenness model”
(Fig. 2) which combines VI with temperature data (Eq. 5), and “greenness and radiation model” (Fig. 3) which combines VI with
PAR to estimate GPP (Eq. 6).
GPP ¼ f ðVI, LSTÞ

(5)

GPP ¼ f ðVI, PAR Þ

(6)

For example, Sims et al. (2008) used EVI and satellite-derived land surface temperature (LST); Wu et al. (2011) used ground
measured PAR and EVI; and Peng et al. (2013) used chlorophyll-related VI and PAR, to estimate GPP in various vegetated
ecosystems. The “temperature and greenness model” (Fig. 2) uses VI and satellite-derived LST, which is closely related to vapor
pressure deficit (VPD), a useful measure of physiological activity of the upper canopy leaves, provided that canopy cover is great
enough that LST is not significantly affected by soil surface temperature. Thus, the “temperature and greenness model” has been
found less useful in areas where temperature is not a growth-limiting factor and in sparsely vegetated ecosystems where soil surface
temperatures significantly contribute to the remotely observed LST (Huete et al., 2015; Ma et al., 2014). The principal limitation of
simple empirical models to estimate GPP is that these approaches lack mechanisms that would allow them extrapolation in time,
space, or varying environment conditions. The empirical relationship holds often true only for the time, space, and environmental
conditions where the relationship is developed.

Photochemical reflectance index
The photochemical reflectance index (PRI) (Gamon et al., 1992), derived from narrow-band spectroradiometers, is a VI increasingly being used as an indicator of photosynthetic efficiency. PRI is an instantaneous indicator of leaf xanthophyll cycle, which
adjusts the distribution of absorbed light energy through the interconversion of a group of three carotenoid pigments
(DemmigAdams and Adams, 1996). The foundation of PRI for use as a proxy to plant’s capacity of radiation use for photosynthesis
(Fig. 4) is the process of deepoxidation state of the xanthophyll cycle which is linked to heat dissipation, a decaying process of
excited chlorophyll that competes with and is complementary to photosynthetic electron transport (DemmigAdams and Adams,
1996; Niyogi, 1999). Since the reflectance at 531 nm is functionally related to the deepoxidation state of the xanthophyll cycle
(Gamon et al., 1990, 1992; Penuelas et al., 1995) and since 570 nm reflectance is instead insensitive to short-term changes in these
pigments, PRI is typically calculated as:
PRI ¼

red531  red570
red531 + red570

(7)

where the numbers of red spectral band reflectance indicate wavelengths in nanometers at the center of the spectral bands. The
physiological basis for these wavelength selections have been fully explored at the leaf scale (Gamon and IPeñuelas, 1993), but are
yet to be supported at larger than canopy scales, where a variety of alternate wavebands have been used, often based on statistical
relationships or instrument limitations.
Gamon et al. (2016) illustrated that over annual time periods, the primary driver of PRI at leaf and canopy scales is the changing
leaf carotenoid pigment pool, typically expressed as the changing ratio of chlorophyll-to-carotenoid pigments, and not the
xanthophyll cycle. Carotenoids serve as light capture and photoprotective pigments of plants and act as antioxidants. Carotenoid
levels increase when plants are exposed to a variety of environmental stressors, and when expressed relative to chlorophyll content
provide optical indicators of reduced photosynthetic activity (Gamon et al., 2016). Since PRI measures the relative reflectance on
either side of the green reflectance “hump” (550 nm), it also compares the reflectance in the blue (chlorophyll and carotenoids
absorption) region of the spectrum with the reflectance in the red (chlorophyll absorption only) region. Consequently, PRI is also
often related to chlorophyll-to-carotenoid ratios in leaves across a large number of species, ages, and conditions (Filella et al., 2009;
Stylinski et al., 2002). Therefore, to the extent that photosynthetic activity correlates with changing chlorophyll-to-carotenoid ratios
in response to stress, and together with PRI responses to deepoxidation state of the xanthophyll cycle, PRI provides an effective
measure of relative photosynthetic rates across a wide range of conditions, ontogeny, phenology, species, and functional types
(Filella et al., 2009; Gamon et al., 1990, 1992, 2016; Penuelas et al., 1995; Stylinski et al., 2002). The upcoming potential launches
of new imaging spectrometers, such as the National Aeronautics and Space Administration (NASA) hyperspectral infrared imager
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Fig. 3 Relationship between measured (GPP_flux) and estimated (GR) GPP using “greenness and radiation model” for 70 representative C flux
tower sites From Wu, C., Gonsamo, A., Zhang, F., Chen, J. M. (2014). The potential of the greenness and radiation (GR) model to interpret 8-day gross
primary production of vegetation. ISPRS Journal of Photogrammetry and Remote Sensing 88, 69–79.

(HyspIRI) and the German EnMAP, will allow the calculation of PRI at high spectral resolution, while the European Space Agency
(ESA) satellite mission for solar-induced fluorescence can further complement PRI data.

Solar-induced chlorophyll fluorescence
Chlorophyll fluorescence analysis has become one of the most powerful and widely used techniques available to plant physiologists because it is linked to photosynthesis rates. Fluorescence can be used to measure the efficiency of Photosystem II (PSII)
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Fig. 4 Relationship between measured PRI and APAR in temperate deciduous broad leaf forest in Fontainebleau, France, for year 2010 (A) and 2007
(B) (C) Relationship between noon-time measured GPP (GPPnoon) and PRI for Mediterranean savanna ecosystem. Square symbols in panel
(C) represent measurements taken during pretreatment and circles after fertilization. The treatments for panel (C) include control (C) with no treatment,
Nitrogen addition treatment (+N), phosphorus addition treatment (+P), and N and P addition treatment (+NP). Panels (A) and (B) from Soudani, K.,
Hmimina, G., Dufrene, E. et al. (2014). Relationships between photochemical reflectance index and light-use efficiency in deciduous and evergreen
broadleaf forests. Remote Sensing of Environment 144, 73–84 and panel (C) from Perez-Priego, O., Guan, J., Rossini, M. et al. (2015). Sun-induced
chlorophyll fluorescence and photochemical reflectance index improve remote-sensing gross primary production estimates under varying nutrient
availability in a typical Mediterranean savanna ecosystem. Biogeosciences 12(21), 6351–6367.

Fig. 5 Comparison of monthly mean GPP estimates at cropland flux tower sites in the US Corn Belt and grassland sites in Western Europe. Flux tower
GPP estimates are compared with SIF observations at 740 nm (A) and with GPP estimates from the MPI-BGC data-driven model (B) and from processbased models [median of an ensemble of 10 dynamic global vegetation models] (C). Each symbol depicts a monthly average for a 0.5 grid box and
those months in the 2007–2011 period for which flux tower data were available. The P value is <0.01 in all of the comparisons. The dashed line in B and
C represents the 1:1 line. From Guanter, L., Zhang, Y. G., Jung, M. et al. (2014). Global and time-resolved monitoring of crop photosynthesis with
chlorophyll fluorescence. Proceedings of the National Academy of Sciences of the United States of America 111(14), E1327–E1333.
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Fig. 6 Relationship between SIF (Fs) and MPI-BGC GPP, MODIS GPP, and MODIS EVI. Each symbol represents one month. [DBF] ¼ Deciduous
Broadleaf Forest, [EBLN(S)] ¼ Evergreen Broadleaf Forest in the northern (southern) hemisphere, [NF] ¼ Needleleaf Forest, [CLN(S)] ¼ Cropland in the
northern (southern) hemisphere, [GL] ¼ Grasslands, [SVN(S)] ¼ Savannas in the northern (southern) hemisphere. From Guanter, L., Frankenberg, C.,
Dudhia, A. et al. (2012). Retrieval and global assessment of terrestrial chlorophyll fluorescence from GOSAT space measurements. Remote Sensing of
Environment 121, 236–251.

photochemistry. PSII is a membrane-embedded protein–pigment complex that uses light energy to drive the transfer of electrons
from water to plastoquinone, resulting in the production of oxygen and the release of reduced plastoquinone into the photosynthetic membrane (Govindjee et al., 2001). PSII electron transport and CO2 fixation are well correlated under laboratory conditions
(Edwards and Baker, 1993; Genty et al., 1989). The principle underlying chlorophyll fluorescence analysis for GPP estimation is as
follows (Maxwell and Johnson, 2000): light energy absorbed by chlorophyll molecules in a leaf can be used to drive photosynthesis
(photochemistry), or excess energy can be dissipated as heat, or it can be reemitted as light (chlorophyll fluorescence). These three
processes occur in competition, such that any increase in the efficiency of one will result in a decrease in the yield of the other two;
hence, by measuring the yield of chlorophyll fluorescence, information about changes in the efficiency of photochemistry and heat
dissipation can be gained (Maxwell and Johnson, 2000). Fluorescence yield can be quantified by exposing a leaf to light of defined
wavelength and measuring the amount of light reemitted at longer wavelengths in the 650–800 nm spectral region.
The total amount of chlorophyll fluorescence is 1%–2% of total light absorbed (Maxwell and Johnson, 2000), and therefore the
solar-induced fluorescence (SIF) observations from space are proposed rather by measuring the weak signal contribution in the
Fraunhofer line wavelengths. The recent developments of new techniques in the remote sensing of SIF observations, particularly
related to the Greenhouse gases Observing SATellite (GOSAT) launch, have opened up a new possibility to measure SIF providing
direct seasonal constraints on global GPP (Frankenberg et al., 2011; Guanter et al., 2012; Joiner et al., 2011). The Fourier Transform
Spectrometer (FTS) on board the GOSAT platform has made possible the retrieval of SIF on a global scale by modeling the in-filling
of solar Fraunhofer lines by fluorescence (see in-filling method in Frankenberg et al., 2011; Guanter et al., 2012; Joiner et al., 2011;
Sioris et al., 2003). Satellite-based SIF was found to be well correlated with measured and modeled GPP (Figs. 5–7). These
correlations can be attributed to SIF being related to two processes: (i) the total absorbed radiation by photosynthetically active
chlorophyll and (ii) the functional status of actual photosynthesis and vegetation stress (Rascher et al., 2015).
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Fig. 7 SIF (Fs) as retrieved from GOSAT from June 2009 to December 2011 (a) and Modeled GPP from Max Planck Institute for Biogeochemistry
(MPI-BGC). From Frankenberg, C., Berry, J., Guanter, L., Joiner, J. (2013). Remote sensing of terrestrial chlorophyll fluorescence from space. SPIE
Newsroom 2–5.

Global scale retrievals of SIF from space have so far been achieved from a number of spaceborne spectrometers originally
intended for atmospheric research. For example, taking advantage of the high spectral resolution provided by GOSAT’s FTS in the
755–775 nm spectral window, SIF retrievals can be performed at two narrow spectral bands at 757 and 770 nm containing a
number of solar Fraunhofer lines. Complementary, the Global Ozone Monitoring Experiment-2 (GOME-2) instruments onboard
MetOp-A and MetOp-B platforms enable SIF retrievals at 740 nm with a continuous global coverage ( Joiner et al., 2013). Most
recently, a global and spatially continuous SIF data at 740 nm has been produced from the Scanning Imaging Absorption
Spectrometer for Atmospheric Chartography (SCIAMACHY) sensor onboard ESA’s ENVIronmental SATellite (ENVISAT) (Kohler
et al., 2015). Recent launch of NASA’s Orbiting Carbon Observatory (OCO-2) made also possible to retrieve SIF at high spatial
resolution (Wood et al., 2016). OCO-2 and the upcoming ESA’s missions such as FLuorescence EXplorer (FLEX) and TROPOspheric Monitoring Instrument (TROPOMI) launch will offer the possibility of monitoring SIF globally with a 100-fold improvement in spatial and temporal resolutions with respect to GOSAT, GOME-2, and SCIAMACHY (Frankenberg et al., 2014; Wood
et al., 2016). These missions provide not only dataset for empirical retrieval of GPP but also possibility to measure the rate of
photosynthesis providing direct real-time constraints on global GPP modeling.

Light Use Efficiency Models for GPP Estimation
One of the most widely used concept applied on remote sensing data to estimate GPP is the light use efficiency (LUE) model
(Kumar and Monteith, 1981; Lieth and Robert, 1975; Monteith, 1972, 1977). LUE is the ratio of GPP to APAR:
LUE ¼ GPP=APAR ¼ GPP=ðfAPAR  PAR Þ

(8)
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GPP is then expressed as the product of APAR between 400–700 nm wavelength and LUE, with which the APAR can be converted
into biomass:
GPP ¼ LUE  APAR ¼ LUE  fAPAR  PAR

(9)

The LUE model is built on two fundamental assumptions (Running et al., 2004): (1) terrestrial ecosystem GPP is directly related to
APAR through LUE, where LUE reflects the amount of CO2 fixed per unit of APAR and (2) LUE may be reduced below its theoretical
potential value by environmental stresses such as low temperature or water shortage (Landsberg, 1986). Variations in LUE models
to estimate GPP appear in the calculation of fAPAR and APAR, the estimation of maximum LUE, and the use of scalar or
downregulation factors. Moreover, there are several definitions of LUE value depending on practical and theoretical considerations
during measurements and applications (Gitelson and Gamon, 2015). However, the general form of GPP estimation from LUE
model is as follows (Yuan et al., 2007):
GPP ¼ PAR  fAPAR  LUEmax  f

(10)

where LUEmax is the maximum LUE without environmental stress and f is a lumped scalar varying from 0 to 1 that represents the
reduction of LUEmax under limiting environmental conditions. The product of LUEmax and f is the LUE under actual environmental conditions. Remote sensing-based VI can effectively reflect the chlorophyll amount of the plant canopy and are therefore
frequently used to calculate the fAPAR. However, different environmental factors are considered by different models. Several
prominent LUE-based models for GPP estimation are discussed later.

The Carnegie-Ames-Stanford approach model
The Carnegie-Ames-Stanford Approach (CASA) model (Potter et al., 1993) was one of the first LUE models ever developed.
However, the original CASA is designed for simulating NPP because there were only NPP observations to calibrate LUE when it was
developed during the early 1990s. The CASA model described here is modified to estimate GPP using LUE concept, in essence, GPP
is two times NPP (Messerschmidt et al., 2013). The latest version of CASA model which simulates GPP is called the Carnegie-AmesStanford Approach-Global Fire Emissions Database version 3 (CASA-GFED3) (van der Werf et al., 2010). GPP is estimated as
follows:
GPP ¼ 2  NPP ¼ 2ðfAPAR  PAR  LUEmax  f ðT1, T2, W ÞÞ

(11)

where T1, T2, and W are scalars for the limitations imposed by two temperatures and the water stress, and CASA uses constant
LUEmax value of 0.389 or 0.55 g C MJ1 for all biomes (Potter et al., 1993). T1 reflects the limitation imposed by low temperatures
on photosynthesis and its computational formula:
2
T1 ¼ 0:8 + 0:02  Topt  0:0005  Topt

(12)

where Topt is the monthly average temperature in the month in which simple ratio (SR see Eq. 16) reaches its maximum in a given
year and geographic location. When the average temperature of a month is equal to or below -10 C, T1 is 0. T2 captures how the
LUEmax decreases as the environmental temperature deviates from the Topt and can be computed using the following formula:

 

(13)
T2 ¼ 1:1814= 1 + e0:2ðTopt 10T Þ = 1 + e0:3ðTopt 10T Þ
When T, the average temperature of a month, is 10 C higher or 13 C lower than Topt, T2 of this month is one-half of its maximal
value, which is achieved when the monthly average T is Topt. The water stress factor, W, increases as the available water in the
environment increases, ranging from 0.5 (extremely arid condition) to 1 (very wet condition), thus:
W ¼ 0:5 + 0:5EET=PET

(14)

where PET is the potential evapotranspiration, which is calculated using the Thornthwaite formula, and EET is the actual
evapotranspiration estimated by the soil water molecule model. When the monthly average temperature is equal to or below
0 C, the W of this month is set to be equal to that of the preceding month.In earlier version, fAPAR of canopy is estimated with SR
and biome type, where the maximum value of fAPAR is 0.95. fAPAR canopy is defined as:


SR  SRmin
, 0:95
(15)
fAPARcanopy ¼ min
SRmax  SRmin
SR ¼

NIR
red

(16)

where the value of SRmin is set to 1.08 and the magnitude of SRmax varies with biome types and ranges from 4.14 to 6.17. The new
versions of CASA models use EVI to estimate fAPAR of chlorophyll (fAPARchl) (Potter et al., 2012):
fAPARchl ¼ EVI

(17)
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The global production efficiency model
The global production efficiency (GLO-PEM) Model was developed by Prince and Goward (1995) and estimates GPP based on the
production efficiency concept. It includes the components that describe the processes of canopy radiation absorption, utilization,
autotrophic respiration, and the regulations of these processes by environmental factors (Goetz et al., 2000; Prince and Goward,
1995). The second-generation global production efficiency model (GLO-PEM2) is derived from an earlier version of the model
developed to simulate vegetation primary productivity using a suite of algorithms driven entirely by remotely sensed measurements. GLO-PEM2 (Goetz et al., 1999) has an improved multisensor surface temperature recovery algorithm, an autotrophic
respiration component sensitive to deviations in air temperature from long-term daily means, a more sensitive set of data-screening
algorithms, and an improved integration scheme for modeling daily observations during periods without satellite observations.
GLO-PEM models differ from other production efficiency models in that these models do not assign a fixed value for maximum
LUE for each vegetation type. Instead, they are based on quantum yield (a) that is affected by, among other factors, photosynthetic
pathway, temperature, the CO2 compensation point, and the O2/CO2 specificity ratio (Goetz et al., 1999). GPP is estimated as
follows:
GPP ¼ APAR  LUE

(18)

LUE ¼ LUEmax  f ðT, VPD, SÞ

(19)

where

where T is air temperature, VPD is vapor pressure deficit, and S is surface soil moisture. The quantum yield (aÞ is a well-known
variable with defined values and dependency on the particular biochemical C fixation pathway and temperature. For C4 plants,
LUEmax does not depend on temperature and has a value of 2.76 g MJ1. For C3 plants, LUEmax depends on the a calculated as
follows:
LUEmax ¼ 55:2a

(20)

where

a ¼ 0:08

Pi  G
Pi + 2G


(21)

where a is the quantum efficiency (i.e., CO2 per unit light quantum, which can be fixed); Pi is the CO2 concentration inside the
leaves; and G is the photosynthetic compensation point for CO2. Thus,
 
Oi
(22)
G ¼ 0:08
2τ
where Oi is the O2 concentration, which is set to 20,900 Pa and τ is the Michaelis-Menten factor that determines how the CO2 and
O2 concentrations change with plant temperature, which can be computed using


T  20
10
(23)
τ ¼ 2600  0:57
For Eq. (18) APAR is calculated as follows:
APAR ¼ fAPAR  PAR

(24)

fAPAR ¼ 1:67 NDVI  0:08

(25)

where

The air temperature impact can be calculated according to the following formula:
"
f ðT Þ ¼

220000 + 710ðT + 273:16Þ
1 + e 8:314ðT + 273:16Þ

#1
(26)

where f(T ) is the impact of the air temperature and T is the air temperature. The surface soil moisture impact is calculated as follows:
f ð SÞ ¼

CSI + 2Dτ
4Dτ

where Dτ is the plant physiological growth resistance factor under the impact of soil moisture and CSI is the cumulative soil
humidity index. The vapor pressure deficit impact on plant growth can be calculated from the saturation vapor pressure deficit:
f ðVPDÞ ¼ 1:2e0:35D  0:2

(27)
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where D is the saturation vapor pressure deficit.Based on GLO-PEM2, Cao et al. (2004) modified f(T), f(S), and f(VPD) as follows:
f ðT Þ ¼
f ðSÞ ¼

ðT  Tmin ÞðT  Tmax Þ

ðT  Tmin ÞðT  Tmax Þ  T  Topt

1  0:05  dp
0:25
dp  15,

(28)

2

0 < dp < 15
where dp ¼ QW ðT Þ  q

(29)

f ðVPDÞ ¼ 1  e0:081ðdy83:03Þ

(30)

where Tmin, Topt, and Tmax are the minimum, optimal, and maximum temperature of photosynthesis, respectively. In this model,
the maximum and minimum temperatures for the C3 plants are 50 C and  1 C, respectively, whereas for C4 plants, the maximum
and minimum temperatures are 50 C and 0 C, respectively. The optimal temperature is defined as the average temperature during
the growth season over many years. QW (T ) is the saturation humidity at a specified temperature, q is the humidity in the
atmosphere, and dy is the soil moisture deficit (mm) in the top 1.0 m of soil. The soil moisture deficit is defined as the difference
between saturated water content and actual water content.

The terrestrial uptake and release of carbon model
The terrestrial uptake and release of carbon (TURC) model calculates GPP from actual LUE (Ruimy et al., 1996).
GPP ¼ LUE  fAPAR  P  R

(31)

where P is the ratio of PAR to incident shortwave radiation (R), and its value is 0.48. The linear relationship between fAPAR and
NDVI is defined as:
fAPAR ¼ 0:95  ða + bNDVIÞ

(32)

using minimum and maximum NDV, derived from the National Oceanic and Atmospheric Administration’s (NOAA’s) Advanced
Very High Resolution Radiometer (AVHRR) reflectances over the Sahara desert, and the Amazonian rain forest, a and b are  0.025
and 1.25, for all biome types (Ruimy et al., 1994). The TURC model assumes one constant LUE across all ecosystem types.

The physiological principles in predicting growth model
The physiological principles in predicting growth (3-PG) model (Landsberg and Waring, 1997) calculates GPP from fAPAR and
LUE and takes into consideration the effects of freezing temperatures, soil drought, atmospheric vapor pressure deficits, soil
fertility, C allocation, and stand age. 3-PG was explicitly designed to bridge the gap between complex process-based forest growth
models, and the empirical growth and yield models familiar to all forest managers. A spatial version of 3-PG is based on spatially
derived climatology, soil surveys, and remote-sensed observations (Coops et al., 1998).
GPP ¼ 0:01  Dm  PAR  LUE
2

(33)
1

1

where Dm is the number of days in the month and the 0.01 converts g m to t ha . LUE (g MJ ) in 3-PG is expressed as the
efficiency of conversion of APAR (MJ m2 d1) into dry matter. PAR intercepted by the canopy is given by Beer’s law and takes into
account the fact that the canopy might not be closed.


LAI
(34)
PAR ¼ 0:5 1  ek Fc  R  Fc
where Fc is the fractional ground cover of the canopy, k is the light extinction coefficient, LAI is the canopy leaf area index, R
(MJ m2 d1) is the (monthly average) daily incident shortwave solar radiation, and the 0.5 converts total radiation into PAR. The
Fc is calculated assuming ground cover increases linearly with canopy age up to some characteristic stand age which is typically
3 years, and LAI is related to foliage mass as follows:
LAI ¼ 0:1  SLA  Wf

(35)

where SLA is specific leaf area (m2 kg1) which is a species-specific and age-dependent parameter, and 0.1 converts t ha1 into
kg m2, and Wf is biomass pools for foliage. LUE is calculated from the canopy quantum efficiency (a) and takes into account
environmental modifiers based on atmospheric VPD, available soil water, mean air temperature, frost days per month, site
nutrition, and stand age (Landsberg and Sands, 2011). Only the most limiting of the VPD and soil water (y) factors is used, but
the other factors are applied multiplicatively.
LUE ¼ 24  4:6  f ðT Þf ðFÞf ðFRÞf ðSÞf ðCaÞf ðageÞMinðf ðVPDÞ, f ðyÞÞaCx
1

(36)

where 24 (g mol ) converts moles of plant matter into grams of dry matter (assuming dry matter is 50% C), 4.6 (MJ mol1)
converts moles of PAR into MJ of PAR, and species-specific parameter aCx (mol mol- 1) is the canopy quantum efficiency when no
factors are limiting growth and atmospheric CO2 is 350 ppm. The individual growth modifiers are as follows: f(T ) is a function of
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the (monthly) average daily temperature ( C), f(F) is a function of the number of days of frost per month, f(FR) is a function of the
site fertility rating, f(S) is a function of the salinity of a site as measured by the soil electrical conductivity, f(Ca) is a function of the
atmospheric CO2 concentration (ppm), f(VPD) is a function of daytime average vapor pressure deficit (mba), f(y) is a function of
the relative plant-available soil water content in the root zone (i.e., the ratio of the current plant-available soil water to the
maximum plant-available soil water for that soil), and f(age) is a function of stand age (years) (Landsberg and Sands, 2011).

The MODIS GPP (MOD17) model
The Moderate Resolution Imaging Spectroradiometer (MODIS) GPP product (MOD17) is the most widely used operational global
GPP product that uses remote sensing data and is developed based on LUE principles (Running et al., 2004; Zhao et al., 2005).
GPP ¼ fAPAR  0:45R  LUEmax  f ðTmin Þ  f ðVPDÞ

(37)

where R is shortwave incidence solar radiation, of which 45% is PAR, f(VPD) and f(Tmin) are the reduction scalar from water stresses
(high daily Vapor Pressure Deficit, VPD) and low temperature (low daily minimum temperature Tmin), respectively.
fAPAR is estimated as a function of NDVI, derived from the standard MODIS land product (MOD15) (Running et al., 2000,
2004):
fAPAR ¼ NDVI

(38)

The reduction scalars for moisture and temperature limitations are calculated as follows:

f ðTmin Þ ¼

f ðVPDÞ ¼

8
0
>
<T

Tmin < Tlow

min  Tlow

Tlow < Tmin < Thigh
>
: Thigh  Tlow
1
Tmin > Thigh

8
>
< 1 VPD  VPD

(39)

VPD < VPDmin
min

VPDmin < VPD < VPDmax

>
: VPDmax  VPDmin
0
VPD > VPDmax

(40)

where Tmin is the daily minimum air temperature and VPD is the vapor pressure deficit. Thigh and Tlow are the maximum and
minimum temperature thresholds of photosynthesis, respectively, and VPDmax and VPDmin are the minimum and maximum VPD
thresholds of photosynthesis, respectively. MOD17 uses biome-specific constant values for LUEmax, VPDmax, VPDmin, Thigh, and
Tlow for 11 plant functional types (Fig. 8).

Fig. 8 MODIS gross primary productivity (GPP) product (MOD17) showing the mean annual value for 2000–2013 for the global terrestrial surface. The
highest GPP is seen across the equatorial zone encompassing southeast Asia, the Amazon basin, and equatorial Africa. The lowest GPP areas appear in
Australia, arid zones, and the circumpolar regions. From Tang, X. G., Li, H. P., Desai, A. R. et al. (2014). How is water-use efficiency of terrestrial
ecosystems distributed and changing on Earth? Scientific Reports 4, 7483.
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The vegetation photosynthesis model
The Vegetation Photosynthesis Model (VPM) divides leaf and forest canopies into photosynthetically active vegetation (PAV) and
nonphotosynthetic active vegetation (NPV) (Xiao et al., 2004, 2005a,b). Based on the conceptual partition of PAV and NPV within
leaf and canopy, GPP over the photosynthetically active period of vegetation is estimated as follows:
GPP ¼ fAPAR  PAR  LUEmax  f ðT Þ  f ðW Þ  f ðP Þ

(41)

where f(T ), f(W), and f(P) representing the restriction mediated by temperature, moisture, and leaf phenology (age), respectively,
on LUEmax and are estimated as follows:
f ðT Þ ¼ 

ðT  Tmin ÞðT  Tmax Þ

ððT  Tmin ÞðT  Tmax ÞÞ  T  Topt

(

(42)

1 + LSWI
1 + LSWImax

(43)

1 + LSWI
during bud burst to full leaf expansion
2
1
after full leaf expansion or f or evergreen forest

(44)

f ðW Þ ¼
f ðP Þ ¼

2

where Tmin, Tmax, and Topt are minimum, maximum, and optimal temperatures for photosynthetic activities, respectively. If air
temperature falls below Tmin, f(T ) is set to be zero. LSWImax is the maximum LSWI within the plant-growing season for individual
pixels. The LSWI (land surface water index) is calculated from NIR and shortwave infrared (SWIR) reflectance:
LSWI ¼

NIR  SWIR
NIR + SWIR

(45)

fAPAR is estimated as a function of EVI:
fAPAR ¼ EVI

(46)

The C-Fix model
The C-Fix model (Veroustraete et al., 2002) calculates GPP as follows:
GPP ¼ fAPAR  P  R  LUEmax  f ðT Þ  f ðCO2 fert Þ

(47)

where P is the ratio of PAR to incident shortwave radiation (R) and its value is 0.48, f(T ) is the normalized temperature dependency
factor (value between 0 and 1), f(CO2fert) is the normalized CO2 fertilization factor (no fertilization means value equal to 1;
fertilization means values larger than 1), and LUEmax is fixed to 1.1 (gC/MJ(APAR)) for all biome types. fAPAR is estimated as a
function of NDVI:
fAPAR ¼ 0:0814 + 0:8642  NDVI
The temperature dependency factor, f(T ), is calculated as follows (Wang, 1996):


DHa, p
C1
Rg  T
e


f ðT Þ ¼
DS  T  DHd, p
Rg  T
1+e

(48)

(49)

where C1 is light-saturated assimilation constant, DHa, p (J mol1) is activation energy, Rg (J K1 mol1) is gas constant, T is air
temperature (k), DS (J K1 mol1) is entropy of the denaturation equilibrium of CO2, and DHd, p (J mol1) is deactivation energy.
The parameter values listed in f(T ) are given in Veroustraete et al. (2002). The CO2 fertilization factor f(CO2fert) is calculated as
follows:


O2
O2
ref
 Km  1 +
+ CO2
CO2 
2o
Ko


f ðCO2 fert Þ ¼
(50)
O2
O2
ref
+ CO2
CO2   Km  1 +
2τ
Ko
where o is CO2/O2 specificity ratio, Km (% CO2) is the affinity constant for CO2 of Rubisco, Ko (% CO2) is inhibition constant for
O2, and CO2 is the CO2 concentration in the mesophyll tissue of leaves. The parameter values listed in f(CO2fert) are given in
Veroustraete et al. (2002). The C-Fix model estimates several components of the terrestrial ecosystem C fluxes including net
ecosystem productivity (NEP).

Vegetation Primary Productivity

15

The eddy covariance-light use efficiency model
This Eddy Covariance-Light Use Efficiency (EC-LUE) Model estimates GPP from LUE principle parameterized at eddy covariance
stations (Yuan et al., 2007; Yuan et al., 2010).
GPP ¼ fAPAR  PAR  LUEmax  Minðf ðT Þ, f ðW ÞÞ

(51)

This model considers the restrictions imposed by the temperature (f(T )) and moisture (f(W)) on the LUE and assumes that the
restriction obeys the ecological law of the minimum, that is, the final environmental restriction depends on the environmental
factor that exerts the strongest effect. The f(T ) is calculated
f ðT Þ ¼ 

ðT  Tmin ÞðT  Tmax Þ

ððT  Tmin ÞðT  Tmax ÞÞ  T  Topt
f ðW Þ ¼

1
LE
¼
b1 + 1 H + LE

2

(52)

(53)

where Tmin, Tmax, and Topt are minimum, maximum, and optimal temperatures for photosynthetic activities, respectively. If air
temperature falls below Tmin or increases beyond Tmax, T is set to zero. In EC-LUE model, Tmin and Tmax are set to 0 C and 40 C,
respectively, while Topt is determined using nonlinear optimization (Yuan et al., 2007). LE is measured latent heat flux (W m2),
and H is sensible heat flux (W m2). The Bowen ratio (b) is the ratio of energy available for sensible heating to energy available for
latent heating. fAPAR is estimated as a function of NDVI:
fAPAR ¼ 0:168 + 1:24  NDVI

(54)

Light use efficiency from PRI and SIF observations
Light use efficiency (LUE) is closely related to biochemical processes involved in photoprotective responses of plant tissues to excess
radiation when more solar radiation is absorbed than can be utilized for photosynthesis (Fig. 9). Therefore, the photochemical
reflectance index (PRI) and solar-induced fluorescence (SIF) observations provide the most direct measures of biochemical
processes involved in photoprotective responses and thus LUE. One such process is the nonphotochemical quenching (NPQ),
regulated by the xanthophyll cycle, in which the pigment violaxanthin is reversibly deepoxidized to zeaxanthin via antheraxanthin
(Demmig et al., 1987; Jahns and Holzwarth, 2012). The xanthophyll cycle can be monitored with PRI, and PRI expresses the
relative downregulation of LUE induced primarily by high light intensities. If the xanthophyll photoprotection mechanism is the
dominant process driving instantaneous LUE, then it should vary with APAR or PAR intensity and time of day and exhibit different
LUE for sunlit versus shaded leaves (Middleton et al., 2009) (Fig. 9). The original PRI index design was developed at the leaf scale
for sunflowers, and since then numerous studies have demonstrated a logarithmic relationship between LUE and PRI (e.g., Fig. 10).
However, it should be noted that unfavorable environmental conditions, such as insufficient water and nutrients, and extreme
temperatures also produce lower LUE (Fig. 9), possibly also contributing to responses mediated through the xanthophyll cycle. The
relationship between LUE and PRI, particularly at canopy or ecosystem scales, is also affected by various factors including viewing
and illumination geometry, plant nutrient limitation, environmental stress, canopy structure, soil background, pigment content

Fig. 9 Schematic illustration of light use efficiency (LUE) concept for photosynthesis rate estimation. LUE (A) and LUE (C) show the slopes of the first
linear part of rectangular hyperbolic light-response curves, typically called photon (or quantum) yield for healthy and stressed leaves, respectively.
LUE (A) and LUE (C) are near-instantaneous LUE measured at leaf level as ratio of photosynthesis rate to PAR. LUE (B) and LUE (D) are LUE
measured at canopy or ecosystem scales, or time-integrated values, typically the ratio of GPP to PAR or APAR for healthy and stressed ecosystems,
respectively. Shaded area shows excess radiation.
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Fig. 10 The logarithmic relationships between daily average PRI and LUE calculated using data observed from 9:00 a.m. to 16:30 p.m. each day for 6
months for a subtropical planted coniferous forest in southern China From Zhang, Q., Ju, W. M., Chen, J. M. et al. (2015). Ability of the
photochemical reflectance index to track light use efficiency for a sub-tropical planted coniferous forest. Remote Sensing 7(12), 16938–16962.

(e.g., carotenoids/chlorophyll ratio), and shadow fraction. Moreover, the reflectance change in the PRI detection band is only
about 7% of the total reflectance and thus difficult to recover from space- or air-borne observations in the presence of other factors
that can cause variations in spectral reflectance of similar or larger magnitudes (Hall et al., 2008). Therefore, the initial successes
(Gamon et al., 1997) of PRI for directly measuring LUE from the leaf scale to individual canopies, and ultimately to regional and
global scales, remain challenging.
A separate line of inquiry for direct remote sensing-based measurement of LUE has focused on the use of SIF. SIF is essentially a
leak of photons from photosynthetic membranes, and it is, therefore, related to the flux of photons absorbed by chlorophyll and to
biochemical processes that regulate the processing of these photons with PSII. Thus, theoretically, SIF ¼ APAR  FQY, where FQY is
the fluorescence quantum yield defined as the ratio of the total emitted fluorescence to the amount of light absorbed by
photosynthetic pigments. This expression for SIF is similar to a typical LUE-based expression of GPP, GPP ¼ APAR  LUE. These
equations can be combined and simplified to illustrate the relationship between SIF, LUE, and GPP; GPP ¼ SIF  LUE / FQY.
Consequently, disentangling APAR effects from LUE effects in GPP are possible if we are able to measure FQY independently.
Absolute values of FQY are difficult to obtain experimentally (Cerovic et al., 1996). The extent to which SIF can be used directly as
LUE depends on to what extent the relationship between LUE for photosynthesis and that for fluorescence vary, and to the stability
of LUE/FQY ratio. Since SIF is most directly a response to APAR, the SIF-to-GPP relationship only reflects the relationship between
SIF and APAR and does not necessarily mean SIF contains information on LUE.
Generally speaking, both PRI and SIF provide both direct and supplementary information toward LUE-based estimation of GPP
from remote sensing observations. Direct estimation of LUE from satellite observations provides spatially and temporally
continuous information and also accounts for the effects of spatial heterogeneity of landscape vegetation composition on LUEbased estimation of GPP. Even though the temporal, spatial, and spectral limits of remote sensing to measure SIF and PRI are
technically resolved, several challenges remain. For example, LUE is often lowest around noon, the typical satellite overpass time.

Net Primary Productivity
Net primary productivity (NPP) is the net production of organic matter by plants in ecosystem per unit area and time, i.e., GPP
minus C losses resulting from the respiration of the plants (autotrophic respiration). Approximately one-half of the organic matter
generated by GPP is released into the atmosphere through autotrophic respiration. The other half, which constitutes the NPP,
becomes biomass. NPP from remote sensing observations is often estimated following similar approaches as GPP (see
Section “Gross Primary Productivity”) because there is no successful method to estimate autotrophic respiration independently
from remote sensing observations. Therefore, in the following two subsections (subsections “Empirical Models for NPP
Estimation” and “Light Use Efficiency Models for NPP Estimation”), only summary of the approaches is provided.
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Empirical Models for NPP Estimation
Traditionally, most studies of NPP based on satellite data have used an empirical regression relationship between NDVI over a
growing season with NPP or above-ground NPP (ANPP) (Goward et al., 1985; Paruelo et al., 1999). Scientists, as early as the 1980s,
found a strong linear relationship between time-integrated NDVI data from AVHRR and typical biome-specific NPP values for the
major global vegetation biomes (Fig. 11). Two independent early studies with extensive reference NPP data proved NDVI to be a
relatively reliable predictor of NPP, except in areas with complex terrain and high productivity of vegetation (Box et al., 1989;
Goward et al., 1985). Scientists have gone as far as applying the NDVI and NPP relationship to global scale to study atmospherebiosphere exchange of CO2 (Fung et al., 1987). Along with the above studies to directly relate NDVI to NPP and the C cycle, several
other studies were conducted in the last four decades to develop the link between several other VIs and NPP (Campos et al., 2013).
Most studies focus on relating VIs to ANPP rather than to total plant NPP due to expediency of acquiring field ANPP (Chong et al.,
1993; Paruelo et al., 1997). Subsection “Empirical Models for GPP Estimation” describes that empirical models based on remote
sensing VIs can be used to estimate terrestrial GPP, and therefore NPP. The limitations of empirical models to estimate NPP are the
same as GPP (subsection “Empirical Models for GPP Estimation”).

Light Use Efficiency Models for NPP Estimation
Most of the recent light use efficiency (LUE) models are developed to estimate solely GPP, and NPP is often taken as that of the
estimated one-half of GPP (subsection “Light Use Efficiency Models for GPP Estimation” and Table 1). However, earlier models
such as the CASA model (Potter et al., 1993) and the Global Production Efficiency (GLO-PEM) model (Prince and Goward, 1995)
were originally developed to simulate NPP (subsections “The Carnegie-Ames-Stanford approach model” and “The global
production efficiency model”). This is because it was much easier to measure NPP based on traditional forestry inventory to
develop the LUE coefficients prior to the development of Eddy Covariance techniques to measure CO2 exchange between land and

Fig.11 Relationship between biome-averaged integrated NDVI from NOAA-AVHRR sensors and net primary productivity rates. For each biome a welldistributed sample of NDV1 measurements (90 per biome) was used to compute the biome average. From Goward, S. N., Tucker, C. J., Dye, D. G.
(1985). North-american vegetation patterns observed with the NOAA-7 advanced very high-resolution radiometer. Vegetatio 64(1), 3–14.
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Table 1

Summary of NPP calculation approaches for light use efficiency models listed in subsection “Light Use Efficiency Models for GPP Estimation”

Model

NPP as f(GPP,
Ra)

CASA
(original)
CASA
(new)
GLO-PEM

0.5  GPP

GLO-PEM2

GPP  Ra

Total Ra

Rm

Rg

0.5  GPP
GPP  Ym  Yg

Rm + Rg ¼ GPPð1  Ym  YgÞ



 
TcT
W
e0:5 25
0:53
W + 50
W is the viable above-ground
biomass


W ¼ 716:61Redmin2:6 ,



0:4
1000W
, where W is the viable above-ground biomass
fYm ð0 < Ym < 1Þ ¼ 1 
0:75 1000W + 50


W ¼ 716:61Redmin2:6 and

fYg ð0 < Yg < 1Þ ¼ 0:75

References
Potter
et al. (1993)
Potter
et al. (2012)
Prince and
Goward
(1995)

Redmin is the minimum reflectance of red spectral band of AVHRR
Goetz
et al. (1999)

Redmin is the minimum
reflectance of red spectral band of
AVHRR, Tc is the annual average
temperature, and T is the air
temperature
TURC

GPP  Ra

3-PG

0:47  GPP

MOD17

GPP  Ra

M  ð1 + 0:16  T ) where M is maintenance respiration at 0 C temperature (T )

Rm + Rg

1 0

1
T  20
T  20
B
C B
C
10
10
@LM  LMB  ð3:22  0:046  T Þ
A + @FM  FMB  ð3:22  0:046  T Þ
A
0



where T is temperature, LM and FM are leaf and fine root masses, respectively, and LMB and
FMB are leaf and fine root base respiration rates, respectively 20 C
VPM

0:47  GPP

C-Fix

GPP  ð1  AdÞ

GPP  Ad where
Ad ¼ ð7:825  1:14  TÞ=100

EC-LUE
a

Ra is autotrophic respiration, Rm is maintenance respiration, and Rg is growth respiration.

0:28  ðGPP  RmÞ

0.25  NPP

Ruimy
et al. (1996)
Landsberg and
Waring
(1997)
Running
et al. (2004),
Zhao and
Running
(2010)
Xiao
et al. (2004),
Xiao
et al. (2005a,
b)
Veroustraete
et al. (2002)
Yuan
et al. (2007)
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atmosphere. Some of the LUE models have explicit functions to estimate autotrophic respiration (Ra) components, i.e., maintenance respiration (Rm) and growth respiration (Rg) (Table 1). Whereas, other models estimate NPP as a simple function of GPP or
vice versa (Table 1). To this date, there is no widely applicable successful approach to estimate the respiratory component of plant
organs directly from remote sensing observations.

Remote Sensing-Based Enzyme Kinetic Models for Vegetation Primary Productivity Estimation
Process-based vegetation primary productivity models vary greatly in their intended application, complexity, and their representation of physical, chemical, and biological processes to estimate GPP and NPP. Enzyme kinetic (EK) models, unlike light use
efficiency or empirical models, represent leaf-scale enzyme-kinetics with electron and product transport limits on simulated GPP
and NPP, and nearly all EK models include a representation of stomatal conductance balancing photosynthesis against water loss
through leaf stomata (Ball et al., 1987; Collatz et al., 1991; Collatz et al., 1992; Farquhar et al., 1980; Harley et al., 1992; Leuning,
1990; Voncaemmerer and Farquhar, 1981). There is a large EK model diversity in both the complexity of model structures and
formulations, as well as types of the simulated C flux components. Some models with well-defined processes for soil water, C, and
nutrient dynamics can simulate the net C flux between the terrestrial biosphere and atmosphere, while simpler models are designed
to simulate only vegetation primary productivities. Therefore, each EK model is a complex combination of scientific hypotheses
and choices, and their estimates depend on these inherent assumptions. Some EK models are empirically or statistically based with
relatively simple relationships between driver variables and flux; others are more complex, simulating the coupled C, nutrient, and
water cycles in terrestrial ecosystems. Models also differ in their representation of soil properties, vegetation type, and environmental forcings, as well as how C pools are initialized and how much remote sensing information is used. Even though significant
progress has been made in EK model development over the past four decades, in many ways models have not progressed enough in
their simulation performance of vegetation primary productivity.
Although not described in this chapter in detail, there are several other non-EK process-based models to simulate GPP and NPP.
Some of these models are simply called stomatal conductance or C assimilation approaches (Arora, 2002; Fisher et al., 2014). They
first calculate the maximum possible rate of GPP or stomatal conductance and then downscale it with empirical multipliers based
on environmental properties such as light, temperature, CO2, nitrogen, and water, for example, see Fisher et al. (2014). Because of
the critical dependency on poorly characterized global empirical multipliers over space and time, models that rely on
C assimilation approaches may have large uncertainties from such domains (Arora, 2002; Fisher et al., 2014). The EK models
are the most commonly approaches for process-based simulation of vegetation primary productivity because they explicitly
couple C, water, and energy through stomatal conductance and are relatively more robust in extrapolations overtime.

Vegetation Primary Productivity Estimates From EK Models
Performance evaluation of a number of EK and LUE models can be found in several studies (Huntzinger et al., 2012; Schaefer et al.,
2012; Schwalm et al., 2010). Since the focus of this subsection is on those models with strong photosynthesis process representation using primarily remote sensing information to simulate vegetation primary productivity, one prominent model that uses
remote sensing data the most is described in detail in subsection “Boreal Ecosystem Productivity Simulator.” Some EK models use
direct remote sensing observations such as leaf area index and land cover, and others are prognostic models which generate leaf and
intended for long-term simulation of terrestrial ecosystem C flux. Table 2 lists the most commonly used EK models with model
structural characteristics required to simulate GPP and NPP.

Boreal Ecosystem Productivity Simulator
Among several EK models, boreal ecosystem productivity simulator (BEPS) is the one which uses the maximum amount of remote
sensing inputs. BEPS is a process-based two-leaf enzyme kinetic terrestrial ecosystem process model designed to simulate energy,
water, and C fluxes using spatial data sets of meteorology, remotely sensed land surface parameters (LAI, biomass, land cover type,
and clumping index), and soil property, as well as land cover-dependent parameters for photosynthesis and respiration rates.
Despite its namesake, BEPS can be used to simulate vegetation primary productivity of the entire global terrestrial ecosystems
(Chen et al., 2012) (Fig. 12). The temporal resolution of the earlier version of BEPS is daily. In daily BEPS (Gonsamo et al., 2013;
Liu et al., 2003; Liu et al., 1999, 2002; Liu et al., 1997), daily C fixation is calculated by scaling the Farquhar leaf biochemical model
(Farquhar et al., 1980) up to the whole canopy level implemented with sophisticated spatial and temporal scaling schemes (Chen
et al., 1999). Daily GPP is calculated separately for sunlit and shaded leaves after the analytical integration of the Farquhar model
over each day to account for diurnal variations of meteorological variables on photosynthesis, through several steps of mathematical development (Chen et al., 1999; Gonsamo et al., 2013; Liu et al., 2003; Liu et al., 1999, 2002; Liu et al., 1997). C fixation in
daily BEPS is constrained by leaf stomatal conductance scaled by photosynthetic photon flux density, temperature, vapor pressure
deficit, and leaf water potential ( Jarvis, 1976).
The hourly BEPS is an extended version of the daily BEPS designed to simulate instantaneous photosynthesis and respiration.
Compared to daily BEPS, the hourly BEPS includes a land surface scheme to calculate energy balance, sensible and latent heat
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Table 2

Summary of major enzyme kinetic (EK) models for vegetation primary productivity simulation

EK model category

Model

Dynamic
vegetation
models

Agro-IBIS

Can-IBIS

IBIS

Farquhar-Collatz
model (Collatz
et al., 1991)
Farquhar-Collatz
model (Collatz
et al., 1991)
Farquhar-Collatz
model (Collatz
et al., 1991)

ED2

Farquhar-Collatz
model (Collatz
et al., 1991)

ORCHIDEE

Farquhar–Collatz
model (Collatz
et al., 1992;
Farquhar et al.,
1980)
Modified Farquhar–
Collatz model
(Collatz et al.,
1991; Farquhar
et al., 1980;
Haxeltine and
Prentice, 1996)
Farquhar–Collatz
model (Collatz
et al., 1991)
Farquhar–Collatz
model (Collatz
et al., 1991)
Farquhar–Collatz
model (Collatz
et al., 1991)
Farquhar model
(Farquhar et al.,
1980)
Farquhar model
(Farquhar et al.,
1980)

LPJ

Terrestrial
biogeochemistry
models

Photosynthesis
module

SiB3

SiBCASA

SiBcrop

Daily
BEPS
Hourly
BEPS

Ecosys

CN-CLASS

BiomeBGC
v4.2
LoTEC

Farquhar–Collatz
model (Collatz
et al., 1991)
Farquhar model
(Farquhar et al.,
1980)
Farquhar model
(Farquhar et al.,
1980)
Farquhar model
(Farquhar et al.,
1980)

Soil
layers

Nitrogen
cycle

Temporal
resolution

Leaftocanopy

References

11

Yes

Halfhourly

Bigleaf

Kucharik
(2003)

7

Yes

Halfhourly

2-leaf

Liu
et al. (2005)

6

No

Hourly

2-leaf

Foley
et al. (1996)

9

Yes

Halfhourly

2-leaf

Medvigy
et al. (2009)

2

No

Halfhourly

Bigleaf

Krinner
et al. (2005)

f(T, biomass,
leaf nitrogen,
C:N ratio)

2

Yes

Hourly

Bigleaf

Sitch (2000)

f(instantaneous
GPP)

10

No

Hourly

Bigleaf

Baker
et al. (2008)

f(T, Ts,
biomass)

25

No

Hourly

Bigleaf

Schaefer
et al. (2009)

f(T, biomass,
GPP)

10

Yes

Hourly

Bigleaf

Lokupitiya
et al. (2009)

f(T, biomass,
GPP)

1

Yes

Daily

2-leaf

Liu
et al. (1997)

f(T, Ts, SM,
biomass,
GPP)

>5

Yes

Hourly

2-leaf

f(T, Ts,
biomass, leaf
nitrogen)
f(instantaneous
GPP)

15

Yes

Hourly

2-leaf

Chen
et al. (2007a,
b), Ju
et al. (2006)
Grant (2001)

3

Yes

Halfhourly

2-leaf

Arain
et al. (2006)

f(T, biomass,
leaf nitrogen,
GPP)
f(T, Ts, SM,
biomass,
GPP)

1

Yes

Daily

2-leaf

Thornton
et al. (2002)

14

No

Halfhourly

Bigleaf

Hanson
et al. (2004)

Ra
f(T, Ts, P, SM,
Rs, Rl,
biomass)
f(T, Ts, P, SM,
Rs, Rl,
biomass)
f(T, Ts, P, SM,
Rs, Rl,
biomass,
GPP)
f(T, Ts,
biomass, leaf
nitrogen,
GPP)
f(T, biomass)

T is air temperature, Ts is soil temperature, P is precipitation, SM is soil moisture, Rs is surface incident shortwave radiation, Rl is surface incident longwave radiation, GPP is gross
primary productivity, and Ra is autotrophic respiration.
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Fig. 12 Spatial distribution of global gross primary productivity (GPP) averaged for 1982–2015 and simulated using hourly BEPS model. Courtesy of
Dr. Liming He, Dr Jing M Chen et al., Department of Geography and Planning, University of Toronto, Toronto, Ontario, Canada.

fluxes, soil water, and soil temperature status (Chen et al., 2007a,b; Ju et al., 2006). The “Jarvis” model ( Jarvis, 1976) used for the
calculation of stomatal conductance in daily BEPS is replaced by the Ball-Woodrow-Berry model (Ball et al., 1987) in hourly BEPS.
NPP from both daily and hourly BEPS is calculated as a difference of GPP and autotrophic respiration. Autotrophic respiration is
separated into maintenance respiration and growth respiration. Growth respiration is calculated as a proportion of GPP depending
on respiration coefficient and C allocation fraction for each plant component (leaf, stem, and root). The maintenance respiration is
temperature dependent and calculated as a product of biomass (sapwood for stems), maintenance respiration coefficient, and
temperature sensitivity factor (Q10) of each plant component. The respiration coefficients and C allocation fraction vary among
land cover types. Brief descriptions of model structures and simulation of photosynthesis and other biogeophysical processes are
given in Table 3.
The two BEPS models share the same general structure, allowing the description of the same biophysical processes (Table 3).
However, the ways the processes are represented differ greatly (Table 3). The hourly BEPS treats each time step calculation as
instantaneous with no temporal integration but suffers from the need for, and inaccuracy of, spatial scaling due to computational
demands needed for high spatial resolution simulation. The daily BEPS is suitable for high spatial resolution remote sensing
applications because of its moderate demand on computation and input data. Since the diurnal variations of solar radiation,
temperature, and the associated canopy processes generally follow predictable patterns, daily BEPS, when correctly parameterized
and temporally integrated, can capture most of the day-to-day variability in the plant canopies. The performances of both BEPS
models have been extensively evaluated (Chen et al., 1999; Gonsamo et al., 2013; Govind et al., 2009; Ju et al., 2010; Liu et al.,
2003; Liu et al., 1999, 2002; Liu et al., 1997; Sprintsin et al., 2012; Zhang et al., 2012). Independent global scale model-data
intercomparison studies of several EK and LUE models show that BEPS performs comparably better than most of the considered
models in simulating vegetation primary productivity (Huntzinger et al., 2012; Schaefer et al., 2012; Schwalm et al., 2010).

Summary and Future Directions
The amount of vegetation primary productivity, GPP and/or NPP, defines the carrying capacity of the Earth for her habitants and
thus her ability to support most life forms on a long-term basis. Moreover, vegetation primary productivity plays vital roles in
regulating global climate patterns and atmospheric greenhouse gas concentrations (Friedlingstein et al., 2006; Gonsamo et al.,
2016a,b; Gonsamo et al., 2017). Remote sensing data provides global coverage of spatially and temporally continuous information
about the land surface that can be used for the accurate retrieval and simulation of the vegetation productivity of terrestrial
ecosystems. Simple empirical models are still vital particularly to develop reference primary productivity measures at watershed or
smaller scales to validate outputs from light use efficiency (LUE) or enzyme kinetic (EK) models. Nonparametric empirical models,
although not exhaustively used, hold a great potential to improve GPP and NPP retrievals based on empirical models. Early stage
efforts to this regard show promising future of nonparametric neural network approach to retrieve GPP (e.g., Beer et al., 2010;
Moffat et al., 2010). LUE models provide a bridge between process intensive approach of EK models and simple but data
constrained approach of empirical models. The principal gaps of LUE models to estimate primary productivity include, not
treating shaded and sunlit leaves separately, and lack of mechanisms to integrate fertilization from atmospheric CO2 and nutrient
deposition.
Despite the fact that there is a large number of process-orientated approaches including EK models, some of the largest sources
of uncertainty in global C budget are found in the terrestrial biosphere. The number of processes included in EK models ranges
from just a few to dozens, spanning leaf, canopy, plant, and ecosystem scales. As a result, there is a wide diversity of process
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Brief description of the hourly and daily boreal ecosystem productivity simulator (BEPS)

Process

Daily BEPS

Hourly BEPS

Leaf-to-canopy upscaling
Canopy layers
Stomata conductance module

Sum of sunlit and shaded
Under- and over-storey
Jarvis model ( Jarvis, 1976) whereby the maximum
stomatal conductance is scaled using temperature,
vapor pressure deficit, radiation, and leaf water
potential
Farquhar two-leaf photosynthesis model (Farquhar
et al., 1980)
One-layer bucket model
Leaf area index, land cover, biomass, and clumping
index
Minimum temperature, maximum temperature,
radiation, humidity, day length, and precipitation
Soil water holding capacity
1
Fixed value per land cover type

Sum of sunlit and shaded
Under- and over-storey
Calculated using Ball–Woodrow-Berry model (Ball et al.,
1987)

Photosynthesis module
Soil biogeochemical module
Remote sensing inputs
Meteorology inputs
Soil data inputs
Number of soil layers
Leaf nitrogen content

Vertical radiation partitioning
Main C flux outputs

Main energy flux outputs
Main water flux outputs
Temporal resolution
C3/C4 photosynthesis
partitioning
Vegetation C pools

Soil C pools
Vertical integration of
maximum carboxylation rate
of Rubisco (Vcmax)
Vertical integration of
maximum rate of electron
transport (Jmax)
Soil temperature
Soil water content
Number of snow pack layers

Key references

Partitioned to sunlit, shaded, and under-storey leaves
based on clumping index and gap fraction
Gross primary productivity, net primary productivity,
maintenance respiration, and growth respiration
None
Evaporation, transpiration, evapotranspiration, and soil
water content
24 h
No
Total biomass is partitioned into leaf, stem, and root
C values

One C pool
Fixed value per land cover type

Fixed value per land cover type

Not considered
Calculated using a one-layer bucket model
On the first day, snow pack data are entered into the
model. Snow and rain were differentiated by air
temperature. Snow pack thickness varies based on air
temperature and radiation
Gonsamo et al. (2013), Liu et al. (2003), Liu et al. (1999,
2002), Liu et al. (1997)

Farquhar two-leaf photosynthesis model (Farquhar
et al., 1980)
CENTURY model (Parton et al., 1993)
Leaf area index, land cover, and clumping index
Temperature, radiation, humidity, precipitation, and
wind
Soil texture
>5
Fixed value per land cover type for the top of canopy and
decreases exponentially from the top to the bottom of
a canopy
Calculated based on the probability of sunlit and shaded
leaves at each canopy depth
Gross primary productivity, net primary productivity,
net ecosystem productivity, maintenance respiration,
growth respiration, and heterotrophic respiration
Latent and sensible heat
Evaporation, transpiration, evapotranspiration, runoff,
and soil water content
1h
Yes
Surface structural litter, surface metabolic litter, soil
structural litter, soil metabolic litter, and coarse woody
litter. And four live vegetation C pools: leaf, stem,
coarse root, and fine root
Surface microbe, soil microbe, slow, and passive pools
Calculated for sunlit and shaded leaves separately
according to vertical leaf nitrogen content gradient in
the canopy
Calculated for sunlit and shaded leaves separately
according to vertical leaf nitrogen content gradient in
the canopy
Calculated for each soil layer separately
Calculated for each soil layer separately
Varies based on the calculated snow thickness, which is
estimated on the basis of snow density and snow
water equivalent values
Chen et al. (2007a,7b), Chen et al. (2012), Ju
et al. (2006)

inclusion, process formulation, and parameter specification. Therefore, in additional to global model intercomparison initiatives,
each and every process models intermediate outputs should be validated if we really want to decrease uncertainty in global
C budget estimates. New links to data sets on the ground, in the atmosphere, and remote sensing together with data assimilation
and uncertainty propagation should guide the future improvements of processes in EK models. Most EK models use only leaf area
index and land cover data from remote sensing outputs. However, new remote sensing data outputs such as clumping index to
separate shaded and sunlit leaves, soil moisture, atmospheric CO2 observations, solar-induced chlorophyll fluorescence, to
mention, but few should be integrated to process models. Acclimation processes are also not well represented in EK models and
need further development.
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