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Abstract. Persistent divergences among the predictions of
complex carbon-cycle models include differences in the sign
as well as the magnitude of the response of global terrestrial primary production to climate change. Such problems
with current models indicate an urgent need to reassess the
principles underlying the environmental controls of primary
production. The global patterns of annual and maximum
monthly terrestrial gross primary production (GPP) by C3
plants are explored here using a simple first-principles model
based on the light-use efficiency formalism and the Farquhar
model for C3 photosynthesis. The model is driven by incident photosynthetically active radiation (PAR) and remotely
sensed green-vegetation cover, with additional constraints
imposed by low-temperature inhibition and CO2 limitation.
The ratio of leaf-internal to ambient CO2 concentration in
the model responds to growing-season mean temperature, atmospheric dryness (indexed by the cumulative water deficit,
1E) and elevation, based on an optimality theory. The greatest annual GPP is predicted for tropical moist forests, but the
maximum (summer) monthly GPP can be as high, or higher,
in boreal or temperate forests. These findings are supported
by a new analysis of CO2 flux measurements. The explanation is simply based on the seasonal and latitudinal distribution of PAR combined with the physiology of photosynthesis. By successively imposing biophysical constraints, it
is shown that partial vegetation cover – driven primarily by
water shortage – represents the largest constraint on global
GPP.

1

Introduction

Differences among model predictions of the terrestrial
carbon-balance response to changes in climate and atmospheric carbon dioxide concentration ([CO2 ]) remain stubbornly large (Ciais et al., 2013; Friedlingstein et al., 2006;
Sitch et al., 2008). After reanalysing coupled climate–
carbon-cycle model results from Friedlingstein et al. (2006),
Denman et al. (2007) revealed disagreements in the overall
magnitude of the modelled (positive) climate-CO2 feedback,
and also in the responses of key processes – ocean CO2 uptake, soil organic mater decomposition, and especially terrestrial net primary production (NPP) – to [CO2 ] increase
and/or climate change. Modelled positive responses of global
NPP to [CO2 ] varied by a factor greater than five, while
the models disagreed even on the sign of the response of
global NPP to climate. The more recent Earth System Models (ESMs) in the Coupled Model Intercomparison Project
5 (CMIP5) archive show no better agreement (Ahlström et
al., 2012; Anav et al., 2013; Arora et al., 2013; Friedlingstein
et al., 2014; Jones et al., 2013; Todd-Brown et al., 2013).
Ciais et al. (2013) summarized the CMIP5 carbon-cycle results (their Fig. 6.21) and highlighted the weak land-carbon
uptake response to both [CO2 ] and climate change, shown
by two “N-coupled” ESMs (models allowing for interactions
between the terrestrial C and N cycles). The CMIP5 models collectively show a high bias in the simulation of recent
trends in atmospheric [CO2 ], because the modelled uptake of
CO2 by the oceans and/or land is too small, being the smallest in the N-coupled models (Hoffman et al., 2013). Several
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“offline” N-coupled land-carbon-cycle models have also generated contradictory and, in some cases, apparently unrealistic responses of NPP to climate (Thomas et al., 2013; Zaehle and Dalmonech, 2011). These disappointing outcomes
of recent model development suggest to us that the controls
of NPP, not least the role of nutrient limitations, are inadequately understood and that this is a major impediment to
the development of reliable ESMs.
Perusal of the terrestrial ecology literature confirms that
there is indeed no consensus on the controls of either GPP or
NPP. Some empirical primary production models have continued to rely on correlations with mean annual temperature
and precipitation (Del Grosso et al., 2008), even though the
positive geographic relationship of GPP or NPP with temperature is almost certainly indirect, rather than causative (Bonan, 1993; Garbulsky et al., 2010). There is a strong correlation between the latitudinal gradients of photosynthetically
active radiation (PAR) and mean annual temperature; PAR
is the driving force of photosynthesis but also constitutes a
nearly constant fraction of solar short-wave radiation, which
is the driving force of the latitudinal temperature gradient. It
is therefore very likely that the observed global relationships
of GPP and NPP to temperature are caused at least in part
by this correlation between temperature and PAR. Based on
a model simulation, Churkina and Running (1998) assessed
the relative importance of different climatic controls (temperature, water availability, PAR) on terrestrial primary production, indicating different controls or combinations of controls
to be dominant in different regions. However, the analysis
by Churkina and Running implicitly discounts the possibility that all three factors could simultaneously limit photosynthesis, and ignores the ubiquitous, experimentally observed
stimulation of C3 photosynthesis by increasing [CO2 ]. It has
long since been established that agricultural crop production
is proportional to the cumulative PAR absorbed by the crop
(Monteith and Moss, 1977a; Monteith and Moss, 1977b), yet
Pongratz et al. (2012) and others have modelled crop production without considering PAR. Many models have invoked N
and/or P limitations as ancillary controls on primary production; Huston and Wolverton (2009) went further, arguing that
soil nutrients (rather than climate) primarily determine the
global pattern of NPP. Finally, Fatichi et al. (2013) claimed
that NPP is not controlled by photosynthesis at all, but rather
by environmental constraints on growth.
Different explanations of the controls of terrestrial primary production are thus rife in the ecological literature, yet
the choice of model assumptions can imply radically different responses to global change (Wang et al., 2012). It is
therefore time for a fundamental reassessment of the controls of primary production. With this goal in mind, we define a conceptually very simple model for GPP. The model
allows us to explore the consequences (and potentially the
limitations) of the hypothesis that “the primary controls on
terrestrial GPP are incident PAR, green-vegetation cover and
[CO2 ]”. We first consider a counterfactual, continuously vegBiogeosciences, 11, 5987–6001, 2014

etated world in which C3 photosynthesis operates at its full
biophysical potential everywhere, and PAR is not attenuated
by atmospheric absorption and clouds. Then, we add constraints one by one. The model has the form of a “light-use
efficiency” (LUE) model (i.e. modelled GPP is proportional
to absorbed PAR). However, unlike empirical LUE models,
the value of LUE and its variation with environmental factors are derived from first principles, beginning with the standard model of C3 photosynthesis (Farquhar et al., 1980). The
derivation rests on the “co-limitation” or “coordination” hypothesis, which predicts that the photosynthetic capacity of
leaves at any location and canopy level acclimates over times
longer than a day to the prevailing daytime PAR. This is in
order to be neither in excess (which would entail additional,
non-productive maintenance respiration) nor less than what
is required for full exploitation of the available PAR. This
hypothesis implies that average daily photosynthesis under
field conditions is close to the point where the Rubisco- and
electron transport-limited rates are equal. The co-limitation
hypothesis has strong experimental support, as was recently
demonstrated by Maire et al. (2012).
The LUE concept has been applied in diagnostic primary production models, including the Simple Diagnostic
Biosphere Model, SDBM (Knorr and Heimann, 1995), the
Carnegie–Ames–Stanford Approach model, CASA (Field et
al., 1995; Potter et al., 1993), the Simple Diagnostic Photosynthesis and Respiration Model, SDPRM (Badawy et al.,
2013), and the widely used algorithms to estimate GPP and
NPP from remotely-sensed “greenness” data provided by
MODIS (Running et al., 2004). By “diagnostic” we mean
models that rely on remotely sensed green vegetation as an
input, distinct from prognostic models that simulate vegetation cover. A particular version of the co-limitation hypothesis was used to derive an explicit LUE formula in the strand
of complex, prognostic terrestrial carbon-cycle models that
originated with BIOME3 (Haxeltine and Prentice, 1996) and
the Lund–Potsdam–Jena (LPJ) DGVM (Sitch et al., 2003).
CO2 limitation can be represented in a natural way in the
co-limitation framework if the ratio of leaf-internal to ambient [CO2 ] (ci /ca ) can be specified. This is done here with
the help of the “least-cost hypothesis” (Wright et al., 2003),
which states that the long-term effective value of ci /ca minimizes the combined unit costs of carboxylation (proportional
to photosynthetic capacity) and transpiration (proportional to
sapflow capacity). This hypothesis also has strong empirical
support (Prentice et al., 2014) and provides a continuous prediction of the ci /ca ratio as a function of environmental aridity, temperature and elevation. Thus, our modelling approach
does not require that we divide plants into functional types
(PFTs) with apparently differing physiological responses, as
has usually been done in complex models, and is now commonly done in models based on remote sensing as well.
We focus exclusively on GPP. It is probably reasonable
to extrapolate the first-order results to NPP, given that, on
a global scale, NPP is approximately a constant fraction of
www.biogeosciences.net/11/5987/2014/
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Table 1. Model equations for each step and the global annual gross
primary production (GPP, Pg C a−1 ) estimated by each model. ϕ0 :
intrinsic quantum efficiency of photosynthesis (mol mol−1 ), ã: leaf
absorptance (dimensionless), PAR: incident photosynthetically active radiation (mol m−2 ), PARtoa : PAR at the top of the atmosphere
(mol m−2 ), PAR0 : accumulated PAR for the period with daily temperature above 0 ◦ C (mol m−2 ), fAPAR: fractional absorbed PAR
(dimensionless), ci : leaf-internal CO2 concentration (µmol mol−1 ),
0 ∗ : photorespiratory compensation point (µmol mol−1 ).
Model equation

Global
annual GPP

GPP = ϕ0 × ã × PARtoa
GPP = ϕ0 × ã × PAR
GPP = ϕ0 × ã × PAR × fAPAR
GPP = ϕ0 × ã × PAR0 × fAPAR
∗
i −0
GPP = ϕ0 × ã × PAR0 × fAPAR × c c+2×0
∗
i

2960
1442
322
300
211

GPP (Waring et al., 1998), although caution is needed because this fraction may vary (DeLUCIA et al., 2007). The
fine-tuning of the NPP / GPP ratio is a separate issue, which
will be considered in forthcoming work. C4 and CAM photosynthesis are not modelled. For this reason, evaluation of
the model results is based on data from forests, where C3
photosynthesis predominates.

2
2.1

Methods
Model summary and protocol

The model was applied to the global land surface, excluding ice-covered regions and Antarctica, at a grid resolution
of 0.5◦ . It was driven with a fixed seasonal cycle of PAR,
climate and fAPAR. Insolation (short-wave solar radiation
at the top of the atmosphere) was computed using standard
methods. Half of solar short-wave radiation was assumed to
be PAR. PAR was converted from energy to photon units using a conversion factor of 4.5 mol−1 MJ. Remotely sensed
green-vegetation-cover data were used to derive absorbed
PAR. Required climate data (mean monthly temperature, precipitation and fractional cloud cover) were derived from climatic research unit time-series data (CRU TS3.1), averaged
over the same period as the remote-sensing measurements.
We first considered a hypothetical world in which PAR at
the top of the atmosphere (PARtoa , see more detailed calculations in Appendix, Sect. A1) could be fully utilized by plants.
In other words, we assumed a continuous vegetation cover,
ideal temperature and moisture conditions, and a perfectly
clear atmosphere containing adequate CO2 for optimal photosynthesis (Table 1). Potential GPP under these conditions
is the product of PARtoa , leaf absorptance (a), and the intrinsic quantum efficiency of photosynthesis (ϕ0 ). The leaf absorptance accounts for the fraction of PAR lost by reflection
www.biogeosciences.net/11/5987/2014/
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(albedo), transmission and incomplete utilization of the PAR
spectrum. We assumed a leaf absorptance of 0.8 (Collatz et
al., 1998), bearing in mind that this quantity shows substantial variation among species (Long et al., 1993). The intrinsic quantum efficiency of photosynthesis is the quantum efficiency (mol mol−1 ) that can be realized at low PAR, low [O2 ]
and saturating [CO2 ]. We assigned an intrinsic quantum efficiency of 0.085, again following Collatz et al. (1998). This is
in the mid-range of reported values for the intrinsic quantum
efficiency of C3 photosynthesis.
As the real atmosphere is not perfectly clear and contains
clouds, we considered next the effect of atmospheric absorption and reflection of PAR. PARtoa for each month of the year
was converted to the PAR incident on vegetation canopies
(Table 1) using the Prescott formula (Linacre, 1968). This
modifies GPP by a factor of 0.75 (the clear-sky transmittivity) under clear skies, declining to 0.25 under completely
cloudy skies. The values thus obtained were increased by
2.7 % per kilometre of elevation (Allen, 2005) to account for
the reduced thickness of the atmosphere at higher elevations
(Appendix, Eq. A3).
The fraction of absorbed PAR (fAPAR), indicating actual
green-vegetation cover, was introduced next. fAPAR is assumed to represent effects of limited water availability, low
temperatures and nutrient deficits in reducing the NPP available for allocation to leaves, as well as the varying phenology
and turnover time of leaves (Table 1). It was further assumed
that fAPAR implicitly accounts for the differential penetration of diffuse and direct PAR into dense vegetation canopies
(Mercado et al., 2009). We used the SeaWiFS fAPAR product (1998 to 2004) (Gobron et al., 2006), which we have previously used to drive the SDBM in a benchmarking study
(Kelley et al., 2013). The extent to which different schemes
deriving fAPAR from remotely sensed reflectance data account for the various losses included in ã is unclear. However,
if fAPAR includes these losses, then values should nowhere
exceed about 0.8, whereas the SeaWifS fAPAR reaches 1.0.
Accordingly, we have retained ã in the expressions for GPP
that include fAPAR. For the present application, we averaged
different years’ values for each month of the year to produce
a monthly climatology of fAPAR. Missing values in winter
were set to zero. The monthly values of fAPAR were used to
multiply the monthly values of PAR.
In the next step, the inhibition of CO2 assimilation at low
temperatures was described by a ramp function, reducing
the utilization of PAR for photosynthesis linearly from 10
to 0 ◦ C, with zero photosynthesis at daily temperatures below 0 ◦ C. Daily values of PAR were thus integrated over the
month to give monthly PAR0 , as defined in Table 1. PAR0
is a weighted monthly PAR, with the weighting provided by
the ramp function (Eqs. A4, A5).
The final step accounts for the effect of photorespiration
and substrate limitation at subsaturating [CO2 ], based on the
Farquhar model (Table 1). GPP was reduced by the factor (ci − 0 ∗ )/(ci + 20 ∗ ), where 0 ∗ is the photorespiratory
Biogeosciences, 11, 5987–6001, 2014
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compensation point. The co-limitation hypothesis equates
the Rubisco- and electron-transport limited rates of photosynthesis. We use the electron-transport limited rate as this
yields an estimate of LUE. We neglect Jmax limitation, thus
making the approximation that Rubisco is always limiting at
high PAR. The temperature dependence of 0 ∗ was described
by an Arrhenius function (Bernacchi et al., 2003), evaluated
at the growing-season mean temperature (mGDD0 ). mGDD0
is defined as the annual sum of temperatures above 0 ◦ C
(GDD – growing degree days) divided by the length of the
period with temperatures above 0 ◦ C. ci was derived from the
ratio of ci /ca , which was predicted as a function of mGDD0 ,
atmospheric aridity (1E) and elevation, based on the leastcost hypothesis (Prentice et al., 2014). 1E is the cumulative
annual difference between actual and equilibrium evapotranspiration, where actual evapotranspiration is computed using
a quasi-daily soil-moisture accounting scheme (Cramer and
Prentice, 1988). This measure is approximately proportional
to the effective growing-season average value of vapourpressure deficit experienced by the plants (see Prentice et al.,
2014, Supporting Information, for a derivation). Further details on the calculation of ci /ca and 0 ∗ are given in Sects. A4
and A5, respectively.
2.2

Driving data

PAR, PAR0 , mGDD0 and 1E were calculated from insolation and climate data with a modified version of a
simple process-based bioclimatic model (STASH) model
(Gallego-Sala et al., 2010; Sykes et al., 1996). STASH was
modified to account for the effects of elevation on atmospheric transmittivity and the effect of atmospheric pressure on the psychrometer constant, used in the calculation of
equilibrium evapotranspiration (http://www.fao.org/docrep/
X0490E/x0490e07.htm). The algorithm to compute insolation was also revised to more accurately compute celestial
longitude (the angle between the Earth’s position and its position at the vernal equinox) on each day of the year, given the
orbital parameters (eccentricity, obliquity and precession).
The method of Kutzbach and Gallimore (1988) was used to
represent the effect of precession. This modification has little effect under the present-day orbital configuration. Elevations were taken to be the mean elevations of each grid cell
as given by CRU (http://www.cru.uea.ac.uk/). The ambient
[CO2 ] was set at its mean value during the period 1998 to
2005 (370 µmol mol−1 ).

0 ◦ C (as described in Kelley et al., 2013). We carried out
an ordinary linear regression of fAPAR against the α coefficient (ratio of actual to equilibrium evapotranspiration) calculated as in Cramer and Prentice (1988) and Gallego-Sala et
al. (2010), modified as described above. We also performed a
generalized linear model analysis using α and mGDD0 , then
α, mGDD0 and total soil cation exchange capacity from the
ISRIC-WISE gridded data set (Batjes, 2009) as predictors of
fAPAR.
2.4

GPP predictions from the final modelling step were compared to the global synthesis of annual GPP measurements
from forests by Luyssaert et al. (2007). The model’s prediction of global GPP was compared with the range of published, observationally based estimates (Beer et al., 2010).
Modelled seasonal cycles of GPP were compared with
seasonal cycles of gap-filled GPP derived from eddy covariance measurements of CO2 exchange in the FLUXNET
archive (http://www.fluxdata.org/). In all, 146 flux towers in
FLUXNET have publicly available data between 2002 and
2006. We used all of these data. Half-hourly measurement
pairs of net ecosystem exchange (NEE) and photosynthetic
photon flux density (PPFD) (equivalent to PAR, in photon
units) were partitioned into GPP and ecosystem respiration
by fitting the rectangular hyperbola response model as presented by Ruimy et al. (1995) (their Eq. 27). A non-linear
least-squares regression was performed on each monthly set
of NEE-PPFD observation pairs at each tower, after anomalous data points (identified using Peirce’s criterion) had been
deleted. Monthly totals of GPP were then calculated as follows: first, each PPFD time series was completed using a
gap-filling product based on a half-hourly calculation of solar
radiation at the top of the atmosphere, scaled down in magnitude by daily observations of short-wave downwelling solar radiation, as provided by the WATCH forcing data based
on the ERA Interim reanalysis (Weedon et al., 2012). Then,
the gap-filled PPFD data were converted to GPP using the
model-fitted parameters for each month and tower, and cumulated to monthly totals. Months for which the data could
not be fitted with a rectangular hyperbola were excluded from
analysis.
3
3.1

2.3

GPP data-model comparisons

Results
Model predictions: annual GPP

Analysis of annual fAPAR data

In order to clarify how environmental variables affect the
global GPP pattern through fAPAR, we performed a supplementary analysis of the controls of annual fAPAR. Annual
fAPAR was calculated as a weighted average of the monthly
values, the weighting provided by the mean monthly incident PAR, neglecting periods with mean temperatures below
Biogeosciences, 11, 5987–6001, 2014

The patterns and total values of global annual GPP show a
progressive reduction during the course of imposing biophysical and ecophysiological constraints (Fig. 1, Table 1). Potential GPP based on PARtoa varies only with latitude, being
maximal at the equator and declining smoothly towards the
poles (Fig. 1a). The decline is almost, but not quite, symmetrical. The southern hemisphere shows slightly higher values
www.biogeosciences.net/11/5987/2014/
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at any given latitude because the Earth is currently nearest to
the Sun in northern winter (southern summer).
The strict latitudinal pattern of potential GPP is altered by
cloud cover (Fig. 1b). Values are lowered around the equator
and at high latitudes due to cloudiness. The highest values
are found in subtropical deserts. The combined effects of atmospheric absorption and clouds reduce total global annual
GPP by nearly half (Table 1).
The largest drop by about 78 % in modelled GPP occurs
at the next step (Fig. 1c) due to the introduction of fAPAR.
Obvious modifications include the effects of low water availability in desert regions. fAPAR values of unity are restricted
to very few locations (e.g. subantarctic islands). Forested regions typically have fAPAR values in the range 0.2 to 0.8.
The moisture indicator α alone accounted for 45 % of the
variance in annual fAPAR. This figure rose to 54 % after inclusion of mGDD0 as an additional predictor, and to 55 %
after inclusion of soil cation exchange capacity. All three predictors had highly significant effects (P < 0.001).
Additional effects of temperature limitation, introduced
after the influence of fAPAR has been taken into account, further diminish GPP only in the regions of the world (temperate, boreal, polar and high-mountain regions) that routinely
experience cold conditions (Fig. 1d). The reduction in global
total annual GPP (Table 1) at this step is only about 7 %.
The effects of subsaturating [CO2 ] in limiting GPP (with
fAPAR held constant) are also relatively slight (30 %),
but pervasive across terrestrial ecosystems (Table 1). The
strongest CO2 constraint on GPP is predicted for hot and
dry regions, such as the Australian deserts; the weakest constraint is predicted for cold and humid regions, such as eastern Siberia (Fig. 1e).
Elevation effects are slight in a global perspective, although significant locally. A sensitivity test showed that increasing the elevation of the global land surface by 4000 m,
with all other factors unchanged, would increase global GPP
by 7 %. The net effect is positive because the thinner atmosphere (greater PAR transmission) and reduced partial pressure of O2 (implying a greater affinity of Rubisco for CO2 )
at high elevations more than counteract the negative effects
of the reduced psychrometer constant (increased water loss)
and the reduced partial pressure of CO2 .
3.2

Data-model comparisons: annual GPP

Comparison with the Luyssaert et al. observations on annual GPP indicates a satisfying model prediction at the high
end (tropical forests), but a general tendency to overestimate
GPP in temperate and boreal forests (Fig. 2). The predicted
global total GPP value (211 Pg C a−1 ) lies above the range
of 123 ± 8 Pg C a−1 provided by Beer et al. (2010) based on
eddy covariance flux data and various diagnostic models, and
also above the value of Welp et al. (2011), 150–175 Pg C a−1 ,
inferred from oxygen isotope data. Nevertheless, inspection
of Fig. 2 suggests that the model approximates a “boundary
www.biogeosciences.net/11/5987/2014/

Figure 1. The patterns of modelled global annual GPP
(g C m−2 a−1 ) controlled by PAR at the top of atmosphere (a), and
modified by a sequence of effects: atmospheric transmissivity and
cloud cover (b), foliage cover (c), low-temperature inhibition (d)
and CO2 limitation (e).
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Figure 2. Relationship between observed annual GPP from Luyssaert et al. (2007) and predicted annual GPP.

line” for temperate and boreal-forest GPP. A few sites show
GPP close to that modelled, but many others show GPP lower
than this. In other words, the model appears to be predicting an upper bound for GPP, which is not always achieved in
the field. There is no systematic difference between broadleaf
and needleleaf forests in the extent to which the model overpredicts GPP.
3.3 The seasonal maximum of GPP
Although the greatest annual GPP is both predicted and
observed for tropical moist forests (Figs. 1, 2), the GPP
achieved during the month with maximum GPP can be as
high or higher in boreal or temperate forests. This tendency
is shown both by model predictions (Fig. 3) and flux observations (Fig. 4). Tropical evergreen broadleaf forests have high
GPP throughout the year, with a muted seasonal cycle reflecting the alternation of wetter and drier seasons (Fig. 4). The
estimated average annual GPP of 2760 g C m−2 a−1 marks
tropical forests as the most productive, but the maximum
monthly GPP in tropical evergreen broadleaf forests (about
300 g C m−2 month−1 ) is exceeded by forests in the temperate zone (Fig. 4). The highest mean monthly GPP values
in our flux data set are 358 g C m−2 month−1 in a temperate evergreen needleleaf forest and 484 g C m−2 month−1 in
a temperate deciduous broadleaf forest. The monthly maximum GPP in boreal forests (in June or July), the lower quartile for temperate deciduous broadleaf forest, and the upper
quartile for temperate evergreen and mixed forests are similar
Biogeosciences, 11, 5987–6001, 2014

Figure 3. The patterns of modelled global maximum monthly GPP
(g C m−2 month−1 ) controlled by PAR at the top of the atmosphere
and modified by a sequence of effects, as in Fig. 1.

to, or even larger than, the maximum for tropical evergreen
broadleaf forests.
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Figure 4. Box-and-whisker plot of monthly GPP (g C m−2 month−1 ) versus month, based on gap-filled GPP observations derived from the
freely available measurements in the FLUXNET archive. The bottom of the box is the lower quartile and the top is the upper quartile. The
whiskers extend to the lower and upper extremes, beyond which outliers are plotted as dots.

Figure 3 provides a biophysically based prediction of this
phenomenon. In the top panel, it is already clear that the maximum monthly potential GPP – being proportional to insolation – is greatest in high latitudes, declining towards the
equator. This is because the day length in high-latitude summer more than compensates for the low sun angles. The maximum daily insolation at any place and time on the Earth’s
surface occurs near the polar circles in the days around
the summer solstice in each hemisphere. High cloud cover
(Fig. 3b), low vegetation cover (Fig. 3c) and low temperatures (Fig. 3d) all tend to reduce the maximum monthly
GPP in the Arctic, but the basic pattern persists (Fig. 3e)
even after all constraints are included, allowing high maximum monthly GPP – comparable to or higher than that
in tropical forests – to be achieved in boreal or temperate forests. The highest values of maximum monthly GPP
(> 600 g C m−2 a−1 ) are predicted for certain mid-latitude
temperate and boreal forest regions, including the Caucasus
and Altai mountains.
4 Discussion
4.1 Key patterns explained
Our simple model predicts, among other things, that GPP in
the summer months can be as high as or higher in boreal or
temperate forests than it is in tropical forests. This prediction
is supported by flux data (Fig. 4) and consistent with analyses of NPP data by Kerkhoff et al. (2005) and Huston and
Wolverton (2009). Huston and Wolverton (2009) attributed
this pattern to the prevalence of highly weathered, nutrientpoor soils in the tropics. Our explanation is simpler, based
on the latitudinal and seasonal distribution of insolation and
cloud cover combined with the physiology of photosynthesis. Although it is possible that variations in soil nutrient stawww.biogeosciences.net/11/5987/2014/

tus are reflected, to some extent, in fAPAR with allocation
to leaves being reduced and allocation to fine roots increased
under low-nutrient conditions (Poorter et al., 2012), the fact
that temperate forests do not consistently have lower fAPAR
than tropical forests suggests that this effect is not predominant. However, our analysis of the controls of fAPAR suggests dominant control by climate, principally water supply,
with smaller contributions from growing-season temperature
(reduced fAPAR in cold climates) and soil properties.
We therefore argue that the first-order latitudinal patterns of GPP and its seasonal cycle are ultimately determined astronomically by the distribution of insolation. Due
to the obliquity of the Earth’s axis relative to the ecliptic, the
latitude at which the Sun is directly overhead swings between
the Tropics of Cancer and Capricorn, crossing the equator
twice a year. The tropics therefore receive maximum annual
insolation. But the maximum insolation in any one month
shows a very different pattern, with highest values at high
latitudes. At latitudes > 50◦ in both hemispheres, the high
maximum monthly insolation is counteracted in its effect on
GPP by high cloud cover and seasonally low temperatures.
High incident and absorbed PAR are experienced widely in
summer in boreal and temperate latitudes, resulting in a high
seasonal GPP. Our model is nonetheless consistent with total annual GPP being highest in tropical forests, due to relatively high insolation combined with adequate temperature
and moisture conditions that persist throughout the year.
A novel feature of the model is its inclusion of elevation effects on GPP. Elevation affects GPP in several ways.
Enhanced PAR is a direct result of a reduced path length
through the atmosphere. Reduced stomatal conductance and
ci /ca ratios (and correspondingly higher photosynthetic capacity) are predictions of the least-cost hypothesis. These
predictions have long-standing empirical support (Friend et
al., 1989; Körner and Diemer, 1987), but are accounted for
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here as a consequence of the reduced partial pressure of O2 ,
which lowers the cost of carboxylation relative to transpiration. On the other hand, the reduced psychrometer constant
tends to increase 1E. The net effect in our model, ceteris
paribus, is that GPP increases with elevation. The global effect is small, but the prediction would be worth exploring in
the context of elevational transects. It has implications, especially for primary production in high-mountain regions in the
tropics and subtropics.
4.2

[CO2 ] and nutrient supply effects

We have implicitly assumed that fAPAR is independent of
[CO2 ]. Thus, the effect of the final constraint – where the
effect of subsaturating CO2 and, with it, the effect of restrictions on ci and GPP due to stomatal closure in dry environments are added – reflects only the effects of [CO2 ] on
the rate of photosynthesis that could be achieved on the assumption of unchanging vegetation cover. The resulting prediction is a relatively modest potential for increased GPP
with increasing [CO2 ], following the A-ci curve for electron transport-limited photosynthesis. A sensitivity analysis
in which [CO2 ] was elevated by 200 µmol mol−1 yielded a
5 to 25 % stimulation of modelled annual GPP: on average smaller than the mean effect reported for temperate forest NPP (23 ± 2 %) by Norby et al. (2005), based on FreeAir Carbon-dioxide Enrichment (FACE) experiments. This
analysis also suggested a strong relationship between CO2
fertilization and temperature with warm areas experiencing
stronger CO2 fertilization. Annual GPP was predicted to increase by about 18 % across the tropics but by no more than
12 % in the high latitudes of both hemispheres. The relationship to temperature is much less marked than in the analysis
by Hickler et al. (2008), because the LPJ-GUESS model used
there did not account for the response of ci /ca to temperature. In our model, lower ci /ca at lower temperatures implies
a strengthening of the response to ca because of the convexity
of the A-ci curve. This strengthening partially counteracts the
temperature effect on 0 ∗ , which tends to produce a stronger
CO2 response at higher temperatures.
Additional effects, not considered here, could modify
these model predictions. One is the possible increase of fAPAR resulting from “water saving” by reduced stomatal conductance at increased [CO2 ]. Evidence has been presented
for an increase of fAPAR, independently of precipitation
trends, in warm and dry regions (Donohue et al., 2013). Such
an increase would also tend to counteract any possible increase in runoff due to increasing [CO2 ] (Ukkola and Prentice, 2013; Wang et al., 2012).
Another neglected effect is the possible restriction of
[CO2 ] fertilization due to exacerbated nutrient shortages,
which would reduce the potential for GPP to be influenced by
[CO2 ]. For example, there is evidence for a decline in CO2 induced growth enhancement over the timescale of stand development in the Oak Ridge temperate forest FACE experBiogeosciences, 11, 5987–6001, 2014

iment (Norby et al., 2010), which appears to be a result of
accelerated N depletion under CO2 enhancement. On the
other hand, a comparative FACE study of grasslands showed
photosynthetic responses to enhanced [CO2 ] to be independent of N supply (Lee et al., 2011). A possible resolution
of apparently conflicting results on the nutrient dependence
of primary production (and, by extension, the [CO2 ] effect)
would depend on the responses of GPP, NPP and biomass
growth being distinguished (note that NPP includes components such as root exudation and volatile organic compound
emission that do not directly contribute to biomass growth).
Vicca et al. (2012) showed no difference in GPP between
forests on fertile and infertile soils, and no evidence for differences in the NPP / GPP ratio, but a very large difference
in biomass growth, suggesting that the key difference lies in
the allocation of NPP to supporting root symbionts that assist trees in acquiring nutrients under conditions of low nutrient availability. This finding is consistent with that of Aoki
et al. (2012), who measured, with results that were many
times greater, exudation of organic acids from tropical trees
on soils with low P availability, relative to more fertile soils
in the same climate. The effect apparently extends to wholeecosystem carbon uptake, which was shown by FernándezMartínez et al. (2014) to be determined by nutrient availability to a far greater extent than GPP. These various findings
suggest that the current paradigm for the inclusion of nutrient reponses in complex ecosystem models – whereby nutrient supplies influence photosynthetic rates, and thence NPP
and biomass growth – is incorrect, and that the way forward
will involve explicit modelling of how carbon allocation (to
roots versus shoots and to investment in nutrient acquisition
versus biomass growth) is influenced by nutrient availability.
4.3

Implications for modelling strategy

Global LUE models have a history dating back at least to
the early 1990s, with the publication of the widely used
Carnegie–Ames–Stanford Approach model, CASA (Field et
al., 1995; Potter et al., 1993), and the SDBM (Knorr and
Heimann, 1995) to predict NPP. Models based on the LUE
principle continue to be developed and compared, now most
commonly in terms of their ability to reproduce GPP as derived from CO2 flux measurements (see e.g. Cheng et al.,
2014; McCallum et al., 2009, 2013; Verma et al., 2014; Horn
and Schulz, 2011; Yuan et al., 2007, 2013). Their popularity depends on the fact that green-vegetation cover in LUE
models is directly provided from satellite observations, thus
sidestepping one of the most serious limitations of current
dynamic global vegetation models (DGVMs), namely their
(in)ability to realistically predict spatial and temporal patterns of green-vegetation cover (Kelley et al., 2013). Despite
persistent differences among different satellite-derived fAPAR products (McCallum et al., 2010), the physical definition of fAPAR is clear, and remotely sensed fAPAR values can be evaluated and ultimately improved by systematic
www.biogeosciences.net/11/5987/2014/
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comparison with in situ measurements (Pickett-Heaps et al.,
2014).
On the other hand, reliable projection of the effects of future [CO2 ] and climate changes demands that fAPAR also
be predicted from first principles. There must be a feedback
from NPP to fAPAR, because sufficient NPP is required to
sustain a given leaf area. Current DGVMs model this feedback implicitly, but there has been little effort to evaluate
their predictions of fAPAR and its response to environmental changes. When tested, models have been found wanting
(e.g. Kelley et al., 2013; Keenan et al., 2014). Process-based
prediction of fAPAR is an important goal for further research
and presumably a feasible one, given the ready availability of
fAPAR observations as a target.
Meanwhile, the multiplicity of available LUE formulations, and the lack of agreement on, for example, the way
temperature and CO2 responses are built into LUE models (Verma et al., 2014), or whether or not these responses
should be PFT-specific (Yuan et al., 2013), are causes for
concern. These differences ultimately reflect the lack of a
clear theoretical basis for LUE modelling. In this paper, we
have attempted to provide such a basis through the adoption of two optimality hypotheses with independent empirical support, namely the co-limitation hypothesis (Maire et
al., 2012), which predicts that LUE is determined by the
electron-transport limited rate of photosynthesis according to
the Farquhar model, and the least-cost hypothesis (Prentice
et al., 2014), which provides an explicit prediction of ci /ca
ratios as a function of the physical environment. Our model
makes the further explicit assumptions that (a) the controls
of LUE are universal in all C3 plants (thus, we do not distinguish among PFTs), and (b) soil moisture and nutrient availability constraints on GPP are mediated by fAPAR and thus
do not influence LUE.
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As a result of these hypotheses and assumptions, the model
has far fewer parameters than most. Aside from constants,
such as the intrinsic quantum efficiency of photosynthesis,
that are independently measured to within ±10 % or better,
the model has just one parameter – C in equation A7 – that
has to be estimated (and we have also done this from independent observations). Moreover, the model’s explicit relationship to the Farquhar model of photosynthesis allows a
natural way to include the effect of changes in [CO2 ], requiring no additional parameters to be specified – in contrast
with, for example, Los et al.’s (2013) modification of CASA
to include a CO2 response, which is otherwise missing from
the CASA model.
It is commonly impossible to discern the extent to which
parameter values in complex models have been tuned to data
that may then be used to evaluate their performance. However, many models contain “hidden” parameters whose values are not traceable to measurements. For example, the temperature response equations of LUE in CASA (Potter et al.,
1993) contain six hard-wired numerical constants, in addition to the maximum LUE for NPP (ε∗ ) that is explicitly
calibrated. The LPJ model (Sitch et al., 2003) similarly contains PFT-specific temperature “envelope” responses of unclear provenance and reliability. This situation reflects the
data-poor world into which models such as CASA and LPJ
were born. More recently developed models are often simpler, with process formulations derived more directly from
observations such as flux measurements. The model presented here represents a further step towards simplicity and
traceability which, we suggest, will be necessary attributes
of “next-generation” ecosystem models.
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Appendix A: Estimation of biophysical constraints
in the model

PAR by PAR0 . The weighting is calculated as follows:

A1

PAR0d

PAR0d

PAR at the top of the atmosphere

Instantaneous incoming solar radiation (insolation) on a horizontal surface at the top of the atmosphere is given by
Q = Qsc × dr × (sin l × sin δ + cos l × cos δ × cos h) .

(A1)

Here, Qsc is the solar constant (1369 W m−2 ) (Willson and
Mordvinov, 2003), dr is the inverse square of the relative
Sun-Earth distance (dimensionless), l is latitude in radians,
δ is solar declination in radians and h is the “hour angle” (the
time before or after solar noon in radians). We use formulae
based on the day number to obtain dr and δ. We assume that,
over the course of 1 day, there is effectively no variation in
dr or δ. As Qsc and l do not vary either, we can obtain daily
insolation by integrating with respect to h between the hours
of sunrise and sunset. The result is
86400
× Q ×d r × (hs × sin l × sin δ + cos l
π
sc
× cos δ × sin hs ) ,

Q=

(A2)

where hs is the hour angle of sunset, given by hs = arccos
[−tan l tan δ]. 86 400 is the number of seconds in a day. The
term in square brackets is set to 1 if it exceeds 1, or −1 if it
becomes less than −1, which are the special cases of polar
day and night.
Daily total PAR at the top of the atmosphere is taken to
be 0.5 Q (J m−2 ), which is then converted to quantum units
(mol m−2 ) using the factor 4.5 mol MJ−1 (a spectrally averaged value for the energy content of 1 mol of photosynthetically active photons). Quantum units are preferred because
photosynthesis depends on the absorption of a given number of quanta, rather than a given amount of electromagnetic
energy. LUE is thus a dimensionless quantity.
A2

Atmospheric transmissivity and cloud cover

Daily solar short-wave radiation (RSW↓ ) is given by a modification of the Prescott formula:
RSW↓ = Q × (0.25 + 0.5 × ni ) × (1 + 0.027 × z) ,

(A3)

where ni is the daily fractional hours of bright sunshine (dimensionless), which we equate with the one-complement of
fractional cloud cover, as given in the CRU TS3.1 data set,
and z is elevation (km) above sea level. The last term in
Eq. (A3) is a correction for the thinning of the atmosphere
with increasing elevation.
A3

Low-temperature inhibition

Low-temperature inhibition of photosynthesis is accounted
for by weighting daily values of PAR (PARd ) in the accumulation of PAR over a month. We denote the weighted monthly
Biogeosciences, 11, 5987–6001, 2014

PAR0d

= 0 Td ≤ 0 ◦ C,
Td ◦
= PARd ×
0 C < Td < 10 ◦ C,
10
= PARd Td ≥ 10 ◦ C,

(A4)

where PAR0d is the weighted daily PAR, and Td (◦ C) is daily
temperature, giving
PAR0 =

m
X

PAR0d ,

(A5)

d=1

where m is the total number of days in the month.
A4

Leaf-internal [CO2 ]

The “least-cost” hypothesis states that the sum of the unit
costs of maintaining carboxylation and transpiration capacities is minimized. To a good approximation, this applies
when the
√ long-term effective value of ci /ca is given by
ξ/(ξ + D) (Prentice et al., 2014). Here, D is an annual
effective growing-season value of the atmospheric
vapour√
pressure deficit (Pa) and ξ is given by (bK/1.6a), where
K is the effective Michaelis–Menten coefficient for Rubiscolimited photosynthesis (Pa). The cost factor b is the (assumed
conservative) dimensionless ratio of leaf maintenance respiration to Rubisco carboxylation capacity; the cost factor a is
the dimensionless ratio of sapwood maintenance respiration
to transpiration capacity, which is expected to increase with
plant height (H , in m) and the dynamic viscosity of water (η,
in Pa s), according to Eq. (11) in Prentice et al. (2014).
Here, we express a as the product of H2 , η and a constant
(aref ), allowing the equation for optimal ci /ca to be re-written
as
ci
1
q
=
.
ca
1.6×a ref ×η×D
1+
×H
b×K

(A6)

We put the constant terms (1.6, aref and b) together outside
the square root and denote them collectively as C. Equation A6 can then be simplified to
1
ci
q
=
.
ca
1 + C × η×D
×
H
K

(A7)

Using a satellite-derived global data set on vegetation height
(Simard et al., 2011), we performed a multiple regression
of H against 1E and annual PAR0 (all three variables logtransformed), yielding the following relationship:
H = q × PAR0.46
× 1e−0.21 ,
0

(A8)

where q is a fitted constant, which subsumes the proportionality between 1E and D. This relationship suggests a further simplification of Eq. (A7) to allow for the compensating effect of reduced vegetation height on the costs of water
www.biogeosciences.net/11/5987/2014/
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transport in more arid climates. We made the approximation
H ∝ 1E −0.25 , leading to
ci
1
q
=
,
0
ca
1 + C × Kη × 1E 0.25

(A9)

where C 0 = qC. Temperature effects were imposed through
the known temperature dependencies of η and K (Prentice et
al., 2014). The variation of K with elevation takes account
of the effect of pO (the partial pressure of O2 ) as K = Kc (1
+pO /KO ), where Kc and KO are the Michaelis–Menten coefficients of Rubisco for carboxylation (in the absence of O2 )
and oxygenation, respectively. pO declines with elevation in
proportion to atmospheric pressure (P ), which we approximated by
P = 101.325 × e−0.114×z

A5

5997

Photorespiratory compensation point (0 ∗ )

The photorespiratory compensation point (0 ∗ ) depends
strongly on temperature. Bernacchi et al. (2004) fitted an Arrhenius relationship to in vivo measurements of 0 ∗ at different temperatures:
1H

0 ∗ = ec− R×T ,

(A11)

where c = 19.02, 1H is the activation energy (37.83 kJ
mol−1 ), R is the molar gas constant (8.314 J mol−1 K−1 ) and
T is the temperature in K. We substituted growing-season
mean temperature (mGDD0 ) for T to obtain an estimate of
the effective 0 ∗ during the growing season.

(A10)

(Jacob, 1999). We estimated C 0 based on the common observation that ci /ca ≈ 0.8 at low elevations in
warm, mesic climates. As a reference case, we considered z = 0 km, mGDD0 = 18 ◦ C and 1E = 100 mm (similar to the environment of Sydney, Australia), yielding C 0 =
15.47 mm−0.25 s−0.5 .
Although the optimal ci /ca ratio is derived in pressure units
(to account properly for elevation effects), ci and 0 ∗ are in
mole fraction units (µmol mol−1 ) in the full model for GPP.
This takes care of the fact that 0 ∗ and the partial pressure of
CO2 both decline in proportion to atmospheric pressure.
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