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ABSTRACT

Regional gross primary productivity (GPP) estimates are crucial to estimating carbon-climate feedbacks but are

highly uncertain with existing methods. An emerging approach uses atmospheric carbonyl sulphide (COS) as

a tracer for carbon dioxide: COS plant uptake is simulated by scalingGPP. A critical parameter for this method is

leaf-scale relative uptake (LRU). Plant chamber and eddy covariance studies find a narrow range of LRU values

but some atmospheric modelling studies assign values well outside this range. Here we study this discrepancy by

conducting new regional chemical transport simulations for North America using the underlying data from

previous studies. We find the wide range of ecosystemmodel GPP estimates can explain the discrepancy in LRU

values. We also find that COS concentration uncertainty is more sensitive to GPP uncertainty than to LRU

parameter uncertainty. These results support the COS tracer technique as a useful approach for constraining

GPP estimates.
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1. Introduction

Understanding gross primary productivity (GPP) is of great

importance for forecasting climate change due to the large

magnitude and uncertainty of terrestrial carbon-climate

feedbacks (Arneth et al., 2010). Much of this uncertainty

stems from ecosystem models’ wide inconsistencies with

respect to GPP simulations (Friedlingstein et al., 2006, 2014;

Huntzinger et al., 2012; Fisher et al., 2014). Reducing GPP

uncertainty is challenging because we lack robust tools for

measuring GPP at regional and global scales. Large-scale

observations of atmospheric CO2 (e.g. tall tower and airborne

measurements) alone may not be useful for constraining

GPP because they are simultaneously influenced by both

GPP and respiration. Finding new observation-based meth-

ods to constrain GPP represents a critical scientific need

that may be addressed through emerging methods with

atmospheric carbonyl sulphide (COS) analysis (Montzka

et al., 2007; Campbell et al., 2008), eddy flux measurements

(Beer et al., 2010), oxygen isotopes (Welp et al., 2011) and

fluorescence (Guanter et al., 2014).

A global network of surface and airborne observations

COS observations (Montzka et al., 2007), airborne intensive

campaigns (Blake et al., 2004; Campbell et al., 2008), remote

sensing (Kuai et al., 2014) and breakthroughs in instrumen-

tation have motivated new atmospheric COS studies that

aim to investigate GPP at multiple spatial and temporal

scales (Montzka et al., 2007; Campbell et al., 2008; Stimler

et al., 2010; Blonquist et al., 2011; Asaf et al., 2013; Berry

et al., 2013; Commane et al., 2013; Berkelhammer et al.,

2014; Billesbach et al., 2014; Kuai et al., 2014). The COS

tracer approach is based on the condition that there is a well-

constrained relationship between plant uptake of COS and

the GPP uptake of CO2:

Fplant ¼ GPP � LRU � ½COS�
½CO2�
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where Fplant is the COS uptake by terrestrial plants, GPP is

the gross CO2 uptake by plants, LRU is the normalised

leaf-scale relative uptake of COS relative to CO2, and

[COS]/[CO2] is the ambient ratio of surface concentrations.

This GPP-based estimate of the COS plant sink can be used

along with other COS source and sink estimates as input to

regional and global atmospheric transport models that

output atmospheric COS concentrations. Through an inverse

analysis, the GPP input can be optimised to achieve the best

possible agreement between simulated and observed COS

concentrations. An alternative to the use of eq. (1) is a process

model which predicts LRU variations with environmental

conditions and species (Berry et al., 2013).

For this large-scale COS tracer approach to be effective

at constraining GPP, a number of criteria must be met,

including:

(1) The relationship between leaf-level CO2 and COS

uptake in eq. (1) must be true. There must be little or

no re-emission of COS from the plant, and both

species must have little impact on uptake of the other.

These criteria have been demonstrated to be true in

laboratory studies (Stimler et al., 2010).

(2) The parameters in eq. (1) must also hold constant

across plant species and environmental conditions.

This has also been demonstrated in laboratory

experiments Stimler et al. (2012).

(3) The COS plant uptake must be a dominant source of

uncertainty in the transport model relative to other

sources and sinks of COS. If this is true we may

conclude that transport uncertainty is dominated by

the terms of interest to the COS tracer approach,

and is not confounded by these other sources and

sinks. This criterion is supported by evidence from

North American airborne observations (Campbell

et al., 2008).

(4) The uncertainties of the LRU and [COS]/[CO2]

parameters in eq. (1) have to be smaller than the

uncertainty of GPP. If this criterion is met, the

relationship between GPP and COS plant uptake in

eq. (1) provides a means to reduce GPP uncertainty

by considering COS concentration data. This criter-

ion concerning the relative uncertainties of the

parameters in eq. (1) has not been explored. The

[COS]/[CO2] parameter has relatively small uncer-

tainty (Campbell et al., 2008), but an understanding

of the relative uncertainties of the GPP and LRU

parameters is needed.

Here we focus on criterion 4 above. This LRU criterion is

qualitatively consistent with observations of the simulta-

neous uptake of COS and CO2 in plant leaves using chamber

and eddy flux experiments. The LRU parameter has been

measured in plant chamber studies and found to have a

stable value of 1.690.26 across a range of environmental

conditions (Stimler et al., 2012). Field experiments using

micrometeorological measurements found similar results

withmeans of 1.3�1.7 (Berkelhammer et al., 2014; Billesbach

et al., 2014; Maseyk et al., 2014). The small uncertainty of

ground-based LRU measurements suggests the COS tracer

approach could be useful for constraining GPP. However,

previous work has not explored the COS tracer criterion

that uncertainty in LRU must be considerably smaller than

GPP uncertainty.

Results from regional and global atmospheric trans-

port simulations have provided a foundation for under-

standing atmospheric COS variability but they also present

results that are potentially inconsistent with chamber-based

LRU measurements. Campbell et al. (2008) used a regional

atmospheric transport model to find that the observed

spatial variation of COS concentrations from the INTEX-

NA North American airborne observations (Blake et al.,

2008) were consistent with an LRU of approximately 2.2,

which is considerably larger than the LRU of 1.690.26

from chamber studies. Alternatively, a Northern Hemi-

sphere analysis (Suntharalingam et al., 2008) found the best

model performance by doubling the COS plant uptake

from Kettle et al. (2002). Kettle et al. (2002) calculated

plant uptake based on an LRU value of 1.0 and net pri-

mary productivity (NPP) instead of gross primary produc-

tivity (GPP). Because GPP is roughly double NPP, the

Northern Hemisphere analysis is most consistent with a 1.0

value for LRU which is considerably smaller than the

1.690.26 value from chamber studies.

The atmospheric modelling studies of Campbell et al.

(2008) and Suntharalingam et al. (2008) each relied on a

single ecosystem model estimate of GPP. We hypothesise

that this accounts for the divergence in their conclusions.

If Campbell et al. (2008) used a relatively lowGPP value that

could explain their high LRU value. If Suntharalingam et al.

(2008) used a relatively high GPP value that could explain

their low LRU value. The COS tracer approach hinges on a

robust LRU estimate but there has been no work to

understand these LRU discrepancies between large-scale

atmospheric modelling studies and chamber studies.

Here we explore the criteria for the COS tracer approach

that the LRU parameter uncertainty must be smaller than

the GPP uncertainty. We compare the chamber-based LRU

uncertainty to the uncertainty in GPP suggested by recent

model intercomparisons (Huntzinger et al., 2012). We also

explore the discrepancies in the LRU from previous atmo-

spheric transport studies and ground-based studies. We

analyse the underlying parameters and data used in previous

atmospheric modelling studies and we conduct new atmo-

spheric simulations using a mesoscale model (Campbell

et al., 2008; Kulkarni et al., 2015) to determine the sensitivity
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of simulated COS concentrations to these surface flux

parameter inputs. We do not account for the influence of

other sources and sinks (criterion 3) because this has been

addressed in previous work (Campbell et al., 2008). Rather,

our focus is on the fourth criterion which has not been

explored at large scales: the relative uncertainty of the terms

in eq. (1). While the primary purpose of our transport

simulations is to quantify the sensitivity of the simulated

COS concentrations relative to the input parameter uncer-

tainty, we also discuss the transport simulation results

relative to observed concentration trends which will be the

focus of future work.

2. Methods

We test the hypothesis that GPP uncertainty exceeds LRU

parameter uncertainty by varying these factors as inputs to

the Sulfur Transport and dEposition Model (STEM)

(Carmichael et al., 2009; Kulkarni et al., 2015) mesoscale

chemical transport model. We simulated transport of COS

on a 124 x 124 grid covering most of North America with

60 x 60 km horizontal resolution and 22 vertical levels. The

simulations spanned June and July 2008, the peak of the

North American growing season. We conducted six STEM

runs driven by four different North American GPP

estimates and three different LRU estimates, described in

detail below.

2.1. Data

2.1.1. Meteorology. We drove the STEM simulations

with meteorology from the Weather Research Forecasting

version 2.2 (WRFV2-ARW) model. These WRF data were

originally produced for the 2008 ARCTAS field campaign

(D’Allura et al., 2011). D’Allura et al. (2011) describe the

WRF configuration in detail.

2.1.2. GPP. To account for GPP uncertainty we assem-

bled a set ofNorthAmericanGPPmodel estimates that span

the range reported by Huntzinger et al. (2012). For a high

GPP estimate we used Can-IBIS (Liu et al., 2005), which

incorporates nitrogen cycling into the Integrated BIosphere

Simulator (IBIS) (Foley et al., 1996). We used Can-IBIS

GPP data for 2004, the most recent year available. For a

moderate GPP estimate we used the Carnegie-Ames-

Stanford-Approach�Global Fire Emissions Database version

3 (CASA-GFED3) (van derWerf et al., 2010). For a lowGPP

estimate we used the GPP of Kettle et al. (2002): J. Kettle

provided us with the plant surface COS flux data from that

study, and we calculated the underlying GPP by noting that

they used a modified version of eq. (1), with NPP instead of

GPP (GPP�NPP * 2), an LRU of 1.0, and a [COS]/[CO2]

ratio of 1.4 (500 ppt/355 ppm). To allow comparison to

Campbell et al. (2008) we also included the GPP of CASA-

m15, the earlier version of CASA used by Campbell et al.

(2008). The primary difference between CASA-m15 and

CASA-GFED3 is that CASA-GFED3 increases GPP in the

upper midwestern USA to match crop yield observations.

We transformed each GPP estimate from its native grid and

resolution to the 124 x 124 STEM grid using the mass-

conservative algorithm of the MTXCPLE program of the

Models-3/EDSS Input/Output Applications Programming

Interface (I/O API) (Coates, 2014). All four of these GPP

datasets are available in the supplemental online materials

(SOM) for this article. Some are available online; these

URLs are listed in the acknowledgements section.

2.2. COS surface flux estimation

To estimate the sensitivity of surface COS concentration

([COS]) to GPP uncertainty we calculated COS plant flux

(Fplant) from each GPP estimate described in Section 2.1.2

using eq. (1). We used the best-estimate LRU value of 1.61

reported by (Stimler et al., 2012). For the [COS]/[CO2] ratio

we used the average value reported from the INTEX-NA

observations of 1.1 (1.190.1 pptCOS/ppmCO2,mean9s.d.,

n�440) (Blake et al., 2008).

To estimate the sensitivity of plant surface COS flux to

LRU uncertainty we calculated three Fplant estimates using

CASA-GFED3 GPP and eq. (1). We used the same [COS]/

[CO2] ratio of 1.1 ppt COS/ppmCO2, and three LRU values:

1.35, 1.61 and 1.87. These three LRU values span the range

of 1.6190.26 reported by Stimler et al. (2012). Stimler et al.

(2011) note that C3 plants exhibit a larger LRU (1.8290.18)

than C4 plants (1.1690.20), and that LRU can increase

substantially under low light conditions (B191mmol photon

m�2 s�1). To investigate these LRU uncertainties we

considered two additional Fplant estimates using the Simple

BiosphereModel (SiB) (Sellers et al., 1996; Baker et al., 2008,

2010). The first used the same approach outlined above:

Fplant was estimated using SiB GPP and eq. (1), with the

[COS]/[CO2] ratio of 1.1 ppt COS/ppm CO2, and LRU of

1.61. The second used SiB’s mechanistically-calculated Fplant

estimate that considers light conditions, photosynthetic

pathways and soil fluxes. This helps us to quantify the

uncertainty caused by using a prescribed LRU value.

We did not simulate the effect of the uncertainty of the

[COS]/[CO2] parameter because it is considerably smaller

than the uncertainty of both LRU and GPP (Campbell

et al., 2008, supporting online material; based on the ob-

servations below 1km above sea level). However, we did

examine how assumptions regarding this ratio influenced

previous regional and global simulations (Campbell et al.,

2008; Suntharalingam et al., 2008).

LARGE VARIABILITY IN ECOSYSTEM MODELS 3



This produced six Fplant estimates, summarised in Table 1

and Fig. 2. We supplied each Fplant estimate (Fig. 2, second

row) as driver data to a unique STEM run. The resulting

six simulated surface COS concentration fields (Fig. 2,

third row) are the basis of our analyses.

3. Results and discussion

We found that the single estimates of GPP used in previous

atmospheric modelling studies could explain their good

models�observation agreement despite their use of LRU

parameter estimates that are outside the range found by

subsequent chamber and eddy flux studies. The GPP and

LRU estimates for the regional and global modelling studies

are plotted in Fig. 1 (points) along with the range of possible

values (lines). Campbell et al. (2008) used an LRU value of

2.2 for the North American growing seasons which is larger

than the 1.690.26 range suggested by chamber measure-

ments. Campbell et al. (2008) used a GPP estimate from a

version of the CASAmodel (CASA-m15) that had nearly the

lowest GPP for the INTEX-NA domain (midwestern and

eastern U.S. region) of all the models we identified for this

region. The same COS plant uptake could be obtained with

eq. (1) by lowering the LRU estimate by 15%, to within the

chamber-based range, and increasing the GPP flux by

17.6%. This larger GPP would still be well within the range

of possible GPP values for the North American INTEX-NA

domain. The results of Suntharalingam et al. (2008) are

consistent with an LRU of 1.0 which is smaller than the

1.690.26 range suggested by chamber measurements. This

NorthernHemisphere analysis used aGPP estimate that had

the highest GPP of all the models we identified for this

domain. The same COS plant uptake could be obtained with

eq. (1) by increasing the LRU estimate by 34%, to within the

chamber-based range, and decreasing the GPP flux by

25.3%. This smaller GPP would still be well within the

range of possible GPP values for the Northern Hemisphere.

We also note that the Northern Hemisphere analysis used a

flux that was based on a relatively large [COS]/[CO2] ratio

from background concentrations rather than the relatively

low values observed in the continental boundary layer

(Campbell et al., 2008). If the lower boundary layer ratio is

used, the GPPmust be lowered only 6% to accommodate an

LRU of 1.35.

The uncertainty of the flux parameters in Fig. 1 (lengths of

boxes) can also be used to consider the COS tracer criteria

that the uncertainty for GPP must be considerably larger

than the uncertainty in LRU and [COS]/[CO2]. Chamber-

based experiments have found a relatively robust value of

LRU of 1.690.26 across a range of environmental condi-

tions (Stimler et al., 2012). This LRU uncertainty of 15% is

considerably lower than theGPPuncertainty that is reflected

in the large spread of large-scale ecosystem model estimates

(Huntzinger et al., 2012). The set of ecosystem models we

considered here have a model-to-model uncertainty of 46

and 23% for theNorthAmerican INTEX-NAandNorthern

Hemisphere domains, respectively. The uncertainty in

[COS]/[CO2] is only 9% (Campbell et al., 2008, supporting

Table 1. Input used to drive the six STEM runs described in

Section 2.2

GPP model July�Aug full-domain GPP (pg C) LRU

Can-IBIS 9.30 1.61

CASA-m15 5.76 1.61

Kettle 5.77 1.61

CASA-GFED3 6.12 1.61

CASA-GFED3 6.12 1.35

CASA-GFED3 6.12 1.87

The GPP and LRU values below were fed as inputs to eq. (1) to

calculate COS surface plant flux (Fplant). Fplant was then used to

drive STEM. [COS]/[CO2] was set to 1.1 based on INTEX-NA

observations (Blake et al., 2008) for all STEM runs.
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Fig. 1. COS plant flux parameters used in previous atmospheric

modelling studies (points) and the range of possible parameters

(lines). Two atmospheric COSmodelling studies have been reported

including a study of the Midwestern and Eastern U.S. growing

season (top row; Campbell et al., 2008) and the Northern Hemi-

sphere seasonal variation (bottom row; Suntharalingam et al.,

2008). Line widths are the range of model input based on ecosystem

model variability for GPP, ground-based experiments for LRU and

atmospheric observations for [COS]/[CO2].

4 T. W. HILTON ET AL.



onlinematerial; based on the observations below 1km above

sea level).

Next we used the uncertainty inGPP andLRU to generate

a range of COS plant flux estimates with eq. (1) and used

these fluxes as input to the STEM regional transport model

as described in Section 2.2. Figure 2 maps the input fluxes

(first and second row) as well as the concentration output as

the vertical drawdown (difference between free troposphere

and boundary layer concentrations, third row).

The modelled vertical drawdown for the atmospheric

simulations shows the propagation of uncertainty associated

with the LRU and GPP parameters mapped in Fig. 2.

Among the four GPP simulations (columns 1�4) the dif-

ference between the vertical drawdown for different simula-

tions at a given time and location ranges from 0ppt (mostly

in the semi-arid western USA) to 166 ppt, with a median of

6.8 ppt and a standard deviation of 16.4 ppt. Among the

threeLRUsimulations (columns 4�6) the difference between
the vertical drawdown for different simulations at a given

time and location ranges from 0 ppt to 41 ppt, with a median

of 2.5 ppt and standard deviation of 5.7 ppt. The ratios of

medians (6.8/2.5) and standard deviations (16.4/5.7) corre-

spond to the ratio of LRU uncertainty to GPP uncertainty

(46%/15%).

Figure 3 compares STEMCOS vertical drawdown driven

by SiBGPPand eq. (1) with [COS]/[CO2] ratio of 1.1pptCOS/

ppmCO2, andLRUof 1.61 (left panel) to STEMCOSvertical

drawdown driven by SiB’s mechanistic Fplant (centre panel).

We found that the mechanistic Fplant results in a simu-

lated vertical drawdown 10�30% larger than the prescribed

LRU Fplant (right panel) across most of the USA and

Canada. The mean difference is �1.5 ppt, with a standard

deviation of 1.6 ppt. This is consistent with the LRU range

of 915% (1.6190.26) found by Stimler et al. (2012). This

suggests that the uncertainty contributed by using a pre-

scribed LRU rather than a mechanistic plant flux is much

smaller than the GPP uncertainty.

Figure 4 shows the distribution of daily ratios of (draw-

down spread among the GPP runs) to (drawdown spread

among the LRU runs). All of the medians are between 2.4

and 3.4, also consistent with the ratio of GPP uncertainty

to LRU uncertainty (46%/15%).

We found that Campbell et al. (2008) found a good

agreement with observations despite an overestimated LRU

because it used a small GPP from the CASA-m15 model.

More recent versions of the CASA model (e.g. CASA-

GFED3) have been calibrated with midwestern USA crop

yields and have a GPP that is roughly 45% larger over the

midwestern and eastern U.S. region where the INTEX-NA

flights occurred. This upward revision is also supported by

recent results from remotely sensed fluorescence which

indicates that most ecosystem models underestimate GPP

in the midwest U.S. region (Guanter et al., 2014).

While the purpose of this analysis is to examine model

sensitivity we also note that the mean over-land drawdown

across all six STEM runs of 22 ppt is roughly consistent with
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Fig. 2. First row: July and August mean gross primary productivity (GPP). Second row: July and August mean COS plant flux (Fplant).

Third row: July and August mean COS vertical drawdown. Fplant was calculated from GPP by eq. (1) and passed as a driver to STEM.

Vertical drawdown was simulated by STEM; it is the decrease in COS concentration between the surface and the upper atmosphere due to

plant uptake. The six STEM runs (columns) are described in Section 2.2 and Table 1.
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and all medians are between 2.4 and 3.4. This suggests that GPP uncertainty consistently produces more [COS] variability than LRU

uncertainty by a factor of roughly 3.
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the low end of the observed drawdown ranges at NOAA

airborne observation sites in Wisconsin, USA (54930 ppt)

and Iowa, USA (51928 ppt). A robust quantitative com-

parison of modelled drawdown to observed drawdown

would require more sophisticated interpolation of gridded

model results to the observation locations. This is beyond

the scope of the present study. However we believe the rough

agreement of magnitudes lends credibility to the model

results. The rough model�observation agreement is consis-

tent with previous work that shows that the plant flux is the

dominant source of variability for the North American

growing season relative to boundary conditions and other

surface fluxes (Campbell et al., 2008). However future work

that focuses on atmospheric inversion in addition to model

sensitivity will need to account for these other sources of

variability. In particular, recent eddy flux and chamber

observations show evidence of night plant uptake that is not

related to GPP and a soil source, both of which need to be

parameterised in flux models and examined in atmospheric

transport simulations (Billesbach et al., 2014; Maseyk et al.,

2014; White et al., 2010).

4. Conclusions

The COS tracer approach [eq. (1)] to quantifying GPP

depends on the underpinning criterion that uncertainty in

GPP is smaller than uncertainty in LRU. Here we have

demonstrated that vertical drawdown of COS is much more

sensitive to GPP uncertainty than to LRU uncertainty, and

therefore that this important criterion is satisfied. We have

also demonstrated that the wide range of LRU values found

by previous atmospheric modelling studies (relative to

plant-based chamber studies) can be explained by the

relatively large uncertainty in North American GPP esti-

mates. Both of these results are encouraging for the viability

of the COS tracer approach to diagnosing GPP. Further

work is needed to confirm that modelled COS concentra-

tions are consistent with airborne observations and to

examine other sources of COS concentration variability.
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