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Overview

1. Introduction to Catchment-CN
2. Science Applications

i. Impact of atmospheric carbon variability on terrestrial carbon fluxes
ii. Impact of land initial conditions on sub-seasonal to seasonal (S2S) carbon forecasts
iii. Evaluation of fire carbon emissions
iv. Vegetation parameter optimization

3. Transition to Catchment-CN 5.0
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Catchment-CN model

• Experimental land component in NASA GEOS 
Earth System Model

• Merger of Catchment LSM & CLM CN 
dynamics 

The Catchment LSM:
• Calculates all the water and energy balances
• Provides the CN model: 

• Soil moisture and temperature 
• Canopy temperature
• Snow depth and coverage 

The CN model:
• Calculates all the carbon and nitrogen fluxes 

and reservoirs, and
• Provides the Catchment LSM LAI and canopy 

conductance. 

⇒ We do not use CLM soil layer structure, hydrology, energy 
balance calculations, etc.. 

⇒ We use only CLM photosynthesis, stomatal conductance, 
and C and N flux and reservoir calculations. 
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i. Impact of atmospheric CO2 variability on terrestrial biosphere
Objective: Quantify the sensitivity of terrestrial carbon fluxes (GPP) on the spatiotemporal variability of atmospheric CO2
E. Lee et al.: Impact of variability in atmospheric CO2 concentration on global terrestrial carbon fluxes 5639
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Figure 1. Schematic of the six simulations examined in this study, which were designed to isolate the impacts of the different facets’
spatiotemporal CO2 variability on simulated carbon fluxes. The CO2 concentrations were reconstructed from the NOAA CarbonTracker
3-hourly global CO2 data.

each month at each grid location). The 12 diurnal cycles
were then assigned to the middle of each month and lin-
ear interpolation to each day of year produced 365 cli-
matological diurnal cycles of CO2 concentration. We ap-
plied these daily diurnal cycles in each year of 1850–
2000 after scaling them with a year-specific scaling fac-
tor that forced the annual, global mean CO2 concentra-
tion to increase linearly in time from 280 ppm in 1850 to
311 ppm in 1950 and then from this value to 375.5 ppm in
2000 (to approximate the growth in CO2 seen in the his-
torical record; see http://www.eea.europa.eu/data-and-maps/
figures/atmospheric-concentration-of-co2-ppm-1, last ac-
cess: April 2016). All of the interpolation was performed
in the time dimension only; the global spatial variation con-
tained within the CarbonTracker data was retained.

The strategy behind our experiments is described in Fig. 1.
We performed a series of six experiments covering the period
2001–2014 (applying the same meteorology except for the
atmospheric CO2 concentrations and using the same 2001
initial conditions as the control), with each experiment re-
moving, in turn, one facet of the spatiotemporal variability in
atmospheric CO2 concentration. In the first experiment (re-
ferred to as dCO2), the 3-hourly CO2 diurnal cycle was av-
eraged into a single daily value at every tile, and these daily-
averaged values were then used to force the Catchment-CN
model. Comparing the results of this experiment to those of
the control thus illustrates the impact of ignoring diurnal CO2
variability on the modeled carbon fluxes. In the second exper-
iment (mCO2), day-to-day variability in CO2 was removed –
the daily CO2 concentrations used in dCO2 were averaged
into monthly values, which were then linearly interpolated
(as in the spin-up procedure) into a temporally smoothed ver-
sion of the daily fields. Note that through the interpolation,
the global average of CO2 is conserved in essence. In the
third experiment (maCO2), seasonality in CO2 was removed
– the annual average CO2 from CarbonTracker above a sur-
face element was applied to that element. Note that the an-
nual fields used for maCO2 still retain the spatial variability
in CO2 inherent in the CarbonTracker data; this spatial vari-
ability was removed in the fourth experiment (magCO2), in
which the globally uniform but yearly varying mean annual

CO2 fields were used. This experiment (magCO2) replicates
the commonly used CO2 forcing fields applied in many other
land modeling experiments. Finally, in the fifth and sixth ex-
periments, different facets of the interannual variability in
CO2 were removed. In the fifth experiment (magtCO2), year-
to-year variations in globally averaged CO2 were removed
while retaining the overall mean trend; this was achieved
by regressing the 14 annual mean values used in magCO2
against the year index and then using the resulting regres-
sion line to assign the annual values. In the sixth experiment
(cC02), the long-term trend was also removed by averag-
ing the 14 annual values into a single number – in cCO2,
a constant CO2 concentration (392.34 ppm) was applied ev-
erywhere, every 10 min.

All of our analyses were performed on tile-based fluxes.
This efficiently excludes coastal water and lake water im-
pacts and thus allows for an accurate estimation of the aggre-
gated land-based global carbon fluxes. We computed mean
global GPP by multiplying tile-based fluxes (in units of
gCm�2 s�1) by the associated tile area and then aggregat-
ing the areal totals over global land (excluding Greenland
and Antarctica). The mean global NBP was estimated in the
same way.

3 Results

We evaluate in Sect. 3.1 and 3.2 the ability of the control sim-
ulation to produce reasonable GPP and NBP fluxes, and we
examine in Sect. 3.3 the model’s initial response to CO2 en-
richment. With this overview of model performance in hand,
we analyze in Sect. 3.4 the results of the experiments outlined
in Fig. 1.

3.1 Evaluation of simulated GPP against the

MTE-GPP dataset

The spatial pattern of the mean annual GPP simulated by the
Catchment-CN in the control simulation (i.e., the case forced
with spatially varying, 3-hourly atmospheric CO2 fields) is
broadly consistent with the MTE-GPP data over the period
of 2002–2011 (Fig. 2a and b). The generally higher values
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Figure 1. Schematic of the six simulations examined in this study, which were designed to isolate the impacts of the different facets’
spatiotemporal CO2 variability on simulated carbon fluxes. The CO2 concentrations were reconstructed from the NOAA CarbonTracker
3-hourly global CO2 data.

each month at each grid location). The 12 diurnal cycles
were then assigned to the middle of each month and lin-
ear interpolation to each day of year produced 365 cli-
matological diurnal cycles of CO2 concentration. We ap-
plied these daily diurnal cycles in each year of 1850–
2000 after scaling them with a year-specific scaling fac-
tor that forced the annual, global mean CO2 concentra-
tion to increase linearly in time from 280 ppm in 1850 to
311 ppm in 1950 and then from this value to 375.5 ppm in
2000 (to approximate the growth in CO2 seen in the his-
torical record; see http://www.eea.europa.eu/data-and-maps/
figures/atmospheric-concentration-of-co2-ppm-1, last ac-
cess: April 2016). All of the interpolation was performed
in the time dimension only; the global spatial variation con-
tained within the CarbonTracker data was retained.

The strategy behind our experiments is described in Fig. 1.
We performed a series of six experiments covering the period
2001–2014 (applying the same meteorology except for the
atmospheric CO2 concentrations and using the same 2001
initial conditions as the control), with each experiment re-
moving, in turn, one facet of the spatiotemporal variability in
atmospheric CO2 concentration. In the first experiment (re-
ferred to as dCO2), the 3-hourly CO2 diurnal cycle was av-
eraged into a single daily value at every tile, and these daily-
averaged values were then used to force the Catchment-CN
model. Comparing the results of this experiment to those of
the control thus illustrates the impact of ignoring diurnal CO2
variability on the modeled carbon fluxes. In the second exper-
iment (mCO2), day-to-day variability in CO2 was removed –
the daily CO2 concentrations used in dCO2 were averaged
into monthly values, which were then linearly interpolated
(as in the spin-up procedure) into a temporally smoothed ver-
sion of the daily fields. Note that through the interpolation,
the global average of CO2 is conserved in essence. In the
third experiment (maCO2), seasonality in CO2 was removed
– the annual average CO2 from CarbonTracker above a sur-
face element was applied to that element. Note that the an-
nual fields used for maCO2 still retain the spatial variability
in CO2 inherent in the CarbonTracker data; this spatial vari-
ability was removed in the fourth experiment (magCO2), in
which the globally uniform but yearly varying mean annual

CO2 fields were used. This experiment (magCO2) replicates
the commonly used CO2 forcing fields applied in many other
land modeling experiments. Finally, in the fifth and sixth ex-
periments, different facets of the interannual variability in
CO2 were removed. In the fifth experiment (magtCO2), year-
to-year variations in globally averaged CO2 were removed
while retaining the overall mean trend; this was achieved
by regressing the 14 annual mean values used in magCO2
against the year index and then using the resulting regres-
sion line to assign the annual values. In the sixth experiment
(cC02), the long-term trend was also removed by averag-
ing the 14 annual values into a single number – in cCO2,
a constant CO2 concentration (392.34 ppm) was applied ev-
erywhere, every 10 min.

All of our analyses were performed on tile-based fluxes.
This efficiently excludes coastal water and lake water im-
pacts and thus allows for an accurate estimation of the aggre-
gated land-based global carbon fluxes. We computed mean
global GPP by multiplying tile-based fluxes (in units of
gCm�2 s�1) by the associated tile area and then aggregat-
ing the areal totals over global land (excluding Greenland
and Antarctica). The mean global NBP was estimated in the
same way.

3 Results

We evaluate in Sect. 3.1 and 3.2 the ability of the control sim-
ulation to produce reasonable GPP and NBP fluxes, and we
examine in Sect. 3.3 the model’s initial response to CO2 en-
richment. With this overview of model performance in hand,
we analyze in Sect. 3.4 the results of the experiments outlined
in Fig. 1.

3.1 Evaluation of simulated GPP against the

MTE-GPP dataset

The spatial pattern of the mean annual GPP simulated by the
Catchment-CN in the control simulation (i.e., the case forced
with spatially varying, 3-hourly atmospheric CO2 fields) is
broadly consistent with the MTE-GPP data over the period
of 2002–2011 (Fig. 2a and b). The generally higher values
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Figure 4. (a) Change in mean global GPP (PgCmonth�1) due to removal of diurnal variability in atmospheric CO2 concentration (i.e., GPP
from the dCO2 experiment minus that from the control). (b) Map of time-averaged GPP changes as a percentage (%). The tile-based model
GPP values were aggregated to 2� ⇥ 2.5� for visualization purposes.

meteorology, and we applied the CO2 stepwise increase in
different years compared to the FACE experiment. In any
case, our model results are still relevant to the interpreta-
tion and evaluation of the bottom-up estimates of GPP and
NBP based on a dynamic global vegetation model (DGVM)
found in the literature. For example, the average increase in
NPP across the 11 DGVMs participating in a similar exper-
iment was about 26 % (ranging from 9 % to 35 %) for the
Duke site and 20 % (ranging from 7 % to 30 %) for the ORNL
site (Zaehle et al., 2014; in their Fig. 5), somewhat similar to
the increases found with our model. We can infer, then, that
the sensitivities uncovered with our model experiments likely
also apply to other models, including those providing global
GPP and NBP estimates to the scientific community.

3.4 Global-scale sensitivity of carbon fluxes to imposed

CO2 variability

Here we present the results of the experiments outlined in
Fig. 1, with each facet of variability considered separately.

3.4.1 Diurnal variability in CO2 (dCO2–3hCO2)

Figure 4 compares the results of dCO2 to those of the con-
trol simulation, thereby revealing the impact of the CO2 di-
urnal cycle on simulated GPP and NBP. Figure 4a shows
the time series of global mean GPP differences (dCO2 mi-
nus control) over the 14-year period; removing the diurnal
variability clearly increases GPP, and the effect is particu-
larly large in boreal summer (0.07 PgC month�1, equivalent
to 0.8 PgC year�1). Figure 4b shows that most of the in-
creases are in the tropics and in the far eastern areas of the
Northern Hemisphere continents. Almost no region shows a
decrease in GPP associated with the removal of the CO2 di-
urnal cycle. As indicated in Table 1, removing the CO2 diur-
nal cycle leads to an overall increase in global mean GPP of
0.497 Pg Cyear�1 and a change in the global mean NBP of
0.100 Pg Cyear�1.

The changes evident in Fig. 4 make sense in the context
of the daily variations in atmospheric CO2 noted in many
studies (e.g., Denning et al., 1995, 1999). In nature (and
as captured in the control simulation), the nighttime atmo-

Biogeosciences, 15, 5635–5652, 2018 www.biogeosciences.net/15/5635/2018/

∆GPP (dCO2 – Control) [%]

Figure: Impact of removing CO2 diurnal variability on GPP

4

Lee et al., 2018



National Aeronautics and Space Administration

gmao.gsfc.nasa.gov

i. Impact of atmospheric CO2 variability on terrestrial biosphere5642 E. Lee et al.: Impact of variability in atmospheric CO2 concentration on global terrestrial carbon fluxes

Figure 4. (a) Change in mean global GPP (PgCmonth�1) due to removal of diurnal variability in atmospheric CO2 concentration (i.e., GPP
from the dCO2 experiment minus that from the control). (b) Map of time-averaged GPP changes as a percentage (%). The tile-based model
GPP values were aggregated to 2� ⇥ 2.5� for visualization purposes.

meteorology, and we applied the CO2 stepwise increase in
different years compared to the FACE experiment. In any
case, our model results are still relevant to the interpreta-
tion and evaluation of the bottom-up estimates of GPP and
NBP based on a dynamic global vegetation model (DGVM)
found in the literature. For example, the average increase in
NPP across the 11 DGVMs participating in a similar exper-
iment was about 26 % (ranging from 9 % to 35 %) for the
Duke site and 20 % (ranging from 7 % to 30 %) for the ORNL
site (Zaehle et al., 2014; in their Fig. 5), somewhat similar to
the increases found with our model. We can infer, then, that
the sensitivities uncovered with our model experiments likely
also apply to other models, including those providing global
GPP and NBP estimates to the scientific community.

3.4 Global-scale sensitivity of carbon fluxes to imposed

CO2 variability

Here we present the results of the experiments outlined in
Fig. 1, with each facet of variability considered separately.

3.4.1 Diurnal variability in CO2 (dCO2–3hCO2)

Figure 4 compares the results of dCO2 to those of the con-
trol simulation, thereby revealing the impact of the CO2 di-
urnal cycle on simulated GPP and NBP. Figure 4a shows
the time series of global mean GPP differences (dCO2 mi-
nus control) over the 14-year period; removing the diurnal
variability clearly increases GPP, and the effect is particu-
larly large in boreal summer (0.07 PgC month�1, equivalent
to 0.8 PgC year�1). Figure 4b shows that most of the in-
creases are in the tropics and in the far eastern areas of the
Northern Hemisphere continents. Almost no region shows a
decrease in GPP associated with the removal of the CO2 di-
urnal cycle. As indicated in Table 1, removing the CO2 diur-
nal cycle leads to an overall increase in global mean GPP of
0.497 Pg Cyear�1 and a change in the global mean NBP of
0.100 Pg Cyear�1.

The changes evident in Fig. 4 make sense in the context
of the daily variations in atmospheric CO2 noted in many
studies (e.g., Denning et al., 1995, 1999). In nature (and
as captured in the control simulation), the nighttime atmo-
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Figure 4. (a) Change in mean global GPP (PgCmonth�1) due to removal of diurnal variability in atmospheric CO2 concentration (i.e., GPP
from the dCO2 experiment minus that from the control). (b) Map of time-averaged GPP changes as a percentage (%). The tile-based model
GPP values were aggregated to 2� ⇥ 2.5� for visualization purposes.

meteorology, and we applied the CO2 stepwise increase in
different years compared to the FACE experiment. In any
case, our model results are still relevant to the interpreta-
tion and evaluation of the bottom-up estimates of GPP and
NBP based on a dynamic global vegetation model (DGVM)
found in the literature. For example, the average increase in
NPP across the 11 DGVMs participating in a similar exper-
iment was about 26 % (ranging from 9 % to 35 %) for the
Duke site and 20 % (ranging from 7 % to 30 %) for the ORNL
site (Zaehle et al., 2014; in their Fig. 5), somewhat similar to
the increases found with our model. We can infer, then, that
the sensitivities uncovered with our model experiments likely
also apply to other models, including those providing global
GPP and NBP estimates to the scientific community.

3.4 Global-scale sensitivity of carbon fluxes to imposed

CO2 variability

Here we present the results of the experiments outlined in
Fig. 1, with each facet of variability considered separately.

3.4.1 Diurnal variability in CO2 (dCO2–3hCO2)

Figure 4 compares the results of dCO2 to those of the con-
trol simulation, thereby revealing the impact of the CO2 di-
urnal cycle on simulated GPP and NBP. Figure 4a shows
the time series of global mean GPP differences (dCO2 mi-
nus control) over the 14-year period; removing the diurnal
variability clearly increases GPP, and the effect is particu-
larly large in boreal summer (0.07 PgC month�1, equivalent
to 0.8 PgC year�1). Figure 4b shows that most of the in-
creases are in the tropics and in the far eastern areas of the
Northern Hemisphere continents. Almost no region shows a
decrease in GPP associated with the removal of the CO2 di-
urnal cycle. As indicated in Table 1, removing the CO2 diur-
nal cycle leads to an overall increase in global mean GPP of
0.497 Pg Cyear�1 and a change in the global mean NBP of
0.100 Pg Cyear�1.

The changes evident in Fig. 4 make sense in the context
of the daily variations in atmospheric CO2 noted in many
studies (e.g., Denning et al., 1995, 1999). In nature (and
as captured in the control simulation), the nighttime atmo-
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Figure 6. (a) Change in mean global GPP (Pg Cmonth�1) due to removal of spatial variability in atmospheric CO2 concentration (i.e., GPP
from the magCO2 experiment minus that from the maCO2 experiment). (b) Map of time-averaged GPP changes as a percentage (%).

ability on carbon fluxes and how the relative importance of
these different facets varies across the globe. Such a charac-
terization is presented here in the form of histograms (Fig. 8);
together, the histograms succinctly capture our regional and
seasonal findings.

Figure 8 shows, for example, that ignoring the diurnal vari-
ation in atmospheric CO2 results in the overestimation of
GPP in all seasons and in all TransCom regions except for
Australia, where it slightly reduces GPP and where the in-
fluence of the spatial CO2 variability is dominant. Spatial
CO2 variability is also found to partially compensate for diur-
nal variability in the Northern Hemisphere temperate regions
(North America and Eurasia; see Fig. 8b and h) and in North
Africa (Fig. 8e).

Seasonal CO2 variations are found to be particularly im-
portant in Northern Hemisphere high-latitude regions; during
fall, the GPP change induced by seasonal CO2 variations is
comparable to (and in the same direction as) that caused by
diurnal variations (Fig. 8a and g). Similarly, seasonal vari-
ations have an important impact on GPP in Europe during
fall (i.e., SON in Fig. 8k), presumably due to the presence
of mixed (boreal and temperate) forests there; this impact is

large enough to offset the fall GPP reduction induced by ig-
noring spatial CO2 variations (Fig. 8b and k). Day-to-day and
year-to-year variations in atmospheric CO2 have little impact
anywhere, reaffirming our global-scale analysis. The long-
term trend in CO2, however, has a relatively large percentage
impact in the two African regions (Fig. 8e and f) – ignoring
this trend in CO2 in these regions leads to increased GPP.
While diurnal CO2 variations are important for all seasons
across nearly all regions, the interplay among seasonal vari-
ations, spatial variations and long-term trends appears to be
crucial to certain seasonal and/or regional GPP estimations.

4 Discussion

Overall, our results indicate that ignoring temporal variabil-
ity in atmospheric CO2 in the bottom-up estimation of carbon
fluxes with a representative offline model can lead to overes-
timates of global GPP of up to 0.5 PgCyear�1 (see Table 1).
The corresponding estimates of the strength of the land car-
bon sink may be too high by about 0.1 PgCyear�1. The most
important facets of temporal CO2 variability are found to be
diurnal variability and the trend in interannual variability;

www.biogeosciences.net/15/5635/2018/ Biogeosciences, 15, 5635–5652, 2018
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Figure 4. (a) Change in mean global GPP (PgCmonth�1) due to removal of diurnal variability in atmospheric CO2 concentration (i.e., GPP
from the dCO2 experiment minus that from the control). (b) Map of time-averaged GPP changes as a percentage (%). The tile-based model
GPP values were aggregated to 2� ⇥ 2.5� for visualization purposes.

meteorology, and we applied the CO2 stepwise increase in
different years compared to the FACE experiment. In any
case, our model results are still relevant to the interpreta-
tion and evaluation of the bottom-up estimates of GPP and
NBP based on a dynamic global vegetation model (DGVM)
found in the literature. For example, the average increase in
NPP across the 11 DGVMs participating in a similar exper-
iment was about 26 % (ranging from 9 % to 35 %) for the
Duke site and 20 % (ranging from 7 % to 30 %) for the ORNL
site (Zaehle et al., 2014; in their Fig. 5), somewhat similar to
the increases found with our model. We can infer, then, that
the sensitivities uncovered with our model experiments likely
also apply to other models, including those providing global
GPP and NBP estimates to the scientific community.

3.4 Global-scale sensitivity of carbon fluxes to imposed

CO2 variability

Here we present the results of the experiments outlined in
Fig. 1, with each facet of variability considered separately.

3.4.1 Diurnal variability in CO2 (dCO2–3hCO2)

Figure 4 compares the results of dCO2 to those of the con-
trol simulation, thereby revealing the impact of the CO2 di-
urnal cycle on simulated GPP and NBP. Figure 4a shows
the time series of global mean GPP differences (dCO2 mi-
nus control) over the 14-year period; removing the diurnal
variability clearly increases GPP, and the effect is particu-
larly large in boreal summer (0.07 PgC month�1, equivalent
to 0.8 PgC year�1). Figure 4b shows that most of the in-
creases are in the tropics and in the far eastern areas of the
Northern Hemisphere continents. Almost no region shows a
decrease in GPP associated with the removal of the CO2 di-
urnal cycle. As indicated in Table 1, removing the CO2 diur-
nal cycle leads to an overall increase in global mean GPP of
0.497 Pg Cyear�1 and a change in the global mean NBP of
0.100 Pg Cyear�1.

The changes evident in Fig. 4 make sense in the context
of the daily variations in atmospheric CO2 noted in many
studies (e.g., Denning et al., 1995, 1999). In nature (and
as captured in the control simulation), the nighttime atmo-
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Figure 6. (a) Change in mean global GPP (Pg Cmonth�1) due to removal of spatial variability in atmospheric CO2 concentration (i.e., GPP
from the magCO2 experiment minus that from the maCO2 experiment). (b) Map of time-averaged GPP changes as a percentage (%).

ability on carbon fluxes and how the relative importance of
these different facets varies across the globe. Such a charac-
terization is presented here in the form of histograms (Fig. 8);
together, the histograms succinctly capture our regional and
seasonal findings.

Figure 8 shows, for example, that ignoring the diurnal vari-
ation in atmospheric CO2 results in the overestimation of
GPP in all seasons and in all TransCom regions except for
Australia, where it slightly reduces GPP and where the in-
fluence of the spatial CO2 variability is dominant. Spatial
CO2 variability is also found to partially compensate for diur-
nal variability in the Northern Hemisphere temperate regions
(North America and Eurasia; see Fig. 8b and h) and in North
Africa (Fig. 8e).

Seasonal CO2 variations are found to be particularly im-
portant in Northern Hemisphere high-latitude regions; during
fall, the GPP change induced by seasonal CO2 variations is
comparable to (and in the same direction as) that caused by
diurnal variations (Fig. 8a and g). Similarly, seasonal vari-
ations have an important impact on GPP in Europe during
fall (i.e., SON in Fig. 8k), presumably due to the presence
of mixed (boreal and temperate) forests there; this impact is

large enough to offset the fall GPP reduction induced by ig-
noring spatial CO2 variations (Fig. 8b and k). Day-to-day and
year-to-year variations in atmospheric CO2 have little impact
anywhere, reaffirming our global-scale analysis. The long-
term trend in CO2, however, has a relatively large percentage
impact in the two African regions (Fig. 8e and f) – ignoring
this trend in CO2 in these regions leads to increased GPP.
While diurnal CO2 variations are important for all seasons
across nearly all regions, the interplay among seasonal vari-
ations, spatial variations and long-term trends appears to be
crucial to certain seasonal and/or regional GPP estimations.

4 Discussion

Overall, our results indicate that ignoring temporal variabil-
ity in atmospheric CO2 in the bottom-up estimation of carbon
fluxes with a representative offline model can lead to overes-
timates of global GPP of up to 0.5 PgCyear�1 (see Table 1).
The corresponding estimates of the strength of the land car-
bon sink may be too high by about 0.1 PgCyear�1. The most
important facets of temporal CO2 variability are found to be
diurnal variability and the trend in interannual variability;
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Figure 4. (a) Change in mean global GPP (PgCmonth�1) due to removal of diurnal variability in atmospheric CO2 concentration (i.e., GPP
from the dCO2 experiment minus that from the control). (b) Map of time-averaged GPP changes as a percentage (%). The tile-based model
GPP values were aggregated to 2� ⇥ 2.5� for visualization purposes.

meteorology, and we applied the CO2 stepwise increase in
different years compared to the FACE experiment. In any
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Figure 6. (a) Change in mean global GPP (Pg Cmonth�1) due to removal of spatial variability in atmospheric CO2 concentration (i.e., GPP
from the magCO2 experiment minus that from the maCO2 experiment). (b) Map of time-averaged GPP changes as a percentage (%).
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fall (i.e., SON in Fig. 8k), presumably due to the presence
of mixed (boreal and temperate) forests there; this impact is

large enough to offset the fall GPP reduction induced by ig-
noring spatial CO2 variations (Fig. 8b and k). Day-to-day and
year-to-year variations in atmospheric CO2 have little impact
anywhere, reaffirming our global-scale analysis. The long-
term trend in CO2, however, has a relatively large percentage
impact in the two African regions (Fig. 8e and f) – ignoring
this trend in CO2 in these regions leads to increased GPP.
While diurnal CO2 variations are important for all seasons
across nearly all regions, the interplay among seasonal vari-
ations, spatial variations and long-term trends appears to be
crucial to certain seasonal and/or regional GPP estimations.

4 Discussion

Overall, our results indicate that ignoring temporal variabil-
ity in atmospheric CO2 in the bottom-up estimation of carbon
fluxes with a representative offline model can lead to overes-
timates of global GPP of up to 0.5 PgCyear�1 (see Table 1).
The corresponding estimates of the strength of the land car-
bon sink may be too high by about 0.1 PgCyear�1. The most
important facets of temporal CO2 variability are found to be
diurnal variability and the trend in interannual variability;
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Conclusion: Accounting for atmospheric CO2 
spatial variability increases terrestrial carbon 
fluxes on average, but with regional variations
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Figure: Experiment set-up
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ii. Role of Land in S2S carbon forecasts
Objective: Investigate the impact of land initial conditions (IC) on subseasonal-to-seasonal (S2S) forecasts of GPP

Figure: Experiment set-up

CTRL: Regular forecast, meteorology and land ICs 
vary temporally
EXP2016_met: Fixed (2016) meteorology; soil 
moisture and carbon states vary temporally -> 
impact of land ICs
EXP2016_met_sm: Fixed (2016) meteorology and 
soil moisture ICs; carbon states vary temporally -> 
impact of carbon ICs
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vary temporally
EXP2016_met: Fixed (2016) meteorology; soil 
moisture and carbon states vary temporally -> 
impact of land ICs
EXP2016_met_sm: Fixed (2016) meteorology and 
soil moisture ICs; carbon states vary temporally -> 
impact of carbon ICs
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ii. Role of Land in S2S carbon forecasts
Objective: Investigate the impact of land initial conditions (IC) on subseasonal-to-seasonal (S2S) forecasts of GPP

MOTIVATION
Sub-seasonal to seasonal (S2S) meteorological forecasts have demonstrated substantially improved prediction
capability (e.g., NASA Global Modeling and Assimilation Office (GMAO)’s Goddard Earth Observing System
(GEOS) S2S-2 forecast system; Molod et al., 2020). This provides us the potential to support a variety of
applications such as carbon forecast. Given that the large range of spatiotemporal variability of the land carbon
fluxes is one of the key uncertainties about the global carbon budget, it is important to evaluate our current
capability of forecasting terrestrial carbon at the S2S scale.

MODEL AND EXPERIMENTAL DESIGN
Forecast GPP was simulated by the NASA GMAO's Catchment-CN model (Koster et al., 2014), forced by the GMAO
S2S ensemble forecast meteorology. Each meteorology was initialized in December in the preceeding year to the forecast year,
and bias-corrected following the method in Arsenault et al. (2020). The model estimated GPP from January to September in the
forecast year.

Table 1. Experimental design. In the CTRL experiment, the simulations used the bias-corrected, forecasted meteorology and land initial
conditions appropriate for the forecast year. The simulations in EXP2016met applied the land initial condition appropriate for the forecast year
while the 2016 forecast meteorology were applied to all forecast years. The diurnal and monthly variations in the year 2016 meteorology remain
in EXP2016met. In EXP2016met_sm, both the meteorology of year 2016 and the soil moisture condition on Jan 1, 2016 were applied to all
forecasts, while the initial land condition (except for the soil moisture) appropriate for the forecast year was applied. All are offline simulations. 

 

The "model truth" GPP was generated by the Catchment-CN model, forced by the MERRA-2 reanalysis meteorology (Gelaro et al.,
2017).

RESULT: TEMPORAL CORRELATION
In each grid cell, the temporal correlation coefficient (Rtemp) for each month was computed between the
anomaly of the forecast GPP (the mean value of four ensemble members) and the model truth GPP anomaly.

Figure 1. Example of the GPP anomalies of the forecast (CTRL; solid blue line) and the model truth (solid black line) at 50N and
120W.  Light blue dots indicate the GPP anomalies from individual ensemble members. 

 

Losing the information of the initial soil moisture condition for a particular forecast year in
EXP2016met_sm (compared to EXP2016met) reduces the skill in capturing the inter-annual variability
in the forecast.

Figure 2. Temporal correlation of the forecast GPP anomalies (CTRL, EXP2016met and EXP2016met_sm) to the model truth GPP
anomaly.  The confidence interval of 90% has been applied. 

RESULT: SPATIAL CORRELATION OF REGIONAL GPP
ANOMALY IN TROPICS
In tropics. the spatial patterns of the forecast GPP anomalies in CTRL and EXP2016met show good
correlations with the model truth. On the other hand, the spatial correlation of the tropical GPP anomaly in
EXP2016met_sm to the model truth is much lower than those in CTRL and EXP2016met. An example of the
forecast GPP anomalies in the tropical South America is shown in Figure 3. 

Figure 3. Example of the GPP anomalies of the model truth (1st column), CTRL (2nd column), EXP2016met (3rd column) and
EXP2016met_sm (4th column) of the Tropical South America for year 2016.

 

Moreover, the contribution of the initial soil moisture information is greater in the early lead months (up to 3rd
and 4th lead month), when the overall carbon forecast skill is high. 

Figure 4. Spatial correlation coefficients (Rsp) of the regional GPP anomalies between the forecast and the model truth: (a)
Tropical South America, (b) Africa Northern, and (c) Tropical Asia.  The regional boundary adopts the TransCom classification
(TransCom).

CONCLUSION
Lack of the information about the initial condition of the soil moisture for a particular forecast year
significantly decreases the carbon forecast skills in both spatial and temporal scales. 

Overall, losing the information about the initial status of the soil moisture leads to the reduced skill to
capture the inter-annual variability of the GPP anomalies, as well as the lower skill to reproduce the
spatial patterns of the GPP anomalies in tropics. 

In early lead months, the contribution of the initial soil moisture condition is more important than the
carbon initial conditions. 
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ABSTRACT
Soil moisture, through its impact on transpiration, plays a significant role in controlling the productivity of terrestrial vegetation.
Initial soil moisture conditions in a seasonal forecast may therefore affect the forecast of land carbon uptake. Here we investigate
the relative impacts of soil moisture initialization and carbon reservoir initialization on forecasts of land carbon fluxes at the sub-
seasonal to seasonal (S2S) scale. The bias-corrected, retrospective meteorology of NASA Global Modeling and Assimilation Office
(GMAO)’s S2S ensemble forecast was used to force the stand-alone Catchment-CN model and thereby estimate terrestrial carbon
responses out to nine lead months. Our results show that soil moisture initialization is a major contributor (approximately 44%) to
the high global carbon uptake forecast skill seen during the first three lead months. The carbon reservoir initialization explains
roughly another half of the monthly carbon forecast skill during this period and becomes relatively more important at longer leads
(while the overall forecast skill decreases after the 3  lead month), suggesting a slower but longer-lasting influence of carbon
reservoir initialization on carbon fluxes. Our results highlight the significance of a good soil moisture initialization for improved
forecasts of carbon fluxes at leads of several months, further support for the usefulness of assimilating the satellite-based soil
moisture information into terrestrial biosphere models and of a short term carbon forecast to understand current events with often a
lag in the availability of flux estimates.
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correlations with the model truth. On the other hand, the spatial correlation of the tropical GPP anomaly in
EXP2016met_sm to the model truth is much lower than those in CTRL and EXP2016met. An example of the
forecast GPP anomalies in the tropical South America is shown in Figure 3. 

Figure 3. Example of the GPP anomalies of the model truth (1st column), CTRL (2nd column), EXP2016met (3rd column) and
EXP2016met_sm (4th column) of the Tropical South America for year 2016.

 

Moreover, the contribution of the initial soil moisture information is greater in the early lead months (up to 3rd
and 4th lead month), when the overall carbon forecast skill is high. 

Figure 4. Spatial correlation coefficients (Rsp) of the regional GPP anomalies between the forecast and the model truth: (a)
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Lack of the information about the initial condition of the soil moisture for a particular forecast year
significantly decreases the carbon forecast skills in both spatial and temporal scales. 

Overall, losing the information about the initial status of the soil moisture leads to the reduced skill to
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Conclusion: Land ICs significantly contribute 
to carbon forecast skill at spatial and temporal 
scales

Conclusion: Impact of soil moisture ICs 
dominates impact of carbon ICs at early lead 
months

Figure: Spatial correlation between forecast GPP and model truth

Figure: Experiment set-up
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iii. Evaluation of Wildfire simulations

Fire burned area (1997 – 2016) 

Follette-Cook et al., in prep

Conclusion: Catchment-CN4.5 captures 
observed wildfire impact better than 
Catchment-CN4.0

Objective: Evaluate Catchment-CN4.5 fire carbon emissions and burnt area against Global Fire Emissions Database 
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iii. Evaluation of Wildfire simulations

Improved fire carbon emissions in Catchment-CN4.5. However, these are accompanied by a reduced skill in modelling 
terrestrial carbon fluxes

Objective: Evaluate Catchment-CN4.5 fire carbon emissions and burnt area against Global Fire Emissions Database 
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iv. Vegetation Parameter Optimization

• Calibration parameters: 

• Timing of phenological cycle (seasonal variability)
• Photosynthetic efficiency (bias)
• Carbon storage/allocation (interannual variability)

Objective: Use MODIS FPAR observations to optimize Catchment-CN vegetation parameters.

Kolassa et al., 2020

Catchment-CN modeled 
FPAR

MODIS
FPAR

Particle Swarm 
Optimization 

Approach

Update Catchment-CN 
vegetation parameters

RMSE
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Change in RMSE vs MODIS FPAR
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iv. Vegetation Parameter Optimization
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• Dominance of bias in model error skews calibration towards 
efficiency parameters

Kolassa et al., 2020

∆ abs(bias) [-]
∆R

 [-]

Change in RMSE vs MODIS FPAR



National Aeronautics and Space Administration

gmao.gsfc.nasa.gov9

iv. Vegetation Parameter Optimization

• Dominance of bias in model error skews calibration towards 
efficiency parameters

Conclusion: Two-stage calibration to address first the bias 
and then the timing would be more effective

Kolassa et al., 2020
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iv. Vegetation Parameter Optimization

∆R
M

SE
 [-]

∆R
M

SE
 [-]

• Calibration is effective,  but skill changes are small relative to total error

Conclusion: Parameter estimation can only reduce a part of the total model error, model structure changes are 
needed to address remaining error

Kolassa et al., 2020

Change in RMSE vs MODIS FPAR Original RMSE vs MODIS FPAR
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Looking ahead: Work with CatchmentCN5.0

Catchment-CN5.0: Catchment + CLM5.0 

Applications:

(Relatively) Immediate:
-- Analyses of fire in the climate system, including all feedbacks between land and atmosphere (trace gas 
emissions from fire)
-- Incorporation of CatchmentCN5.0 (in some form) into the next version of the operational S2S forecast 
system – allow initialization and evolution of vegetation phenology to influence forecasts
-- More studies of the linkages between the water, energy, and carbon cycles in the coupled land/atmosphere 
system (improvements from plant hydraulics)

Longer-term goals:
-- Incorporation of CatchmentCN5.0 into the full suite of GMAO operational systems, including reanalysis 
generation
-- Studies of the carbon cycle with fully coupled ocean/land/atmosphere system
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Catchment-CN model

Each basic Catchment land surface element is separated into:
• Three dynamic hydrological zones that vary with time depending on water availability 
• Three static carbon zones (10%, 45%, 45%) with independent carbon states traced in each. 

Valley bottoms Lower hillslopes Upper hillslopes

Saturated zone Unstressed zone Wilting point zone
AR1 AR2 AR4

Global Modeling and Assimilation Office
gmao.gsfc.nasa.govGMAO

National Aeronautics and Space Administration

Unique feature of our implementation

Each basic Catchment land surface element is separated into 
� Three dynamic hydrological sub-areas that vary with time depending on water availability
� Three non-dynamic sub-areas (10%, 45%, 45%); independent carbon states are saved in each.

10% 45%45%

WAR1 WAR2

AR1 AR2 AR4

WAR4

V1
(Valley bottoms)

V4
(Upper hillslopes)

V2
(Lower hillslopes)

WV2 = weighted average 
soil water contribution 

from WAR1 and WAR2

Dynamic hydrological zones 
(percentages vary with time, depending on water availability)

Static carbon zones

Our treatment of subgrid-
scale hydrology can thus 
capture topographical effects 
on vegetation distributions.

Koster et al. (2014)

Our treatment of subgrid- scale 
hydrology can thus capture 
topographical effects on vegetation 
distributions. 

Koster et al., 2014

3



National Aeronautics and Space Administration

gmao.gsfc.nasa.govGlobal Modeling and Assimilation Office
gmao.gsfc.nasa.govGMAO

National Aeronautics and Space Administration

Catchment-CN4.5 model performance
GPP seasonal variability (site-level)

(44.45N, 121.56W)
Evergreen Needleleaf Forest

(42.54N, 72.17W)
Deciduous Broadleaf Forest

Performance of Catchment-CN4.5 – GPP

Follette-Cook et al., in prep
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Main issue with Catchment-CN4.5 GPP
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Our main issue with CLM4.5 and global GPP

a GPP=165 Pg C yr-1

(Bonan et al. 2011)

NCAR GMAO
CLM4 C,N CLM4 

Energy, Water
Qian et al. (2006) 

Forcing data CLM4 C,N Catchment 
Energy, Water

MERRA-2 
Forcing data

Update to CLM4.5

a GPP=130 Pg C yr-1

(Bonan et al. 2011, 2012)

CLM4.5 C,N CLM4 
Energy, Water

a GPP= …

CLM4.5 C,N
Catchment 

Energy, Water
MERRA-2 

Forcing data

a GPP=127 Pg C yr-1

(Lee et al. 2018)

Qian et al. (2006) 
Forcing data

Update to CLM4.5
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Our main issue with CLM4.5 and global GPP

a GPP=165 Pg C yr-1

(Bonan et al. 2011)

NCAR GMAO
CLM4 C,N CLM4 

Energy, Water
Qian et al. (2006) 

Forcing data CLM4 C,N Catchment 
Energy, Water

MERRA-2 
Forcing data

Update to CLM4.5

a GPP=130 Pg C yr-1

(Bonan et al. 2011, 2012)

CLM4.5 C,N CLM4 
Energy, Water

a GPP= …

CLM4.5 C,N
Catchment 

Energy, Water
MERRA-2 

Forcing data

a GPP=127 Pg C yr-1

(Lee et al. 2018)

Qian et al. (2006) 
Forcing data

Update to CLM4.5

This (and other problems) have prompted us to move towards the implementation of 
Catchment-CN5.0 (Catchment merged with CLM5.0)

11
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Science changes to be implemented in Catchment-CN5.0
Vegetation:

• Introduction of plant hydraulics and hydraulic redistribution
• Stomatal conductance formulation choice: Medlyn (default) or Ball-Berry; based on N-limited photosynthesis
• FATES ecosystem demography
• Ozone damage to plants

Carbon:
• Fixed carbon allocation
• Weaker decrease of soil carbon decomposition rate with depth
• Stronger soil moisture control on decomposition

Nitrogen:
• More mechanistic representation of nitrogen cycle through Fixation and Uptake of Nitrogen (FUN) model
• Introduction of separate soil nitrogen pools
• Nitrogen uptake has ‘carbon cost’ for plants
• Variable C:N ratio in leaves
• Leaf nitrogen, photosynthesis and stomatal conductance vary according to nitrogen cost
• Inclusion of Leaf Use of Nitrogen for Assimilation (LUNA) model: Vcmax dependent on leaf N and environmental 

drivers -> prognostic

Fire:
• Fire occurrence and spread depends on fuel wetness for non-peat fires
• Simulation of trace gas emissions

Crop:
• A multitude of crop functional types (CFTs) that are treated independently from PFTs
• Coupled to an irrigation model 

11


