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Research Questions

Question 1

How well do Earth System Models (ESMs) simulate the observed
distribution of anthropogenic carbon in atmosphere, ocean, and
land reservoirs?

Question 2

Can we use contemporary atmospheric CO2 observations to
constrain future CO2 projections?
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Observed Carbon Accumulation Since 1850

Year

To
ta

l C
ar

bo
n 

(P
g 

C
)

1850 1870 1890 1910 1930 1950 1970 1990 2010

0
−

50
50

15
0

25
0

35
0

0
−

50
50

15
0

25
0

35
0Anthropogenic Emissions (Andres et al., 2011)

Atmosphere (Meinshausen et al., 2011)
Ocean (Khatiwala et al., 2012)
Land (by difference)

Observational estimates of anthropogenic carbon inventories in atmosphere, ocean,
and land reservoirs for 1850–2010. Atmosphere carbon is a fusion of Law Dome ice
core CO2 observations, the Keeling Mauna Loa record, and more recently the NOAA
GMD global surface average, integrated for the purpose of forcing IPCC models. Total
land flux is computed by mass balance as follows:

∆CL =
X

i

Fi − ∆CA − ∆CO .



15 fully-prognostic ESMs that performed CMIP5
emissions-forced simulations
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(a) Most ESMs
exhibit a high bias in
predicted atmospheric
CO2 mole fraction,
which ranges from
357–405 ppm at the
end of the historical
period (1850–2005).

(b) The multi-model
mean is biased high
from 1946 throughout
the 20th century,
ending 5.6 ppm above
the observed value of
378.8 ppm in 2005.

ESM Historical Atmospheric CO2 Mole Fraction
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Model inventory comparison with Khatiwala et al. (2012)

Once normalized
by their
atmospheric
carbon
inventories,
most ESMs
exhibit a low
bias in
anthropogenic
ocean carbon
accumulation
through 2010.

The same
pattern holds for
the Sabine et al.
(2004) inventory
derived using
the ∆C*
separation
technique.
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(a) Ocean inventory
estimates have a
fairly persistent
ordering during the
second half of the
20th century.

(b) ESMs have a
wide range of land
carbon accumulation
responses to
increasing CO2 and
land use change,
ranging from a net
source of 84 Pg C to
a sink of 107 Pg C in
2010.

ESM Historical Ocean and Land Carbon Accumulation
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Question 1

How well do Earth System Models (ESMs) simulate the observed
distribution of anthropogenic carbon in atmosphere, ocean, and
land reservoirs?

I Most ESMs exhibit a high bias in predicted atmospheric CO2

mole fraction, ranging from 357–405 ppm in 2005.

I The multi-model mean atmospheric CO2 mole fraction is
biased high from 1946 onward, ending 5.6 ppm above
observations in 2005.

I Once normalized by atmospheric carbon accumulation, most
ESMs exhibit a low bias in ocean accumulation in 2010.

I ESMs predict a wide range of land carbon accumulation in
response to increasing CO2 and land use change, ranging from
−84–107 Pg C in 2010.



Question 2

Can we use
contemporary
atmospheric CO2

observations to
constrain future
CO2 projections?

ESM RCP 8.5 Atmospheric CO2 Mole Fraction
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Reducing Uncertainties Using Observations

To reduce feedback uncertainties using contemporary observations,

1. there must be a relationship between contemporary variability
and future trends on longer time scales within the model, and

2. it must be possible to constrain contemporary variability in
the model using observations.

Example #1

Hall and Qu (2006) evaluated the
strength of the springtime snow
albedo feedback (SAF; ∆αs/∆Ts)
from 17 models used for the IPCC
AR4 and compared them with the
observed springtime SAF from
ISCCP and ERA-40 reanalysis.
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Reducing Uncertainties Using Observations

To reduce feedback uncertainties using contemporary observations,

1. there must be a relationship between contemporary variability
and future trends on longer time scales within the model, and

2. it must be possible to constrain contemporary variability in
the model using observations.

Example #2

Cox et al. (2013) used the observed
relationship between the CO2 growth
rate and tropical temperature as a
constraint to reduce uncertainty in
the land carbon storage sensitivity to
climate change (γL) in the tropics
using C4MIP models.



We developed a new
emergent constraint
from carbon
inventories.

A relationship exists
between
contemporary and
future atmospheric
CO2 levels over
decadal time scales
because carbon model
biases persist over
decadal time scales.

Observed contemporary
atmospheric CO2 mole
fraction is represented by
the vertical line at
384.6 ± 0.5 ppm.

Future  vs. Contemporary Atmospheric CO2 Mole Fraction
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R2 of Multi−model  Bias Structure
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The coefficients of determination (R2) of the multi-model bias structure
relative to the set of CMIP5 model atmospheric CO2, and ocean and land
carbon predictions for 2010 are statistically significant for 1910–2100.



Contemporary CO2 Tuned Model (CCTM)
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We used this regression to create a
contemporary CO2 tuned model
(CCTM) estimate of the atmospheric
CO2 trajectory for the 21st century.

The width of the probability density
is much smaller for the CCTM, by
almost a factor of 6 at 2060 and
almost a factor of 5 at 2100,
indicating a significant reduction in
the range of uncertainty for the
CCTM prediction.
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Projections for  Individual CMIP5 Models
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We calculated the CO2 radiative forcing and used an impulse response function
(tuned to the mean transient climate response of CMIP5 models) to equitably
compute the resulting temperature change for models and the CCTM. At 2100,
the CCTM ∆T = 4.0± 0.1◦C, while the multi-model mean ∆T = 4.2± 0.6◦C.



Future  vs. Contemporary Ocean  Accumulation
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Future  vs. Contemporary Land  Accumulation
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Contemporary (2010) Ocean Accumulation (Pg C)
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We also developed a multi-model constraint on the evolution of ocean
and land anthropogenic inventories. Since observational uncertainties are
higher for ocean and land, uncertainties in future estimates cannot be
reduced as much as for atmospheric CO2.



Question 2

Can we use contemporary CO2 observations to constrain future
CO2 projections?

I Yes.

I We developed a new emergent constraint from anthropogenic
carbon inventories in atmosphere, ocean, and land reservoirs.

I Land and ocean processes contributing to contemporary
carbon cycle biases persist over decadal timescales.

I We used that relationship between contemporary and future
atmospheric CO2 levels to create a contemporary CO2 tuned
model (CCTM) estimate for the 21st century.

I At 2060: 600 ± 14 ppm, 21 ppm below the multi-model mean.
I At 2100: 947 ± 35 ppm, 32 ppm below the multi-model mean.

I Uncertainties in future climate predictions may be
considerably reduced by tuning models to the long-term time
series of CO2 from Mauna Loa and other monitoring stations.

I Value in tuning models: The CCTM projection provided a
6-fold reduction in uncertainty at 2060 and a 5-fold reduction
at 2100.
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Conclusions

I A considerable amount of the model-to-model variability of CO2 in
the 21st century can be traced to biases that exist at the end of the
observational record.

I Bias persistence was highest for the ocean, followed by land, and
then by the atmosphere.

I Carbon cycle biases are likely primarily linked with
concentration–carbon feedback processes:

I ocean – Southern Ocean overturning, vertical mixing processes
I land – CO2 fertilization, allocation to woody pools, nutrient

limitation

I Future fossil fuel emissions targets designed to stabilize CO2 levels
would be too low if estimated from the multi-model mean of ESMs.

I ESMs overestimate contemporary CO2 with observed emissions.

I Models could be improved through extensive comparison with
observations and community model benchmarking.
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Implications for CO2, Radiative Forcing, and Temperature

CO2 Mole Radiative Cumulative ∆T
Fraction (ppm) Forcing (W m−2) ∆T (◦C) Bias (◦C)

Model 2010 2060 2100 2010 2060 2100 2010 2060 2100 2010 2060 2100

BCC-CSM1.1 390 603 945 1.70 4.03 6.43 0.97 2.39 4.02 0.03 0.02 −0.01
BCC-CSM1.1-M 396 619 985 1.78 4.16 6.65 1.04 2.49 4.16 0.10 0.12 0.13

BNU-ESM 382 602 963 1.59 4.02 6.53 0.90 2.33 4.07 −0.04 −0.04 0.04
CanESM2 r1 394 641 1024 1.75 4.36 6.86 0.98 2.58 4.30 0.04 0.21 0.27
CanESM2 r2 392 641 1023 1.72 4.35 6.85 0.98 2.57 4.30 0.04 0.20 0.27
CanESM2 r3 396 641 1025 1.78 4.35 6.87 1.01 2.58 4.30 0.07 0.21 0.27
CESM1-BGC 407 697 1121 1.92 4.80 7.34 1.12 2.85 4.64 0.18 0.48 0.61
FGOALS-s2.0 404 636 993 1.89 4.31 6.70 1.09 2.57 4.23 0.15 0.20 0.20
GFDL-ESM2G 395 616 967 1.77 4.14 6.56 1.04 2.49 4.12 0.10 0.12 0.09
GFDL-ESM2M 400 621 964 1.83 4.18 6.54 1.09 2.52 4.13 0.15 0.15 0.10
HadGEM2-ES 411 636 983 1.98 4.31 6.64 1.18 2.60 4.20 0.24 0.23 0.17

INM-CM4 386 591 897 1.64 3.92 6.15 0.92 2.36 3.86 −0.02 −0.01 −0.17
IPSL-CM5A-LR 375 573 908 1.48 3.75 6.22 0.86 2.21 3.87 −0.08 −0.16 −0.16

MIROC-ESM 398 658 1121 1.81 4.50 7.35 1.06 2.67 4.58 0.12 0.30 0.55
MPI-ESM-LR r1 383 590 948 1.60 3.91 6.45 0.95 2.31 4.03 0.01 −0.06 0.00

MRI-ESM1 361 516 778 1.28 3.20 5.39 0.74 1.89 3.33 −0.20 −0.48 −0.70
NorESM1-ME 391 667 1070 1.72 4.57 7.09 0.98 2.68 4.46 0.04 0.31 0.43

Multi-model Mean 392 621 980 1.72 4.18 6.63 1.00 2.48 4.17 0.06 0.11 0.14
CCTM Estimate 385 600 948 1.62 4.01 6.45 0.94 2.37 4.03 — — —

Historical + RCP 8.5 385 590 917 1.63 3.91 6.27 0.94 2.32 3.93 0.00 −0.05 −0.10
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