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Abstract: Understanding of the carbon cycle is particularly important because of the role of carbon
dioxide as a greenhouse gas. Carbon cycle models play an essential role in the interpretation of ob-
servational data. The analysis of the carbon cycle involves statistical estimation in various contexts.
These include various types of model calibration, including the estimation of feedbacks. A range
of inverse calculations are involved in estimating the spatial and/or temporal dependence of carbon
dioxide sources and sinks, given observations of concentrations. The uncertainties in these estimates
propagate into uncertainties in projections of future carbon cycle behavior. These disparate analyses
are discussed in terms of a modeling spectrum that runs from empirical statistical models through to
reductionist mechanistic models. The use of the modeling spectrum allows a comparison of different
modeling approaches. Comparing different levels of modeling can provide a basis for assessing the
extent to which estimation is being applied consistently.
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Notation:

• g: Gain around a feedback loop (dimensionless);
• G: Greens function (matrix) for atmospheric transport;
• M(t): Mass of carbon in the atmosphere at time t;
• p: Laplace transform variable (in years−1);
• p Vector of parameters in terrestrial carbon model
• R(t) Response function for carbon fluxes (dimensionless)
• S (t) Anthropogenic CO2 flux into the atmosphere. (expressed in terms of mass of carbon)
• t Time (in years)
• x: Vector of CO2 fluxes;
• X: Covariance matrix for CO2 observations;
• Y: Covariance matrix for prior estimates of fluxes;
• z: Vector of observations of concentrations;
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• ψ: Airborne fraction. The proportion of CO2 emissions that remain in the atmosphere (dimen-
sionless);
• Λ: Lagrange multiplier;
• Θ: Objective function.

1. Introduction

Studies of the global carbon cycle involve a broad range of sciences including oceanography, chem-
istry and economics and draw on mathematics, statistics and computer science [1]. Falkowski et al.
[2] have noted that the complexity of the carbon cycle stands as a challenge to our understanding the
earth as a system. Canadell et al. [3] have illustrated the complexity of data and techniques involved
in studying just one part of the system. Raupach et al. [4] reviewed the data requirements and uncer-
tainties in terrestrial carbon studies. They argued that the data uncertainties are just as important as the
actual data themselves. Enting et al. [5] gave an overview of uncertainties associated with combining
multiple data streams to produce a regional decomposition of the global carbon cycle.

In trying to extend these overviews, the present paper considers carbon cycle models within a mod-
eling spectrum, and focuses on three canonical problems of estimation, described here as “projection”,
“calibration” and “deconvolution”. The modeling frameworks are described in terms of a spectrum [6]
defined as running from empirical “black box” models to reductionist “white box” models’ (glass box
would have been better analogy). Representative points on the spectrum are:

• curve fitting, including fits based on assuming constant airborne fraction;
• response functions as a representation of general linear systems;
• lumped models based on empirical and phenomenological considerations;
• highly resolved models, based on a reductionist analysis of processes.

The application of the various types of model to carbon cycle studies is described in the following
section.

The three global scale problems can be defined in terms of a response function relation

M(t) = M0 +

∫ t

S (t′) R(t − t′) dt′ (1)

where M(t) is the mass of carbon in the atmosphere (typically in GtC, i.e. Pg Carbon), R(t) is a response
function that gives the proportion of anthropogenic CO2 emissions remaining in the atmosphere after
time t and S (t) is the anthropogenic emissions (and any other fluxes not included in the response R(t)).
For relation (1), the three problems become:

• projection: determine M(t) given R(t), S (t);
• calibration: determine R(t) given M(t), S (t);
• deconvolution: determine S (t) given M(t), R(t).

Each of these can be cast as a problem in estimation. For “calibration” and “deconvolution”, the esti-
mation problem is commonly ill-conditioned. This simple description has glossed over the necessity
of defining the bounds (and boundary conditions) of the system in question. This issue is addressed in
Section 3, in connection with feedbacks.
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The “calibration” problem is discussed in Section 4 and “deconvolution” in Section 5, consider-
ing the type of temporal deconvolution arising from relation (1). The analogous problem of spatial
deconvolution is discussed in Section 6. The “projection” problem is left until last (Section 7), since
much of the uncertainty arises from uncertainties propagated from the calibration, and possibly from
deconvolution.

2. The spectrum

2.1. Characteristics

The concept of a spectrum of carbon cycle modeling [7] [see also 8] was based on a more general
description by Karplus [6] of a spectrum of modeling running from statistical to mechanistic models.
Examples from carbon cycle studies, running from “black box” models to “white box” models, are
given in the following subsections. These regions of the spectrum are identified as “curve fitting”, “re-
sponse functions”, “phenomenological” models and “mechanistic reductionist” models. The general
principle [9] is that what ever cannot be modeled deterministically must be modeled statistically.

Moving towards the “white box” end of the spectrum involves a number of tradeoffs. The “whiter”
models incorporate greater input, often from universal laws such as conservation of mass. The use of
more information should lead to a reduction in uncertainty. However, this implies a greater dependence
on the correctness of how such input is used [10]. Application of standard statistical techniques of
inference is often easier at the “black box” statistical modeling end of the spectrum. Apart from
direct analysis of uncertainties, statistical analyses can be valuable in determining the information
content of various data [11] and providing a tool for experimental design [12]. However, just as whiter
box modeling will be conditional on the validity of structural information, purely statistical analyses
involving parameter fitting can be equally susceptible to inappropriate parameterisation. It is for this
sort of reason that Evans and Stark [13] recommend the use of non-parametric estimation in inverse
problems.

An intercomparison study [14] compared a range of approaches to calibrating an idealised non-
linear terrestrial model. Unsuprisingly, the results showed little sensitivity to the fitting technique
used in the calibration. The important differences arose from the statistical characteristics that were
assumed in the statistical model. This confirmed the importance of having soundly-based statistical
characterisations [4]. Any statistical analysis has to assume some statistical model [see for example 9].
Such models can be rejected (i.e. the assumption can falsified), but never proved to be correct.

2.2. Curve fitting

An illustrative example is fitting the CO2 data, over multi-decadal timescales, with a relation of the
form:

M(t) = M0 + A exp(αt) (2)

estimating M0, A and possibly α. This is a straightforward regression analysis.
This approach could give an estimate M̂0 of the pre-industrial level of atmospheric CO2. This

was relevant before ice-core data provided direct measurements of CO2 in pre-industrial air [see for
example 15].
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Additional detail of the carbon cycle is obtained by explicit consideration of the emissions that drive
the CO2 changes. The simplest form is to characterize the relation in terms of an “airborne fraction”,
ψ, which is the proportion of anthropogenic emissions that remain in the atmosphere. If ψ is taken as
a constant:

M(t) = M0 + ψ

∫ t

S (t′) dt′ (3)

Fitting concentrations to integrated emissions is effectively using a regression analysis to “calibrate” a
minimal model.

Laurmann and Spreiter [16] argued that assuming a constant airborne fraction gave a good approxi-
mation for most 20th century carbon cycle calculations. This remains true almost 30 years later, to the
extent that it remains debatable whether or not the airborne fraction has changed [17, and references
therein]. The main exception was that assuming a constant airborne fraction was inadequate for the
“deconvolution” calculation of unknown source contributions. This reflects the general characteristic
of inverse calculations being sensitive to errors and inaccuracies in model as well as data.

2.3. Response functions

The most general (causal) linear relation between emissions and concentrations is in terms of a
response function, R(t), that gives the proportion of a CO2 emission that remains in the atmosphere at
time t after emission. The integrated effect of emissions is thus:

M(t) = M0 +

∫ t

0
S (t′) R(t − t′) dt′ (4)

More generally, a response function is the Green’s function for a linear system with no intrinsic
time-dependence. Response function modeling of the carbon cycle was introduced by Oeschger and
Heimann [18] in order to emphasise how intepretation of the present state of the carbon cycle depends
on the past history.

For emissions growth ∝ exp(λft) the airborne fraction is given by

ψ = λf

∫ ∞

0
R(t) exp(−λft) dt (5)

apart from the effects of initial conditions.
The response function for CO2 emissions plays a central role in the definition of the “global warming

potential” that is used to define the relative importance of emissions of different greenhouse gases [19,
and references therein].

Response functions can also be used to represent sub-systems within more complex models [20-23].
The analysis of how different components of the carbon cycle interact, in terms of how their re-

sponse functions combine, can be greatly simplified by the use of Laplace transforms [24] (see also
Section 3 below).

A range of statistical analyses of models expressed in terms of response functions can be undertaken
using the formalism of the Kalman filter [25].
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2.4. Lumped models

Models that reflect multiple aspects of the carbon cycle, together with their interactions, provide
scope for incorporating more diverse data into carbon cycle analyses. Such models are often termed
empirical or phenomenological.

Geochemical box models use a compartmental structure to represent mass transfers between (no-
tionally) well-mixed reservoirs. For the carbon cycle, this allows model calibration using 14C (and to a
lesser extent 13C). However 20th century CO2 data mainly constrain one specific statistical moment of
the CO2 response (expressed as r(p = 0.02) in terms of the Laplace transform) [11].

The ill-conditioned nature of model calibration in response functions extends to the calibration
of lumped models. The potential improvement from having more types of the data can be offset by
the increased uncertainty fromhaving more model unknowns. Enting and Pearman [26] addressed
this difficulty by using a “constrained inversion” calibration, adding a Bayesian prior constraint on
parameter values.

A study by Young et al. [27] gives an example of the utility of comparing modeling at different
points on the model spectrum. That study, in spite of using fewer data than corresponding lumped
model studies, claimed, with high statistical significance, to have excluded any long-term residual
contribution from CO2 emissions identified in other modeling. The discrepancy was subsequently
identified as neglect of the data covariance by Young et al. who treated annual values from a spline fit
to more widely spaced observations as being independent data.

2.5. Highly Resolved Earth System Models

Models of the full earth system have been developed by successive coupling of models of particular
subsystems such as atmospheric dynamics, ocean dynamics, land surface interactions, geochemical
cycles, etc. The aim of such modeling is to make the models fully reductionist, with parameters derived
from universal physical, chemical and biological principles. To the extent that this can be achieved,
the calibration problem disappears. In reality, some degree of empirical parameterization is usually
needed, although this may be based on empirical representations of many parts of the earth system
and not just the carbon cycle. A related class of models is “Earth System Models of Intermediate
Complexity” (EMICs). These achieve computational efficiency at the expense of detailed resolution.

2.6. Hybrid

Along the path to developing full earth system models, an important approach was to model one
part of the system with a detailed mechanistic model and use observed data as a boundary condition
representing other components of the earth system. An alternative was to use a “black box” represen-
tation of one part of the system, coupled to more detailed representations of other components. An
example is the Bern-CC model which had a simple ocean model and a detailed dynamical vegetation
model, forced by detailed climate forcing [22].

MAGICC is a simple climate model that has evolved over many years. The current version is
version 6 [23]. The simple representation of the climate is driven by simple models of forcing by CO2

and other radiatively active trace atmospheric constituents. Some components uses response functions
based on other models. MAGICC does not model carbon isotopes directly, but isotopic constraints can
be incorporated by emulating other models. Bodman [28] [see also 29] has recently undertaken new
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calibration studies, mainly drawing on recent ocean temperature data.

3. Feedbacks

The starting point for modeling any system is to identify the components of the system, defin-
ing its boundaries and, where appropriate, the applicable boundary conditions. For the carbon cycle,
Sundquist [30] describes a hierarchy of systems, distinguished by time-scales. For each particular
timescale, the faster components are taken as being in equilibrium and treated as a single component,
while the slower components are treated as fixed boundary conditions.

Feedback refers to the situation where the output, y, of a system is added to the input, x. In the
lineaar case, it can be characterized by a scale factor, g, called the gain. Thus

y = Ax → y = A(x + gy) (6)

so that
y =

A
1 − g

x (7)

giving an amplification of the input by a factor of 1/(1−g). If additional feedback g∗y occurs, the result
is

y = A(x + gy + g∗y) =
A

1 − g − g∗
x (8)

For multiple linear feedbacks, the gains add.
Since feedbacks are defined in terms of inputs and outputs, whether a process is or is not called a

feedback depends on how the system boundaries are defined.
For general linear systems, such instantaneous relations need to be replaced by relations between

convolution operators defined by response functions. As noted above, the Laplace transform formalism
provides a convenient and compact way of describing such relations. Following Enting [24], we use
uppercase letters to denote functions in the time domain and the corresponding lower case letters
to denote their Laplace transforms. The perturbation to the atmospheric carbon content is Q(t) =

M(t) − M0. Mass balance has Q̇ as a sum of fluxes

Q̇ =
∑

j

Φ j (9)

which has the Laplace transform
p q(p) =

∑
j

φ j(p) (10)

This can be written in the form of a response function relation as

q(p) = r(p)

∑
j

φ j(p)

 with r′(p) =
1
p

(11)

where 1/p is the Laplace transform of the integration operator.
If we split off the net atmosphere-ocean flux as

q(p) = r′(p)

φO +

′∑
j

φ j(p)

 (12)
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and write the integrated atmosphere-ocean flux as a response to atmospheric change

φO/p = βO(p) q(p) (13)

then we obtain

q(p) =
r′(p)

1 − r′(p) pβO(p)

 ′∑
j

φ j(p)

 = rO(p)

 ′∑
j

φ j(p)

 (14)

implying a response function RO with Laplace transform rO given by

rO(p) =
1

p − pβO(p)
(15)

This form of ocean response, RO, was used by by Oeschger and Heimann [18], introducing the use of
response functions into carbon cycle studies.

Similarly if atmosphere-land fluxes ΦL are treated as distinct, and modeled as a response to atmo-
spheric concentration,

q(p) = rO(p)

q(p)βL(p) +

′′∑
j

φ j(p)

 = rO+L(p)

 ′′∑
j

φ j(p)

 (16)

with
rO+L(p) =

rO(p)
1 − rO(p)βL(p)

=
1

p − pβO(p) − pβL(p)
(17)

The response βL(p) corresponds to the so-called ‘CO2-fertilization’.
As emphasized above, the question of which, if any, of these processes is designated as a feedback

depends on the definition of the system. Wigley and Raper [31] describe terrestrial uptake as a feed-
back, modifying the behavior of the atmosphere-ocean carbon system, while Willeit et al. [32] regard
both the oceanic and terrestrial uptakes as negative feedbacks reducing the atmospheric accumulation
of carbon.

The Laplace transform formalism can be extended to the case where there is a flux driven by tem-
perature change [8]. This is only a feedback when one models the combined carbon climate system
with temperature responding to CO2 – otherwise temperature is just a prescribed forcing. The formal-
ism is equivalent to that of Friedlingstein [33], with constants β and γ generalized to become Laplace
transforms. This approach was used by Rubino et al. [34] to formulate a statistical regression analysis
for analysing CO2 changes over the Little Ice Age. In diagnostic calculations, assuming a constant γ
may be subject to limitations similar to that of assuming constant ψ (i.e. constant βO and βL in equation
(17)).

4. Calibration

As described in the introduction, the calibration problem corresponds to estimating R(t). At the
extreme “black box” end of the spectrum, estimating an airborne fraction is essentiallly only estimating
a single weighted moment of R, as described by equation (5). Equation (3) was in terms of a cumulative
airborne fraction ψ. It is also possible to define an instantaneous airborne fraction by

Ṁ(t) = ψ(t) S (t) (18)
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If S (t) increases exponentially, the two definitions are equivalent. In practice, ψ(t) needs to be deter-
mined as an average over some time interval. Recently the possibility of changing ψ(t) has been raised
[17, and references therein]. As discussed by Gloor et al. [17], one must first ask whether the estimated
changes are statistically significant, and then whether the changing estimates of ψ are consistent with
S (t) departing from exponential. Only when these two aspects have been addressed, can changes in
ψ(t) be interpreted as reflecting changes in the behavior of the carbon cycle, i.e. departures from the
behavior given by a time-invariant response function.

The problem of estimating the response function R(t) from observed data is extremely ill-
conditioned. Enting [11] has noted that, since the emission growth has been close to exponential
over the 20th century, the available information essentially only constrains a single moment of the
response function. (This moment happens to correspond to the Laplace transform of R(t) at a single
inverse time-scale p ≈ 0.02 yr−1). A small amount of additional information can be obtained by adding
the constraint R(t) ≥ 0 and Ṙ(t) ≤ 0 [35, 36]. This corresponds to assuming that the carbon cycle can
be represented as a compartmental model, but not making any further assumptions about the model
structure.

Given the limited scope for estimating R(t) directly from observations, estimates required for use in
defining global warming potentials have been obtained by analysing the behaviors of more reductionist
models [19]. Note however, that the results reported by Joos et al. [19] are, for the most part, calculated
from models that include the climate-to-carbon feedback.

Moving away from the black box end of the spectrum, there is a class of phenomenological models
that represent the carbon cycle in terms of discrete reservoirs. As noted earlier, this can be done in
terms of a range of timescales [30]; the present discussion addresses the decadal to millennial aspects
in terms of the atmosphere oceans and biosphere. For these timescales, isotopic data are particularly
valuable. Broecker et al. [37] emphasized the importance of 14C, especially before ice-core CO2 data
were available [15]. The 14C data provide information both on the long timescales of 14C decay (with
5730 year half-life) and the shorter timescales associated with the movement through the system of a
pulse of 14C from nuclear weapons testing. The 14C data had been modeled in several ways. Often
the atmospheric 14C level is treated as an observed boundary condition. More detailed analyses treat
the 14C as a response to production: naturally from cosmic rays and artificially from nuclear weapons
testing and power production.

Experience with the calibration of such reservoir models shows that the calibration is ill-
conditioned. This difficulty was addressed by Enting and Pearman [26] by adopting empirical esti-
mates of the various model parameters. These were used in Bayesian analysis with numerical least
squares fitting of an objective function, Θ, that included both these prior parameter estimates and the
available observations of carbon cycle behavior.

More fully reductionist models can be used to represent one or more components of the system.
Typically such models are tuned to agree with observations but generally formal statistical calibra-

tion techniques are not used. Comparison studies, termed “intercomparisons” are commonly under-
taken to compare alternative models in greater detail than simply comparing the behavior to available
observations.

In carbon cycle studies, atmospheric models are mainly used in the form of transport models for
spatial deconvolution (see Section 6).

Ocean General Circulation Models are used to determine ocean carbon uptake, but, as noted above,
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they are typically tuned but not subject to formal statistical calibration. The tuning can, and usually
does, incorporate data from tracers other than those involved in the carbon cycle. These reductionist
models are thus drawing on a wider observational base than is possible for models further towards the
black box end of the spectrum.

Models of the carbon balance of the terrestrial biota, span a wide range of complexity. This runs
from a simple response to atmospheric CO2 (the so-called CO2-fertilization) through to models that
incorporate responses to climate and even ecosystem succession in response to climate change.

A “calibration” problem that is of great current interest is that of determining the extent to which
changing climate affects the carbon cycle. As noted in Section 3 this is only a “feedback”, within
a model that includes both carbon and climate; within models that are confined to the carbon cycle,
climate forcing appears as a specified boundary condition as in the analysis by Rubino et al. [34].

These distinctions are particularly important when considering changes over the 20th century and to
the present. In this time period, temperatures have changed significantly and so the observed behavior
of the carbon cycle will include effects from climate-to-carbon feedback. CO2 response functions used
by the IPCC, and in the intercomparison by Joos et al. [19], include this feedback contribution.

5. Deconvolution

The deconvolution problem was defined in the introduction as determining an external CO2 source,
S (t), given observations, M(t), and a carbon cycle model that can, for linear analysis, be characterized
by a response, R(t). As with feedbacks, this description can be applied to a range of different analyses,
depending on which CO2 fluxes are classed as external and which are internal fluxes characterized in
terms of the response function.

Enting and Mansbridge [38], using a Laplace transform description, noted that the deconvolution
should have the same degree of numerical sensitivity as numerical differentiation where high frequency
noise is amplified more than lower frequencies. For models expressed in terms of response functions,
a deconvolution calculation including associated uncertainties can be performed using the formalism
of the Kalman filter [25].

For numerical models, the deconvolution can be implemented using what are termed “mass balance
inversions”. In a model defined by equations:

ẋ j = f j({xk}, t) + s j(t) (19)

and for some cases where xk(t) is known for some k and the corresponding sk(t) is unknown, one can
write

s j(t) = ẋ j − f j({xk}, t) (20)

to determine s j(t) as the model is integrated forward from initial conditions. This dependence, at time
t, on the past integration over times t′ < t is a generalisation of the characteristics of the response
function formalism.

This calculation does not require linearity in the model and is easily implemented if the model is
modularized to calculate the f j. (Such modularization can also aid in finding an initial equilibrium
state by numerical solution of f j({xk}, t0) = 0. [26].)

The ill-conditioning arises through the need to determine ẋ j from observations of x j. This type
of deconvolution was performed by Siegenthaler and Oeschger [39], tracking the atmospheric CO2
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history obtained from ice cores. Later work has extended the technique to what is called “double
deconvolution” where the model tracks the atmospheric levels of both CO2 and 13CO2.

6. Spatial deconvolution

6.1. The problem

The space-time distribution of concentrations of long-lived tracers such as CO2 contains consid-
erable information about sources and sinks. However atmospheric transport and mixing makes the
estimation of source-sink strengths a challenging mathematical problem. The present author has de-
scribed the problem and applications in a monograph [9] and a recent review, on which the present
section is based [40].

6.2. Techniques

The initial CO2 inversion study by Bolin and Keeling [41] modeled atmospheric transport as a one-
dimensional diffusion process, by taking averages of over height and longitude. Early mass-balance
inversions used two-dimensional models (averaged over longitude). Most recent inversions, particu-
larly for CO2, have used full three-dimensional transport models.

Very early in the development of trace gas inversions, two main types of calculation emerged:
Mass-balance inversion In this technique, an atmospheric transport model is run with boundary

conditions specified in terms of concentrations, and surface fluxes are deduced from the requirement
of local conservation of mass. It involves applying the same substitution as going from equation (19)
to equation (20) at all surface grid points. The technique was developed using two-dimensional models
[42-44], but there has been some later work with 3-D models e.g. [45] requiring extensive interpo-
lation of concentration data. Dargaville and Simmonds [46] developed a related “data-assimilation”
technique, using multiple model runs to interpolate the concentration data.

Synthesis inversion In this approach the source is broken into blocks with specified space-time
distributions of fluxes multiplied by unknown scale-factors. For each block, concentrations resulting
from unit sources are calculated using a transport model. The fluxes are estimated by the process
of estimating the scale factors x. This was done by fitting observed concentrations z with a linear
combination of the calculated concentrations Gx. Early applications [47, 48] used ad hoc fits. The term
“synthesis” was apparently first used for this type of inversion in a study of methane [49]. The process
was formalized as one of (Bayesian) statistical estimation by [50] so that the formalism calculates
uncertainties for the estimated fluxes. The flux estimates, x̂, were the minimizers of

Θ = [Gx − z]TX[Gx − z] + [x − xprior]TY[x − xprior] (21)

where X is the covariance matrix of observational uncertainty and Y is the covariance matrix for prior
uncertainties on the fluxes. (In this paper the superscript T denotes the matrix transpose (or adjoint in
the case of operators) and the notation does not distinguish between row and column vectors, relying
on the context to indicate the appropriate case.)

Such Bayesian synthesis inversions have been applied to carbon cycle studies in two main cases.
The so-called cyclostationary cases where each year has the same fluxes and the fully time depen-
dent case which can capture interannual variability. This latter case is very sensitive to form of time-
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correlation in input statistics. Studies of the role of statistical models used in Kalman filter formalisms
[51] have helped illustrate how such sensitivity arises.

6.3. Resolution

The ill-conditioning in trace gas inversions has been recognized from the very first of such calcu-
lations [41] where Bolin and Keeling noted the problem and stated that “no details of the sources and
sinks are reliable”.

The difficulty of the inversion can be quantified, in part, by determining how rapidly the error am-
plification grows as the resolution increases. This has been analysed for the dependence on latitudinal
wave-number n. If the forward problem attenuates fluxes of wave number n with a n−α decay, then the
inverse problem involves an error amplification which grows as nα. Numerical modelling in 2-D shows
n1 growth in the extent to which errors with latitudinal wave-number n were amplified. In contrast,
the Bolin and Keeling analysis implied n2 growth, fully justifying the pessimistic assessments quoted
above. The reason for the difference between the n2 and n1 growth was identified by finding that the n2

growth was an artifact of approximating the boundary value problem as a vertically-averaged problem
[52].

6.4. Adjoint methods

Two difficulties are concealed by the mathematical elegance of the linear estimation equations that
come from multi-variate normal distributions:

• the formalism does not apply if either the linear relation, z ≈ Gx, or the normality assumption is
invalid;
• even if these assumptions apply, using the linear equations may not be the best way to find the

minimum of the cost function.

An alternative approach to data fitting is to use gradient techniques that aim to minimize the cost
function directly, using generic minimization techniques, based on the gradient. For the linear case
derived from (21),

1
2
∇xΘ = GTX[Gx − z] + Y[x − xprior] (22)

In terms of computational efficiency, Gx− z is easy to evaluate, since Gx is obtained by a single model
integration with sources x. Multiplying this vector by X is a simple matrix-times-vector operation in
general, and specific cases are often much simpler if X has a block-diagonal (or even diagonal) structure
due to independence of various subsets of data. The difficulty comes from multiplying this vector by
GT. The direct approach, used in synthesis inversion, is to calculate the full matrix G by integrating
the model with a set of basis functions. The number of such integrations is the dimensionality of x.
For high-resolution inversions this becomes computationally infeasible.

The alternative to such “brute-force” is to use what is known as an adjoint model. This is a model
whose operation corresponds to the effect of GT. This adjoint model is then run with X[Gx−z] as its in-
put. There are software tools [53] that take the computer code (that formally computes Gx for arbitrary
x) and automatically generates “adjoint” code that calculates GTz for arbitrary z. Adjoint techniques
apply to linearized calculations as well as the fully-linear case described here. A recent review [54]
relates the different perspectives of pure mathematics, computer science and various application areas.
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The term “adjoint” refers to the adjoint of a linear sensitivity operator. The computational process of
constructing an “adjoint model” corresponds to a sparse matrix factorization of this adjoint operator.

These adjoint techniques have been the basis for obtaining high-resolution inversions, regularized,
at least in part, by smoothness constraints rather than relying on fixing the spatial structure of low-
resolution basis functions [55].

6.5. Process inversion

A greater understanding of the carbon cycle requires going beyond estimates of fluxes and investi-
gating the underlying processes. Earlier reviews [9, 40] have noted calculations that could be regarded
as precursors of such process inversions.

In the last few years, there have been several studies that could be classed as “genuine” process
inversions. These have taken the form of estimating parameters in terrestrial models [56, 57]. If one
has fluxes as functions x(p) of parameters, p, then the gradient of the cost function is given by

1
2
∇pΘ = (∇px) GTX[Gx(p) − z] (23)

These calculations have been performed using the adjoint of the combined terrestrial+transport model
i.e. (∇px) GT, to obtain the gradients used in the iterative minimization of the cost function.

7. Projections

The main use of carbon cycle modeling of future times is in estimating future atmospheic concentra-
tions, either as an end in itself or as a component of a broader earth system model. These calculations
often take the form of “projections”, i.e. conditional predictions, given a set of prescribed future emis-
sions. Boschetti et al. [10] have argued that this conditional aspect is an essential aspect of modeling.
Model results are dependent on such things as the validity of a reductionist analysis or the appro-
priateness of a statistical model. Projections into the future carry the assumption of the absence of
unexpected changes in forcing, from such things as nuclear war, asteroid impact or global pandemics.

Within the assumptions (the absence of unknown unknowns), it is still important to charactrerise
the uncertainties (the known unknowns). One important aspect of model uncertainty comes from
uncertainty in the calibration. Enting and Pearman [26] showed how a numerical implementation of
the Lagrange multiplier formalism could be use to characterize the range of future projections (e.g. the
CO2 concentration in 2100) consistent with a specified degree of calibration mismatch. The objective
Θ was replaced by

Θ′ = Θ − Λ C(2100) (24)

and the mimimal values of Θ′ explored for various values of Λ.
As well as the need to propagate calibration uncertainty into the future, calculations where the

calibration stage includes deconvolution of past sources need to ensure consistency in how the past is
matched to the future [58].

8. Conclusions

The role of estimation and inversion in carbon cycles has evolved over time in response to new data
and new understanding. Some key steps (updated from [9, 40] ) have been:
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• before 1958: the growth in CO2 was not well established;
• post 1958: about half of the fossil CO2 was found to remain in the atmosphere;
• circa 1975: models calibrated using 14C indicated an imbalance which became known as the

“missing sink”;
• circa 1980: estimates of large emissions from deforestation (subsequently revised downwards)

exacerbated these discrepancies;
• 1983: response function analysis [18] pointed out that present atmospheric budget depends, in

part, on past imbalances — the budget for a particular time cannot be considered in isolation from
previous changes;
• 1985 onwards: ice-core data provide the requisite information about past changes, allowing a

deconvolution of past emissions [39];
• circa 1990: conflicting views of the carbon budget: low ocean uptake vs. high ocean uptake from

both inversion [48, 47] and isotopic [59, 60] studies;
• 1992: much of the discrepancy resolved by Sarmiento and Sundquist [61] clarifying distinctions

between different type of atmospheric budget — a consistent analysis of the CO2/
13CO2 budget

was produced by Heimann and Maier-Reimer [62];
• circa 1995: 13C records indicated large interannual variability [63, 64];
• mid 1990s: additional constraints were provided by measurements of trends in O2/N2 obtained by

a variety of techniques [65-67];
• circa 1995: concern about the “rectifier effect”, i.e. mean gradients induced by diurnal and sea-

sonal covariance between fluxes and transport, and the extent to which inversions were biased due
to models under-estimating the effect [68];
• circa 2000: increasing focus on processes rather than budgets;
• concern about feedbacks arising from disruption of the carbon cycle by anthropogenic climate

change [33, 69].
• large scale cooperative project RECCAP [70].
• annual reports on the carbon budget [71] and more recently [72].

As emphasised above, the additional information captured by reductionist modeling (as compared to
empirical statistical analysis) has its accuracy conditional on the validity of the underlying reductionist
analysis. In particular, modeling that combines multiple components needs to pay particular attention
to consistency of definitions [58]. However equal importance must be given to the consistency of
the statistical characterisation, as emphasised by Raupach et al. [4] and illustrated by examples noted
above [e.g. 51]. The underlying assumptions need to be made explicit and, to the extent possible, tested.
This applies particularly to the ill-conditioned inverse problems of model calibration and estimation of
forcing. The use of the modeling spectrum allows for multiple perspectives and comparisons that can
provide such checks for consistency.
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