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ABSTRACT

This paper presents a Bayesian method for reconciling uncertainties in individual sources and
sinks in global mass balance models and applies it to global cycle of methane. Ranges of values
derived from in-situ flux measurements are used to define prior probability distributions for
the individual sources and sinks. Atmospheric concentrations of carbon isotopes (**C, 13C and
12C) and ice core measurements (1>C) provide additional information regarding the sources and
sinks. Bayes Monte Carlo simulation is used to derive a posterior range for sources that
combines data from field measurements, atmospheric observations and ice core data. It is shown
that careful interpretation and analysis of available data can result in better resolution of source
uncertainties. Emissions of methane from rice paddies and wetlands may be smaller than

assessed in the past.

1. Introduction

Atmospheric concentrations of methane have
more than doubled since pre-industrial times, and
continue to increase steadily. Agricultural activity
and land use change have, to a large extent,
contributed to this increase (Shearer and Khalil,
1993). Methane plays an important role in tropo-
spheric chemistry and is involved in the series of
chemical reactions that regulate concentrations of
the OH radical, which is the primary oxidizing
agent in the atmosphere (Thompson and Cicerone,
1986; Logan et al., 1981). Methane also contributes
about 15% of current excess radiative forcing
(IPCC, 1992). Hence, abatement of methane emis-
sions is an important policy response for combat-
ing global climate change.

Because of the diffuse nature of the sources of
methane, extrapolations from field measurements
to a global value for each representative source
type, such as wetlands or agricultural sources have
wide uncertainty bands. Uncertainties in the meth-
ane budget can significantly affect model predic-
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tions of the concentrations of methane (Guthrie
and Yarwood, 1991), as refiected in a recent debate
on slowing down of the atmospheric increase
(Dlugocenky et al, 1993). Additionally, some
sources of methane, such as landfill emissions have
low to negligible costs of abatement relative to
carbon dioxide (EPA, 1990; Rubin et al, 1992).
This has led some analysts to suggest that methane
sources provide an attractive short term means
for greenhouse gas emissions reduction (Hogan
et al.,, 1991). Explicit characterization and reduc-
tion of the uncertainty is, therefore, important
because it can affect future methane concentra-
tions as well as policies for limiting greenhouse
warming.

Two types of methods, “forward” modeling/
synthesis (Tans et al., 1990; Fung et al., 1991) and
“inverse” modeling/synthesis (Enting et al., 1995),
have been proposed to get a better understanding
of the source and sink inventories of greenhouse
gases, including methane. In the forward modeling
approach sources and sink combinations are pre-
scribed as inputs. These input combinations are
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used to model global and/or regional concentra-
tion profiles. Model outputs are qualitatively com-
pared with measured concentration data and the
source/sink combination that provides the closest
match is considered the “best guess” scenario. In
contrast, inverse modeling and synthesis
approaches are more rigorous. Here the model is
mathematically inverted to determine the source
and sink terms that provide a best fit to observa-
tional data. These models typically use linear
inversion methods (Enting and Newsam, 1990;
Enting et al., 1995) and optimization approaches
(Enting and Pearman, 1987, Kandlikar and
McRae, 1995) to minimize the error between mod-
el predictions and observational measurements.

Bayes Monte Carlo simulation is a generalized
approach to inverse modeling in the presence of
uncertainty and provides a flexible formalism
within which to perform synthesis inversions of
atmospheric models. In this paper we describe the
application of Bayes Monte Carlo simulation to
atmospheric inverse problems and apply it to the
global cycle of methane. The remainder of the
paper is structured as follows. Bayes Monte Carlo
approach (Section 2) and its application to the
global methane cycle (Section 3) is described. The
results of the analysis and implications of this
work are presented (Section 4).

2. Bayesian approaches

Bayesian approaches have been used by a
number of workers to perform inversions of global
biogeochemical cycles, particularly the carbon
cycle (Enting 1985; Enting and Pearman, 1987
Hartley and Prinnn, 1993; Hein and Heimann,
1994; Enting et al., 1995). In the Bayesian inversion
approach the modeler specifies independent prior
distributions (priors) for a number of model inputs
and parameters. Priors are updated using observa-
tional data and posterior distributions for model
inputs derived. There are two advantages to using
Bayesian approaches. First, specifying prior distri-
butions for sources and model parameters is help-
ful in reducing the level of ill-conditioning in
inversion (Enting and Pearman, 1987). Second,
Bayesian methods can be used to determine the
extent to which observational data helps in the
reduction of prior uncertainties. The following
discussion serves to clarify these points.
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Consider the linear form given by:
Ax=y+e, (1)

where y is a vector of observations, x is a vector
of properties that can be observed only indirectly
(source/sink terms), the matrix A4 represents a
predictive model. Individual elements of x and y
are denoted x; and y;, respectively. When x is
known, the solution to eq. (1), is called the “for-
ward” problem. When y is known, the solution to
(1) is called an inverse problem. In many cases,
inverse problems can be ill-posed (i.e., the matrix
A is singular or nearly singular) or underdeterm-
ined (i.e., the number of variables in x exceeds the
number of variables in y). The solution to the
inverse problem is given by £ = Inv(4)y, where
Inv(A4) is an operator chosen to optimise some
properties of £ For example, the unbiased min-
imum variance estimate of £ is given by:

L=A"WrA) T ATW 1y, (2)

where Wis the covariance matrix of the observa-
tion errors ¢ (Gelb, 1988). If A is ill-conditioned,
small errors in the elements of y can lead to very
large errors in the inferred values of the elements
of x. Typically, the effects of ill-conditioning of 4
can be reduced or avoided by incorporating addi-
tional information regarding x in the solution of
(2) (Enting and Newsam, 1990). Accordingly, if a
set of initial estimates £ with covariance matrix V
are defined for x, the minimum variance solution
is given by:

£=xy+ VAT(AVA" + W)~ 1(y — Ax,). (3)

The error covariance matrices of the estimators
given in egs. (2) and (3) are given by (4ATW14)~!
and (V™1 + ATW™! 4), respectively. Thus, the two
approaches give inverse error covariances that
differ by the inverse covariance of the prior. The
above maximum likelihood approach (Gelb, 1988)
is not strictly Bayesian because variables x; (x; € x)
and y, (¥, € ) are still assumed to be deterministic
variables with associated error; the elements of x
are not random variables.

Egs. (2) and (3) can also be derived alternatively
using statistical arguments based on a strictly
Bayesian approach. The Bayesian view of uncer-
tainty requires modelers to assign independent
(priors) to model input and parameters based on
current scientific knowledge. Observational data
serves to refine previous knowledge regarding
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model inputs by narrowing their posterior probab-
ility distributions. Prior information about x, is
incorporated by treating each model input x; as a
random variable with a prior probability density
function p(x;). This results in a prior probability
density function p(y,) for the model output y,. A
measurement y,, is used to update these priors. It
is critical to recognize that the measurement
results in updated posteriors for model inputs and
outputs. From Bayes rule the updated posterior
density for y, is:
P<{¥m|¥02P(¥o)

- _ 4
P<YolYm? §P<ym | Y0 >P(¥o) Yo “)

In eq.(4), the denominator is equal to p(y,); in
practice, the only way to calculate p(y,) is by
evaluating the integral in the denominator. The
conditional density p<{y,|y,>, is also called the
likelihood function L{y,,|y,», because it repres-
ents the likelihood that a particular value y,, is
observed if the known value is y,. Similarly, the
posterior density for model input x; is given by:

P Yml xj>P(xj)
_fP(J’m | xj>p(xj) dxj'
In eq. (5) the posterior density p<{x;|y,, ) incorpor-
ates prior information about x; as well as observa-
tion y, and its associated error structure. A
number of different estimates X; can now be
derived from the posterior density p{x;|y, . For
example, the mode of the posterior density pro-
vides the maximum likelihood estimate; alternat-
ively the mean of x; over its posterior density
is the minimum variance estimate (Gelb, 1988).
In addition, the posterior probability density
p<{x;j| ym) provides a measure of the extent to
which observational data can help reduce uncer-
tainties in sources and sinks (given their prior
distributions).

The previous discussion serves to illustrate the
key features of the Bayesian approach. In
Subsection 2.1, we describe a Bayesian method,
Bayes Monte Carlo simulation (Patwardhan and
Small, 1992) which operationalizes the application
of Bayes rule to inverse problems. The Bayes
Monte Carlo approach avoids the need to find an
explicit solution of the (potentially ill-posed or
underdetermined) inverse problem given in eq. (1).
Instead the forward problem is repeatedly solved
for many sets of values for the inputs. For example,
if the system is underdetermined, posterior density

X | Y = (5)
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p<{x;| ymy can be narrower than the prior density
p(x;) if the model equations constrain allowed
values for x;. Additionally if A is ill-conditioned
but overdetermined the method finds a posterior
density that explicitly reflects the underlying
instability.

While there have been a number of inversion
studies perfomed for the global carbon cycle there
have been few inversion studies for atmospheric
methane. Fung et al. (1991) performed a forward
synthesis and determined a “best guess” scenario
for global sources and sinks. However, they did
not pay attention to source and sink uncertainties.
Hein and Heimann (1994) determined source
uncertainties in methane emissions by inverting
atmospheric concentration data (*C and !*C)
using a 3-D transport model for !2C and !*C
methane. In addition to constraints for '2C and
13C methane, the present work incorporates con-
straints on the atmospheric methane derived from
ice-core data, and constraints from *C mass bal-
ance. This work also explicitly accounts for uncer-
tainties in the sinks of methane, this results in
wider uncertainty bounds for methane sources.
Moreover, large uncertainties in the methane
budget suggest the need for performing analyses
with multiple sets of prior distributions. Unlike
other methods which require the use of normal
distributions, we demonstrate that this approach
is more flexible in the choice of prior source
distributions and measurement errors. As a con-
sequence, it is possible to derive multiple plausible
budgets for sources of methane based on the
different priors.

In previous work, we have used a chance con-
strained programming formalism to perform syn-
thesis inversions of the global methane (Kandlikar
and McRae, 1995). The chance constrained pro-
gramming method attempts to find the set of
normally distributed posteriors for the source
terms that best fit the observational data, for
a given set of normally distributed priors.
Unfortunately, the requirement that model vari-
ables be normally distributed severely limits the
range of allowed prior distribution and model
forms; the approach cannot be used for many
problems of interest. Specifically, like many other
methods the approach requires the use of a linear
model, normally distributed priors and a normal
form for the likelihood function. As noted above,
Bayes Monte Carlo simulation is flexible and can
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be applied to inverse calculation using any model
form, prior distributions and observational error
structure.

2.1. Bayes Monte Carlo simulation

In a Monte Carlo simulation model parameters
are randomly sampled according to their prior
probability density functions. Probability density
functions are approximated by discrete probability
mass functions. A mass balance model is evaluated
for each sample (i.e., each combination of source
and sink terms) resulting in a simulated probability
mass function for the model output (ie., the
simulated observation)*. Each simulated replica-
tion is then compared to a “real world” observa-
tion of the same quantity. The model output and
the observation are reconciled using Bayes rule to
determine a posterior mass function for the model
output. Similarly, posterior probability mass func-
tions can be determined for the model inputs. The
algorithm proceeds as follows (Kandlikar, 1994;
Patwardhan & Small, 1992):

(1) Define a prior density p(x;) on all model
parameters (x; € x)

(2) Sample from this distribution n times using
a Monte Carlo scheme and generate sample inputs
x;; (i=1,n) for each (x; € x)

(3) Run the model for each set of input
samples to determine the sampled output y; o (i =
1, n) for model output of interest y, (yo €y)

(4) Evaluate the likelihood  function
L{Ym|yi 0> for each sample y; , of model output
¥o using the error structure of the observational
data/measurement

(5) Reconcile the model output and observa-
tion using Bayes Rule; obtain posterior mass
function for inputs and outputs.

An illustration of the Bayes Monte Carlo
method is provided in Fig. 1. Using Monte Carlo
simulation a representative sample x;; (i=1,n)
for each input x; is generated from the prior
density p(x;). A probability mass function p(x; ;) =
1/n is associated with ith sample x;; (i= 1, n) for
each input x;. The model is then run iteratively n
times for each vector of sampled inputs. This
results in n sample values, y; o (i = 1, n) for model

*For an application of Monte Carlo sampling to a
Carbon cycle model see Gardner and Trabalka (1984).
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ouput y, each with probability mass function
equal to 1/n. If the error (¢) on y,, is normally
distributed and mean zero and variance o,,,, then
the likelihood function Ly, |y; o) is:

1 1
L mlJ)i, =—7—¢ _—_(ym_yi, )2‘
YmlYio) \/Zwym p 203"' 0
(6)

The posterior mass function for each sample y; o
is determined from Bayes rule as

. o)*L .
np(yt,O) <ym’yt.0> ) (7)
Z P(Vi,0)* L Ym | Yi0

i=1
Since p(y; o) = 1/n, eq. (6) readily reduces to:
L<ym|yi. >
P(yiolymy = 50— (®)
Y LYmlyiod
j=1

Plyiolym) =

It is critical to recognize that for each simulated
replication, the same posterior probability mass
function is associated with inputs and outputs.
Hence, the posterior probability mass function for
input samples x; ; is also given by:
Pyl = el 02 ©)
z L Y| Vi0>
j=1

The sample values x; ; and the associated posterior
probability mass functions P{x;;|y,,) character-
ize the posterior density function for model input
X;.

2.2. Selection of priors and likelihood function

The selection of prior distributions for model
parameters and inputs is typically based on inde-
pendent values presented in the literature. If a best
estimate and corresponding range for all or a
subset of model parameters is available, they are
used to inform the construction of prior distribu-
tions. Often such information may not be avail-
able. In such cases, the modeler’s subjective
distribution gleaned from a careful reading of the
literature is used. In many cases, limited informa-
tion might force the modeler to assume uniform
“non-informative” prior distributions.

When uncertainties are poorly understood, it is
important that the analysis be done for several
different assumptions regarding prior distribu-
tions. If the posteriors are similar for a range of
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Fig. 1. A schematic for Bayes Monte Carlo Simulation. Underlined numbers correspond to steps in the algorith

described in Section 2.

different assumptions on the priors then inferences
regarding the distribution of inputs are more
robust. The selection of the likelihood function
L<{y.1yo> depends on the physical relationship
between the model output y, and the measurement
¥m- If the model output y, is a directly measured
quantity then the likelihood function is determined
using the error structure of the measurement
process. However, depending on the level of
aggregation in the model, the measured quantity
may be a function of the model output of interest.
For example, the mean annual increase in global
atmospheric methane is not directly observed; in
its place we use the mean annual increase in the
global observational record of methane as the
“observed” quantity. The mean annual increase in
the global observational record of methane is
derived from measurements of atmospheric meth-
ane made at several sites over the period of an
year. The likelihood function for such aggregated
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quantities can be synthesized from the likelihood
function for their components.

3. Application to methane cycle

In this section, we provide a brief description
of the global methane cycle and illustrate the
applicability of the Bayes Monte Carlo simulation
to the model of mass balance. The equation
e _ > sources — _ sinks
e 4 p
represents the mass balance equation for one
species in a single, well-mixed reservoir, with p
sources and g sinks. If the model has more than
one chemical species then C(t) is a vector. A
Monte Carlo simulation for the model output C(t)
can be performed for given initial conditions C(0)
and prior distributions for the source and sink
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terms. Observations of the concentration C(t) at
time t can be used to update the priors and
determine posteriors for the source and sink terms.
Alternatively, if the change in concentration dC/d¢
is the observed quantity, then it is possible to
directly update the source and sink terms using
the “snap shot” mass balance model. In such a
formulation source and sink variables for methane
correspond to the model inputs x; in Fig. 1. The
observed change in annual concentration (dC/dt)
corresponds to the model output y,.

There are four constraints on the sources and
sinks of atmospheric methane; one from each of
the mass balance condition 2C, 3C and 4C
carbon isotopes and one from ice core data. 13C
and 4C mass balances make it possible to discrim-
inate between sources because different sources
have differing isotopic ratios. Ice core data pro-
vides estimates for pre-industrial concentrations
of methane. Hence, ice core data can be used to
constrain non-anthropogenic sources. Note that
the problem of determining the individual sources
of methane is an underdetermined one. In this
analysis, we used 12 sources categories that repres-
ent the sources of methane (x), the four constraints
were used to determine the model output (y).

3.1. Priors for the sources of methane

In this paper, no attempt is made to discuss in
detail the uncertainties in the individual sources
of methane. A more detailed discussion of indi-
vidual source uncertainties is available in earlier
work by the author (Kandlikar and McRae, 1995).
The reader may also refer to the extensive liter-
ature on the sources and global mass balance
of methane (Fung et al, 1991; Cicerone and
Oremland, 1988; Khalil et al, 1993). Priors for
the individual sources of methane were con-
structed using the IPCC 1992 budget, with some
modifications to reflect new findings. Two different
sets of prior distributions are specified: (i) an
informative prior that uses the specified range as
well as a best estimate; (ii) a non-informative prior
that ignores information regarding the best estim-
ate and specifies the source to be uniformly distrib-
uted in the range.

Table 1 shows the individual sources of meth-
ane, and the assumed prior distributions used in
this analysis. In Table 2, the '3C and *C isotopic
ratios for the different source terms are provided.
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3.2. Model equations and likelihood functions

If the dependence of OH on levels of the CH,
in the atmosphere is ignored, a reasonable assump-
tion for time scales of one year, the global mass
balance for isotopes of CH, can be represented
by a linear relationship. The mass balance for 12C
is written as:

dc

— =Y E,—K*OH*C -5, (10)

dt
where E; are individual source terms, K the rate
constant for the reaction between CH, and OH,
OH represents the atmospheric concentration of
the OH radical, C is the amount of CH, present
in the atmosphere, S, is the soil sink of CH,.
Differences in '3C isotopic concentrations in
different sources arise because anaerobic bacteria
which produce CH, show a marked preference for
12C over '*C during CH, production (Stevens,
1987). The isotopic ratios of a sample, R, can be
derived from reported J values with respect to the
Pee Dee Belemnite standard:

_ (13C/12C)sample — 513Csample
(13C /IZC)sumdard 1000

R +1.

The mass balance for 13C is written as:

dc _dR
+C—E=Y R¥E,— K*K}OH*R}C

R _
& dr dt

— K¥RES,, (11)

where R, is the isotopic ratio for atmospheric
CH,, dC/dt is the annual increase in atmospheric
CH,, and dR,/dt is the annual change in the *C
isotopic ratio, henceforth referred to as Rg. The
kinetic ratios, K; and K, are the ratio of reaction
rates with the two isotopes (K;3/K;,) for the
reaction of CH, with OH and soil, respectively.

Measurements of *C content of CH, constrain
the fraction that is depleted in *C, a measure of
the fossil sources. Natural gas, coal mining, geolo-
gical and industrial emissions are the known
sources of CH, depleted in *C (Lacroix, 1993).
The isotopic ratio of a sample, Q, is defined with
respect to an oxalic acid standard as

(14C/ 12C)sa.l'nl:ble .
Q =-——————— in terms of
(14C/12C)smdard
T
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Table 1. Prior distributions for sources of methane based on a modified version of the IPCC(1992) budget

Sources (Tg/yr)

Set 1
Informative prior

Set 2
non-informative prior

wetlands

landfills/waste management
biomass
fossil sources?

oceans
ruminants
hydrates'
freshwater
termites

animal waste?
domestic sewage?

triangular (100, 115, 200)
rice triangular (25, 60, 150)
triangular (20, 30, 70)
triangular (20, 40, 80)
triangular (70, 100, 120)
+ triangular (5, 10, 15)
triangular (5, 10, 20)
triangular (65, 80, 100)
triangular (5, 10, 20)
triangular (1, 5, 25)
triangular (10, 20, 50)
triangular (20, 25, 30)
triangular (10, 25, 50)

uniform (100, 200)
uniform (25, 150)
uniform (20, 70)
uniform (20, 80)

uniform (75, 135)
uniform (5, 10)
uniform (65, 100)
uniform (5, 20)
uniform (1, 25)
uniform (10, 50)
uniform (20, 30)
uniform (10, 50)

TThe first term includes coal mining and natural gas emissions (IPCC, 1992), the second term is to account for

fossil based industrial emissions.
tIncluding other geological emissions.
¥See Kandlikar and McRae (1995).

Table 2. Values of 1*C and **C ratios for the differ-
ent sources of methane.

Sources (Tg/yr) 13C ratio R 14C ratio Q
wetlands 0.94 1.12
rice 0.937 1.16
landfills 0.947 1.15
biomass 0.975 1.37
fossil sources 0.96 0
hydrates 0.935 0
oceans 0.96 1.16
ruminants 0.94 1.2
termites 0.935 1.24
freshwater 0.96 1.12
animal waste 0.94 12
domestic sewage 0.947 1.15

The mass balance equation for **CHy is:

dcC E,
Qs dt + * — Z Q*E 1 :c
— K*K2*Q¥OH*C — K3*Q}S,.

(12)

Q. is the isotopic ratio for atmospheric CH,,
dQ,/dr is the annual change in the '*C isotopic
ratio, henceforth referred to as Q. Aaps is the
(*4C/'2C) ratio for the oxalic acid standard, and
E,. is the *C source from nuclear reactors.

Ice core measurements provide strong evidence

Tellus 49B (1997), 2

that concentrations of CH, in a pre-industrial
atmosphere were stable at around 650 ppbv prim-
arily reflecting natural emissions. After accounting
for changes in the global sinks from pre-industrial
times Khalil and Rasmussen (1990), conclude that
the fraction of anthropogenic CH, emissions
should be between 40%-70% of total emissions,
ie, a 30-60% range for natural emissions sp,;.
Hence:

<Z'Snat/zsisz (13)

where f; and f, are the minimum and maximum
values of the natural fraction of CH, emissions
and equal to 0.3 and 0.6, respectively.

The mean value and likelihood function for the
annual increase in atmospheric concentration of
12C, 13C and !C isotopes were constructed from
available data using the left hand side of egs. (11),
(12), and (13). Globally averaged values of vari-
ables in the equations and the corresponding error
structures given in Table 3 were used to determine
a measured value and corresponding likelihood
function for each isotope. For example, in the case
of the 12C isotope the measurement is the mean
value of measured annual increase in atmospheric
methane, C, (32 Tg/yr) and the likelihood function
is normally distributed with mean zero and stand-
ard deviation of 4 Tg/yr as prescribed in
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Table 3. Prior distributions and values for model
variables

Quantity
(units) Definition Ref.

OH normal (8.1, 0.9) Prinn et al. (1992)
(10°rad/cm?)

C normal (4860, 50) IPCC (1992)
(Tg)

dC/dt normal (32, 4) IPCC (1992)
(Tg/yr)

K 3.52-10715 Vagjiani & Ravi

(cm3/rad/sec) Shankar (1992)

S, normal (30, 7.5) IPCC (1992)

R, 0.9646 Stevens (1993)

Ry 1.26 10~ 4yr=t Stevens (1993)

Qs 1.22 Quay et al. (1991)

(o 1.4 PM/yr Quay et al. (1991)

K, 0.979 King et al. (1989)

K; 0.993 Quay et al. (1991)

E, . normal (8, 2.5) Quay et al. (1991)
(10** molecules)

A 1.176- 10712 Stuiver and

Pollach (1977)

IPCC(1992). For 3C and !4C isotopes, the likeli-
hood function was derived from the uncertainties
in C, as well uncertainties in dRZ/d%

More detailed discussion of the values of para-
meters in Table 3 can be found in Kandlikar and
McRae (1995). The likelihood function for the ice
core data is given by the fraction of natural
emissions, assumed to be uniformly distributed
between 0.3 and 0.6. The probability mass function
for each sample i was determined from eq. (8), by
replacing the likelihood function L<y,,|y; o> with
a joint likelihood function

4
Ligine =[] L Ym0 Vio»

0o=1

(14)

where the subscript o (0=1,2, 3,4) corresponds
to the isotopes 2C, 13C and *C, and the ice core
data. The posterior distributions for individual
sources are determined by the probability mass
functions and associated values for the variables

Xi,j

4. Results and discussion

The analysis was carried out using a stratified
latin hypercube sampling approach with 1000
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samples and posterior probability distributions
were obtained for the sources of methane. Latin
hypercube sampling (LHS) is a form of stratified
sampling which yields more precise estimates of
distribution functions than random Monte Carlo
sampling (Iman et al., 1980). The posterior distri-
butions can be used to calculate the range of
values that capture the 10th and the 90th percent-
ile confidence levels for each of the sources. The
ranges given in Table 4 provide the upper and
lower bounds for each source of methane. The
ranges are provided for both informative and non-
informative priors assumed for the source terms.
We term the budget derived using informative
priors is the best guess budget. Additionally, in
Fig. 2 we show the prior and posterior (updated)
cumulative distributions for four methane sources
from wetland, rice paddies, fossil related emissions
and termites using the informative priors. In Fig. 3
the same distributions are shown for non-inform-
ative priors. One general observation can be made
from these results: the reduction in uncertainty is
most significant when the prior distributions of
sources have large uncertainties associated with
them as in the case of rice paddies and wetlands.
For other sources the reduction in uncertainty is
only marginal, which implies that the observa-
tional data does little to further constrain the
priors for source terms.

Table 4. Posterior ranges for sources of methane,
including a best guess budget; the number in
brackets is the minimum variance Bayes estimate
for each of the sources of methane

Set 1
informative Set 2

Sources prior (best non-informative

(Tg/yr) guess budget) prior
wetlands 110-155 (132) 110-180 (141)
rice 37-85 (57) 25-90 (52)
landfills/waste 25-50 (37) 23-62 (42)
management
biomass 25-60 (30) 25-70 (32)
fossil sources 85-115 (104) 85-115 (100)
hydrates 7-15 (12) 6-17 (12)
oceans 8-15 (12) 7-18 (13)
ruminants 70-90 (80) 68-92 (85)
termites 16-40 (26) 14-45 (29)
fresh water 5-18 (11) 4-23 (13)
animal waste 22-27 (25) 21-29 (25)
domestic sewage  16-35 (27) 12-40 (26)
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Fig. 2. Cumulative distribution functions for sources of methane: wetlands, rice paddies, fossil emissions, termites.
Solid line is the informative prior (see Table 1) and the dashed line is the posterior. In each of the above graphs the
x-axis gives the source term in Tg/Tr and the y-axis provides the probability that the source term is less than or

equal to the correspondent value for the source.

From Tables 3, 4, and Figs. 2, 3 we observe that
for rice paddies the posterior distribution shows
a large reduction in uncertainty when compared
to the prior distribution. This indicates that atmo-
spheric observations and ice core data provide
significant constraints on rice paddy emissions.
Specifically, the upper and lower 90% confidence
bounds for rice paddies were 37 and 85 Tg/yr
respectively when informative priors are used.
Using non informative priors, the resulting source
range for rice paddies is equal to 25-90 Tg/yr.
These results compare favorably with other estim-
ates of rice paddy flux emissions. Bachelet and
Neue (1993) have compared results of several
studies with and without the inclusion of soil
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characteristics. They suggest that emissions from
Asian rice paddies, which account for 90% of
global emissions from rice were previously over
estimated by 25% and cite a revised range of
57-82 Tg/yr. A more recent version of the IPCC
(1994) report provides rice paddy source estimates
of 20-100 Tg/yr based on these and other flux
measurements. This is in fair agreement with the
range from the non-informative priors case.
Wetlands are the largest single source of meth-
ane and constitute much of the natural fraction.
From Table 4, the range for wetland sources is
110-155 Tg/yr with an informative prior and
110-180 Tg/yr using a non-informative prior. This
is higher than extrapolations from point flux estim-
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Fig. 3. Cumulative distribution functions for sources of methane: wetlands, rice paddies, fossil emissions, termites.
Solid line is the non-informative prior (see Table 1) and the dashed line is the posterior. In each of the above graphs
the x-axis gives the source term in Tg/yr and the y-axis provides the probability that the source term is less than

or equal to the corresponding value for the source.

ates cited by Bartlett and Harris (1993), all in the
range of 85-115Tg/yr. When the analysis was
repeated using a broader prior distribution for
wetlands source (50-200 Tg/yr with a mode at
105 Tg/yr) with all other sources held at their
informative priors, the posterior 10%-90% con-
fidence bounds were given by 100-150 Tg/yr. This
suggests that the range of wetland sources might
be higher than flux based estimates compiled by
Bartlett and Harris (1993) but lower than the
subjective range of 100-200 Tg/yr provided in
IPCC (1992).

For many of the other sources the updating
procedure does not lead to posterior distributions
that are significantly different from the priors. In

such cases, the prior distributions are relatively
consistent with the observations and the observa-
tions contain little extra information that could
lead to a reduction in the source uncertainties.
This is illustrated in Figs. 2, 3. The posterior
distribution for fossil sources is marginally less
uncertain compared to the prior; for the methane
source from termites the two distributions are
almost identical.

The budget(s) of methane derived in this study
agree reasonably with our earlier work (Kandlikar
and McRae, 1995) which uses chance constrained
programming. In the chance constrained program-
ming method the inversion attempts to find the
set of normally distributed posteriors for the

Tellus 49B (1997), 2



BAYESIAN INVERSION FOR RECONCILING UNCERTAINTIES IN GLOBAL MASS BALANCES

source terms that best fit the observational data,
for a given set of normally distributed set of priors.
There is, however, one key difference between the
two approaches. In the earlier work, the source
term for wetland was 70—130 Tg/yr, which is sys-
tematically lower than the estimated range in this
paper. Some of this difference results from differ-
ences in model assumptions and priors*. However,
the difference persists even when the same set of
prior distributions are used for the model inputs.
The systematic difference results from the different
requirements that the two methods place on the
posterior distributions. The Bayes Monte Carlo
approach does not place any restrictions on the
mathematical form of the solution for posterior
distributions; in the case of wetland source, poster-
ior distributions show skewness and significantly
deviate from the normal form. As a result, the
budget presented in this work may be more
reflective of the real uncertainties than the budgets
derived in Kandlikar and McRae(1995) and Hein
and Heimann(1994) who also use normally distri-
butions for priors and posteriors.

An important element of the Bayesian approach
is the need for careful selection of prior distribu-
tions especially when there are large uncertainties
in the data. In such cases, it may be necessary to
perform the analyses with multiple sets of priors.
We illustrate this with the example below. The
sources of methane derived from animal wastes
and sewage treatment both poorly known quantit-
ies and as such have only recently been identified.
The prior distributions assigned to them in
Table 1, are based only a few studies and are
highly uncertain. To test the dependence of the
results of our analysis on the choice of these prior
distributions, we perform a set of analyses based
on an alternative assumption: that the prior distri-
bution for landfills/waste management source cat-
egory adequately captures emissions from animal
wastes and sewage treatment, i.e., the source terms
for these emissions categories are not included in
the Bayes Monte Carlo analysis. The effect of this
alternative assumption on the posterior source
ranges for wetlands and rice paddies is observable.
The 10% to 90% confidence range using informat-
ive priors for wetlands change from 110-155 Tg/yr
to 105-155 Tg/yr and rice paddies emissions range

*For example, in Kandlikar and McRae (1995) the
soil sink was not considered.
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shifts from 37-85Tg/yr to 58-125Tg/yr. Rice
paddy emissions increase to account for the reduc-
tion in anthropogenic sources under alternate
assumptions regarding emissions from animal
wastes and sewage treatment.

As with other inversion approaches, an addi-
tional benefit of the Bayes Monte Carlo method
is that it allows the modeler to ask questions
about the value of gathering additional informa-
tion, which is a central theme in Bayesian decision
theory (Morgan and Henrion, 1990). For instance,
one can determine the additional reduction in the
uncertainty in posterior source distributions if
uncertainties in observational data were to be
reduced. A systematic and rigorous demonstration
of value of information techniques using Bayes
Monte Carlo simulation is outside the scope of
this paper. We note, however, that the flexibility
of the method allows modelers to carry out the
analyses for non-linear models with skewed output
distributions.

Below, we illustrate the concept using a simple
example. Using best guess priors, we determine
the posteriors for methane sources, assuming that
the uncertainty of the OH sink is reduced by 50%,
i.e., the range 475+ 25 Tg/yr is assumed to capture
the 1o range of the OH source term. By comparing
the posterior distributions of these source terms
to the posterior distributions obtained with an
OH source range of 475+ 50 Tg/yr, reduction in
source uncertainties from a 50% reduction in OH
sink uncertainty can be calculated. The results of

Table 5. The effect of reducing uncertainty in the
global OH sink on source uncertainties

Reduced uncertainty

Base case case
Sources (Tg/yr) (Tg/yr)
wetlands 110-155 (132) 100-140 (120)
rice 37-85 (57) 30-70 (50)
fossil 85-115 (104) 88-115 (103)
emissions
termites 16-40 (26) 16-40 (26)

The base case numbers correspond to the “best guess”
budget, ie., they are the inferred source values with
informative priors from Table 1 and an OH sink corres-
ponding to 475+ 50 Tg/yr. The reduced uncertainty case
corresponds to the inferred source values with informat-
ive priors from Table 1 and an OH sink corresponding
to 475+25 Tg/yr.



134

the analysis are provided in Table 5 for 4 source
types of methane. Some sources, particularly rice
paddies show an observable reduction in the
inferred uncertainty bounds.

Although this work demonstrates an application
of the technique to a 0-D globally aggregated
model, Bayes Monte Carlo simulation can be just
as easily applied to models with greater spatial
and temporal specificity. The method can be used
to perform atmospheric “snap shot” atmospheric
synthesis inversions using 2-D and 3-D transport
models (Hein and Heimann, 1994; Fung et al.,
1991, Enting et al., 1995), as well ocean modeling
approaches that give longer term trends. The
primary advantage of the approach results from
its ability systematically synthesize multiple types
of information, to reconcile all the different uncer-

M. KANDLIKAR

tainties and facilitate value of information calcula-
tion. Additionally, by allowing flexibility in the
choice of the prior distributions it forces modelers
to carefully provide statistical interpretation of all
available information.
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