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Abstract

The North Atlantic Meridional Overturning Circulation (AMOC) is projected to weaken
in response to anthropogenic climate forcings. Quantifying this effect is difficult, however,
since the current Earth system models are subject to model biases as well as structural and
parametric uncertainties. Observational constraints can help in reducing these uncertain-
ties and therefore constrain projections. Here we analyze and quantify the skill of three
different ocean tracers (CFC-11, AMC, and temperature data from published datasets)
in reducing uncertainties on the parameterization of vertical ocean diffusivity (K,) and
the resulting AMOC projections in an Earth system model of intermediate complexity.
Given the model structure and the observational constraints, the A*C observations re-
duce the uncertainty about K, the most (measured by the reduction of the 95% credible
interval), followed by CFC-11 and temperature. The most probable K, value given the
model structure is around 0.2-0.25 ecm?s™!. The most likely reduction in AMOC strength

between 2000 and 2100 is around 25% under the SRES-A1F1 scenario.
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1. Introduction

The North Atlantic Overturning Circulation (AMOC) is a key component of the climate
system [Munk & Wunsch, 1998]. Past changes in the AMOC intensity are associated with
considerable changes in global scale temperature and precipitation patterns [McManus et
al., 2004]. Anthropogenic climate forcings may trigger an AMOC threshold response, with
potentially nontrivial impacts on natural systems and human welfare ( Patwardhan [2007],
Keller et al. [2000]). Current AMOC model predictions are deeply uncertain (Zickfeld et
al. [2007], Meehl et al. [2007]).

Tracer observations such as chlorofluorocarbon-11 (CFC-11), or radiocarbon (A(C') can
provide valuable information to improve estimates of the ventilation rate and advective
properties in the ocean [Doney et al., 2004]. Information about such processes is important
for evaluating the skill of climate models in simulating the ocean circulation, on time-
scales ranging from decadal to centennial. A better representation of these mechanisms
can hence improve AMOC projections.

A key parameter for determing ocean circulation properties in models is the vertical
ocean diffusivity (K,), which has a large impact on oceanic heat storage and transport,
modeled uptake of ocean tracers such as COq [Sokolov et al., 1998], and it is one of the
closure components of the MOC circulation [ Wunsch & Ferrari, 2004]. This parameter is
highly uncertain [Munk & Wunsch, 1998], and it is generally tuned in models to generate
a realistic AMOC strength. In addition, high model diffusivity can prevent multiple states

of the MOC [Schmittner €& Weaver, 2001].
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Several studies (e.g., England [1993], Gao et al. [1994]) analyzed the importance of the
magnitude of the diffusivity strength and parameterization on the MOC structure and
representations of tracers in ocean models. These studies, however, are typically silent on
the question of how much information is contained in the different types of observations.
This is an important question, for example, to inform the design of AMOC observation
and prediction systems (cf. Baehr et al. [2008], Keller et al. [2007]).

Recently, Schmittner et al. [2009] applies a relatively simple method to estimate K,
from the combined effects of observation errors and model structural errors. However,
their approach neglects the effects of cross-correlation between different tracers, which
can generate overconfident probability distributions of climate uncertainties. In another
recent study, Bhat et al. [2009] estimates the posterior probability distribution for K,
using A*C and CFC-11 observations. Their approach uses a Gaussian process emulator
for the climate model and estimates the distribution of K, via a Bayesian approach. While
their kernel mixing based approach to constructing the emulator is flexible and efficient,
it is conceptually complex and still computationally too demanding for routine use with
more than two ocean tracers.

Here we obtain an estimate of the probability distribution of K, using three tracers
simultaneously. Our approach provides a much faster and easier way to implement the
methodology, enabling the routine use of information from several ocean tracers jointly,
while still considering both spatial autocorrelation and cross-correlation between residu-
als of different tracers. Furthermore, we advance on previous work by quantifying and
ranking the skill of the tracers CFC-11, A C and temperature (T) together from a model

calibration to constrain the uncertainties in the model parameter K,. Our main goal is



58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

GOES ET AL.: TRACERS AND AMOC X-5

to apply the joint (all tracers) estimate of the K, probability density function to improve

AMOC predictions.

2. Methods

2.1. Earth System Model of Intermediate Complexity

We use the University of Victoria Earth System Model of Intermediate Complexity
(UVic 2.8; Weaver et al. [2001]) to produce an ensemble of ten members varying the
parameter K,, the background ocean vertical diffusivity. The K, values are defined in

an equidistant grid, ranging from 0.05-0.5 cm?s™!.

The ocean component in UVic is
MOM2 [Pacanowski, 1995] with a 1.8° x 3.6° resolution in the horizontal and 19 depth
levels. The atmospheric component is a one-layer atmospheric energy-moisture balance
model, which does not apply flux correction and is forced by prescribed winds from the
NCAR/NCEP climatology. Also included in the model are a thermodynamic sea-ice
component, a terrestrial vegetation (TRIFFID) and an oceanic biogeochemistry based on
the ecosystem model of Schmittner et al. [2005].

The model is spun up from observed data fields as initial conditions for 3000 years
(with a coupled carbon cycle for the last 1000 years) for each parameter value. It is then
integrated from years 1800-2100 using historical and projected climate forcings (SRES—
A1FT scenario), extended to year 2200 following Zickfeld et al. [2008]. We modified the
model to include non-CO, greenhouse gases, volcanic and sulfate forcings from Sato et al.
[1993] and Hansen € Sato [2004]. Atmospheric sulfates follow the same rate of decrease
as the COqy concentration after 2100.

The model uses the Gent & McWilliams [1990] eddy mixing parameterization. It ac-

counts for increased mixing over rough topography based on the tidal mixing scheme of
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St. Laurent et al. [2002]. For the Southern Ocean (south of 40S), the vertical mixing is
defined as > 1 ¢cm?/s below 500 meters in order to simulate the more vigorous mixing

there (e.g., Schmittner et al. [2009], Matsumoto & Key [2004]).

2.2. Data

We focus on a subset of three types of observations that have previously been shown (cf.
Schmittner et al. [2009], Bhat et al. [2009], Toggweiler et al. [1989]) to provide constraints
on the parameterization of K, in ocean models: (i) temperature (T), (ii) chlorofluoro-
carbon 11 (CFC-11), and (iii) radiocarbon (A'C) observations. AC is defined as the
MC/12C ratio of air-sea fractionation-corrected data [Stuiver €& Polach, 1977]. Each of
the tracers in this subset has a different behavior, and can constrain K, in different ways.
The temperature observations constrain K, because K, affects, for example, the shape of
the thermocline as well as the penetration of the anthropogenic heat anomalies [Gnanade-
sikan, 1999]. The A'C observations constrain K, in two main ways, because it has a
natural and an anthropogenic component. The natural component can give information
of mixing rates (that are, in turn, a function of K,) in the order of centuries or millennia,
while the anthropogenic component, which greatly increased during the 1950s and 1960s
due to thermonuclear explosions, provides information on decadal time-scale. The an-
thropogenic tracer CFC-11 also constrains K, on decadal time-scale, because atmospheric
emissions started in the 1930s. Its solubility in water is dependent on the temperature.
Considering CFC-11 and A™C jointly can provide new insights into oceanic mixing and
K, because they have very different forcing histories, air-sea equilibration timescales and
water solubility (Broecker & Peng [1974], Ito et al. [2004]), and the observation errors

and signal-to-noise ratios of the two tracers are different. We analyze published data
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products for these three tracers (Locarnini et al. [2006]; Key et al. [2004]) and average
the model hindcasts over the time the observations have been collected, i.e., 1990’s for
CFC-11 and A™C, and 1950-2000 for temperature. The observations were interpolated to
the model grid and the model output is restricted to the regions where the data products
are available.

Further, we compare the ocean tracers information with the climatological AMOC
strength information calculated from observations with the inverse model of Lumpkin
& Speer [2003], which is estimated as (17.6+2.7 Sv). The model ensemble is calibrated
against observations using a Bayesian inference method. We assume a Gaussian likelihood
function and estimate the posterior probability of K, given the observations through a
Markov Chain Monte Carlo (MCMC) method [Metropolis et al., 1953]. Our method ac-
counts for auto-correlations of the residuals, as well as cross-correlation between residuals
of different tracers. For this, a separable covariance matrix > is estimated. The inversion
and the numerical implementation of the calibration procedure are detailed in the next
subsection. The reader who is not interested in the details of the inversion technique can

skip the next subsection without loss of understanding.

2.3. Bayesian model inversion

The goal of Bayesian parameter estimation is to infer a probability distribution p(#|O)
representing the uncertainty in a climate model parameter 6, conditional on a vector
of observed data O. Here 0 is the UVic vertical ocean diffusivity parameter K,. The
inferential procedure is based on a statistical model that relates the model parameter (6)

to the observations (O) by way of the ensemble of model output M (). The statistical
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model used here assumes that the observations are randomly distributed about the model

prediction

O=M()+e, (1)

where the error is a random variable drawn from a multivariate normal distribution

e~ N, (2)

with an unknown mean or bias term p and covariance matrix 2. These distributional
parameters are to be estimated along with the model parameter #. The error term en-
compasses all processes which may cause the observations to deviate from the model pre-
dictions, including model structural error, natural variability in the climate system, and
measurement error. Because these errors are uncertain, they are modeled stochastically
as a random process, assumed here to be Gaussian.

The error mean term g represents model bias which is common across ensemble mem-
bers. Schmittner et al. [2009] assumed a bias which is constant in depth. Here we use a
general linear form that varies in depth (2), u = a + bz, which improves the model fit as
indicated by exploratory data analysis. The covariance matrix, described later, captures
the residual variability which is not accounted for by the linear bias.

The above probability model describing the spread of observations about the model
output defines a likelihood function L(O|6, u, ) for the data conditional on the model

and covariance parameters:

1
LI, ) = (2m) VIS e (5T )
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where ¥ is a covariance matrix and 7 = O — M (0) —u are the bias-subtracted data-model
residuals.

Consider an ensemble M containing p runs of a climate model, where each run cor-
responds to a different value of the climate model parameter, 6,, k = 1,...,p. For
each ensemble member we analyze n ocean tracer profiles defined at d spatial locations
(depths). The matrix ¥ is nd x nd specifying the covariance between n tracers at d loca-
tions (depths). Assuming separability, > can be approximated by a Kronecker product of

two matrices:

N=Yr®Cs+ X, (4)

where Yp corresponds to the n X n cross-covariance matrix of the tracers, and Cy is
the d x d spatial correlation matrix (in depth) respectively. ¥, is the data measurement
error which we assume to be negligible compared to the other errors because of the spatial
aggregation of the data.

The cross-covariance matrix Y depends on n(n — 1)/2 cross-tracer correlation coef-
ficients p;; (since p;j=p;;), and on residual standard deviations o; of the n individual

tracers:

2
g7 0102P12 ... 010pP1n
2
0201021 05 <o 020p02n
S = ) R : : (5)
2
0n010n1 0,

We model the spatial correlation C's using a standard Gaussian correlation function, a

special case of the Matérn class of covariance functions (see, for e.g., Stein [1999]). This
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function decays with distance between locations d; and d; with a correlation length scale

A, assumed to be the same for all tracers:

|d; — d;|?
(CS)ij = exXp (—TJ . (6)
Given the property of the Kronecker product (see, for example, Lu & Zimmerman

[2005]), the multivariate normal likelihood function L(y, ) becomes:

1
L(O10, p, B1,Cs) = (2m)"2(|S¢ || Cs[") 72 exp - elgh)E, (T)

where N = nd is the total number of data points, and 7—[O;—M;—pu1, . . ., Op— My —p,|"
is the concatenated vector containing the misfit between the unbiased model data and
respective observations for all tracers. The Kronecker structure of Equation 4 allows the
nd x nd matrix ¥ to be efficiently inverted by inverting the two smaller matrices X1 (nxn)
and Cg (d x d).

Once the probability model has been specified in the form of a likelihood function,
inference about the posterior distribution of # is obtained by Bayes’ theorem. The theorem
states that the posterior probability of the unknown parameters is proportional to their

prior probability distribution, multiplied by the likelihood of the data:

p(0,a,b,0,p,M|0) o< L(O]6,a,b,0,p, A) p(6) p(a) p(b) p(o) p(p) p(A) , (8)

We draw 20,000 samples from the above posterior distribution by a Markov chain Monte
Carlo (MCMC) algorithm. The MCMC algorithm jointly estimates one model parameter
(0 = K,), 2n bias coefficients (a; and b;), n standard deviations (¢;), n(n — 1)/2 cross-

tracer correlations (p;;), and one correlation length (). This is an improvement upon the
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methodology of Schmittner et al. [2009] which held all parameters but 6 fixed at optimized
values, and did not consider the uncertainty in the other parameters. Because the model
output is only defined on a discrete grid of K, values, the MCMC algorithm proposes
discrete jumps for this parameter during its random walk through parameter space, and
continuous moves for all other parameters.

In Equation (8) we assume all parameter priors are independent of each other. We
choose a uniform prior p(f) for the model parameter K,. For the correlation length
we apply the lognormal prior InA ~ N(5.5,0.5%), so that the logarithm of X\ is nor-
mally distributed with mean 5.5 and standard deviation 0.5. This prior locates most
of the probability mass of the distribution between 0 and 600 meters. We use Jeffreys
priors (p(o;) o< 1/c?) for the variances, and uniform priors for the bias parameters a;
and b;. For the cross-covariance matrix we specify an inverse Wishart prior distribution
Yr ~ IW(S,v), with a diagonal scale matrix S = diag(c?,...,02) and v = 2n+1 degrees
of freedom. A diagonal scale matrix reduces spurious correlations by penalizing tracer
residuals which are are not independent of each other. Spurious correlation is not a prob-
lem when the data dimension is large, but when the data are sparse such a regularization
procedure is prudent.

Equation (8) gives the joint posterior probability of both the model parameter and
the bias and covariance parameters. The marginal posterior probability of the model

parameter alone is obtained by integrating the joint posterior over all other parameters:

p(0|0):/p(@,a,b,a,p,)\|0)dadbdadpd)\. 9)



193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

X-12 GOES ET AL.: TRACERS AND AMOC

Since the posterior is estimated by MCMC sampling, this posterior distribution of # is
easily obtained by simply considering the 6 samples while ignoring the samples for the

other parameters.

3. Results

The strength of the AMOC in the model is strongly positively correlated with K,
(Figure 1). The model hindcasts of the AMOC strength vary from 822 Sv over the
considered K, values. Under the projected anthropogenic climate forcings, the AMOC
strength decreases in most cases, but it is more sensitive to the considered forcings for
higher K, values. Due to the strong dependence of the AMOC structure and behavior on
the K, value in this model, a reduction in the K, uncertainty will produce an improved
AMOC hindcast and projection in the model.

Different K, values result in different hindcasts of CFC-11, A"C and T (Figure 2).
In general, the observations are contained by the model ensemble spread. Changing K,
affects the model hindcast of A"C differently for surface and for deep waters. Lower
K, values are associated with a lower vertical exchange rate of water from surface to the
bottom, decreasing the bottom concentration of A™C, and increasing it in the surface.
In contrast, higher K, values result in a stronger exchange of deep waters with generally
low AC concentrations to the surface and also increase the rate of deep water mass
formation, reducing the surface to bottom AC gradient.

For CFC-11 and T, the highest model errors are located in the deeper portions of
the ocean, where the model has generally a lower ventilation rate. This is due to the
relatively poor representation of fresh water fluxes in the model, which causes a too

stratified isopycnal structure in comparison to observations, and inaccurate representation
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of the lower North Atlantic Deep Water (NADW) and Antarctic Intermediate Water
(AAIW). Both biases are typical for coarse-resolution models (England [1993], Sorensen
et al. [2001]).

Overall, for three types of observations considered, we estimate 14 parameters: K,, as
well as 13 auxiliary parameters (see Section 2.3). As a result, the statistical procedure
generates the joint 14-dimensional probability density function (pdf) of the parameters.
We focus here first on the marginal projection of this pdf onto the K, dimension (Figure
3). For comparison, we also show the the climatological AMOC pdf in Figure 3. The
K, pdf is derived from the climatological AMOC estimate of Lumpkin & Speer [2003]
by assimilating a single data point assuming a normally distributed error. In principle,
the model could be calibrated with both the ocean tracer and AMOC strength data by
using the derived AMOC pdf as a prior for K,. However, this would neglect poten-
tial correlations between ocean tracer and AMOC strength residual errors. As a proper
treatment of AMOC /tracer correlations is beyond the scope of this work, we present the
AMOC-derived pdf independently of the pdfs from the ocean tracers.

The three considered sources of information have rather different skill in improving K,
estimates and AMOC predictions (see Table 1 for the properties of the statistical distribu-
tions). AMC has the highest information content with respect to improving K, estimates,
its posterior 95 % credible interval (CI) is the tightest (0.14 cm®s™!) in comparison to the
other tracers. CFC-11 comes in second, with a 95 % CI of 0.22 cm?s™!, and T comes last
with the largest CI of 0.32 cm?s~t. All the K, distributions derived from the tracers infor-
mation show biases relative to the one estimated from the climatological AMOC strength,

with A™C containing higher biases toward lower K, values in comparison to the rest of
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the tracers. CFC-11 and T show smaller biases than AC compared to the climatological
AMOC information. Combining all three sources of information (black curve in Figure 3),
the model favors K, values in the middle of the considered range, from 0.2-0.25 cm?s*.

As discussed in previous studies (e.g., Schmittner et al. [2009]), the K, value in a
coarse resolution ocean model represents the effects of background diffusivity combined
with subgridscale diffusivity (i.e., a model shortcoming). Hence, our estimate cannot be
directly compared to observed estimates of background diffusivity of 0.1 cm?s™! [Ledwell
et al., 1993].

The posterior K, estimates provide a basis for projections of the AMOC strength in
2100 and 2200 (Figure 4). In 2100, the expected strength for the AMOC in this model
is about 10.5 Sv. In 2200 the AMOC shows a slight strengthening relative to the 2100
conditions with an expected value of roughly 11.5 Sv, with a narrower range of projected
values.

The magnitude of the estimated cross-correlation terms for the K, are small, less than
0.4 at the most probable value of K, (see Table 1). Considering or neglecting the effects
of this residual cross correlation does not change drastically the K, posterior estimate
considerably in the analyzed case (results not shown). This can be explained by the rela-
tively good representation of the mean function for the tracers residuals and, as discussed
by Cressie [1993] (pp. 25), “What is one person’s (spatial) covariance structure may be
another person’s mean structure”. In other words, there is a trade-off between estimating

a mean function for the tracer residuals to account for structural model errors and the

magnitude of the residual cross correlation across the considered sources of information.
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4. Conclusion

We develop and apply a method to rank and quantify the skill of different sources of
information to reduce the uncertainty about ocean model parameters and the resulting
climate predictions. We improve on previous work by (i) refining the estimation of errors
in the model structure, (ii) including several ocean tracers at once in a computationally
efficient fashion, and (iii) quantifying and ranking the skill of different sources of infor-
mation to reduce the uncertainty about a model parameter. We demonstrate how A“C,
CFC-11, and T sharpen the estimates of K, and improve AMOC projections.

The K, derived from individual observations (i.e., A*C, CFC-11, T) are broadly con-
sistent, but show slight discrepancies that we attribute predominantly to structural model
errors. Of the considered observations, A*C has the highest skill in reducing uncertain-
ties in AMOC projections, but in this model it has also the highest bias. AC is followed
(in decreasing skill of being able to reduce K, uncertainty) by CFC-11 and T.

AMOC projections show a reduction of the maximum of the joint posterior in 2100 by
roughly 25% (3.5 Sv). It is perhaps both surprising and encouraging that the pdf of K,
estimated in this study based on CFC-11, T, A'C is remarkably similar to the estimate
of Bhat et al. [2009], which uses only CFC-11 and AC, a much more computationally
complex method, and a slightly different representation of ocean biogeochemical fluxes,
mixing in the Southern Ocean, and anthropogenic emissions. This convergence of K,
estimates based on different combinations of considered sources of information and statis-
tical methods might suggest that K, can be robustly estimated from the oceanic tracers

studied here.
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Our results are subject to many caveats. These caveats point to potentially fruitful
research directions. First, we consider only highly aggregated data. Basinwide zonal
averages could, for example, provide potentially useful information about where the model
performs better. Second, other model parameters, such as climate sensitivity or sensitivity
of climate to aerosol concentrations, (cf. Tomassini et al. [2007] and Forest et al. [2002]),

are also highly uncertain and impact AMOC projections as well.
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List of Figure Captions

Figure 1. AMOC strength (Sv), defined as the maximum of the transport stream function
in the North Atlantic, for the ensemble members from years 1800 to 2200. The gray patch

represents the mean + 1 o of the estimate provided by Lumpkin & Speer [2003].

Figure 2. Global averaged profiles of CFC-11 [Key et al., 2004], AYC [Key et al.,
2004] and T [Locarnini et al., 2006], for the observations (gray dots) and model ensemble

(colored lines). The legend for the model K, values is the same as in Figure 1.

Figure 3. Posterior probability density function for all considered sources of information
(colored lines), the joint posterior using all available observations (black line), and the
climatological AMOC estimate [Lumpkin & Speer, 2003] for comparison (magenta trian-
gles). The grey triangles on the top are the location of the samples of K, in the model

ensemble.

Figure 4. Joint posterior probability density function for the AMOC using the three

considered tracers for the years 2000, 2100 and 2200.
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Table 1. Properties of the statistical distributions (mean (cm?s™!), mode (cm?s™') and 95%
credible interval [CI] (cm?s™!)) of K, for each considered sources of information, the posterior
(joint distribution considering all tracers information), and the climatological AMOC estimate
(Lumpkin & Speer [2003]). Also shown are the cross-tracers correlation at the best K, value

estimated in the joint posterior.

Observation | Mode Mean (cm?s™') 95% CI |[Cross-corr. at best K,
AMC CFC-11 T

AC 0.15 0.16 0.14 1 0.38 -0.16
CFC-11 0.25 0.26 0.22 - 1 0.028
T 0.25 0.25 0.32 - - 1
posterior 0.20 0.21 0.12 — — -

AMOC clim| 0.35 0.34 0.33 — — -
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Figure 1. AMOC strength (Sv), defined as the maximum of the transport stream function in

the North Atlantic, for the ensemble members from years 1800 to 2200. The gray patch represents

the mean + 1 o of the estimate provided by Lumpkin € Speer [2003].
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Figure 2. Global averaged profiles of CFC-11 [Key et al., 2004], A™C [Key et al., 2004] and

T [Locarnini et al., 2006], for the observations (gray dots) and model ensemble (colored lines).

The legend for the model K, values is the same as in Figure 1.
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Figure 3. Posterior probability density function for all considered sources of information
(colored lines), the joint posterior using all available observations (black line), and the climato-
logical AMOC estimate (Lumpkin & Speer [2003]) for comparison (magenta triangles). The grey

triangles on the top are the location of the samples of K, in the model ensemble.
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Figure 4. Joint posterior probability density function for the AMOC using the three considered

tracers for the years 2000, 2100 and 2200.



