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[1] We present a systematic parameter optimization and sensitivity analysis of a
three-dimensional global ocean biogeochemistry model. We use the global data sets of
dissolved inorganic carbon (DIC), alkalinity, and phosphate to constrain the parameters of
a biogeochemistry model which include the stoichiometric ratios rC:P and rN:P, the
fraction s of organic material production allocated to dissolved organic matter (DOM), the
lifetime 1/k of DOM, the exponent a in the power law for the depth profile of the
remineralization of particulate organic carbon (POC), the rain ratio R of CaCO3, and the
e-folding length scale d for the depth profile of CaCO3 dissolution. The
data-constrained parameter values are rC:P = 137 ± 11, s = 0.74 ± 0.04,
1/k = 1.7 ± 0.5 years, a = �0.97 ± 0.07, R = 0.081 ± 0.008, and d = 2100 ± 300 m. The
postoptimization carbon export from POC is 15 ± 1 Gt/a and from CaCO3 is
1.2 ± 0.1 Gt/a of which 67 ± 4% dissolves above 2000 m. The ± ranges indicate an
average 1% decrease in the fraction of the spatial variance in the observed tracer data
captured by the model. The sensitivity of the model to its parameters is presented in terms
of sensitivity patterns defined as the derivative of the model’s equilibrium tracer
distribution with respect to the parameters (S patterns). The soft-tissue, carbonate, and gas
exchange pump mechanisms responsible for the sensitivities are presented. The pump
decomposition of the S patterns illustrates quantitatively how changes in organic
and inorganic carbon fluxes are coupled with the large-scale ocean circulation and how the
gas exchange pump couples to the global ventilation patterns through changes in
surface chemistry.
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1. Introduction

[2] A difficult problem in climate modeling is selecting
the proper level of complexity for ocean biogeochemistry
modules in order to minimize the uncertainty of atmospher-
ic carbon dioxide predictions. While complex models can in
principle better represent potential climate feedbacks and
regional ecosystem variations, they have the disadvantage
of having a larger number of parameters that are difficult to
constrain from limited observational and experimental data.
For example, the study of Friedrichs et al. [2006] has
demonstrated in the context of a 1-D ecosystem model, that
complex models can have worse predictive skill than their
simpler counterparts when there is insufficient data to
properly constrain a large number of parameters. The study
of Friedrichs et al. [2006] also suggests that a proper

comparison of different models requires that each model’s
parameter set be first optimized objectively, and that the
sensitivity of the model parameters should be taken into
account. For global models there have been few systematic
parameter sensitivity and optimization studies. Models often
use parameter values that have been tuned in different
circulation models, and parameter correlations are rarely
taken into account.
[3] It is our opinion that one of the goals of global ocean

biogeochemistry modeling should be to perform systematic
parameter optimization and sensitivity analysis of a hierarchy
of models of varying complexity. The usual approach to
analyzing the sensitivity of a model consists of changing a
parameter, rerunning the model long enough for the transi-
ents to die off and recording the change in the output.
Because the time for a global model to reach a new equilib-
rium after a parameter is changed is on the order of several
thousand years the usual ‘‘hand-tuning’’ approach to opti-
mizing parameters can yield only limited results. We need an
alternative that can overcome the excessive computational
costs associated with the slow model spin-up. For this we
have recently developed a fully implicit solver for obtaining
steady state solutions of a global ocean biogeochemistry
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model [Kwon and Primeau, 2006, hereinafter KP06]. The
new solver eliminates the need to explicitly time step the
governing equations and thus makes it possible, for the first
time, to conduct a systematic parameter sensitivity analysis
of a global ocean biogeochemistry model.
[4] Here we continue the line of study begun in KP06 and

present a systematic parameter optimization and sensitivity
analysis for a biogeochemistry model based on the formu-
lation used for phase 2 of the Ocean Carbon-Cycle Model
Intercomparison Project (OCMIP-2), [Najjar et al., 2007].
The results related to the phosphorous-cycle component of
the model were reported previously in KP06. Here we focus
on the model’s carbon and alkalinity cycles.
[5] In OCMIP-2 type models, the carbon and nitrogen

cycles are keyed to phosphorus using C:N:P stoichiometry
ratios. Net community production is obtained semidiagnos-
tically by restoring PO4 toward the observed PO4 field
whenever the simulated surface PO4 concentration exceeds
the observed value. The production and cycling of particulate
organic matter (POM), semilabile dissolved organic matter
(DOM) and CaCO3 are then related to the new production
through the following parameters: (1) rC:P, the stoichiomet-
ric ratio of carbon to phosphorus, (2) rN:P, the stoichiometric
ratio of nitrogen to phosphorus, (3) s, the fraction of organic
material production allocated to DOM, (4) R, the ratio of
CaCO3 export production to particulate organic carbon
export production, (5) k, the first-order decay rate constant
for DOM, (6) a, the exponent in the power law for the depth
profile of the remineralization of POM, and (7) d, the length
scale for the depth profile of CaCO3 dissolution (see Table 1
and section 2.2). The reference OCMIP-2 model [Najjar et
al., 2007] uses parameter values culled frommultiple studies,
in which subsets of the parameters were tuned separately
[Anderson and Sarmiento, 1994; Yamanaka and Tajika,
1996, 1997].
[6] A novel aspect of our study is that we combine global

observations of PO4, dissolved inorganic carbon (DIC) and
total alkalinity (TA) to optimize the entire parameter set
simultaneously. Parameter interactions are thus taken into
account, and by computing the shape of the cost function we
are also able to obtain important information about the degree
to which various parameters are constrained independently
from the rest. We also perform a sensitivity analysis of the
global equilibrium distributions of DIC and TA to changes in
model parameters by computing sensitivity patterns defined
as partial derivatives of equilibrium solutions with respect to
the parameters. The sensitivity patterns help us explain the
parameter interactions and the degree to which different
parameters are constrained in our multiparameter optimiza-
tion results.

[7] The sensitivity patterns also provide a unique oppor-
tunity to elucidate the inner workings of the ocean’s carbon
cycle. By decomposing the sensitivity patterns using the
pump separation method of Volk and Hoffert [1985] as
modified by Gruber and Sarmiento [2002] we can learn
how different parameterized biogeochemical processes cou-
ple with the global circulation and the air-sea carbon
exchange to redistribute carbon within the ocean. The result
is a decomposition of the DIC sensitivities into components
associated with the soft-tissue, carbonate, and gas exchange
pumps that are particularly useful for obtaining a mecha-
nistic understanding of the model’s behavior.
[8] This paper is organized as follows. We present the

implicit ocean biogeochemistry model in section 2, the
parameter sensitivity analysis in section 3, followed by
the parameter optimization study in section 4. Discussion
and conclusions are presented in section 5.

2. Implicit Ocean Biogeochemistry Model

2.1. Transport Model

[9] As in KP06, we use an offline transport model
coupled to an OCMIP-2 biogeochemistry model. The trans-
port operator is derived from the time-averaged velocity and
eddy-diffusivity tensor fields taken from the solution of a
fully spun-up dynamical ocean general circulation model
(OGCM). The offline transport model like the parent
OGCM has a spatial horizontal resolution of approximately
3.75� � 3.75� and 29 vertical levels ranging in thickness
from 50 m at the surface to 300 m near the bottom. The
parent OGCM uses the KPP vertical mixing scheme [Large
et al., 1994] and the GM isopycnal eddy-mixing scheme
[Gent and McWilliams, 1990]. Extensive details about the
model’s tracer transport characteristics can be found in the
works of Primeau [2005], Primeau and Holzer [2006], and
Holzer and Primeau [2006, 2008].

2.2. Biogeochemistry Model

[10] The biogeochemistry model uses the OCMIP-2 for-
mulation described in Najjar et al. [2007]. Biological
production is driven by the supply of phosphate according
to the parameterization

Jprod ¼
rC:P

t
PO4½ � � PO4½ �obs
� �

Q PO4½ �ð Þ; ð1Þ

where rC:P is the C:P ratio and t is the restoring timescale.
Q([PO4])� 1

2
[1 + tanh{([PO4]� [PO4]obs)/l}] is a smoothed

step function used to switch off production when the surface
[PO4] drops below the observed value. The smoothing is
needed for our implicit solver based on Newton’s method to
converge (KP06) but gives essentially the same solution as
the original discontinuous step function formulation.
[11] For each mole of organic carbon produced, a fraction

s is allocated to dissolved organic carbon (DOC). The
remainder is exported as particulate organic carbon
(POC). Through rC:P the DOC field is exactly proportional
to the dissolved organic phosphorous (DOP) field and does
not require its own prognostic equation. The export flux of
POC at the base of the euphotic zone (z = zc) is given by

Fo ¼ 1� sð Þ
Z 0

zc

Jproddz: ð2Þ

Table 1. Description of Parameters

Parameter Description

rC:P Stoichiometric ratio of carbon to phosphorus
rN:P Stoichiometric ratio of nitrogen to phosphorus
s fraction of organic carbon production allocated into DOC
R ratio of CaCO3 to POC production
k first-order decay rate constant for DOC
a exponent in the power law for the depth profile of the

remineralization of POC
d length scale for the depth profile of CaCO3 dissolution
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[12] Since the phosphorus cycle is independent of the
DIC and TA cycles, we first obtain equilibrium solutions for
PO4 and DOP separately as was done in KP06, and then use
the resulting Jprod and DOP fields to drive the TA and DIC
models.
[13] To compute the air-sea fluxes of carbon the solution

of the seawater CO2 system is needed. For this the surface
water [TA] is needed. The TA field is obtained (indepen-
dently of the DIC solution) by solving

@ TA½ �
@t
þ u 
 r TA½ � � r Kr TA½ �ð Þ ¼ JvTA þ JbTA: ð3Þ

[14] JvTA is the virtual flux of TA due to the concentrating
and diluting effects of freshwater evaporation and precipi-
tation. JbTA is the source-sink term of TA due to the
biological production and remineralization of organic nitro-
gen and CaCO3,

JbTA ¼ �
rN:P

rC:P
JbCorg

þ 2JbCaCO3
; ð4Þ

where rN:P is the N:P ratio. The organic carbon sink-source
term for DIC above and below the base of the euphotic zone
is given by

JbCorg
¼ rC:P� k DOP½ � � Jprod for z > zc ð5Þ

and

JbCorg
¼ rC:P� k DOP½ � þ @

@z
FPOC zð Þ for z < zc; ð6Þ

in which FPOC(z) is the downward flux of POC parameter-
ized using a power law as in the work of Martin et al.
[1987] and zc = �75 m,

FPOC zð Þ ¼ z

zc

� �a

Fo: ð7Þ

[15] In addition to exporting organic carbon, marine
organisms can also export CaCO3 hard shells. This export
flux is taken to be proportional to the export of POC. The
rain ratio R is the proportionality constant at the base of the
euphotic zone. The exported CaCO3 is assumed to dissolve
in the water column according to the vertical flux profile
represented by an exponential curve. Above and below the
base of the euphotic zone, the CaCO3 sink-source term for
DIC takes the form:

JbCaCO3
¼ � 1� sð ÞR� Jprod for z > zc ð8Þ

and

JbCaCO3
¼ @

@z
FCaCO3

zð Þ for z < zc ð9Þ

where

FCaCO3
zð Þ ¼ R� Fo exp

z� zc

d

� �
ð10Þ

is the downward flux of CaCO3. The parameter d is the
length scale for the remineralization of CaCO3. In this
model, there is no sedimentation of Corg and CaCO3. All the
flux that enters through the top of the bottom grid box is
assumed to be remineralized within the bottom box.
[16] Once the solutions for the PO4 and TA cycles are

known, the DIC field can be obtained by solving

@ DIC½ �
@t

þ u 
 r DIC½ � � r Kr DIC½ �ð Þ ¼ JvDIC þ JgDIC þ JbDIC:

ð11Þ

[17] JvDIC is the virtual flux of DIC due to the concen-
trating and diluting effects of freshwater evaporation and
precipitation. JgDIC denotes the surface flux of carbon due
to air-sea gas exchange and is a function of both DIC and
TA. The formulation and parameterization for air-sea carbon
fluxes follow the OCMIP-2 protocol [Najjar et al., 2007] of
which the computation of the gas transfer velocity is
adapted from Wanninkhof [1992]. JbDIC is the source-sink
term of DIC due to the biological production and reminer-
alization of carbon,

JbDIC ¼ JbCorg
þ JbCaCO3

: ð12Þ

2.3. Implicit Equilibrium Solver

[18] The model’s governing equations can be expressed
symbolically as follows

d

dt

PO4½ �
DOP½ �

� 	
¼ G1

PO4½ �
DOP½ �

� 	
;m

� �
; ð13Þ

d

dt
TA½ � ¼ G2 TA½ �;m; PO4½ �

DOP½ �

� 	� �
; ð14Þ

d

dt
DIC½ � ¼ G3 DIC½ �;m; TA½ �; PO4½ �

DOP½ �

� 	� �
: ð15Þ

where m = [d, a, k, s, R, rC:P, rN:P] is the set of model
parameters. Equation (13) governs the phosphorous cycle.
Equation (14) governs the total alkalinity cycle and
equation (15) governs the carbon cycle. Note that [PO4]
and [DOP], the dependent state variables in (13), appear
only parametrically in G2 and G3 and that [TA], the
dependent state variable in (14), appears only parametrically
in G3. Consequently, equations (13), (14), and (15) can be
solved sequentially without having to solve the fully
coupled system simultaneously.
[19] Our method of obtaining steady state solutions

is thus to set the time derivatives in equations (13), (14),
and (15) to zero and use Newton’s method [e.g., Kelly,
2003] to solve

G1
PO4½ �
DOP½ �

� 	
;m

� �
¼ 0; ð16Þ
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for [PO4] and [DOP], and then to solve

G2 TA½ �;m; PO4½ �
DOP½ �

� 	� �
¼ 0; ð17Þ

for [TA], and finally to solve

G3 DIC½ �;m; TA½ �; PO4½ �
DOP½ �

� 	� �
¼ 0; ð18Þ

for [DIC].
[20] The Newton’s solver consists of iterating

X  X � @G

@X

� ��1
G Xð Þ ð19Þ

until maxjG(X)j < tol where tol is chosen to be as small as
possible given the finite machine precision. Newton’s
method requires that the Jacobian matrix, (@G/@X), be
inverted at every iteration. For this we use a factor-and-
solve approach as implemented in the MUMPS sparse
matrix solver [Amestoy et al., 2001]. The factored matrix is
then available for the sensitivity analysis (see section 3.1).
For our model, steady solutions to the full model can be
obtained in approximately 1 h on a single processor
workstation. Obtaining the same solution using a time
stepping approach would take on the order of a week.

2.4. Equilibrium Solutions Based on OCMIP-2
Reference Parameters

[21] In this section, we present the equilibrium solutions
of TA and DIC obtained using the OCMIP-2 reference
parameters and compare with the observed fields. The
reference parameters used for the OCMIP-2 simulation are
listed in Table 2. Figure 1 shows depth-averaged concen-
trations of TA in the left column and DIC in the right
column with the simulated fields in the top row and
observed fields in the middle. Figures 2 and 3 show
respectively the zonal averages of [TA] and [DIC]. The
bottom rows in Figures 1 to 3 show the equilibrium
solutions based on our optimized parameter set. A discus-
sion of the optimized solutions is deferred until section 4.5.
[22] There is a clear contrast in both [DIC] and [TA]

between the Atlantic and Pacific that is well captured by the

model (Figure 1). The model however has a pronounced
maximum in the equatorial Pacific that is absent in the
observations. The PO4 field, not shown here, but plotted in
KP06 shows a similar pattern. In the study of KP06,
optimizing the parameters that control the production and
consumption of DOP reduced the excess [PO4] in the
equatorial Pacific Ocean by approximately 70%. The
remaining discrepancy suggests that the errors in the trans-
port model are responsible for at least part of the excess
[PO4] in the eastern equatorial Pacific in accord with
previous studies by Aumont et al. [1999] and Matear and
Holloway [1995]. The same errors in the circulation and in
the parameters that control DOP production are likely to be
also responsible for part of the deficiencies in the simulated
TA and DIC fields. Our results presented in section 4.5
show that this is indeed the case.
[23] The zonally averaged TA distribution is presented in

Figure 2 for the Atlantic, Indian, and Pacific oceans. Our
model captures the gross features of the observed TA
distribution with depleted [TA] near the surface and a
gradual increase in [TA] with depth. As in the observations,
the highest [TA] values are located at depth in the northern
parts of the Indian and Pacific oceans. The model also
captures the elevated [TA] in the subtropical surface waters
of each basin. In particular, the higher [TA] in the surface
subtropical Atlantic caused by excess evaporation over
precipitation is well captured by the model.
[24] Our simulation with the OCMIP-2 parameters over-

estimates the basin-to-basin contrast of the TA concentra-
tion. [TA] is underestimated in the upper North Atlantic
waters and overestimated in the deep North Pacific. Another
discrepancy can be seen in the deep Atlantic Ocean.
Simulated [TA] is higher than observed by approximately
30 meq/kg below 3000 m. As mentioned in KP06 for the
case of PO4, the discrepancy in the deep Atlantic ocean is
likely due to the shortcomings of the transport model
because Antarctic Bottom Water (AABW) intrudes too far
north, pushing the North Atlantic Deep Water (NADW) to a
depth that is shallower than observed. Because the AABW
has higher levels of preformed TA than does NADW, the
transport error results in elevated [TA] near the bottom of
the Atlantic Ocean, where the contribution of AABW is
higher than that of NADW. In addition, the downward
CaCO3 fluxes and dissolution at depth further increase
[TA] along the pathway of bottom water as it reaches farther
northward than in the real ocean.
[25] The overall patterns of zonally averaged [DIC] are

well reproduced by the model (Figure 3). In both the

Table 2. Reference (OCMIP-2) and Optimized (OPT) Parameter Values

Parameter rC:P rN:P s 1/k (years) a R d (m)

OCMIP-2a 117 16 0.67 0.5 �0.9 0.07 3500
OPT 137 24 0.74 1.7 �0.97 0.081 2100
1% Rangeb 126–149 13–36 0.69–0.78 1.2–2.3 �1.04–�0.90 0.072–0.089 1800–2400
OPT(rN:P = 16)c 142 16 0.73 1.8 �0.96 0.073 2100

aOCMIP-2 reference parameter values as given by Najjar et al. [2007].
bThe ranges indicate the parameter sensitivities and are computed on the basis of an average 1% decrease in the fraction of the spatial

variance in the tracer data captured by the model while the other parameters are held constant at their optimal values.
cOptimized parameter values when rN:P is held constant at its reference value rN:P = 16.
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