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Abstract

Automatic differentiation (AD) is used to perform a multiple parameter sensitiv-
ity analysis for the Los Alamos sea-ice model CICE. Numerical experiments are
run by six-hourly, 1997 forcing data with a two-hour time step, and the AD-based
sensitivity scheme is validated by comparison with derivatives calculated using the
conventional finite-difference approach. Twenty-two thermodynamic and dynamic
parameters are selected for simultaneous analysis. Of these, the most important
for controlling the simulated average sea-ice thickness is ice density; albedos and
emissivity predominate in summer, while ice thickness is most sensitive to the ice
conductivity in winter. The ice-ocean drag parameter and maximum ice salinity
significantly affect the simulation year-round. Gradient information computed by
the AD-based sea-ice code is then used in an experiment designed to assess the
efficacy of this technique for tuning the parameters against observational data. Pre-
liminary results, obtained with a bound-constrained minimization method and with
simulated observational data, show that satisfactory convergence is obtained.

Key words: sea-ice model, automatic differentiation, parameter sensitivity, ice
thickness, thermodynamics, dynamics, Arctic, Antarctic, Weddell Sea

1 Introduction

Seasonal sea-ice changes in the polar regionsplay an important role in the
global climate system. Seaice in the Arct ic and Antarct ic acts as a power-
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ful insulating boundary layer, reducing the atmosphere-oceanheat exchange
and reßecting incoming solar radiation. In greenhouse gas response experi-
ments, researchers have observed enhancedwarming caused by the thinning
and completedisappearance of sea ice (Holland and Bitz, 2003).

Various thermodynamic and dynamic models have beendeveloped to under-
stand the physical mechanisms of sea ice and their role in global climate.
Modelsprovide useful information about sea-icevariablessuch asicethickness,
concentration, and horizontal velocity. Vertical ice growth rates are computed
basedon a thermodynamic energy balance that dependson ice temperature
and on atmosphere and ocean forcing. The ice velocity is computed by inte-
grating a two-dimensional momentum balanceequation and then is used to
determine ice transport and ridging.

These models include a number of thermodynamic and dynamic parameters
that introduce substantial uncertainty. Rothrock et al. (2003) compiled pub-
lishedicethicknesspredictionsfrom eight di! erent modelsfor the period 1987Ð
1997 and found large discrepanciesamongthe results. To assessthe possible
impact of model parameterson simulation result s, researchershave conducted
a broad range of parametric sensiti vit y studies. Early sensitivity studies in-
clude the works of Maykut and Untersteiner (1971) and Semtner (1976) using
one-dimensional, thermodynamic sea-icemodels.Other researchershave cou-
pled sea-icedynamics with a thermodynamic model and carried out sensit iv-
it y analyses(Parkinson and Washington, 1979; Holland et al., 1993; Chapman
et al., 1994; Harder and Fischer, 1999; Kreyscher et al., 2000; Miller et al.,
2005). Paramet izations range widely, covering numerical algorithms, physi-
cal sea-iceprocesses,and various implementations for surface forcing by the
atmosphereand ocean. SpeciÞcparameters usually include atmosphereand
oceandrag coe"cien ts, an ice strength proportionality constant, and albedos,
because these are believed to be the most inßuential for sea ice. Somestud-
ies incorporate a dozenor more parametersin various combinations (Holland
et al., 1993; Chapman et al., 1994), requiring numerous simulations.

In recent work, Miller et al. (2005) optimized three sea-ice model parameters
over the Arctic basin using CICE, the Los Alamos sea-icemodel usedhere.
They chose the atmosphericdrag coe"c ient , the ice strength proportionalit y
constant, and the cold, bare ice albedo. To obtain a unique triplet of opti-
mized parameter values, they neededthree sets of basin wide observations:
Arctic ice extent, thickness, and velocity. They found that the resulting op-
timal values were interdependentÑthe optimal albedo depended on the ice
strength constant, and so on. This study and the many earlier oneshighlight
two important points: the parametersneedto be varied simultaneously to ob-
tain optimal values, and identifying which parametersare most important for
the simulation is not triv ial.
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In thesepreviousexperiments, sensitiv it y of a model variable such as thickness
or velocity was not computed explicitly as a derivative of the variable with
respect to the parameter, but rather was asessed by net change in the model
solution. Sensit ivities can be calculated by the Þnite di! erence(FD) method,
which obtains derivativ es by dividing the response perturbat ion by the input
parameter variation, but tr uncation errors in this procedurecan lead to er-
roneous derivativ es.Furthermore, FD can be computat ionally costly because
of the necessit y of repeated runs. In this paper, we present an automatic
di!erentiation (AD) technique as an alternativ e, which computes analytical
derivatives within the sea-icecode. The AD code enables us to determine
the sensitivit ies of the CICE model output variables to any given indepen-
dent input parameters,simultaneously. Basedon the AD-generatedsensit iv-
it y data, we then develop a parameter-tuning schemeto maximize agreement
betweenobserved data and the simulation results. This study is intended to
help climate modelers objectively identify important modeling parametersfor
designingoptimized versions of sea-ice models.

Following a brief discussion of the model (Section 2) and the implementation
scheme (Section 3), we discuss the numerical experiments used to evaluate
the sensitivities (Section 4) and present the inverse modeling experiment. We
concludewit h a brief description of futur e work (Sect ion 5).

2 Model Description

The major components of CICE are the thermodynamics,dynamics, and hori-
zontal transport routines, which describe the physical state and motion of Þve
ice thicknesscategories (each with four ice layers and one snow layer). The
governing equations for each modeling component are solved on a generalized
orthogonal grid by using an explicit t ime-step procedure. We summarizethe
main elements of the formulation here, identifying the parametersused in the
numericalsensitivity experiments. A complete description of the sea-ice model
used in this study, CICE version 3.1, can be found in Hunke and Lipscomb
(2004).

2.1 Thermodynamic Parameters

In the thermodynamic portion of the model, an energy balanceof radiative,
turbulent , and conductive heat ßuxesin each grid cell determinesthe temper-
ature proÞleand thicknesschanges of ice and snow. The net energy ßux from
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the atmosphere to the ice (with all ßuxesdeÞnedas positive downward) is

F◦ = Fs + Fl + εFL↓ + FL↑ + (1− α)(1 − i◦)Fsw, (1)

whereFs is the sensibleheat ßux, Fl is the latent heat ßux, FL↓ is the incoming
longwaveßux, FL↑ is the outgoing longwaveßux, Fsw is the incomingshortwave
ßux, α is the shortwave albedo, and i◦ is the fraction of absorbed shortwave
ßux that penetrates into the ice.

Fs, Fl, and FL↑ are funct ions of the ice surface temperature Tsf ; Equation (1)
is inverted to obtain Tsf . For instance,outgoing longwave radiation takesthe
standard blackbody form, FL↑ = −εσ (Tsf )4, where ε = 0.95 (Briegleb, 1992)
is the emissivity of snow or ice, σ is the Stefan-Boltzmann constant , and Tsf

is the surface temperature in Kelvin. The sensible and latent heat ßuxesare
computedby using standard bulk formulas wit h a turbulence-basedformula-
tion for their exchangecoe"cien ts that dependson wind speedand stabilit y of
the atmosphericboundary layer. The minimum wind speedparameter, umin,
maintains Þnite sensibleand latent heat ßuxeswhen the wind is calm.

Total shortwave radiation impinging on the ice, Fsw, is divided threeways: a
portion that is reßected,−αFsw; a portion that penetrates into the interior
of the ice, i◦(1 − α)Fsw; and the remainder that is absorbed at the ice or
snow surface.The net absorbed ßux, (1 − α)Fsw, is actually a summation
over two di!erent radiativ e quantit ies (visible and near-infrared) for incoming
shortwave wit h two corresponding albedos for each surfacetype (snow and
ice). For Tsf < −1◦C 1 and ice thicknesshi > hm = 0.5 m, the standard bare
ice albedo is αiv = 0.78 for visible wavelengths (< 700nm) and αin = 0.36 for
near-infrared (IR) wavelengths(> 700nm). As hi decreasesfrom 0.5 m to zero,
the ice albedo declines nonlinearly to the oceanalbedo, 0.06. The ice albedo
in both spectral bandsdecreases by 0.075 as Tsf risesfrom −1◦C to 0◦C. The
albedo of cold snow (Tsf < −1◦C) is αsv = 0.98 for visible wavelengthsand
αsn = 0.70 for near-IR wavelengths. The visible snow albedo decreasesby 0.10
and the near-IR albedo by 0.15 as Tsf increasesfrom −1◦C to 0◦C. Thus the
albedo dependson the temperature and thicknessof ice and snow as well as
on the spectral distribution of the incoming solar radiation.

The ßux of nonreßected shortwave radiation penetrating into the ice is I◦ =
i◦(1− α)Fsw, where i◦ = ic (1− fsnow) and ic = 0.70 for visible radiation and
0 for near-IR radiation. The snow area fraction fsnow depends on the snow
depth, ranging from zerowherethere is no snow to near 1 for very deepsnow.
Radiation penetrating into the ice is att enuated accordingto BeerÕslaw:

I(z) = I◦ exp(−κiz), (2)

1 This value is −5◦C in CICE version 3.0.1 used by Miller et al. (2005).
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whereI(z) is the shortwaveßux that reachesdepth z beneath the surfacewit h-
out being absorbed and κi is the bulk extinct ion coe"cien t for solar radiation
in ice, set to 1.4 m−1 for visible wavelengths (Ebert et al., 1995). A fraction
exp(−κihi) of the penetrating solar radiation passesall the way through the
ice to the ocean.

The rate of temperature change in the ice interior is given by Maykut and
Untersteiner (1971):

ρici
∂Ti

∂t
=

∂

∂z

(

ki
∂Ti

∂z

)

− ∂I

∂z
, (3)

whereρi = 917kg/ m3 is the sea-icedensity (assumedto be uniform), ci is the
speciÞc heat of seaice, ki is the thermal conduct ivit y of seaice, and z is the
vertical coordinate, deÞnedto be positive downward with z = 0 at the top
surface.

Following Untersteiner (1964), the thermal conductivit y is given by

ki(T, S) = k◦ +
βS

T
, (4)

wherek◦ = 2.03 W/m/deg is the conductivit y of freshice,β = 0.13 W/ m/psu
is an empirical constant, S is the ice salinity, and the temperature T is in ◦C
in this formula. The speciÞc heat of sea ice alsodepends on both T and S.

The corresponding equation for the temperature change in snow is

ρscs
∂Ts

∂t
=

∂

∂z

(

ks
∂Ts

∂z

)

, (5)

whereρs = 330kg/m 3 is the snow density (assumed uniform), cs is the speciÞc
heat of snow, and ks = 0.30 W/m/ deg is the thermal conduct ivit y of snow.
Penetrating solar radiation is neglectedin (5) becausemost of the incoming
sunlight is absorbed near the top surfacewhen snow is present.

The salinit y proÞlevaries from S = 0 at the top surface(z = 0) to S = Smax

at the bottom surface (z = 1) and is similar to that used by Maykut and
Untersteiner (1971).

An equation similar to (1) appliesat the bottom of the ice.The net downward
heat ßux from the ice to the oceanis given by Maykut and McPhee(1995):

Fbot = −ρwcwchu∗(Tw − Tf ), (6)
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whereρw is the density of seawater, cw is the speciÞc heat of seawater, ch =
0.006 is a heat transfer coe"c ient , Tw is the sea surfacetemperature, Tf is
the salinit y-dependent freezing temperature, and u∗ =

√
|(τw| /ρw is the fric-

tion velocity used under melting conditions. Under freezing conditions, Fbot

represents a potential to freezeice, wit h chu∗ replacedby hmix/# t. Here,hmix

is the mixed layer depth, and # t is the model time step.

Ablat ion or accretion at the bottom of the ice is given by

∂h

∂t
=

Fcond − Fbot

q
, (7)

where

q = −ρi

[
c◦ (Tm − T ) + L◦

(
1− Tm

T

)
− cwTm

]
< 0, (8)

c◦ is the speciÞcheat of fresh ice, L◦ is the latent heat of fusion of fresh ice,
and Tm is the salinit y-dependent melting temperature. A similar relation holds
for melting at the top of the ice or snow.

2.2 Dynamics and Ridging Parameters

Ice motion and deformation are determinedby balancing Þve major stresses:
wind stressfrom the atmosphere, water stressfrom the interaction between
ice and ocean, Coriolis force, the stress from the tilt of the ocean surface,
and the internal ice stress.A momentum balance equation is solved to obtain
the ice velocity in each grid cell, using the elastic-viscous-plastic (EVP) rhe-
ology (Hunke and Dukowicz, 2002) to relate the internal ice stressand the
rates of strain. The ice strength (or pressure,P ) is determinedby an energy-
basedridging scheme(Rothrock, 1975; Hibler, 1980) and used in the EVP ice
dynamics component to compute the internal ice stress.

The surfacelayer currents, (Uw, are usedto determine the stressbetween the
oceanand the ice. This stresstakesthe form

(τw = cwρw

∣∣∣(Uw − (u
∣∣∣
(
(Uw − (u

)
. (9)

In the sensitivity experiments below, cwρw is treated as a single parameter,
Dw.

The elastic modulus is deÞnedin terms of a damping t imescaleT for elastic
wavessuch that T = E◦# t; E◦ is a tunable parameter lessthan one.
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Along with the velocity Þeld,we compute the strain rates, or deformation, of
the ice. Ice divergenceand convergencecause the ice to ridge (weuseÒridgingÓ
asshorthand for all forms of mechanical redistribution). Thin ice is converted
to thick, ridged ice in a way that reducesthe total iceareawhile conserving ice
volume and internal energy. A weightin g function b(h) favors ridging of thin
ice and closing of open water in preference to ridging of thicker ice. Following
Thorndike et al. (1975), we set

b(h) =






2
G∗ (1− G(h)

G∗ ) if G(h) < G∗

0 otherwise,
(10)

where G(h) is the fractional area covered by ice thinner than h and where
G∗ is an empirical constant. If the open water fraction is greater than G∗, no
ice can ridge because ridging simply reducesthe area of open water. As in
Thorndike et al. (1975) we set G∗ = 0.15.

Following Hibler (1980), ridging ice of thicknessh forms ridgeswhosearea is
distributed uniformly betweenHmin = 2h and Hmax = 2

√
H∗h. The default

valueof H∗ in CICE is 25 m, although it is taken to be 100m in other models
(Flato and Hibler, 1995; Bitz et al., 2001; Briegleb et al., 2004). This ridged
ice distribution e!ectively causes the ice strength to scale asP ∼ h3/2. Larger
valuesof G∗ allow thicker ice to participate in ridging, thereby increasingthe
ice strength.

Cs is thefraction of sheardissipation energy that contr ibutes to ridgebuilding.
Another empirical parameter, Cf , accounts for frictional energy dissipation.
Following Flato and Hibler (1995), we set Cs = 0.25 and Cf = 17. Finally,
whenice ridges, a fraction of thesnow is thrown into the ocean, while the rest,
Fsrdg, remainson top of the ridged ice.

2.3 UnavailableParameters

Most previous parameter sensit ivit y analysesfor sea-ice modelshave included
an air- icedrag coe"c ient and an icestrength proportionality constant (univer-
sally notat ed P ∗ following Hibler (1979)), including the study by Miller et al.
(2005) using an older versionof CICE. Theseparametersare not used in the
current versionof CICE. We use the energetics-based ice strength formulation
described above, which closely corresponds with our ridging scheme, rather
than the simpler, empirical ice strength parameterization of Hibler (1979).

Likewise,rather than specifying a constant air-ice drag coe"cien t, CICE com-
putes a variable drag coe"cien t whosevalue dependson the stabilit y of the
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Table 1
Model parameters chosen for sensitivity testing via automatic differentiation, listed
in the order in which they appear in the text.
Parameter Description Value

Thermodynamic Parameters
ε emissivity of snow and ice 0.95

umin minimum wind speed for turbulent fluxes 1 m/s
αiv visible ice albedo 0.78
αin near-IR ice albedo 0.36
αsv visible cold snow albedo 0.98
αsn near-IR snow albedo 0.70
ic penetrating fraction of visible solar radiation 0.7
κi visible extinction coefficient in ice 1.4 m−1

ρi ice density 917 kg/m3

β T , S proportionality constant in conductivity 0.13 W/m/psu
k◦ thermal conductivity of fresh ice 2.03 W/m/deg
ρs snow density 330 kg/m3

ks thermal conductivity of snow 0.30 W/m/deg
Smax maximum salinity, at ice base 3.2 psu
hmix ocean mixed-layer depth 20 m

Dynamic Parameters
Dw drag parameter for water on ice 0.00536 * 1026 kg/m3

E◦ ratio of damping time scale to time step 0.36
G∗ fractional area participating in ridging 0.15
H∗ determines mean thickness of ridged ice 25 m
Cs fraction of shear energy contributing to ridging 0.25
Cf ratio of ridging work to PE change in ridging 17.

Fsrdg snow fraction that survives in ridging 0.5

atmosphere.St¬ossel (1992) found that including the stabilit y dependenceim-
provedhis results. Analogous, parallel formulations are usedto determinetur-
bulent exchange coe"cien ts for latent and sensibleheat ßuxes simultaneously
with the air-ice drag coe"c ient. There are nearly 20 parametersin the atmo-
sphericboundary layer description alone, although many are well constrained
by observations. We include only one parameter (umin) from this parameter-
ization in the sensitivity analysis discussed below. Our chosen parameters,
listed in Table 1, pertain primarily to the ice physicsand associated numeri-
cal formulations rather than to the forcing; however, such a line is not easily
drawn.
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3 AD-based Implementation Scheme

Automatic di!erent iation is an alternative to the conventional FD method
for model sensitivity analysis. AD relies on the fact that the derivativ esof a
function, no matter how complicated, can becomputed by repeatedly applying
the chain rule of derivative calculus to the sequent ial elementary operations
of a coded funct ion. For example, if a function f is computed through the
elementary funct ional operations y(x) and z(x), the chain rule can be applied
to compute the partia l derivativeof f with respect to the independent variable
x as follows:

∂f (y, z)
∂x

=
∂f

∂y

∂y

∂x
+

∂f

∂z

∂z

∂x
, (11)

By applying the chain rule repeatedly, we can compute analytical derivatives
of any computational function, because the computer code represent ing the
function is the composite of elementary operations. Note that AD allows aug-
menting any computer program writt en in Fortran, C, or C++ for derivative
computations (Bischof et al., 1996).

Various implementation techniques for AD processing have been developed.
Juedes(1991) provides an extensive survey of available AD tools. The two
basic implementat ion approaches are referred to as the forward and reverse
modes.In the forward mode, derivativesof intermediate funct ional valuesare
computedwith respect to the input primary parameters. It is known from the
linearity of di!e rentiat ion that the computational e! ort required in this mode
is approximately dependent on the number of input parametersmultiplied by
the runtime and memory of the original program.

In the reverse mode,AD propagates derivatives of the Þnal result with respect
to intermediatequant ities known as adjoints. The program ßow is reversedin
order to be able to keep all of the adjoints that a! ect the Þnal result. Because
intermediate values must be stored or recomputed, however it is di"cult to
estimatethe storagerequirement using the reversemode. Recent AD research
has therefore centered on hybrid modes, which combine the best features of
the forward and reversemodes.

In this study, we use the ADIF OR tool (Bischof et al., 1996) developed by
Argonne National Laboratory and Rice University, which employs a hybrid
forward/r eversemodeapproach to generatederivativ es.Givena function com-
putation in Fortran and a contr ol descriptionof which variables correspond to
independent and dependent parameters, ADIF OR producesportable Fortran
code that computes the partia l derivatives of the dependent variables with
respect to the independent variables.
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The ADIFOR product code can be linked with a minimization algorithm for
determining the optimal sea-icemodel parameters,thus providing accurately
tuned parametersbased on observational data. In this study, a quasi-Newton
method was tested for its abilit y to optimize model parameters.This method,
the limited-memory Broyden-Fletcher-Goldfarb-Shannoalgorithm (L-BFGS-
B), is describedby Zhu et al. (1994). To avoid numerically unstablesimulation
results, we initially constr ain each parameter to an acceptable range. The
object ive funct ion (or cost function) and its gradient information required
by the L-BFGS-B algorithm are provided by the ADIF OR-processedCICE
code.Wetest the convergenceof this formulation usingsimulated ice thickness
data, in preparation for tuning the parameterswith thicknessdata basedon
observations.

Automatic di!e rentiat ion techniques have been used to analyze parameter
sensit ivities in atmosphereand ocean models (Park and Droegemeier, 1999;
Slawig and Zickfeld, 2004; Kioutsioukis et al., 2005; Sandu et al., 2005). In the
following section,we present the results of our sensitivity analysis and proof
of concept for our parameter-tuning implementation. To our knowledge, this
is the Þrst simultaneousparameter sensit ivit y analysis performedon a sea-ice
model using automatic di! erentiatio n.

4 Numerical Results

4.1 Experiment Design

The CICE modelexperiments discussedbelow are performed on a coarseglobal
grid (3◦) that includesboth polar regions. Atmosphericforcing Þeldsfor 1997
are interpolated to the two-hour time step.This data includes six-hourly, 10m
data for air temperature, air density, speciÞc humidit y, and wind velocity
from the National Centers for Environmental Prediction (NCEP) reanalyses
(Kalnay et al., 1996), International Satellite Cloud Climatology Project (IS-
CCP) (Rossow and Schi!e r, 1991) monthly downward shortwaveradiation ßux
and cloud fraction, and monthly precipitation Þelds(MSU) (Spencer, 1993).
The model is init ialized with a 35-year spin-up using the 1997 forcing data.
The resulting ice thickness,concentration, and velocity Þeldson January 1
are used as the initial state for the experiments described in the following
subsections.
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Fig. 1. Comparison of AD and FD derivates for different FD step sizes (∆αiv).

4.2 Validation

The AD-augmented CICE codewasvalidated by comparing the AD-computed
derivatives wit h the Þnite di!erence results, di!erentiating the ice thickness
in centr al Arct ic with respect to the visible ice albedo αiv after one week.
Di!erences between the AD and FD derivativesare summarizedin Fig. 1 for
various step sizes used to compute the FD derivativ es. Numerical errors in
the FD derivativ es,particularly for small step sizes,are associated with trun-
cation of the Taylor expansionand cancellation in subtraction of very small
ßoating-point numbers. Truncation in the AD derivative calculation is elimi-
nated because all the partial derivativ esof elementary functional operations
can be computed analytically. Good agreement between the AD and FD re-
sults over a large range of step sizesindicates that the AD approach using
ADIF OR is working correctly for the CICE model code.

4.3 AD Sensitivity Experiment

The sensitivity experiment is carried out wit h respect to a primary dependent
variable, average ice thickness(or more precisely, ice volume per unit area),
at three locations: the centr al Arctic (90 N), Fram Strait (79 N, 6 W), and
Weddell Sea (70 S, 40 W). Based on the dynamic and thermodynamic ice
model described in Section 2, 22 parameterswereidentiÞed for test ing. Table 1
lists theseindependent variables with the standard valuesusedin CICE.

The result s of the AD sensitivity experiment are summarizedin Figs. 2Ð4 and
Table 2. Derivativ es (or Òsensitivit iesÓ) of the average ice thicknessat three
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Fig. 2. Time series of ice thickness (right axis, m) and nondimensionalized ice density
sensitivity (left axis).

di!erent locations, with respect to each of the test parameters,werecalculated
by using the AD-processedcode and then were nondimensionalized by using
the average thickness for the analysis time period (Fig. 2) and the standard
parameter values. That is, Table 2 and Figs. 2Ð4give

p
øh

∂h

∂p

for parameters p. Table 2 lists 12-month sums of sensitivity magnitudes for
each of the 22 parameters,with larger values indicating greater sensitivity.
Figure 2 illustrat esthe seasonal variabilit y of the parameter sensitivity with
the greatest values, the ice density ρi, and Figs. 3Ð4 show time seriesfor the
remainingparameterswhose sum over all months and all three grid points are
greatest. Each individual value represents an average over the Þrst week of the
month. The sumsin Table 2 are of the magnitudes of the derivativ esand thus
are proportional to the tot al areaunder the t imeseriescurvesin Figs. 2Ð4.

Ice densit y dominatesthe sensitiv it y analysis, but this sensitivity is largely an
artifact of the way density is treated in the code. The model state variables
are area A, volume V , and internal energy e, with thicknessh and enthalpy
q diagnosedas V/A and e/V , respectively. Temperature T is diagnosed from
q by using (8). Thus, an initial increasein ρi for a given q is associated with
a smaller value of the speciÞcheat of melt ing (t he bracketed term on the
right-nad side of Eq. 8) and a higher temperature. This unphysical warming
reduceswinter icegrowth and, to a lesserextent, increasessummermelting. It
is necessary to run the model for several years with a modiÞed ρi to determine
the true sensitivity of the thickness to ice density. Such an experiment is
discussedin the next section.

The other parametersproducemore intuitiv e results (Figs. 3Ð4). For instance,
in the summer months (JulyÐSeptember in the centr al Arctic, DecemberÐ
February in the WeddellSea, June in Fram Strait beforethe grid cell becomes
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Fig. 3. Time series of nondimensionalized AD derivatives, for the 11 most important
thermodynamic parameters from Table 2. Parameters are listed in decreasing order
of importance (averaged over all months and the 3 grid points) in the legend; αin

and αsn sensitivities are slightly less than those for αiv and αsv, respectively, but
are not different enough to warrant plotting separately. Time series of the remaining
thermodynamic parameters are not distinguishable from zero here. The grid cell in
Fram Strait is essentially ice-free July–October; because zero thicknesses cause the
nondimensionalized sensitivity values to be infinite, we have set them to zero.

ice-free), radiativ e parameters play the greatest role in determining the ice
volume. Emissivity ε is the most important radiative parameter overall, re-
ßecting the importance of net longwave, Fnet = ε

(
FL↓ − σT 4

sf

)
, in the surface

ßux balance of Eq. 1. Increasing ε increasesthe negative magnitude of Fnet

(positive downward), thus cooling and thickening the ice.
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Fig. 4. As in Fig. 3, for the 4 most important dynamics parameters from Table 2.

Albedosvie for importancebasedon the strength of solar radiation. Visible
and near-IR snow albedos (αsv and αsn) are prominent in spring in the central
Arctic, when the ice is still snow-covered,but by later in the summerthe ice
albedosαin and αiv predominate. The fraction of visible solar radiation that
penetrates into the ice also inßuencesthe ice volume during central Arct ic
summer months. Snow albedosprevail over ice albedosin the Weddell Sea,
reßectingthe fact that ice in the region remainssnow-coveredthroughout the
summer. Ice thicknessin the Weddell Seais also less sensitive to emissivity
than is Northern Hemisphereseaice.

The most inßuential parameters in winter are snow and ice conductivit ies and
Smax, the maximum salinit y, which also a!ects the ice conductivity (Eq. 4)
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Table 2
Magnitudes of AD sensitivities, summed over the 12 months for each test point.
The “Total” column gives the sum over 12 months and all three points; time series
of the parameters with largest total values are shown in Fig. 3–4.

Parameter Central Arctic Fram Strait Weddell Sea Total
Thermodynamic Parameters

ε 1.2886E-01 1.8745E-01 4.5160E-02 3.6147E-01
umin 4.7376E-04 3.1519E-04 5.0220E-04 1.2911E-03
αiv 4.6819E-02 9.5705E-03 6.4883E-03 6.2878E-02
αin 4.2833E-02 3.2537E-03 3.1728E-03 4.9259E-02
αsv 1.5922E-02 1.2030E-02 4.3442E-02 7.1394E-02
αsn 9.7470E-03 4.0040E-03 2.9042E-02 4.2793E-02
ic 2.1975E-02 1.9268E-03 2.1338E-03 2.6035E-02
κi 4.1383E-03 5.4852E-04 1.9862E-04 4.8854E-03
ρi 1.8593E+00 2.0759E+00 1.8791E+00 5.8144E+00
β 6.0095E-03 8.0442E-03 4.9687E-03 1.9022E-02
k◦ 9.6795E-02 1.3585E-01 8.0720E-02 3.1337E-01
ρs 3.3574E-02 6.6670E-02 6.3792E-02 1.6404E-01
ks 1.8908E-02 6.4876E-02 5.8382E-03 8.9622E-02

Smax 9.3055E-02 1.1834E-01 7.3554E-02 2.8495E-01
hmix 1.8141E-03 3.0620E-02 1.7654E-03 3.4199E-02

Dynamic Parameters
Dw 8.5642E-02 1.5489E-01 8.6769E-02 3.2730E-01
E◦ 4.3678E-04 4.2895E-04 2.9319E-04 1.1589E-03
G∗ 2.3963E-02 1.6827E-02 3.6584E-02 7.7375E-02
H∗ 1.3703E-02 6.5809E-03 3.2946E-02 5.3230E-02
Cs 1.3379E-03 2.0138E-03 8.0453E-04 4.1561E-03
Cf 2.4109E-02 1.2392E-02 5.7342E-02 9.3843E-02

Fsrdg 4.9359E-04 1.3721E-03 1.0408E-03 2.9065E-03

and melting or freezing at the ice-oceaninterface. When the conductivit y is
larger,heat is more readily t ransferredupward throughthe ice,allowing faster
growth at the bottom surface.Smax plays a prominent role year-round, in all
three regions, with a moderate sensit ivit y of 0.01.

Four of the dynamicsparametersare listed among the 15 most inßuential pa-
rameters; except for the ocean drag parameter, all have sensit ivities of 0.01
or less.The drag coe"cien t is another parameter that is important all year,
with sensit ivit y magnitudes among the highestof this 22-parameter set (it is
third most inßuential, following ρi and ε). This result corroboratesthe param-
eter select ions of numerous previous sensitivity studies. Our only parameter
related to the atmosphere-icedrag coe"cien t, umin, placesvery low. Likewise,
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the least important dynamics parametersare the EVP parameter E◦ and two
parametersrelated to the ridging scheme,Fsrdg and Cs (Table 2).

It is heartening that many of the parameters lacking strong physical con-
straints are relatively unimportant to the modelÕsphysical solution. For in-
stance, the addition of elastic waves to the viscous-plastic rheology was in-
tended only as a numerical artiÞce for making the code more e"cien t; thus
we would not expect E◦ to signiÞcantly a!ect the solution. Among thermody-
namic parameters in this sensitivity study, the least important overall are β,
the salinity/temp erature proportionalit y constant in the formula for ice con-
ductivit y (Eq. 4), the extinction coe"cien t κi, and the minimum wind speed
usedto compute turbulent ßuxesover the ice and snow, umin.

From this analysis we seethat parametersa!ect ing the conductivity and ra-
diative absorption are of paramount importancefor simulating ice volume in
the sea-icemodel; with the exception of Dw, dynamicsand ridging parameters
are lessimportant than the thermodynamic parameters. If we were using ice
velocity as the dependent variable, however, the dynamics parameterswould
be more prominent.

4.4 SingleParameteric Sensitivities

We have alsoassessed the modelÕsrobustness to individual modeling parame-
ters. Several of thesesingle-parametric sensitiv it y results are shown in Fig. 5,
for the central Arctic. For instance, Fig. 5a and b demonstrate that increasing
(decreasing)the ice albedoor conductivit y results in thicker (thinner) ice.

Figure 5 also illustrat es how a long-term simulation may exhibit unexpected
sensit ivit y to parameters such as ice and snow density, which may not be
reßectedin the AD sensitivities. For instance,decreased ice densit y increases
the ice thicknessduring the Þrst two winters of the simulation. However, an
eventual decreaseof ice thicknessis observed as the simulation cont inuesover
Þve years, associated with increasingsummermelt that eventually dominates
ice growth in winter. A decreasein the snow density that initia lly produces
little responsein ice thickness leadsto decreased ice thicknessafter the Þrst
summer.The magnitude of the change by year 5 is comparable to the change
given by the ice density.

4.5 Parameter Tuning Proof of Concept

As described in Section 2, the sea-icemodel relies strongly on the interplay
betweendynamic and thermodynamic processes.While it is possible to obtain
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Fig. 5. Single-parameteric sensitivity results for five-year runs with standard and
perturbed parameter values. (a) near-IR ice albedo, αin, (b) fresh ice conductivity,
k◦, (c) ice density, ρi, (d) snow density, ρs.

realistic valuesof oneÞeld through compensating errors, it is di"cult to obtain
realistic valuesof all variablesat all grid points. Optimal model parameterscan
be obtained, however, given su"cien t, accurate observations. By Òsu"cientÓ
we refer to the number of degreesof freedom available in the observations;
no more parameters may be optimized than the degrees of freedom in the
observational data. Here we demonstrate that AD parameter optimization
methods can be successfully applied to the CICE code.

The parameter-tuning processcouplesthe derivativ e code generated by ADI-
FOR with a quasi-Newton minimization code. Weusedthe bound-constrained,
limited-memory BFGS method, which minimizes a nonlinear function of n
variables subject to lower and upper bounds on the variables. The derivatives
of the cost funct ion are computed by the AD-processedsea-icemodeling code
and provided to the L-BFGS-B routine.

To test the viabilit y of this approach, we Þrst applied our technique to a
simulated set of observation data: the model was run with known parameter
valuesfor k◦, ρi, and Smax for one week, and the simulation result s of average
ice thickness at the North Pole were stored as observations. We tested the
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Fig. 6. Convergence behavior of (a) the optimization algorithm and (b) each of the
parameters being tuned (parameter values are normalized). Two different step sizes
were used for the FD tests in (a).

optimization method against this simulated observational data, using initial
guessesfor the three test parameters that were 10% smaller. Figure 6 shows
the convergencebehavior of the optimization algorit hm and the convergence
progressof each parameter in the optimization test . Upon convergence, the
optimal parametervaluesarerecoveredto within threesigniÞcant digits. More-
over, Fig. 6a indicates that AD-generated gradients provide faster convergence
behavior in the tuning processthan doesthe FD approach.
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5 Discussion

For this study we choose averageice thickness,that is, the ice volume per unit
area, as the dependent variable becauseit represents the integrated evolution
of the icepack throughtime and is crit ical for climate simulations, particularly
for the fresh water balance of the climate system. Sea-iceconcentrat ion also
plays a crucial role in EarthÕsenergy budget because of the insulating and
reßective properties of ice on the oceansurface;likewise, sea-ice velocit y and
associated deformation Þeldsdirect the pack-ice evolution. Although we con-
sider only ice thicknessin this paper, parametersensitivites can be computed
for concentr ation, velocit y, or any of the modelÕsprognostic variables.

By comparing automatic di!erentiation results with the FD method for dif-
ferentiat ing ice thickness, we have veriÞed that the AD technique provides
an accurate sensitivity analysis of a multiv ariate sea-ice model, CICE. Over-
all, thermodynamic (radiativ e and conductivit y) parameters strongly a!e ct
the ice-thickness simulation, and the ice-ocean drag coe"cien t also plays an
important role.

Perhapsthe most striking result from this study is the prominent sensit ivit y
of ice thickness to emissivity ε. This parameter has not been scrutinized in
sea-ice models. For instance, Ebert and Curry (1993) test the sensitivity of
their one-dimensional sea-ice thermodynamicsmodel to longwave forcing but
do not vary the value of ε. Holland et al. (1993) consider ε in their set of
sensit ivit y runs but do not discusstheir results. Our standard value of 0.95 is
somewhatlower than that typically usedin models,0.97Ð0.99, but there is no
general agreement on the best value. Furthermore, we usethe samevalue for
both ice and snow, while di!ering values are likely warranted. Observations
made during the SHEBA program in the Arct ic show signiÞcant variabilit y
in emissivity at microwave frequencies,with valuesoften near 0.9 and below
(Haggerty and Curry, 2001).

Model limit ations likely contribute to under- or overestimates of sensit ivi-
ties. Altho ugh CICE incorporates many recent advances in sea-ice modeling
techniques,parameterizations, and algorithms, its snow model remains rather
crude, wit h just one layer of snow and none of the more complex snow pro-
cessessuch as phase changes,densiÞcation, grain growth, and melt ponds.
Parametersensit ivities in this model would probably change if the parameter-
izations werechangedsigniÞcantly; along the samelines, sensitivities in other
modelswill likely be di!erent.

Single-parameteric sensitiv it y experiments show that the model sensitivity is
compounded during longer, multiple-year simulations and that feedback pro-
cessescan change even the sign of the sensit ivit y. Thus, it is desirable to tune
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the ice model by using an optimization processthat simultaneouslyexamines
parametersin all of the model components. Miller et al. (2005) usedlarge-scale
observational data for Arctic ice thickness,concentration, and velocity to tune
just three parameters, requiring 168 model runs. In our preliminary tests of
the L-BFGS-B parameter-tuning algorithm, we Þnd that the minimization
algorit hm convergesquickly, yielding multiple model parameters that match
those used to producethe simulated observational data, in just one run.

Our method presents di"culties of other sorts, however. We have found that
spatially sparse data, such asbuoy or ship-track data, can signiÞcantly worsen
the sea-ice simulation, or even make it fail to converge. Furthermore, optimiz-
ing parametersbased on di! erent dependent variables(such as ice concentra-
tion or speed) may result in di!erent parameter values. We expect that the
data required to tune the model parameterswill needto be consistent in t ime
with the atmospheric forcing data that we apply to the model.

Miller et al. (2005) demonstrate that even wit h such di"c ult ies,parameterop-
timizat ion is possible.This study suggestswhich parametersshould be tuned.
In futur e work, we plan to further explore CICEÕsparameter spaceusing the
best available data for both hemispheres,including satellite-derived ice con-
centration and ice deformation. Furt hermore,we plan to parallelize the CICE
parameter-tuning algorithm using MPI protocols.This parallelization will al-
low usto tune the model using multidecadal and other long-term observational
data, which should yield parameterest imatessuit able for climate simulations.
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