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ABSTRACT

A new optimization strategy is proposed to identify the sensitivities of simulations of atmospheric and

oceanicmodels to uncertain parameters. The strategy is based on a nonlinear optimizationmethod that is able

to estimate the maximum values of specific parameter sensitivity measures; meanwhile, it takes into account

interactions among uncertain parameters. It is tested using the Lorenz’63 model and an intermediate com-

plexity 2.5-layer shallow-water model of the North Pacific Ocean. For the Lorenz’63 model, it is shown that

the parameter sensitivities of the model results depend on the initial conditions. For the 2.5-layer shallow-

water model used to simulate the Kuroshio large meander (KLM) south of Japan, the optimization strategy

reveals that the prediction of the KLM path is insensitive to the uncertainties in the bottom friction co-

efficient, the interfacial friction coefficient, and the lateral friction coefficient. Rather, the KLM prediction is

relatively sensitive to the uncertainties of the reduced gravity representing ocean stratification and the wind

stress coefficient.

1. Introduction

Numerical models have become an important tool for

studying and predicting atmospheric and oceanic states.

Generally, there are many uncertain parameters used to

parameterize unresolved physical processes in atmo-

spheric and oceanic models. The uncertainties of these

parameters can add significant uncertainties in the sim-

ulation of atmospheric and oceanic models (e.g.,

Murphy et al. 2004; Edwards and Marsh 2005; Brierley

et al. 2010; Levine-Moolenaar et al. 2012). Furthermore,

the effects of uncertainties in different parameters on

the model simulation and prediction are very diverse

(Chu 1999; Orrell 2003; Yin et al. 2014). Hence, it is of

importance to perform sensitivity analyses on model

parameters and then identify which parameters have

larger influences on the model results (the sensitive

parameters) compared to others (the insensitive pa-

rameters). By excluding the insensitive parameters, the

number of model parameters that need accurate esti-

mation is reduced. This offers significant benefits in the

assessment of model responses to parameter variations,

data assimilation, model tuning, and so on (e.g.,

Cacuci 2003).Corresponding author: Qiang Wang, wangqiang@qdio.ac.cn
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Various approaches have been developed to analyze

the sensitivities of model outputs to parameters. The

one-at-a-time (OAT) method is a direct and common

method (Hamby 1994; Zaehle et al. 2005; Saltelli et al.

2010). The procedure varies one of model parameters

at a time while fixing other parameters, then rerunning

the model, and monitoring the changes in the model

results studied. The parameters inducing the largest

changes are then considered to be the most sensitive.

The OAT method, however, ignores the interactions

among uncertain parameters. Another option is the

adjoint sensitivity method (Errico 1997), which has of-

ten been applied to analyze the parameter sensitivities

in atmospheric and oceanic models, for instance, by Hall

et al. (1982), Janisková and Morcrette (2005), and

Daescu and Todling (2010). However, this method is

based on linear approximations, whichmay be only valid

for sufficiently small parameter perturbations and the

development of model trajectories over a very short

period. In this situation, this approach may not consider

nonlinear interactions among model parameters.

Realizing the limitations of the above two approaches,

Chu et al. (2007), Marzban (2013), and Marzban et al.

(2014) applied the variance-based sensitivity analysis

(VSA) method to investigate the model parameter

sensitivity problem. Their results showed that the VSA

method is able to capture the interactive role among

model parameters. However, the VSA method only

samples a limited number of points in the parameter

perturbation space to examine parameter sensitivities.

In addition, for multiple parameters in complicated at-

mospheric and oceanic models, the VSA method needs

too many model simulations, which leads to computa-

tional feasibility issues.

The conditional nonlinear optimal parameter pertur-

bation (CNOP-P) method proposed by Mu et al. (2010)

can be used to assess the largest effects of model pa-

rameter uncertainties. The CNOP-P method is a con-

straint optimization method, which can find the

parameter perturbations that cause the largest un-

certainties among the model results. Based on the

CNOP-P approach, Yin et al. (2014) and Sun and Mu

(2016) explored model parameter sensitivities. How-

ever, the strategy for identifying the sensitive parame-

ters in Yin et al. (2014) depends on the defined L2

constraint norm for parameter perturbations. Yin et al.

(2014) judged the sensitivity of parameters according to

the values of relative optimal parameter perturbations:

the bigger the parameter perturbation is, the more

sensitive the model output is to the parameter. How-

ever, for another constraint norm, such as a box

constraint norm (i.e., L‘), the amplitudes of the opti-

mal perturbations for different parameters may be the

same. In this situation, it is impossible to determine

parameter sensitivities using the strategy of Yin et al.

(2014). For this reason, Sun and Mu (2016) calculated

the CNOP-P with a box constraint norm to determine

sensitive parameters. To reduce the computational

cost, they first excluded the insensitive parameters

from all the model parameters by calculating the single

parameter CNOP-P (like the OAT method). During

this process, simultaneous variations of parameters are

not considered. In addition, to determine the combi-

nation of five sensitive parameters from 10 model pa-

rameters, Sun and Mu (2016) had to perform the

nonlinear optimization calculations C5
10 5 252 times.

This reflects that the computational cost for their

method is still too high. Hence, it is necessary to

develop a complementary method of identifying the

sensitivities of model parameters.

In this study, we propose a new optimization strategy

to identify the parameter sensitivities in atmospheric

and oceanic models. The new strategy is able to consider

the nonlinear interaction role among model parameters

and at the same time is computationally cheaper. In-

terestingly, we note that amethodwith the same aimwas

described by Oakley and O’Hagan (2004), but it was

based on the Bayesian statistical analysis. In the next

section, we will describe this new optimization strategy.

Section 3 presents the test results of the new strategy

when applied to the Lorenz’63 model (Lorenz 1963)

and a 2.5-layer shallow-water ocean model used to

simulate the Kuroshio path variations south of Japan. A

summary and discussion are given in section 4.

2. The new optimization strategy

Generally, a numerical model can be formally written

as

X(t)5M
t
(P)(X

0
) , (1)

where X(t) is the state vector of model at time t, Mt(P)

denotes a nonlinear propagator with a parameter vector

P 5 (P1, P2, . . . , Pm), and X0 is the initial state vector.

This studymainly focuses on the uncertainties ofmodel

parameters. We therefore suppose that there exist no

uncertainties in the initial conditions. In this situation, the

amplitude of state perturbations in model output (simu-

lation or prediction) at final time t caused by the pertur-

bations of all parameters p 5 (p1, p2, . . . , pm) can be

denoted as
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where jj�jj indicates a chosen norm that measures the

perturbation amplitude and P 5 (P1, P2, . . . , Pm) is re-

garded as the reference parameter vector. Similarly, the

amplitude of the state perturbations induced by all the

parameter perturbations except the ith perturbation pi,

1 # i # m (i.e., setting pi 5 0), can be written as
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Then, the magnitude of the state perturbations yielded

by the parameter perturbation pi itself and its in-

teraction roles with perturbations of other parameters is

defined as

J
i
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(4)

In general, the parameter uncertainties are limited, which

means that they fall within some intervals. Therefore, the

parameter perturbations are constrained by the specific

conditions, that is, (p1, p2, . . . , pm) 2 C«. Of course, it is

impractical to assess the effect of the parameter perturba-

tionpi through takingdifferent parameter perturbations and

integrating the model repeatedly. Instead, we search for the

maximum for the function Ji over the whole feasible region

C« by solving the following constraint optimizationproblem:

J
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The above equation means that when the parameter per-

turbations take optimal values (p1,«,p2,«, . . . ,pm,«) that satisfy

the given constraint condition (p1,«, p2,«, . . . , pm,«) 2 C«,

the uncertainty in the ith parameter and its interaction

with uncertainties in the other parameters will lead to

the maximal functional Ji,« of model state perturbations

at time t. This is to say, objective function value Ji,«

measures the maximal effect of the parameter pertur-

bation pi, given the perturbations of the other parame-

ters. Hence, for each model parameter perturbation, we

can obtain the maximal effect by solving the optimiza-

tion problem (5).

The quantities in (5) can be proved to satisfy the fol-

lowing inequalities:

max
pi2C«

kM
t
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The first inequality can be satisfied by setting all the

parameter perturbations to zero except the ith param-

eter perturbation. This inequality indicates that the

maximal effect of a single parameter perturbation is less

than the objective function value Ji,«, implying that the

interaction among the model parameter uncertainties

has been considered in (5). The second inequality is

rather trivial considering (3) and (4). It means that the

maximal effect of a single parameter perturbation pi and

its interaction with the other parameter perturbations is

always less than that caused by all of the model pa-

rameter perturbations.

The above discussion considers the maximal effects of

uncertainty in a single parameter on the model outputs.

AUGUST 2017 WANG ET AL . 3295



Of course, we can also consider the situation formultiple

parameters. Taking two parameters as an example, the

objective function can be written as the following for-

mula through setting pi 5 0 and pj 5 0:
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Obviously, we can maximize Jij to explore the influence

of the combination of pi and pj. In this case, however, the

computational cost cannot be significantly reduced. In

fact, we do not need to maximize Jij because we can

easily prove the following inequality:

max
(p1, p2,..., pm)2C«

J
ij
# max

(p1,p2,..., pm)2C«

J
i
1 max

(p1, p2,...,pm)2C«

J
j
, (8)

where Ji and Jj are defined by (4). The proof of this

inequality is shown in the appendix. The inequality (8)

indicates that when considering the interactions

among parameters, the maximal joint effect of multi-

ple parameter uncertainties is less than the sum of the

maximal effect of each parameter uncertainty, which

guarantees that when judging whether the parameters

Pi and Pj are insensitive, we only need to calculate

each term on the right-hand side of (8). If the value of

each term is very small and their sum is less than a

given value (that is defined for specific experiments in

section 3), the parameters Pi and Pj can be considered

to be insensitive. For more parameters, similar in-

equalities can also be obtained. This is the funda-

mental reason why our method can reduce the

computational cost.

According to the above discussion, the optimization

strategy for identifying the sensitivities of the model

parameters can be described as follows: the optimization

problem (5) for each model parameter is first solved and

the maximum Ji,« for each parameter is obtained; then

the maxima are ranked from smallest to largest and we

assume that the rank can be denoted as J1,« # J2,« #

� � � # Jm,«; third, a criterion value denoted by Cr is de-

fined according to a concrete physical problem; fourth, if

J1,« 1 J2,« 1 � � �1 Jk,« # Cr and J1,« 1 J2,« 1 � � �1 Jk,« 1
J(k11),« . Cr, the parameters corresponding to J1,«,

J2,«, . . . , Jk,« are regarded as being insensitive [because

the maximal influence caused by the uncertainties in

these parameters is still very small; see (5) and (8)] while

the remaining parameters are relatively sensitive. For

convenience, this optimization parameter sensitivity

analysis method is abbreviated as OPSA. It is worth

stressing that Cr is important in identifying the param-

eter sensitivity in theOPSAmethod. In realistic physical

problems, Cr should be determined based on the un-

derstanding for the specific physical phenomena to be

investigated.

The key for the OPSA method is to solve the opti-

mization problem (5). The nonlinear optimization

algorithm—the spectral projected gradient (SPG) al-

gorithm (Birgin et al. 2000)—is employed to solve this

problem. To make the SPG algorithm work, the in-

formation about the constraint condition, the objective

function, and the gradient of the objective function

with respect to each model parameter perturbation

needs to be provided. The specific constraint condition

and objective function norm for each model used will

be given in section 3. In this study, for simplicity, the

gradient information is calculated using the definition

of the gradient, i.e., [Ji(p1, p2, . . . , pk 1 p0
k, . . . , pm)2

Ji(p1, p2, . . . , pm)]/p
0
k, k5 1, 2, . . . ,m, where p0

k is a small

perturbation. Of course, the gradient information can

also be obtained using other methods, such as the ad-

joint method (Errico 1997). Furthermore, when per-

forming the optimization calculation, we need to

provide initial-guess values to the SPG algorithm.

In the numerical experiments in section 3, 10 different

random initial guess values are used in each optimiza-

tion computation. In this way, we try our best to avoid

having local maximal values of the objective function

regarded as global ones. The specific details on the

optimization calculations have been shown in Wang

et al. (2012). It is worth pointing out that, to determine

the sensitivities ofm parameters in a model, the OPSA

method only needs to perform the optimization calcu-

lation m times. This computational cost is thus much

less than that in Sun and Mu (2016), in which the op-

timization calculations need to be performed m 1 Cn
m

times if one would like to determine n (1 , n , m)

sensitive parameters.

3. Experimental design and results

In this section, we will identify parameter sensitivities

using the OPSA method in section 2 for the simple

Lorenz’63 model and an intermediate-complexity shallow-

water ocean model.
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a. Lorenz’63 model

To test the OPSA method, the Lorenz’63 model

(Lorenz 1963) is considered to be a suitable tool. The

model is frequently applied to test some new principles

and methods because of its simplicity. For example, Chu

(1999) employed this model to examine the effects of the

uncertainties in the initial conditions and the model

parameters on the model results. Marzban (2013) used

this model to investigate the sensitivities of the model

outputs versus parameters using the VSA approach. Yin

et al. (2015) tested a nonlinear ensemble parameter

perturbation approach for climate prediction based on

this model. Furthermore, the Lorenz’63 model can

simulate the atmospheric chaotic characteristic, which is

qualitatively similar to that of the large-scale atmo-

sphere circulation (Palmer 1999).

As is well known, in the Lorenz’63 model there are

three state variables: the intensity of the convective

motion x, the horizontal temperature variation y, and

the vertical temperature variation z, as well as three

additional parameters: the Prandtl number s, the

Rayleigh number r, and a nondimensional wavenumber b.

The model is discretized using a fourth-order Runge–

Kutta scheme with a dimensionless time step of 0.01. In

this study, the reference parameter vector in the optimi-

zation problem (5) is set to P 5 (P1, P2. P3)5 (s, r, b)5
(10, 28, 8/3). The parameter perturbation is denoted as

p 5 (p1, p2, p3) 5 (s0, r0, b0). The objective function

norm is defined as the L2 norm; that is,

kx
t
k5 (x0t)

2 1 (y0t)
2 1 (z0t)

2 , (9)

where the vector xt 5 (x0t, y
0
t, z

0
t) represents the per-

turbations of themodel state variables at time t induced

by parameter perturbations, which can be obtained

through taking the difference between the model in-

tegration results at time t with and without parameter

perturbations. Furthermore, the constraint condition

for the parameter perturbations in (5) is defined as

follows:

C
«
5[(s0, r0, b0)jjs0j# «jsj, jr0j# «jrj, jb0j# «jbj].

(10)

This constraint means that the amplitude of each pa-

rameter perturbation is located in a box of width « times

the absolute value of the corresponding reference pa-

rameter. So far, we have completed all settings of the

optimization problem for the Lorenz’63 model. In the

following, we will discuss the model parameter sensi-

tivities by solving the optimization problem using the

SPG algorithm. Prior to that, according to the OPSA

method, the criterion value Cr for the Lorenz’63 model

should be determined.Here, it is roughly defined as 30%

of the maximal effects caused by uncertainties in all

parameters [i.e., the last term in (6)]. This definition is

simply because the maximal effects are induced by the

uncertainties of three parameters in the model. We

consider that on average each parameter uncertainty

will approximately result in about 30% of the maximal

effects. If the maximal effect caused by the uncertainty

of some parameter is less than such an average level, this

parameter is thought to be insensitive, relative to the

other parameters. Of course, this definition is very rough,

but by doing so the obtained results are consistent with

those shown by Marzban (2013) in which parameter

sensitivities were analyzed using the VSA approach (as

mentioned below). To show the robustness of the results,

different initial conditions, optimization (or prediction)

times, and constraint conditions will be considered.

At first, the initial conditions are fixed at (x0, y0, z0)5
(214, 213, 47) which is the same as in Marzban (2013).

The optimization time t is taken as 20 time steps. Dif-

ferent constraint conditions are taken. Table 1 shows

the constraint conditions and the optimization results.

The corresponding criterion values are also given in

Table 1. It is seen that for different constraint values «

TABLE 1. The optimization results for the Lorenz’63 model for different constraint conditions when the initial conditions and prediction

time are fixed at (214, 213, and 47) and 20 time steps, respectively.

Constraint

condition « Criterion value Cr

Identified model

parameter Optimal perturbation s0
«, r

0
«, b

0
«

Objective function

value J«

0.1 2.88 s 21.0, 22.8, 0.267 2.79

r 1.0, 2.8, 0.267 6.35

b 21.0, 2.8, 0.267 4.88

0.2 14.64 s 22.0, 25.6, 0.533 13.99

r 0.19, 5.6, 0.533 33.29

b 22.0, 5.6, 0.533 22.85

0.3 40.14 s 23.0, 28.4, 0.8 39.19

r 21.06, 8.4, 0.8 98.21

b 23.0, 8.4, 0.8 58.52
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the objective function values for the parameter s are

always smallest and much less than those for the other

two parameters. In addition, the objective functions for

s are less than the corresponding criterion values Cr,

while the sums of the objective functions for s and b are

greater than Cr. This implies that the model outputs are

insensitive to the variations in the parameter s. This

result is consistent with that obtained by Marzban (2013),

in which the VSA approach was used.

Next the constraint condition is fixed at «5 0.2, which

represents that the amplitude of each parameter per-

turbation does not exceed 20% of the absolute value of

the corresponding reference parameter value. The op-

timization times are taken as 20, 40, and 60 time steps.

The results in Table 2 also show that the insensitive

parameter is still the parameter s and the result is robust

for different optimization times. Furthermore, the ob-

jective function values induced by the perturbations of

the parameters r and b are close and much greater than

the criterion values, indicating that the model results are

relatively sensitive to the r and b parameters.

To examine the influences of the model state on the

parameter sensitivities under different initial conditions,

the constraint condition and the optimization time are

fixed at «5 0.2 and t5 20 time steps, respectively. Table 3

shows the optimization results with respect to different

initial conditions. It is found that the insensitive pa-

rameters vary for different initial conditions. Specifi-

cally, the objective function value for the parameter s is

the smallest for the initial conditions (214,213, and 47).

However, for the initial conditions (0, 1.0, and 0) and

(5.0, 5.0, and 5.0), the objective function values caused

by the perturbations of the parameter b are the smallest.

Simultaneously, the objective functions for b are less

than the values Cr, while the sums of the objective

functions for s and b are greater than Cr. Hence, the

sensitivities of the model parameters depend on the

initial conditions. For the initial conditions (214, 213,

and 47), the insensitive parameter is s, while the in-

sensitive parameter is b for both sets of initial conditions

[(0, 1.0, and 0) and (5.0, 5.0, and 5.0)].

The first inequality in (6) illustrates that the influences

of parameter uncertainties are larger when the in-

teractions among the parameters are taken into account.

To quantify the differences, we obtain the optimization

results of a single parameter by solving the maximiza-

tion problem defined at the first line of (6). The other

settings are the same as those when solving the optimi-

zation problem (5). Table 4 lists the results of the single-

parameter optimization for different initial conditions.

Comparing Tables 3 and 4, it is clear that the objective

function values obtained from the single-parameter

TABLE 2. The optimization results for the Lorenz’63 model for different prediction time steps (i.e., optimization time) when the initial

conditions and constraint condition are fixed at (214, 213, and 47) and « 5 0.2, respectively.

Prediction

time step

Criterion

value Cr

Identified model

parameter Optimal perturbation s0
«, r

0
«, b

0
«

Objective function

value J«

20 14.64 s 22.0, 25.6, 0.533 13.99

r 0.19, 5.6, 0.533 33.29

b 22.0, 5.6, 0.533 22.85

40 74.29 s 22.0, 5.6, 0.533 44.75

r 22.0, 5.6, 0.533 227.41

b 22.0, 5.6, 0.533 186.32

60 536.13 s 22.0, 4.85, 0.533 434.72

r 22.0, 5.6, 0.533 1759.80

b 22.0, 5.6, 0.533 1579.27

TABLE 3. The optimization results for the Lorenz’63 model for different initial conditions when the prediction time and constraint

condition are fixed at 20 time steps and « 5 0.2, respectively.

Initial conditions

Criterion

value Cr

Identified model

parameter Optimal perturbation s0
«, r

0
«, b

0
«

Objective function

value J«

214, 213, 47 14.64 s 22.0, 25.6, 0.533 13.99

r 0.19, 5.6, 0.533 33.29

b 22.0, 5.6, 0.533 22.85

0, 1.0, 0 6.74 s 2.0, 5.6, 20.533 16.81

r 2.0, 5.6, 20.533 19.98

b 2.0, 5.6, 20.533 0.02

5.0, 5.0, 5.0 95.94 s 2.0, 5.6, 20.533 110.25

r 2.0, 5.6, 20.533 304.85

b 2.0, 5.6, 20.533 20.25
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optimization are significantly less than those obtained

when considering the parameter interaction. This dem-

onstrates the importance of the interaction role between

the model parameters.

In summary, the OPSA method was applied to ex-

plore the relative sensitivities of the short-term simula-

tions of the Lorenz’63 model to different parameters

based on three different sets of initial conditions. For the

initial conditions (214, 213, and 47), the model results

are insensitive to the uncertainty in the parameter s.

Interestingly, we also find that the sensitivities of the

Lorenz’63 model parameters are dependent on the ini-

tial state. For the initial states (0, 1.0, and 0) and (5.0, 5.0,

and 5.0), the model results are almost unaffected by the

uncertainty in the parameter b. Of course, we should

note that the above results are dependent on the choice

of Cr.

b. Intermediate-complexity shallow-water ocean
model

In this section, we will further test the OPSA method

in an intermediate-complexity ocean model: a 2.5-layer

shallow-water model that is used to simulate the

Kuroshio path variations south of Japan.

Before introducing the model, we first review the

Kuroshio path variations. Previous study suggested that

the Kuroshio path south of Japan exhibits an in-

terannual variation between a typical large meander

state and a non-large meander state (Taft 1972). In ad-

dition, Xu et al. (2010) and Nakamura et al. (2012)

pointed out that the occurrence of the Kuroshio large

meander (KLM) path has significant impacts on the lo-

cal weather and climate. Hence, prediction of the KLM

has attracted the attention of many researchers. Over

the past decade, the studies examining KLM prediction

mainly focus on the effects of the uncertainties in the

initial conditions on the prediction (e.g., Kamachi et al.

2004; Ishikawa et al. 2004; Fujii et al. 2008; Wang et al.

2013). There are hardly any studies on the influences of

the uncertainties among the model parameters. So, it is

of significance to investigate the sensitivities of the

model parameters and their effects in the KLM

prediction.

Considering that shallow-water models can well re-

produce the interannual variation of the Kuroshio path

south of Japan (Qiu andMiao 2000; Ishikawa et al. 2004;

Pierini 2006; Wang et al. 2012), we use a 2.5-layer

shallow-water model to examine the sensitivity of the

KLM prediction to model parameters applying the

OPSA method. It is well known that the shallow-water

model contains six parameters. To simulate the Kuroshio

path variations, the values of these six parameters are,

respectively, set to the two reduced gravity values, g15
0.029 and g2 5 0.048m s22, the lateral friction co-

efficient AH 5 600m2 s21, the wind stress coefficient

a 5 0.1 Pa, the interfacial friction coefficient between

two active layers RI 5 1.17 3 1027 s21, and the bottom

friction coefficient RB 5 1.17 3 1027 s21. These values

are often estimated from observations and, therefore,

have relatively large uncertainties. As such, in this study

we mainly focus on the relative sensitivities of these six

parameters.

The model is discretized using the implicit Crank–

Nicholson scheme, which allows us to take a relatively

large time step (Dijkstra 2005). Here, a time step of

10 days is used. To simulate theKuroshio path variations

south of Japan, the model domain is set to a part of the

westernNorth Pacific basinV: (158–558N, 1228E–1588W)

with a horizontal resolution of 0.28 3 0.28. To keep the

modeled Kuroshio from entering the East China Sea,

the 200-m-deep contour is taken as the continental bound-

ary. No-slip boundary conditions are used in the model.

The monthly climatological wind stress of Hellerman and

Rosenstein (1983) is used to drive the model.

The model is initialized from a state of rest and is in-

tegrated for 15 yr. After integrating for 9 yr, the solution

of the model reaches a relatively steady state. So, the

first 9 yr are regarded as the spinup period. We take a

KLM process from the last 6 yr to show the modeled

Kuroshio path variations. Figure 1 indicates that the

Kuroshio takes a nonlarge meander path at 11.92 yr;

after 40 days, a small meander path emerges around

338N, 1388E; as this small meander path evolves, a typ-

ical KLM forms at 12.17 yr and the southernmost posi-

tion of the Kuroshio axis is defined as the 480-m contour

of the upper-layer thickness that is located at less than

31.58N; subsequently, the KLM path is maintained for

about 8 months (Figs. 1c–e) and the Kuroshio path

eventually returns the nonlargemeander state at 12.94 yr.

This process is similar to those obtained from other ocean

models (Qiu and Miao 2000; Tsujino et al. 2006).

TABLE 4. The optimization results of the single parameter for the

Lorenz’63 model for different initial conditions when the pre-

diction time and constraint condition are fixed at 20 time steps and

« 5 0.2, respectively.

Reference

state

Identified model

parameter

Optimal

perturbation

Objective

function value

214, 213, 47 s –2.0 2.78

r 5.6 24.02

b 20.533 11.55

0, 1.0, 0 s 2.0 2.50

r 5.6 5.69

b 20.533 2.28 3 1024

5.0, 5.0, 5.0 s 22.0 14.31

r 5.6 196.51

b 20.533 0.87
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For simplicity, we will test the OPSA method for

identifying the model parameter sensitivities only for the

prediction of the KLM formation process. To solve the

optimization problem (5), two KLM formation processes

are chosen as the reference states, denoted as events 1

and 2. Event 1 is shown in Figs. 1a–c. TheKLM formation

process in event 2 is similar to that in event 1 (figure not

shown) and the starting time is 13 yr. For these two

events, theKLM formation periods are both 90 days (e.g.,

Figs. 1a–c). Hence, the optimization time in (5) is set to

t5 90 days. Furthermore, the reference parameter vector

in (5) isP5 (P1,P2,P3,P4,P5,P6)5 (g1, g2,AH,a,RI,RB).

The parameter perturbation vector is denoted as p 5
(p1, p2, p3, p4, p5, p6) 5 (g01, g

0
2, A

0
H , a

0, R0
I , R

0
B). The

objective function norm is defined as the kinetic energy

of the perturbation at the final time of optimization

over the region L: 258–358N, 1328–1408E, where the

KLM occurs. As such, the norm is written as

kx
t
k5 1

2

ðð
L

(h
1,t
1 h0

1,t)[(u
0
1,t)

2 1 (y01,t)
2]1 (h

2,t
1h0

2,t)[(u
0
2,t)

2 1 (y02,t)
2]dx dy , (11)

where xt 5 (h0
1,t, u

0
1,t, y

0
1,t, h

0
2,t, u

0
2,t, y

0
2,t) is the perturba-

tion vector of the model variables at time t caused by the

model parameter perturbations; u0
1,t and u0

2,t represent

the perturbations of the upper- and lower-layer zonal

velocities, respectively; y01,t and y02,t are the perturbations
of the meridional velocities; h0

1,t and h0
2,t are the upper-

and lower-layer thickness perturbations; and h1,t and h2,t

denote the upper- and lower-layer thicknesses, respec-

tively, at time t in the reference state. This kinetic energy

norm of the perturbation is defined because it is able to

distinguish different Kuroshio path states. That is to say,

the value of this norm is large when the difference be-

tween the Kuroshio path obtained after superimposing

parameter perturbations and the reference Kuroshio

path is large, and vice versa (Wang et al. 2012). We also

define another norm such as the quadratic sum of the sea

surface height (SSH) perturbation over the regionL, but
the results obtained were qualitatively similar to those

acquired by the above norm. Hence, we only show the

results based on the perturbation kinetic energy norm

[see (11)] here.

In addition, similar to the constraint condition (10) for

the Lorenz’63 model, here the amplitude of each pa-

rameter perturbation is also constrained within a box

having a width « times the absolute value of the corre-

sponding reference parameter. After completing these

FIG. 1. (a)–(f) Sequence of the upper-layer thickness field (m) for a KLM event in the 2.5-layer shallow-water model.
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settings, we solve the optimization problem (5) using the

SPG algorithm.

The optimization experiments are performed for

« 5 0.2. The reason for choosing this constraint condi-

tion is as follows: for the wind stress amplitude a in the

North Pacific Ocean, Kutsuwada (1982) estimated its

uncertainty using observational data and found that it is

not beyond 0.02 Pa, which is equivalent to 20% of the

reference value; for consistency, other parameters are

also constrained within 20% of the corresponding ref-

erence values. In addition, and similar to section 3a, the

criterion value is also defined as 30% of the maximal

effects caused by uncertainties in all model parameters.

Hence, the criterion values Cr for events 1 and 2 are

1.46 3 1012 and 1.39 3 1012m5 s–2, respectively, which

approximately corresponds to the SSH error of ;13 cm

in the southern region of Japan. Interestingly, Usui et al.

(2006) suggested, based on a data assimilation analysis,

that the prediction for theKuroshio path is unacceptable

when the SSH error is beyond 13.5 cm. This is broadly

consistent with the definition of Cr. That is to say, if the

SSH error caused by uncertainties in some parameters is

less than 13 cm, these parameters are considered to be

insensitive because the prediction for the Kuroshio path

is still acceptable even when these parameters contain

uncertainties.

Figure 2 indicates the objective function values ob-

tained by optimizing different parameters. For both

events 1 and 2, the three smallest objective function

values are caused by uncertainties in the bottom friction

coefficient RB, the interfacial friction coefficient RI, and

the lateral friction coefficient AH; their sums are 1.27

and 1.07 3 1012m5 s22, which are less than the corre-

sponding criterion values,Cr. This implies that the KLM

prediction is insensitive to the parameters RB, RI, and

AH. The objective function values for the reduced

gravity values g1 and g2, as well as the wind stress co-

efficient a, are relatively large and larger than the cor-

responding values Cr, especially for g1 and a. Physically,

the reduced gravities represent the ocean stratification.

Hence, the above results reflect that the changes in the

ocean stratification and the amplitude of wind stressmay

have important effects on the KLM prediction.

We also perform the optimization calculation of a

single parameter [see the first line of (6)] and the results

are shown in Fig. 3. We find that the objective function

values obtained from the single-parameter optimization

are much less than those obtained by considering the

parameter interaction role (cf. ordinates of Figs. 2 and 3).

This implies that the interaction role between the pa-

rameter uncertainties is very strong in the KLM pre-

diction. Similar to Fig. 2, Fig. 3 also indicates that the

maximal effects of the uncertainties in the parameters

RB andRI on theKLMprediction are very weak for both

events 1 and 2. Additionally, if we pay attention to the

rank of the parameter sensitivities, as in Zaehle et al.

(2005) and Sun andMu (2016), we find that the ranks are

different in Figs. 3a and 3b. In Fig. 3a, the wind stress

coefficient a is more sensitive than the parameter g2,

while the situation is reversed in Fig. 3b. Hence, for the

single-parameter optimization, the parameter sensitiv-

ities vary as reference states change, although the ref-

erence states are very similar and both correspond to the

formation process of the KLM. However, for the OPSA

method considering parameter interaction, the ranks of

the parameter sensitivities for different reference states

are almost consistent (see Fig. 2). Another interesting

phenomenon is that for event 2, the objective function

value for g2 is slightly less than that for a in Fig. 2b, while

the former is significantly larger than the latter in Fig. 3b.

This stresses the importance of considering the in-

teraction among parameter uncertainties. In fact,

Kurogi and Akitomo (2006) have demonstrated the

importance of the interaction between the ocean strat-

ification and the wind stress amplitude to the shift of the

Kuroshio path.

4. Summary and discussion

In this study, a new optimization strategy called

OPSA is proposed to determine the sensitivities of pa-

rameters in atmospheric and oceanic models. This

FIG. 2. The objective function values measuring the model param-

eter sensitivities obtained by solving the optimization problem (5) for

the predictions of two KLM events: (a) event 1 and (b) event 2.

AUGUST 2017 WANG ET AL . 3301



strategy applies a nonlinear optimization method for

estimating the maximum values of model parameter

sensitivity measures. Relative to other methods, this

approach is cheaper to compute. On the other hand, the

OPSA method can consider the role of interaction

among the parameter uncertainties.

The method is tested using the Lorenz’63 model and

an intermediate-complexity 2.5-layer shallow-water

model. For the Lorenz’63 model, it is found that the

parameter sensitivities are unaffected by the different

constraint conditions and optimization times, but they

depend on the initial conditions (i.e., the reference

state). For the initial conditions (214,213, and 47), the

model output is insensitive to the parameter s, while it is

insensitive to the parameter b for both (0, 1.0, and 0) and

(5.0, 5.0, and 5.0).

For the 2.5-layer shallow-water model used to simu-

late the KLM event south of Japan, the OPSA method

reveals that the prediction of the KLM is insensitive to

the uncertainties in the parameters RB, RI, and AH. On

the contrary, the prediction is mostly affected by the

uncertainties of the reduced gravity values g1 and g2 and

the wind stress coefficient a. Interestingly, Kurogi and

Akitomo (2006) and Akitomo (2008) also found, based

on dynamics analysis, that the changes in the stratifica-

tion in the upper ocean and the wind stress play im-

portant roles in the shift of the Kuroshio bimodal path.

In addition, Sun et al. (2013) suggested that the vari-

ability of the ocean stratification can change the kinetic

energy transfer from the atmosphere into the ocean’s

upper layer induced by wind stress. For example, in-

creasing stratification can reduce the kinetic energy

transport from the ocean’s upper layer to the lower

layer, which will induce an increase in the kinetic energy

in the ocean’s upper layer. They further pointed out that

the kinetic energy variations will induce changes in the

flow velocity of the western boundary current. Hence,

the uncertainties in the ocean stratification and the wind

stress amplitude may have marked influences on the

KLM prediction. Of course, further investigation is

needed to clarify how the stratification and the wind

stress amplitude affect the prediction, but this is beyond

the scope of this paper.

The optimization of a single parameter without con-

sidering the interaction among parameter uncertainties

is also calculated in this study. Sun and Mu (2016) con-

firmed that this single-parameter optimization is simi-

lar to the OAT method. The results here show that

the objective function values obtained by the single-

parameter optimization are much less than those

obtained by our optimization strategy for both the

Lorenz’63 model and the shallow-water model, which is

consistent with the inequality (6). This implies that the

uncertainties in the model outputs caused by parameter

uncertainties are seriously underestimated by the single-

parameter optimization method (or the OAT method).

Hence, it is important to consider the interaction among

parameter uncertainties when identifying model pa-

rameter sensitivities.

In the present study, the criterion value Cr is simply

defined as 30% of the maximal effects caused by un-

certainties in all model parameters. Of course, as men-

tioned in section 2, for the physical problems considered

in the future study, the value Cr should be determined

according to our understanding of the specific physical

phenomena and processes. In addition, this studymainly

uses two relatively simple models to examine the use-

fulness of the OPSA method. However, for a realistic

atmospheric or oceanic general circulation model, the

number of degrees of freedom is very high. In this

situation, although the method is computationally

cheaper than for other existing methods, it is still ex-

pensive to comprehensively investigate the sensitiv-

ities of model results to the uncertainties of the

parameters. This holds especially for the dependence

of the parameter sensitivity on the system state, be-

cause the model integrations will require considerable

time and computational resources. On the other hand,

for a complex model, the objective function defined in

(5) may be nonsmooth. This causes great challenges to

the realistic optimization calculation. Fortunately,

some nonsmooth optimization algorithms have been

FIG. 3. As in Fig. 2, but for the optimization results of the single

parameter.
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developed that may be of use (e.g., Steward et al. 2012;

Zheng et al. 2012). However, how to analyze the pa-

rameter sensitivity of a realistic atmospheric or oceanic

model using the OPSAmethod based on the nonsmooth

optimization algorithms still needs to be investigated,

which is our next step of work.
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APPENDIX

Proof of the Inequality (8)

In (7), the objective function Jij can be written as
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Using (2)–(4), the term in the first set of parentheses satisfies the following inequality:
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According to the expression of Jj, for the term in the second set of parentheses we have
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Substituting (A2) and (A3) into (A1), we obtain the

following inequality:
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Theabove inequality holds for arbitrary (p1,p2, . . . ,pm)2C«.

This results in the inequality (8):
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