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Abstract
Reducing the error of sensitive parameters by studying the parameters sensitivity can reduce
the uncertainty of the model, while simulating double-gyre variation in Regional Ocean Modeling System
(ROMS). Conditional Nonlinear Optimal Perturbation related to Parameter (CNOP-P) is an eﬀective
method of studying the parameters sensitivity, which represents a type of parameter error with maximum
nonlinear development at the prediction time. Intelligent algorithms have been widely applied to solving
Conditional Nonlinear Optimal Perturbation (CNOP). In the paper, we proposed an improved simulated
annealing (SA) algorithm to solve CNOP-P to get the optimal parameters error, studied the sensitivity of the
single parameter and the combination of multiple parameters and veriﬁed the eﬀect of reducing the error
of sensitive parameters on reducing the uncertainty of model simulation. Speciﬁcally, we ﬁrstly found the
non-period oscillation of kinetic energy time series of double gyre variation, then extracted two transition
periods, which are respectively from high energy to low energy and from low energy to high energy. For
every transition period, three parameters, respectively wind amplitude (WD), viscosity coeﬃcient (VC)
and linear bottom drag coeﬃcient (RDRG), were studied by CNOP-P solved with SA algorithm. Finally,
for sensitive parameters, their eﬀect on model simulation is veriﬁed. Experiments results showed that the
sensitivity order is WDVCRDRG, the eﬀect of the combination of multiple sensitive parameters is
greater than that of single parameter superposition and the reduction of error of sensitive parameters can
eﬀectively reduce model prediction error which conﬁrmed the importance of sensitive parameters analysis.
Keyword: parameter sensitivity; double gyre; Regional Ocean Modeling System (ROMS); Conditional
Nonlinear Optimal Perturbation (CNOP-P); simulated annealing (SA) algorithm

1 INTRODUCTION
The double gyre, which consists of a sub-polar
gyre and a sub-tropical gyre, is a typical phenomenon
of large-scale ocean circulation in the northern midlatitude ocean basins (Shen et al., 1999). The double
gyre has the important guiding signiﬁcance in
understanding the nonlinear dynamics of windinduced circulation (Jiang et al., 1995; Simonnet et
al., 2005), especially the dynamic behaviors of
western boundary currents (Mahadevan et al., 2001;
Primeau and Newman, 2008; Zhang et al., 2015).
The double gyre shows a low-frequency variation
which is associated with the transition of the midlatitude ocean circulation (Nauw and Dijkstra, 2001),
the study of double-gyre variation is helpful to
improve the prediction skills of mid-latitude ocean

circulation. Many models such as Regional Ocean
Modeling System (ROMS) which is a complex multilayer model, can be used to simulate double-gyre
variation. While using a model for simulation, the
simulation is mainly inﬂuenced by initial condition
(Mahadevan et al., 2001; Van Scheltinga and Dijkstra,
2008; Yuan et al., 2016) and model parameter (Moore,
1999; Primeau, 2002; Nauw et al., 2004). The research
problem for prediction associated with model
parameter is called second kind of predictability
problem which is important to study predictability of
double gyre.
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Model parameter values can greatly inﬂuence
model results (Hamby, 1994) and unknown model
sensitivity to parameters are major limitations to
global and regional modeling (White et al., 2000).
Many experiments had pointed out that reducing the
error of model parameters can reduce the uncertainty
of models and improve the prediction skills (Lu and
Hsieh, 1997, 1998; Zaehle et al., 2005). Diﬀerent
parameters of model have diﬀerent sensitivities (Hall
et al., 1982; Navon, 1998), determining sensitive
parameters and then reducing the error of the sensitive
parameters can eﬀectively reduce the uncertainty of
the model prediction (Yin et al., 2014). In this paper,
we study the parameters sensitivity for double-gyre
variation in ROMS.
There were many researches on the parameters of
double gyre variation. For example, some researchers
(Moore, 1999; Sura and Penland, 2002; Pierini, 2010;
Sapsis and Dijkstra, 2013) analyzed the inﬂuence of
wind stress on the double gyre variation. Primeau et al.
(Primeau, 2002; Primeau and Mewman, 2008) studied
the inﬂuence of parameters such as viscosity coeﬃcient
and wind stress on the multiple equilibria and lowfrequency variability of the double gyre in the quasigeostrophic model and shallow-water model
respectively. Nauw et al. (2004) analyzed the inﬂuence
of lateral friction on the asymmetry of double gyre in
a 1.5-layer shallow-water model. However, these
works were only performed in simpliﬁed models and
did not take the inﬂuence of barocline into account.
Meanwhile, the sensitivity of the combination of
multiple parameters wasn’t addressed. For doublegyre variation simulation in ROMS, according to the
previous researches, we study the sensitivity for wind
amplitude (WD), viscosity coeﬃcient (VC) and linear
bottom drag coeﬃcient (RDRG), which correspond to
wind stress, viscosity coeﬃcient and lateral friction
respectively. In addition, we not only study the
sensitivity of the single parameter, but also the
combination of multiple parameters.
Mu et al. (2010) proposed Conditional Nonlinear
Optimal Perturbation related to Parameter (CNOP-P)
method to assess the eﬀects of parameter uncertainties.
Subsequently, Yin et al. (2014) and Sun et al. (2017)
applied the CNOP-P method to investigating the
parameters sensitivity in the Lorenz-63 model and
LPJ model (Lund-Potsdam-Jena model), which
implies that CNOP-P method is an eﬀective method
for the study of parameters sensitivity.
Solving CNOP by the intelligent algorithm has
been widely applied to exploring the El Niño-Southern
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Oscillation (ENSO) event’s optimal precursor and the
fastest growth initial error in Zebiak-Cane (ZC) model
(Wen et al., 2015; Yuan et al., 2015a, 2015b; Ren et al.,
2016), to carry out tropical cyclone adaptive
observations in Fifth-Generation Penn State/NCAR
Mesoscale Model (MM5) (Zhang et al., 2017) and to
obtain the optimal precursor of double gyre variation
in ROMS (Yuan et al., 2016). These applications
indicate the eﬀectiveness of the intelligent algorithm
in solving CNOP. And for the purpose of more
eﬀectively solving CNOP-P of ROMS, we introduce
some strategies to SA algorithm (Kirkpatrick et al.,
1983) to ﬁnd the optimal solution more eﬀectively.
In this paper, we study the sensitivity of the
parameters for WD, VC and RDRG based on CNOP-P
method in double-gyre variation simulation of ROMS,
including the sensitivity of the single parameter and
the combination of multiple parameters. In addition,
an improved simulated annealing (SA) algorithm was
proposed to solve CNOP-P. The rest of paper are
organized as follows. After reviewing ROMS and
CNOP-P method and introducing the SA algorithm
used in the experiment in Section 2. The overview,
results and discussions of experiment are shown in
Section 3. Finally, conclusions and a prospect to
future works are given in Section 4.

2 MATERIAL AND METHOD
2.1 Related works
2.1.1 ROMS
ROMS is a free-surface, terrain-following,
primitive equation ocean model which is widely used
in a variety of applications of scientiﬁc community
(Haidvogel et al., 2000; Marchesiello et al., 2003;
Wilkin et al., 2005). Its design follows conventions of
ESMF (Earth System Modeling Framework) for
model coupling, which is divided into three steps—
initialize, run and ﬁnalize. It can be used to simulate
the global waters of any size from oceans to basins.
The four models, Nonlinear Model (NLM),
Tangent Linear Model (TLM), Representer Tangent
Linear Model (RPM), Adjoint Model (ADM),
compose the dynamical kernel of ROMS. Each model
can be run separately or together by the drivers of
ROMS. Only NLM is adopted in our experiment. The
algorithms of NLM were described in detail in
Shchepetkin and Mcwilliams (2003, 2005).
In the simulation of double gyre, following Moore
et al. (2004), the model is conﬁgured as a ﬂat-bottom
rectangular ocean basin with meridional distance of
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1 000 km, latitudinal distance of 2 000 km, and
vertical height of 500 m which is divided into four
vertical levels with a thickness of 125 m. ROMS
equations are solved on a mid-latitude β-plane with a
horizontal resolution of 18.5 km. Since the WBS
extension generally appeared in the district of 35°N or
so, we conﬁgure the latitude center as 30°N in order
to simulate better. The model circulation is mainly
forced by a zonally uniform, the form of zonal wind
stress is τx=-τ0cos(2π/Ly), where τ0=0.05 N/m2 and Ly
is the meridional extent of the basin.

satisfy some certain constraints. In order to explore
the parameter error under given constraints that can
cause the model development to deviate maximally
from the reference state at the predicted time, we
deﬁne a nonlinear optimization problem:

2.1.2 CNOP-P

where Mt(p+p’)(X0)–Mt(p)(X0) is degree of deviation
xp(t), the speciﬁc form of the objective function needs
to be deﬁned in conjunction with speciﬁc research
questions. And the solution p* of Eq.4 is CNOP-P. It
can be seen that CNOP-P represents the parameter
perturbation that can cause the maximum prediction
error under given constraints.
In this experiment, we mainly focus on three
parameters—VC, WD, RDRG. Therefore, p and p’ in
Eq.5 are both composed of these three components,
which can be expressed as:

CNOP is a type of initial perturbation in the
nonlinear dynamical system proposed by Mu et al.
(2003), which satisﬁes certain constraints and has the
maximum nonlinear development at the predicted
time. It has become an eﬀective method to measure
the predictability of the dynamical system because of
the characteristic of possessing the maximum
nonlinear development at the predicted time. Mu et al.
(2010) extended the CNOP method to the model
parameters called CNOP-P to study the inﬂuence of
parameter perturbation on predictability. The idea of
the CNOP-P is as follows.
Let the evolution equations for the state vector X be
as follows:
X
  F ( X , p)
,
 t
 X |t 0  X 0

(1)

where t is time, X0 is initial state, p=(p1, p2, ∙∙∙, pm)T is
model parameters vector, F is a nonlinear diﬀerential
operator. Assuming that initial state vector X0 is
known exactly, the future state vector Xt at time t can
be determined by integrating Eq.1. Therefore, Eq.1
can be written as:
X(t)=Mt(p)(X0).

(2)

Here Mt(p) is the nonlinear propagator with
parameter vector p, which “propagates” the initial
state vector X0 to the time t in the future.
Assuming that superimposing a parameter error p’
on the Eq.2, the equation can be written as:
X(t)+xp(t)=Mt(p+p’)(X0),

(3)

where xp(t) is the deviation from the reference state
X(t) at the predicted time t after p’ has been
superimposed. In general, the uncertainty of model
parameters is caused by parameterization and the
values of these parameters are determined by
observation. Therefore, these parameters need to

J(p*)=maxp’CσJ(p’).

(4)

Here p’Cσ describes the parameters constraint, Cσ
usually expresses as Cσ={p’=(p1’, p2’, ∙∙∙, pm’),
//p1’//≤σ1, //p2’, //≤σ2, ∙∙∙, //pm’//≤σm}. And the objective
function is deﬁned as:
J(p’)=//Mt(p+p’)(X0)–Mt(p)(X0)//,

(5)

P=(VC, WD, RDRG),
p’=(VC’, WD’, RDRG’).

(6)

The area of the simulation of double gyre in ROMS
is 0 km≤x≤1 000 km, 0 km≤y≤2 000 km, where x
represents the longitudinal distance coordinate and y
represents the latitudinal distance coordinate. The
objective function is deﬁned as the energy norm
where xt is in the region Ʌ (0 km≤x≤600 km,
750 km≤y≤1 250 km), which contains the west
boundary of double gyre and the area where jet
strongly acts with vortex, that is:
1
J  x0     hut2 vt2 dxdydz    g t2 dxdy ,
2

(7)

where h is the thickness of seawater for each layer
(each layer of 125 m and a total of 4 layers), g (9.8 m/
s2) is gravity acceleration.
2.2 SA algorithm
The SA algorithm is an intelligent algorithm used
to ﬁnd the global optimal solution in the given search
space. The algorithm arises from the idea of the
thermo-mechanical annealing process: heating the
material and then cooling it at a speciﬁc rate, so that
the atoms in the material leave the position where the
internal energy is locally minimized and reach the
lower position than the original to increase the size of
the grain and reduce the defects in the lattice.
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In the algorithm, the point in the search space is
regarded as the atom in the material and the solution of
the point is regarded as the energy of the atom. At the
beginning of the “high temperature”, the probability
that the points move randomly is higher and the points
are easier to jump out of the local optimum. And then
with the process of gradual “cooling”, the points are
gradually close to the global optimum, the probability
of random movement is getting lower and lower.
Finally, when the temperature reaches a proper
threshold the global optimal value is found.
In order to further improve the eﬃciency of ﬁnding
the optimal solution, we adopt a more detailed
adaptation strategy to the original SA algorithm for
the update of annealing temperature, so that the
annealing temperature can only be updated until the
new optimal value is found or at the end of the inner
loop. And the amplitude of the update is increased
with the current cycle time.
In the pseudo code, Δx is the parameter error, which
responds to p’ in Eq.6. f(x) is the objective function
value, which responds to J(p’) in Eq.5. When J(p’) is
maximum, the corresponding p’ is optimal parameter
error, i.e. CNOP-P. The pseudo code is as follows:
Pseudo Code: SA algorithm
Objective: min (or max) f(x), x=(x1, x2, x3, ∙∙∙, xn),
Input: initial particle position x0, initial temperature
T0, number of external iteration Iter0, number of
internal iteration Iteri
Process:
Set current particle position xc to x0, the current
temperature T to T0
Calculate the value of current energy f(xc)
Set the best particle position xb to xc, the value of
best energy f(xb) to f(xc)
for io=1:Itero
for ii=1:Iteri
Generate displacement Δx, make the new
particle position xn=xc+Δx
Calculate the value of energy in new position f(xn)
Calculate the value of energy changed
ΔE=f(xn)–f(xc)
if (ΔE0 && f(xn) accord with norms) then
Set the best particle position xb to xn, the value
of best energy f(xb) to f(xn)
Set the current particle position xc to xn, the
value of current energy f(xc) to f(xn)
T
T
i
10.5 i
Iteri
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else
Generate a random rand
if ( e

-

ÄE
T

 rand && f(xn) accord with norms)

then
Set the current particle position xc to xn, the
value of current energy f(xc) to f(xn)
end if
end if
end for
T
T
i
10.5 o
Itero
end for

3 RESULT AND DISCUSSION
3.1 Overview
For studying the inﬂuence of three parameters,
WD, VC and RDRG, on double gyre simulation, we
ﬁrstly analyze parameters sensitivity by investigating
how the uncertainty of parameters inﬂuences on the
uncertainty of model prediction by solving CNOP-P
with SA algorithm in ROMS. Then we verify whether
the prediction error can be reduced by reducing the
uncertainty of parameters.
The experimental process is as follows: The ﬁrst
step is to ﬁnd the non-period oscillation of energy
transition for double-gyre variation by adjusting
parameters, then to select two transition period from
the found non-period oscillation, one is from high
energy to low energy called the ﬁrst transition period
and another is from low energy to high energy called
the second transition period. The second and third
steps are to carry out the corresponding parameters
sensitivity experiments on the ﬁrst and the second
transition periods. The last step is to investigate how
the decrease of uncertainty of sensitivity parameters,
which is obtained in previous two steps, inﬂuences
the prediction error of the double-gyre variation.
3.2 Selection for non-period oscillation and
transition period
The transition period is the stage where change is
the most violent in the atmospheric and oceanic
phenomena, and it is also the most concerned stage in
the prediction. In order to observe the inﬂuence of the
uncertainty of parameters on the transition period of
the double gyre variation, the non-period oscillation
of energy transition of the double-gyre variation is
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Fig.1 Time series of the kinetic energy with diﬀerent parameter conditions
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Kinetic energy (m3/s2)

found ﬁrstly by adjusting parameters, and then we
intercept a section from high energy to low energy
and a section from low energy to high energy to carry
out the subsequent studies.
When parameters are set to WD=-0.05 N/m2,
VC=860 m2/s, RDRG=8×10-7 m/s, the double gyre in
the region Λ shows a steady state. In our experiment,
we separately change the value of one parameter
while keeping other parameters unchanged to observe
the inﬂuence of the three parameters on the energy
transition. Among them, the values of WD are
-0.06 N/m2, -0.07 N/m2, -0.09 N/m2, the values of VC
are 688 m2/s, 602 m2/s, 516 m2/s, the values of RDRG
are 8×10-13 m/s, 8×10-7 m/s25. Figure 1 shows the time
series of the kinetic energy within 0–8 000 days in the
region Λ under these value conditions.
It can be seen from Fig.1 that when the value of
WD is -0.09 N/m2, whose change percentage is 80%
of the value of WD in the steady-state, or the value of
VC is 516 m2/s, whose change percentage is 40% of
the value of VC in the steady-state, the obvious nonperiod oscillation can be both obtained. However, the
inﬂuence of RDRG on the time series of the kinetic
energy is very small in any case. In order to ensure
that the inﬂuences of reference parameters on the
selected non-period oscillation are similar, we ﬁnally
set the three parameters to WD=-0.07 N/m2,
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Fig.2 Time series of the kinetic energy of the non-period
oscillation
WD=-0.07 N/m2, VC=602 m2/s, RDRG=8×10-7 m/s.

VC=602 m2/s, RDRG=8×10-7 m/s, where the
percentage of WD changed is 40% of the value of
WD in the steady-state, the percentage of VC changed
is 30% of the value of VC in the steady-state and
RDRG is the value of RDRG in the steady-state. The
reason to choose these reference parameters is that
RDRG has a little eﬀect on the time series of the
kinetic energy and the time series of the kinetic energy
generated by WD alone or VC alone are similar under
this condition. And time series of the kinetic energy of
the non-period oscillation under this condition is
shown in Fig.2.
From Fig.2, we can see time series of the kinetic
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Fig.3 Contour plots of sea surface height for start-stop states of TP1 and TP2
Table 1 Analysis indices for experiment of transition period
Index

Meaning

Computing mode

PCNOP-P

The ratio of the optimal parameter error relative to the parameter value for the reference state

CNOP-P/Pr×100%

ObjCNOP-P

The objective function value corresponding to the optimal parameter error

J(CNOP-P)

VR

The variation rate of ObjCNOP-P to every percentage point of error for each dominant parameter

ObjCNOP-P/(PCNOP-P×100)

PVR

The percentage of the variation rate relative to the propagator function value of the reference state

VR/Mt(pr)×100%

energy when the three parameters are set to WD=
-0.07 N/m2, VC=602 m2/s, RDRG=8×10-7 m/s, which
are parameter values for the reference state in the
experiment below. And then we select a section from
high energy to low energy as the ﬁrst transition period
(TP1), whose optimization times is from 4 093 day to
4 233 day, totally 140 days, and a section from low
energy to high energy as the second transition period
(TP2), whose optimization times is from 4 373 day to
4 489 day, totally 116 days. TP1 and TP2 are shown
as the red line and blue line in Fig.2. The contour
plots of sea surface height for these two transition
periods’ start-stop states are in Fig.3. In the next
experiment, we will carry out the study on parameters
sensitivity on these two sections.
3.3 Experiment of TP1
To avoid ignoring the interaction of parameters, we
carry out the single parameter sensitivity experiment
and the multiple parameters sensitivity experiment
which deals with combination of two or three

parameters.
In this subsection, when the parameter value is the
reference parameter value, the propagator function
value is 4.151×1012 m3/s2.We use the SA algorithm to
solve the maximum objective function value whose
parameter perturbation responds to CNOP-P, and then
we analyze the sensitivity of parameters based on
these results.
The constraint of the parameter is set to the absolute
value of each parameter’s perturbation, expressed as
//ΔWD//≤σ1, //ΔVC//≤σ2, ∙∙∙, //ΔRDRG//≤σm.
The analysis indices are listed in Table 1. Where
CNOP-P is the optimal parameter error obtained from
the experiment, J(p’) is the objective function value
when the parameter error is p’, Mt(p) is the propagator
function value when the parameter value is p and
Mt(p) is calculated as the objective function whose
reference state is initial state of the model, pr is the
parameter value for the reference state. Dominant
parameter is the parameter which the objective
function value is mainly inﬂuenced by. Dominant
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Table 2 Parameter sensitivity constraints for the single
parameter sensitivity experiment of TP1
σ1 (N/m2)

σ2 (m2/s)

7.667 7×10

-2

σ3 (m/s)

3.458 0×10

Table 4 Parameter sensitivity constraints for the multiple
parameter sensitivity experiment of TP1
σ1 (N/m2)

8.000 0×10

2

σ2 (m2/s)

1.375 5×10

-7

963

3.433 0×10

-1

σ3 (m/s)
8.000 0×10-7

2

Table 3 Single parameter sensitivity experiment results of TP1
Parameter

CNOP-P (WD: N/m2, VC: m2/s, RDRG: m/s)

PCNOP-P

ObjCNOP-P (m3/s2)

VR (m3/s2)

PVR

WD

-7.667 7×10-2

109.54%

2.496 5×1013

2.279 1×1011

5.491 0%

VC

-3.458 0×102

57.44%

6.062 7×1012

1.055 5×1011

2.542 7%

RDRG

-8.000 0×10

100.00%

7.608 1×10

7.608 1×10

0.018 3%

-7

10

8

Table 5 Multiple parameters sensitivity experiment results of TP1
Parameter

CNOP-P (WD: N/m2, VC: m2/s, RDRG: m/s)

PCNOP-P

WD

-1.374 9×10-1

196.41%

VC

4.590 0×101

7.62%

WD

-7.699 9×10-2

110.00%

RDRG

8.220 0×10-8

10.28%

VC

-3.433 0×102

57.03%

RDRG

-8.000 0×10

-7

100.00%

WD

-1.375 5×10-1

196.50%

VC

4.770 0×10

7.92%

RDRG

-1.157 0×10

1
-7

ObjCNOP-P (m3/s2)

Dominant parameter

VR (m3/s2)

PVR

7.248 0×1013

WD

3.690 3×1011

8.890 0%

2.497 5×1013

WD

2.270 4×1011

5.469 5%

6.206 4×1012

VC

1.088 3×1011

2.621 8%

7.260 8×1013

WD

3.695 1×1011

8.901 7%

14.63%

parameter is the tested parameter in the single
parameter sensitivity experiment.
For the single parameter sensitivity experiment of
WD, VC and RDRG, the objective function value
increases as the constraint value increases until the
constraint σ1, σ2, σ2 are set to 7.667 7×10-2 N/m2,
RDRG=8.000 0×10-7 m/s
VC=3.458 0×102 m2/s,
respectively. Here we get the global CNOP-P which is
on the boundary of constraint. The constraint values
in the single parameter sensitivity experiment of TP1
are shown in Table 2. The experiment results of
CNOP-P and the indices value listed in Table 1 are
shown in Table 3.
It can be seen that the corresponding constraint is
diﬀerent for every parameter. It is reasonable because
every parameter has the diﬀerent sensitivity which
causes diﬀerent inﬂuence on prediction.
For the multiple parameters sensitivity experiment
of WD, VC and RDRG, we also get the global
CNOP-P for the four cases of parameters combination.
We take the maximum value of the absolute value of
WD, VC and RDRG in the four cases as their
constraint,
respectively
1.375 5×10-1 N/m2,
2
2
RDRG=8.000 0×10-7 m/s,
VC=3.433 0×10 m /s,
showed in Table 4. CNOP-P and the indices value

listed in Table 1 are shown in Table 5. It can be seen
that the optimal parameter error of every parameter
for the four cases is diﬀerent. Compared to Table 3,
the optimal parameter error for multiple parameters is
diﬀerent from that for single parameter, which
indicates interaction among multiple parameters.
From the experiment of this stage, we can see that,
in the single parameter experiment, WD has the
greatest inﬂuence on the objective function, the
inﬂuence of VC is slightly weaker than that of WD,
and the inﬂuence of RDRG is much weaker than that
of WD and VC. In the multiple parameters experiment,
when the combinations of parameters involve the
perturbation of WD, WD is often the dominant
parameter of the objective function value perturbation.
From these we can see that the sensitivity sequence of
these three parameters is WDVCRDRG. At the
same time, we can see that the parameter combination
can often generate greater eﬀect than single parameter,
and if these parameters are sensitive parameters, the
inﬂuence caused by them is often greater than the
linear superposition of the inﬂuence caused by them
separately such as the combination of WD and VC.
We can also ﬁnd that the change direction of nondominant parameter in the multiple parameters
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experiment is not necessarily same as that of the
single parameter experiment, for example, the change
value of VC causing the uncertainty in the single
parameter sensitivity experiment is negative, however,
it is positive when VC is the non-dominant parameter
in the multiple parameters experiment of WD and
VC.

we ﬁnd that no matter how we set the constraint
boundary, the CNOP-P always lies on constraint
boundary. Therefore, the local CNOP-Ps for the
constraint boundaries which are 10% and 100% of the
reference parameter value are selected to study the
parameter sensitivity. The constraint values in the
single parameter sensitivity experiment of TP2 are
shown in Table 6. The experiment results of CNOP-P
and the indices value listed in Table 1 are shown in
Table 7.
In the multiple parameter sensitivity experiment of
this stage, the CNOP-P also always lies on constraint
boundary. In order to ensure that parameters can have
enough change range, the constraints in the multiple
parameters sensitivity experiment of TP2 are set to
the percentage of the parameter in the single parameter
experiment of TP1 (Table 2). The experiment results
of CNOP-P and the indices value listed in Table 1 are
shown in Table 8.
From the experiment of this stage, from VR in the
single parameter sensitivity experiment and the ratio
of the dominant parameter in the multiple parameters
experiment, we further conﬁrm the result that the
sensitivity sequence of these three parameters is
WDVCRDRG. At the same time, we also ﬁnd
that with the increase of WD and VC, their inﬂuence
relatively reduces, while the inﬂuence of RDRG is

3.4 Experiment of TP2
In the experiment of this stage, we also conduct the
single parameter sensitivity experiment and the
multiple parameters sensitivity experiment for the
same reason in Section 3.3.
In this stage, when the parameter value is the
reference parameter value, the propagator function
value is 7.436×1012 m3/s2. We use the method similar
to that in Section 3.3 to obtain the CNOP-P, and then
we verify results and further analyze the sensitivity of
the parameters.
In the single parameter experiment of this stage,
Table 6 Parameter sensitivity constraints for the single
parameter sensitivity experiment of TP2
σ1 (N/m2)
7.000 0×10

σ2 (m2/s)
-3

7.000 0×10-2

σ3 (m/s)
1

6.020 0×10

8.000 0×10-8

6.020 0×102

8.000 0×10-7
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Table 7 Single parameter sensitivity experiment results of TP2
Parameter

CNOP-P (WD: N/m2, VC: m2/s, RDRG: m/s)

PCNOP-P

ObjCNOP-P (m3/s2)

VR (m3/s2)

WD

7.000 0×10

10.00%

WD

7.000 0×10-2

100.00%

VC

6.020 0×101

-3

PVR

1.883 0×10

11

1.883 0×10

2.533 0%

7.337 1×1012

7.337 1×1010

0.992 1%

10.00%

8.267 4×1011

8.267 4×1010

1.111 8%

10

0.569 3%

12

VC

6.020 0×10

100.00%

4.233 2×10

4.233 2×10

RDRG

8.000 0×10-8

10.00%

1.119 1×1010

1.119 1×109

0.015 0%

RDRG

8.000 0×10

100.00%

1.160 6×10

1.160 6×10

0.015 6%

2

-7

12

11

9

Table 8 Multiple parameters sensitivity experiment results of TP2
Parameter

CNOP-P (WD: N/m2, VC: m2/s, RDRG: m/s)

PCNOP-P

WD

-2

6.221 4×10

88.88%

VC

3.429 0×102

56.91%

WD

6.558 8×10-2

93.67%

RDRG

2.210 0×10

-7

27.63%

VC

3.456 0×102

57.41%

RDRG

4.030 0×10

5.04%

WD

6.250 0×10-2

89.29%

VC

3.453 0×102

57.31%

RDRG

-1.378 0×10

17.23%

-8

-7

ObjCNOP-P (m3/s2)

Dominant parameter

VR (m3/s2)

PVR

7.407 6×1012

WD

8.334 4×1010

1.120 8%

7.368 2×1012

WD

7.866 2×1010

1.057 9%

3.228 4×1012

VC

5.623 4×1010

0.756 2%

7.480 5×1012

WD

8.297 2×1010

1.115 8%
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Table 9 Analysis indices for experiment of prediction improvement
Index

Meaning

Computing mode

Pp’

Percentage of the parameter error relative to optimal parameter error

p’/CNOP-P×100%

Cobj

Change value of the objective function

J(CNOP-P)–J(p’)

PCobj

Percentage of the change value of the objective function relative to the objective function value for the reference state

Cobj/Mt(pr)×100%

Table 10 The result for single parameter
Parameter

p’ (WD: N/m , VC: m2/s)

Pp’

Cobj (m3/s2)

PCobj

WD

-2

-1.533 5×10

20.00%

2.226 5×10

13

536.39%

WD

-3.067 1×10-2

40.00%

1.780 3×1013

428.89%

WD

-4.600 6×10-2

60.00%

1.266 9×1013

305.21%

VC

-6.920 0×10

1

20.00%

5.156 6×10

124.22%

VC

-1.383 0×102

40.00%

4.085 1×1012

98.41%

VC

-2.075 0×103

60.00%

3.330 6×1012

80.24%

2

12

Table 11 The result for two parameters
Parameter

p’ (WD: N/m2, VC: m2/s)

Pp’

Cobj (m3/s2)

PCobj

WD\VC

-2.749 7×10 \4.590 0×10

20.00%\0

6.661 4×10

1 604.77%

WD\VC

2

-5.499 5×10 \4.590 0×10

40.00%\0

13

5.669 2×10

1 365.73%

WD\VC

-8.249 2×10-2\4.590 0×102

60.00%\0

4.519 1×1013

1 088.68%

WD\VC

-1.374 9×10 \9.200 0×10

0\20.00%

2.270 4×10

655.36%

WD\VC

2

-1.374 9×10 \1.840 0×10

0\40.00%

13

2.203 0×10

530.73%

WD\VC

-1.374 9×10-1\2.750 0×102

0\60.00%

1.256 2×1013

302.63%

WD\VC

-2.749 7×10-2\9.200 0×101

20.00%\20.00%

6.642 5×1013

1 600.22%

WD\VC

-5.499 5×10 \1.840 0×10

40.00%\40.00%

5.615 7×10

1 352.85%

WD\VC

-8.249 2×10 \2.750 0×10

60.00%\60.00%

4.566 0×10

1 099.98%

-2
-2

-1
-1

-2
-2

2

1

2
2

almost unchanged, which can be seen from PVR in the
single parameter experiment.
3.5 Experiment of prediction improvement
The above experiments show that WD and VC are
relatively sensitive parameters. In addition, the
CNOP-P obtained from TP1 is global CNOP-P, the
CNOP-P obtained from TP2 is local CNOP-P. The
global CNOP-P will cause the largest uncertainty for
prediction, reducing parameter perturbation based on
global CNOP-P will lead to the largest improvement
for prediction. Therefore, in order to verify whether
the prediction error can be reduced by reducing the
uncertainty of WD and VC, we design prediction
improvement experiment for TP1.
We ﬁrstly perform the experiment for the single
parameter, then for two parameters by reducing the
error of every sensitive parameter or their combination
to 20%, 40%, and 60%. Table 9 are related evaluating
indices. The result for the single parameter is shown

13

13

13
13

in Table 10, and the result for two parameters is shown
in Table 11.
where P’ is the parameter error, CNOP-P is the
optimal parameter error which is obtained from the
experiment, J(p’) is the objective function value when
the parameter error is p’, Mt(p) is the propagator
function value when the parameter value is p, pr is the
parameter value for the reference state.
From the table, we can ﬁnd that the objective
function value decreases 3–16 times relative to the
objective function value for reference state after
reducing the error of sensitive parameters. The table
indicates that the decrease of the uncertainty of
sensitivity parameters can eﬀectively reduce the
prediction error of the double gyre variation.

4 CONCLUSION
In this paper, we study the sensitivity of the single
parameter and the combination of multiple parameters
based on CNOP-P method, for WD, VC and RDRG
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these three parameters in double-gyre variation
simulation of ROMS. We also propose an improved
SA algorithm to solve CNOP-P. In the experiment, we
ﬁrstly ﬁnd the non-period oscillation of kinetic energy
time series of double gyre variation, then extract two
transition periods, which are respectively from high
energy to low energy and from low energy to high
energy. For every transition period, we apply SA
algorithm to ﬁnding proper constraint and solving
CNOP-P of the single parameter and the combination
of multiple parameters to study the parameters
sensitivity. Experiments results show that proposed
improved SA algorithm is an eﬀective method to
solve CNOP-P. For the single parameter, when
simulating double gyre variation in ROMS, we ﬁnd
that WD can cause the greatest inﬂuence, VC has the
slightly weaker inﬂuence than WD, and the inﬂuence
of RDRG is far less than them, that is,
WDVCRDRG. Meanwhile for the sensitive WD
and VC, the greater their values are, the smaller the
magnitude of their inﬂuence is; for the insensitive
RDRG, the inﬂuence is almost no change. For the
combination of multiple parameters, WD always has
dominant eﬀect, RDRG does not take the role of the
dominant parameter in any combination, which
further conﬁrms that the sensitive sequence is
WDVCRDRG. In addition, we ﬁnd that the
uncertainty of the model result caused from the error
of the combination is larger than that of the single
parameter. For the combinations of sensitive
parameters, their inﬂuence is often greater than the
linear superposition of their separate inﬂuence. After
determining that WD and VC are sensitive parameters,
by reducing error of WD and VC on basis of the
optimal parameters error, we analysis how the
sensitive parameters and their combination eﬀect on
the simulation of double gyre variation. Through the
experiment, we verify the eﬀect of reducing the error
of sensitive parameters on reducing the uncertainty of
model simulation, which conﬁrm the value of the
research of parameters sensitivity.
The result in this paper will be more persuasive if
using observation data, and we only study the WD,
VC and RDRG three parameters. In the future, we
will study the sensitivity of more parameters for the
current in ROMS with observation data.
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