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Abstract. The inverse problem of using the information of and statistical regularities of the climate system. The results
historical data to estimate model errors is one of the sciencef statistical model are sometimes satisfactory, but such sta-
frontier research topics. In this study, we investigate such aistical regularities and the prediction models derived from
problem using the classic Lorenz (1963) equation as a presuch statistical methods are often unstable due to the effects
diction model and the Lorenz equation with a periodic evo- of nonlinearity of the climate system (Gu, 1958).
lutionary function as an accurate representation of reality to The prediction problem based on dynamical methods can
generate “observational data.” be regarded as a problem of initial value of differential equa-

On the basis of the intelligent features of evolutionary tions. It implies that it is necessary to ensure sufficiently pre-
modeling (EM), including self-organization, self-adaptive cise initial values and boundary conditions as well as the ac-
and self-learning, the dynamic information contained in thecuracy of the prediction model in order to obtain a reliable
historical data can be identified and extracted by computeprediction. In fact, these conditions cannot be satisfied com-
automatically. Thereby, a new approach is proposed to estipletely. Despite the continuous improvement and optimiza-
mate model errors based on EM in the present paper. Nution of numerical model and data assimilation systems, it is
merical tests demonstrate the ability of the new approach tdifficult to improve the time limit of weather forecasts be-
correct model structural errors. In fact, it can actualize theyond two weeks (Lorenz, 1965, 1969) due to the complexity
combination of the statistics and dynamics to certain extent.of the atmospheric motion. Therefore, it is crucial to develop
alternative ways to improve the capability of the climate pre-
diction model (Schubert, 1985; Vannitsem and Toth, 2002;
Chou, 2003a, b; Li and Ding, 2011).

The dynamics-statistics approach is an important step for
the improvement of climate prediction models. Extensive re-

Monthly, seasonal, annual and inter-annual climatic predlc'search has been carried out using a combination of statistics

tions became the next targets of the frontier research of at;

heri . . h cul imol ) Qz}nd dynamics. Qiu and Chou (1988) noted that the obser-
mospheric sciences since the successiul Implementation Q.o n 4| gata could be regarded as sufficiently precise solu-

s?oLt-termtweathllerkforecazﬁtst. trl?owl_evert, W'thtthe _d|scove|ytions for atmospheric models, and could be used to correct
orchaos, 1tis well known that tne climate System 1S a CoM-ynq orrors of model parameters by solving an inverse prob-
plex nonlinear system, and climate prediction is a great chal] m. Cao (1993) and Feng (2004) suggested that the atmo-

Ien?ﬁ t; reszaéchers.. Mr)reo%eramherelrtmt.def.ect.? of s:atls'uc pheric motion is an irreversible process, and they introduced
,:n.e t'o sfa;r;] . ynarlmc? met ol's retsu |r(lj.s[[gn| |<:Sa}[nt.upcelré memory function that can make use of historical observa-
ainties ot their applications in climate prediction. Stalistical 55| gata to deduce the self-memorization equation for the
methods are mainly used to search prediction clues from his

. h ) . _~atmospheric motion including multi-time observational data.
torical observational data, based on the historical behavior P 9

1 Introduction
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Chou (2007) argued that past daily weather changes, esper solution in accordance with the evolutionary laws of the
cially the recent evolutionary status of the atmosphere, connature.
tain the information of numerical model errors. It should be In the case that only limited information is known on a
used to correct the model errors. Some related mathematicalynamic system, a possibility is to replace human intelli-
and numerical issues in the geophysical fluid dynamics andjence with computational intelligence in some steps of the
climate dynamics have been discussed (Li and Wang, 2008)raditional modeling, including the development of assump-
These methods have shown to be useful techniques for clitions, the construction and the calculation of the model. This
mate prediction in numerical experiments and applications. liis the idea of so-called evolutionary modeling (EM; Cao
is an evidence of the effectiveness of the dynamics-statisticet al., 2000). Evolutionary computation is a mathematical
approach. modeling approach based on the evolutionary laws of nature
In fact, the idea of the correction of the model errors is old. (Back et al., 1997; Cao et al., 2000). In EM, simple cod-
Many studies provided some objective methods of estimating techniques can be used to represent a variety of com-
ing model errors, but their use for improving model perfor- plex mathematical structures. The approximate solutions of
mance, is comparatively small. Examples are given by Schuinverse problem can be automatically searched by computer
bert (1985), Klinker and Sardeshmukh (1992). D’Andrea andprograms. This step is iterated for some number of genera-
Vautard (2000) proposed a methodology for the correctiontions until the termination criterion of the run has been satis-
of systematic errors in a simplified atmospheric general cir-fied. The characteristics of evolutionary algorithms are self-
culation model, and confirmed that this improvement actu-organizing, self-adaptive and self-learning. Natural selection,
ally stems from the flow dependence of the model error.namely survival of the fittest, and evolution strategies provide
Such flow dependence was found in the Euro-Atlantic secimany conveniences and advantages for solving inverse prob-
tor, while similar attempts to establish this relation in other lems of complex differential equations.
sectors of the globe failed. Vannitsem and Toth (2002) inves- In the present work, the problem of how to use combina-
tigated the short-term dynamics of model errors by meangion of the dynamics and statistics to correct model errors has
of numerical analysis of the Lorenz (1984) low-order atmo- been studied. On the basis of the EM method, a new approach
spheric system, and found that the short-term mean squarie proposed to correct model errors. Using the new approach,
error evolution is mainly characterized by an initial quadratic dynamic information of model errors can be extracted from
or linear behavior, depending on the dynamical propertieshistorical observational data. The results of numerical exper-
of the model error source terms. Also, there are studies ofments based on the Lorenz (1963) model have been prelim-
the impact of model errors associated with parameter errorsnarily validated in terms of their ability to correct model er-
Duan and Zhang (2010) investigated the effect of initial er-rors. It must be noted that the model error studied here mainly
rors and model parameter errors on a significant “spring prerefers to the dynamic structural error in a prediction model.
dictability barrier” (SPB) for El Niio events. They inferred
that initial errors, rather than model parameter errors, may
be the dominant source of uncertainties that cause a signifi ~ Algorithm of EM
cant SPB for El Niio events. Mu el al. (2010) suggested that
conditional nonlinear optimal perturbation approach (CNOP)EM is a calculation strategy and method on the basis of the
can be applied to estimate model parameter errors foritid Ni - principles of biological natural selection and genetic inher-
events, but did not consider other kinds of model errors atitance (Back et al., 1997; Cao et al., 2000). Complex prob-
present. Despite this, it is expected that CNOP will play anlems can be solved by means of computer simulations of the
important role in the studies of atmospheric and oceanic scinatural evolutionary process in EM. In accordance with rules
ences. of natural evolution, such as the “survival of the fittest”, the
However, most of the works mentioned above remain incomplexity of the computing and solution can be controlled
the theoretical stage, and many issues need to be addressedEM. Evolutionary computation provides an effective ap-
for their application in weather forecasts (Chou et al., 2007).proach to deal with those problems (Holland, 1975), which
For example, traditional methods for solving inverse prob-are complex and intractable problems by traditional mathe-
lems of differential equations face one essential problem ofmatics. Generally, differential equations can be expressed as
ill-posed characteristic, such as the instability of approxi- binary trees in EM (Fig. 1). In these binary trees, each tree
mate solutions. The models describing the complex climatestructure uniquely corresponds to a complex or simple func-
system can only approximately describe the major dynamidion within the solution space of the problem. These func-
processes of atmospheric motion. Therefore, not all the detions generally consist of arithmetic operations, logic opera-
tails are described in these prediction models. In fact, climatdions, variables, constants, and elementary functions, such as
change can be viewed as a long-range evolutionary processine, cosine, and exponential function. The tree structure can
with self-adaptation. So, it is unnecessary to describe all thdbe changed dynamically by using genetic operators, such as
characteristics of the problem in detail, and all it requires iscrossover and mutation. The evolution of these tree structures
continues from one generation to another generation until the

Nonlin. Processes Geophys., 19, 43847, 2012 www.nonlin-processes-geophys.net/19/439/2012/



S. Q. Wan et al.: Evolutionary modeling-based approach for model errors correction 441

problem is that the disturbance terms have to be overlooked,
@ or certain important dynamic elements are not included due
/ to the limitation of the existing knowledge. One of the current
measures for correcting errors is a post-processing strategy

dz
@ dr @ ar for model prediction results, i.e. statistically correct on the
/ / N prediction results. However, the omission of dynamic char-
@ @ @ @ @ @ @ acteristics of the model error affects the quality of the results
@ of the statistical correction.

\ 3.1 Description of the inverse problem

dy @ An inverse problem is a general framework that is used
di to convert observed measurements into information about a
Q physical object or system that we are interested in. For ex-
/N ) , L
@ @ @ @ ample, if we have measurements of the Earth’s gravity field,
then we might ask the question: “given the data that we have
available, what can we say about the density distribution of
Fig. 1. Hierarchical structure diagram of binary tree of the Lorenz the Earth in that area?” The solution to this problem (i.e.

madel. the density distribution that best matches the data) is use-
ful because it generally tells us something about a physi-

termination criterion of the run has been satisfied. The com-al parameter that we cannot directly observe (Keller, 1976;

plexity of a function can be controlled by setting the depthsNttp:/en.wikipedia.org/wiki/Inverseroblem).

of the layers of a binary tree. The detailed algorithm of EM [N contrast, with a forward problem, an inverse problem

can be found in Cao et al. (2000). As an example, the classi®f differential equations is based on existing results to (_je-

three-dimensional Lorenz (1963) model can be written as th&luce the cause of the results. In other words, on the basis of

form: the solution or partial solution of one differential equation,
the unknown components of the equation can be deduced.
& —gx+ay=L (x,y) i i ; i i
a = y=LalXoy In terms of differential equations, Leverentiev and his col-
%% =rx — (y+x2) = Ly(x,y.2) (1) leagues argued that the inverse problem can be defined as

J follows: an inverse problem for a partial differential equation
T =Xy —bz=L;(x,y,2). is any problem involving the determination of the coefficients
or right-hand side of a partial differential equation on the ba-
Here, the three parametets,- andb, are positive, and are sjs of certain functionals of the solution of the equation (Lev-
called the Prandtl number, the Rayleigh number and a physerentiev et al., 2003). Without loss of generality, the general

ical proportion related to convective scale, respectively. Inform of differential equations can be written as
the present study, the three parameter values are 10.0, 28.0

and &3, respectively. Whem > 24.74, the Lorenz system L-u(x,y,t)= f(x,y,1),(x,y) € 2, € (0,00). (2)
exhibits chaotic behavior. The binary tree form of the Lorenz
model is shown in Fig. 1. Here, L is the differential operator, and(x, y,?) is the

In evolutionary algorithms, an individual mathematical solution of the differential equation. The functigitx, y, 1)
model structure corresponds to a unique binary tree (Fig. 1)is the right-hand side source term of the equation. When
Three popular methods can be used to implement evolutionL is unknown, this is called an inverse problem of opera-
ary computation, namely, genetic algorithm (GA), gene ex-tor identification; furthermore, when the right-hand source
pression programming (GEP; Ferreira, 2001), and genetiderm f(x, y,?) is unknown, this is called a source-term in-
programming (GP, Saiedian, 1997) The GP and GEP methverse problem. The i”-pOSEdHESS and nonIinearity of an in-

ods will be selected to implement EM program in the presentverse problem make the related theories and solutions more
study. complex and difficult than those of a forward problem.

In order to investigate the inverse problem based on the use
_ of the information of historical data to estimate model errors,
3 Correction scheme for model errors Eq. (1) is regarded as an approximate model derived from

. . , ) practice, while the corresponding true model is represented
Numerical prediction models are the dynamic equations cong,y,

structed according to the basic laws of atmospheric and cli-
mate motion as currently understood. Undoubtedly, these
models use simplified and approximate equations. It can only
describe main features of atmospheric motion. In fact, the
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& I (x, ))AEL(x,,2)
d,

S =Ly(x,y,9AEy(x,y.2)
% =L (x,y,0)AE;(x,y,2).

©)

dr

Here, E(x,y,z) is the potential unknown error term,
which is a composite function, such as trigonometric, ex-
ponential and power functions. The symbal™represents

connecting nodes. Generally, the symbol can only be basic

arithmetic operators, such ag-;'—, x, =" If L(x,y,z) Is
the main dynamic structure of the functiom, ™ can be deter-
mined. In this case, the symba\” usually is “+”. Even for
a simple dynamic equation, such as Eq. (1), it is difficult to
determine the specific mathematical expressiof @f, y, z)
using traditional methods. On the basis of the definition of
the inverse problem, determining the error tefitx, y, z)
in Eqg. (3) is a classic inverse problem, namely, solving the
source term on the right-hand side.

The limitation of those traditional methods is that model

S. Q. Wan et al.: Evolutionary modeling-based approach for model errors correction

that solves the right-hand side of the differential equation.
Here,L(x, vy, z) is the approximate model, and the correction
scheme of the prediction equation is as follows.

1. Constructing Gené(), the binary tree of the main func-
tion L(x,y,z).

. Specifying randomly the node symbols and the con-
stants contained in the error ternf(x, y,z), and
the nodes includg+, —, x, =, sin,cos In, exp} in the
present study. The populations Pop with a certain size
will be generated randomly.

3. Forming several binary tree structures G€#g of the
error functions using the evolutionary algorithm GP and
GEP. Meanwhile, GenéE) will concurrently evolve
with the main binary tree Geg) by applying evo-
lutionary operations, including selection, hybridization
and mutation. By controlling the depths of the binary
tree layers of Genék), several complex-controllable
composite binary trees (i.e. the revised function) can be
obtained.

structure must be determined in advance, and then model pa-

rameters can be estimated. However, it generally depends on#:

personal experience to construct model structure. Itis a com
plicated problem, especially when the data space takes o
the form of hyper-surfaces with multi-parameters and multi-
variables.

3.2 Error correction scheme of evolutionary
algorithm-based prediction model

The main steps for correcting prediction model error terms
through historical data are as follows: an approximate predic

Computing and evaluating the adaptive values of
these composite binary trees in combination with “ob-
servational data”. Retaining the superior individuals
Geng(E) in the generation, and then these superior in-
dividuals will be used as EM of the next generation.

n

. Repeating the above procedures until a new function
body meets the predetermined conditions (i.e. the ter-
mination condition).

3.3 Numerical experiments

tion model and an accurate prediction model are constructeqh order to test the performance of the error correction

respectively. The solutions of the approximate model are re
garded as the prediction results of a specific system, an
the solutions of the accurate model are regarded as “obse
vational data”. Subsequently, the EM algorithm is used to
automatically search for the error term. During modeling,
a large ensemble of mathematical model structures is ran
domly formed by means of the search in the basic function
library using the evolution program. Simultaneously, the pa-
rameters of the individual model structures will be continu-

ously estimated and optimized by the parameter optimization

module. According to certain criteria, poor individual model
structures will be eliminated, and good model structures will

d

cheme presented in this study, it is necessary to generate
observational data”. To deal with this issue, a classic three-
Gimensional Lorenz model is regarded as an inaccurate pre-
diction equationL(x, y, z). The Lorenz model with an error
term E,, = 5sin(sin(x)) is regarded as an accurate prediction
equation, and connecting node= “+", as follows:

A = “+//

E,(x,y,z,t) = 5sin(sin(t))
Ey(x,y,z,t)=0
Ez(x,y,z, 1) = 0.

be retained, which can be continuously used to EM of theThus, Eq. (3) can be written as

next generation. Finally, several mathematical models with
relatively minimal errors will be obtained.

Firstly, in Eq. (3), for example, the functioh(x, y, z)
must be unchanged in the EM. Then, the function will be
expressed as the binary tree hierarchy (Fig. 1), which can b

& = L.(x,y)+5sinsin(r))

d
d_ij =Ly(x:y,Z)
Z

4
%; = LZ(-xv y:Z)-

represented in a certain program code, and then can be place

into the evolutionary process. Obviously, obtaining the ex-
pression of the error functioBi(x, y, z) is an inverse problem

Nonlin. Processes Geophys., 19, 43847, 2012

In Eq. (4), the integral initial values af, yo andzg are 1.19,
3.08 and 21.65, respectively. The integral step is 0.1. The first
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Fig. 2. The “observed value’xp, zg) and the corresponding predic-
tion data §, z) of the prediction model, where the sample size is Fig. 3. Error correction based on the first componggtx, y) using
700. (a) Variable x in the Lorenz model; an¢b) variablez in the EM. (a) and(b) are the fitting and prediction data of the corrected

Lorenz model. models using the error functioE)(Cl), E)(CZ) and E)(C?’), respectively.
(c) and(d) are the same a@) and (b), but for E)(C4), E)(Cs), E,(CG),
. tively.
700 integral steps of Eq. (4) are regarded as “observed data® PECHVEY

(solid line in Fig. 2). The corresponding prediction data can

be generated by the classic Lorenz model (Eg. 1), and the SQje|q ity of the evolutionary algorithm and avoid excessively
lution of the approximation model has been shown in Fig. 2rapid or slow evolution of populations. Thus, it can ensure

(dash line). Comparing the prediction data with the obser, ohiain several reliable solutions with high quality. A few

vational data, it is clear that there is some small difference, o iction equations have been listed in Table 2 obtained by
between the prediction data and the observational data wh

. PIEE he error correction scheme.
the integral time is less than about 180 steps. Thereatfter, the Generally, it is difficult to have the knowledge on the

differences gradually become larger, and even the phases @f g ang positions of the error terms. The error corrections

evolution of the prediction data and the observational datg, o e peen implemented for the three functidng(x, y)

are sometimes in opposition. Ly(x,y,2), L;(x,y,z), respectively. Based on the results of
In accordance with the correction scheme, the GP and GElghe 1. seven representative error functions are shown in Ta-

are used in the modeling approach. The details of the relateg|e 2 for the error corrections on the first functibp(x, y) in
parameters are already listed in Table 1, and a relative €MO%a Lorenz model (Eq. 1). The error functiai{® obtained

function is used as the fitness function, by EM is identical to the real error term because the func-

) 1000 tion £ can be transformed into the original error func-

fitness f (x)) = ———. (5) : o " )
N 5 tion. Indeed, it is no doubt that the probability for obtain-
_Zl(xi = Xir) ing an identical error function is very low in climate models
1=

based on the existing technology. The reason is that the vari-

Equation (5) is called the evaluation function, which is a ables and physical mechanisms of the atmospheric motion
quantitative indicator of the quality of model, and also pro- are more complicated than those of the current example. The
vides the termination condition of the EM program. Here, other six error functions can be divided into two categories.
x; is the “observational data”, and is the solutions of the  The first three error functions only contain time variable
revised model by EM. It is the most crucial element of the and the style of these functions is similar to that of the real
evolutionary algorithm for the problem to be solved. The error function. In contrast, there are more than one variable
selection of the fitness function has a significant impact oncontained in the other three error functions. It is easy to find
the convergence speed and results of the evolutionary algahat most of these error functions obtained by EM are similar
rithm. The evaluation function (Eg. 5) is comparatively con- to the given error ternk,, namely, trigonometric functions
sistent with the law of evolution, the “survival of the fittest”. are the main form in these error functions.
It retains a suitable adaptive range and can create a state The fitting curves and prediction curves are shown in
space that can be addressed by the evolutionary algorithnfig. 3. The sample size of the training data is 500, and that
A suitable evaluation function can improve the convergenceof the prediction data is 200. Obviously, they are all good

www.nonlin-processes-geophys.net/19/439/2012/ Nonlin. Processes Geophys., 1944392012
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Table 1. Parameters in the EM procedure.

Setting GP GEP
Population size 100 100
Generation 100-1000 500-1000
Selection method Elite Elite
Functions +,—,*,/,sin, cos, In, exp +, —, %, /,sin, cos, In, exp
Random constant range 0-100 0-100
Crossover prob. 75% 75%
Mutation prob. 4.4% 4.4%
Minimum level of binary tree 3 /
Maximum level of binary tree 5 /

Head length / 20
Observations size 700 700

Table 2. Error functions and errors of the equations obtained by EM (for varigble

Error function . . Errors (based on x)
Expression of error function

Object  function Including

reviesd name variables Fitness Prediction

E}(Co) ; 10 si_r(O.§sin(t)) c090.5sin(z)) 0 0
+5sin(sin(z))

Y t 2sint) +1 0.26 1.37

de/dr g@ t 3.248sincos(1)) 1.50 8.41
EQ 4584 0.56 3.14
E® X,y 5c08x) cof (%)‘05) 0.038 0.02
E® X1 sin(sin(sin(y +1))) + 1.554 0.02 1.68
E® X,z In(coge*) + cogcosz +0.5)+5  0.03 0.06

fitting results for different error functions by EM, and the shows the ability of EM to reduce model error using histori-
prediction errors are largely reduced by the correction beforecal observational data.
reaching the first 150 steps. Even though the prediction error The results of the error corrections on the second func-
becomes slightly larger in the final 50 steps, the overall vary-tion L, (x, y,z) of the Lorenz model are listed in Table 3.
ing trend remains unaffected. It is also indicated that thereThe original error termE, is in the first functionL, (x, y)
exists a time limit in the correction efficiency of these error in Eq. (4), but the error corrections on the second function
functions. In Fig. 3a and b, the adaptive value calculated byL,(x, y, z) can achieve the effect of reducing prediction er-
Eq. (5) is less than 2, and the maximum of the predicationror by the automatic searching process of the EM and the
error is only 8.41. Obviously, it is a successful error correc-correction effect is almost the same as with the function
tion. Figure 3c and d show the results of the revised equatiorL, (x, y). Apart from the error functionEﬁl) and Eﬁz), the
corrected by three relatively more complex error itemg?, fitting values of other four revised functions are less than
E® andE®. They contain more than one variable, includ- 1.0. The fitting value ofz(" is the largest in the six cases;
ing componentsx, y, z) ands. Even though they are more however, it can be seen that the prediction error also can be
complicated than the original error function, the effects of largely reduced (Fig. 4). For the other three error functions
the error correction are still satisfactory. Except for the pre—E§,4), E§5), E§,6), the average prediction errors of the revised
diction result of the revised equation 55&5), the average function are very small. The prediction errors of the revised
prediction errors are very small. The corrected prediction resmodel by the error functiorE}(,"'), E§5), Eﬁe) become rela-
sults are similar for the prediction of the variableandz by tively larger when the integration time is greater than about
error correction on the first functioh, (x, y) in Eq. (4). It 150 units. The results further indicate that there exist time
limits in the correction efficiency by these error functions. It

Nonlin. Processes Geophys., 19, 43847, 2012 www.nonlin-processes-geophys.net/19/439/2012/
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Fig. 5. Error correction based on the third componéntx, y, z)
using EM. (a) and (b) are the fitting and prediction data of

the corrected models using the error functiﬁél),Eéz),Egs),
respectively.(c) and (d) are the same a&) and (b), but for

E§4), E 1(5), E ée), respectively.

Fig. 4. Error correction based on the second compodsiit, y, z)
using EM. (a) and (b) are the fitting and prediction data of
the corrected models using the error functiﬁ[ﬁl),Eﬁz),E}(,s),
respectively.(c) and (d) are the same aa) and (b), but for
E§,4), E§5), E§6) , respectively.

shows that the structural errors of a prediction model can beStatIStICaI correction strategy, this paper proposes a direct

adjusted by correcting its different components of the modeI.C(;]r_rethIon metl?od of m]?gel error baseld 0.? th? iM a'%‘?”tﬂ_m’
Similar error corrections have been implemented for the third\tN IC lga? Make use ot dynamic reguiarities inerent in nis-
function L,(x, y,z). The results are listed in Table 3 and orical data. . .- - :

shown in Fig. 5. The effects of the corrections are similar In comparison with the original prediction equation, the

with those of the other two components in the Lorenz model numerical results indicate that prediction errors are signifi-
‘cantly reduced after the correction by the EM algorithm and

Based on these results, it can be concluded that varioughe feasibility and ability of the correction scheme proposed
forms of error function can be obtained by the EM algorithm. In this paper. The present work demonstrates that, using the

Some of them are simple error function forms, which may betE'v.I allgé)r![thm, thbe abur;jdfmce of Tforrgaltlon presTehnt in his- i
almost identical to the original error function in the inaccu- orical data can be Used 1o correct model errors. 1he presen

rate equation; however, there are also complex forms, whicﬁnethod can make full use of the advantages of dynamics and

contain various kinds of compound functions. In certain time St?}'St_'CS' f f functi be obtained by EM al
range, they provide similar dynamic characters. In summary, _?rr]|ous %”.?S ?I grrord#frjc II?I: Cint er? amned by ar
the information of the prediction error contained in the obser-301thm, and itwilfbe a difficult task to choose an appropri-

vation data can be effectively extracted by EM. EM provides ate ebquatlog Itn prl;ca'ttlﬁ r:hAn ensle mblgfore dcastltr;]g metfgjpd
a variety of possible forms of error function, which can be can be used to deal wi IS problem. Based on the predic-

used to largely reduce the prediction error in a certain timetlon errors _Of the model correqted by EM_’ the proportion of
limit. the prediction results of the different revised model can be
quantitatively allocated. It can reduce the uncertain of the
prediction results by the revised model as well as avoiding
4 Conclusions randomicity of a single revised model.
Only a simple three-dimensional Lorenz equation is se-
The development of a numerical model largely depends orlected to study the scientific problem for model error correc-
the continued improvement of the model and the quality oftion in the present paper, but our work has undoubtedly paved
observational data. The dynamical methods have already bex new way for the implementation of a combined dynamics-
come an important research direction in climate prediction.statistics. The results of the numerical experiment will be a
The dynamics-statistics approach is a significant and effecgreat encouragement for researchers to continually study in
tive way to improve prediction capabilities under the condi- this field, and it further demonstrates that the combination of
tions of existing models and data. Different from the simple dynamics and statistics is an important and feasible approach
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Table 3. Error functions and errors of the equations obtained by EM (for varigble

Error function . . Errors (based on)
Expression of error function

Object  Function Including

reviesd name variables Fitness  Prediction
EY t sin(sin() +sin(t +2)) +05  4.58 2.45
EP t V102 2.28 7.60
dy/de g ‘ cos(0.5 +1sin(r)) +0.642  0.96 3.74
. /5
EY v.z eI =VE=1ES 0.03 0.22
E® Xyt (sin(cos(x)) + /37)/5 0.04 0.25
©®) 1
Ey X, ¥, 2 COS(xy— W) 002 008

Table 4. Error functions and errors of the equations obtained by EM (for varigble

Error function . . Errors (based on)
Expression of error function
Object  Function Including
reviesd name variables Fitness  Prediction
[€)) 0.5—¢
E; t e (g_5r2+2) 1.44 7.9
(& ' ¥/5-051=¢) 0.87 2.29
dz/dt ¢
E® t sin(e2t04) 4 (sin(e’) +0.4)/5  0.42 2.33
4 sin(x+5/x)
E; X, 9,2 E0)FNGO TS —t 0.12 0.32
E® v,z Zoos(ZeoA05) 0.02 0.04
E® z eSinte?)—z 0.03 0.22

for the improvement of prediction precision. In future work, AcknowledgementsThe authors thank the anonymous review-
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that of multi-equations. Based on this, the computational ef-
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ical calculations used in this paper all are based on multi-Reviewed by: two anonymous referees
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the computational efficiency of EM. So we believe that the

present study could be applied to more complex systems for

the correction of model errors including the model errors of

large-scale numerical prediction models.
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