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1. Holistic operational process 

 

Till 2007, the Asia Pacific Economic Cooperation (APEC) Climate Center (APCC) has 

issued operational seasonal forecasts four times a year. However, since January 2008, APCC has 

been issuing monthly rolling 3-month forecast initiated a one-month lead, and disseminating 

them to APEC member economies. Fig.1.1. provides the steps involved in forecast generation 

and dissemination process. 

Original dynamical model data including forecasts and hindcasts are firstly collected from 

the model providers in APEC member economies. Then standardizations are conducted to make 

these model data into uniform format. Each file only includes one variable in one month for one 

ensemble member. Next, quality check (QC) is carried out for the forecast data. Only these data 

passing the quality check and observations are prepared as the input data for APCC multi-model 

ensemble (MME) operational forecasts. The APCC produces monthly 3-month forecasts 

applying four deterministic and one probabilistic method which will be discussed in Section 2. 

 

1. Simple Composite Method (SCM): a simple averaged MME where the contribution of 

each single-model is equally weighted 

2. Multiple Regression Method (MRG): empirically weighted MME with coefficients 

computed using multiple linear regression (Krishnamurti et al. 2000; Yun et al. 2003) 

3. Synthetic Superensemble Method (SSE): MRG with the empirical orthogonal function 

(EOF)-filtered datasets to minimize the residual error variance (Yun et al. 2005) 

4. Stepwise Pattern projection Method (SPM): calibrated MME which is obtained from the 

adjusted (or corrected) single model predictions (Kug et al. 2008) 



5. Probabilistic MME (PMME): MME based on position of the forecasts probability 

density function (PDF) in respect to the historical PDF (Min et al. 2009) 

 

The APCC issues the product 5 days prior to the forecast period every month. Along with 

forecast information, current climate conditions and relevant forecast verification information are 

also provided though a bulletin as well as the APCC website. In the climate outlook, global and 

regional features are interpreted and described depending on the above forecasts. Their digital 

data is available through the APCC Data Service System (ADSS) server (http://cis.apcc21.net). 

Both of the cross-validated hindcast verification for the forecast period and real-time forecast 

verification with one-month lag are available. Most of the metrics used to measure prediction 

skill of deterministic and probabilistic forecasts in the APCC operations are recommended by the 

World Meteorological Organization (WMO) standardized verification system for long-range 

forecasts (SVS-LRF; WMO 2002). 

 

 

2.Methodology 

 

2.1 SCM 

 

The MME technology has been considered as one of efficient solution to improve the 

weather and climate forecasts. The basic idea of MME is to avoid model inherent error by using 

a number of independent and skillful models in the hope of a better coverage of the whole 

possible climate phase spaces. MME is a deterministic forecast scheme as a simple arithmetic 

mean of predictions based on individual member models. In MME, there is an assumption that 

each model is relatively independent and to some extent, it has the capability to forecast the 

regional climate well, therefore we can expect a well model forecast by simple composite of each 

model prediction from different models. This scheme keeps the model dynamics due to the 

simple spatial filtering for each variable at each grid point. In addition, this simple scheme 

contains the common advantage and limitation of the model predictions, therefore, it could be a 

good benchmark used to evaluate other MME schemes. 



 
Fig. 1.1 Forecast procedures and monthly time schedule at APCC based on multi-climate model 

ensemble system. 

 

 

The SCM forecast constructed with bias-corrected data is given by 
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where, Fi,t is the ith model forecast at time t,  and is the climatology of the ith forecast and 

observation, respectively, and N is the number of forecast models involved. Therefore, the MME 
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results are generated by the combination of bias-corrected model forecast anomalies. Skill 

improvements result from the bias removal and from the reduction of the climate noise by 

ensemble averaging. In this scheme, the ensemble mean assigns the same weight of 1/N to each 

of the N member models in anywhere regardless of their relative performance.  

 

2.2 MRG 

 

The conventional multi-model superensemble forecast (Krishnamurti et al., 2000) 

constructed with bias-corrected data is given by 
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Where, tiF ,  is the thi  model forecast for time t , iF  is the appropriate monthly mean of the thi  

forecast over the training period, O  is the observed monthly mean over the training period, ia  

are regression coefficients obtained by a minimization procedure during the training period, and 

n  is the number of forecast models involved. The multi-model superensemble forecast in 

equation (2.4) is not directly influenced by the systematic errors of forecast models involved 

because the anomalies term )( , iti FF −  in the equation accounts for each model’s own seasonal 

climatology. 

At each grid point for each model of the multi-model superensemble the respective 

weights are generated using pointwise multiple regression technique based on the training period. 

For obtaining the weights, the covariance matrix is built with the seasonal cycle-removed 

anomaly ( 'F ), 
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Where Train denote the training period, and i  and j  the i th and j th forecast models, 

respectively. 

The goal of regression is to express a set of data as a linear function of input data. For this, 

we construct a set of linear algebraic equations, 

C · x = 
~

'o ,                                                              (2.4) 
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 is a ( n x 1) vector containing the covariances of the observations with 

the individual models for which we want to find a linear regression formula, and 'o is seasonal 

mean-removed observation anomaly, C is the ( n x n ) covariance matrix, and x is an ( n x 1) 

vector of regression coefficients (the unknowns). In the convectional superensemble approach, 

the regression coefficients are obtained using Gauss-Joran elimination with pivoting. The 

covariance matrix C and 'o  are rearranged into a diagonal matrix C’ and ''o , and the solution 

vector is obtained as 
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where the superscript T denotes the transpose. 

The Gauss-Jordan elimination method for obtaining the regression coefficients between 

different model forecasts is not numerically robust. Problems arise if a zero pivot element is 

encountered on the diagonal, because the solution procedure involves division by the diagonal 

elements. Note that if there are fewer equations than unknowns, the regression equation defines 

an underdetermined system such that there are more regression coefficients than the number of 

{ '
jo }. In such a situation, there is no unique solution and the covariance matrix is said to be 

singular. In general, use of the Gauss-Jordan elimination method for solving the regression 

problem is not recommendable since singularity problem like the above are occasionally 

encountered. In practice, when a singularity is detected, the superensemble forecast is replaced 

by an ensemble forecast. 

SVD is applied to the computation of the regression coefficients for a set of different 

model forecasts. The SVD of the covariance matrix C is its decomposition into a product of three 

different matrices. The covariance matrix C can be rewritten as a sum of outer products of 

columns of a matrix U and rows of a transposed matrix VT, represented as 
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Here U and V are ( n x n ) matrices that obey the orthogonality relations and W is an ( n x n ) 

diagonal matrix, which contains rank k  real positive singular values( kw ) arranged in decreasing 



magnitude. Because the covariance matrix C is a square symmetric matrix, CT = VWUT = UWTT 

= C. This proves that the left and right singular vector U and V are equal. Therefore, the method 

used can also be called principal component analysis(PCA). The decomposition can be used to 

obtain the regression coefficients: 
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The pointwise regression model using the SVD method removes the singular matrix 

problem that cannot be entirely solved with the Gauss–Jordan elimination method. Moreover, 

solving Eq. (3.7) with zeroing of the small singular values gives better regression coefficients 

than the SVD solution where the small values jw  are left as nonzero. If the small jw  values are 

retained as nonzero, it usually makes the residual | C · x 2 
~
o | larger (Press et al. 1992). This 

means that if we have a situation where most of the jw  singular values of a matrix C are small, 

then C will be better approximated by only a few large jw  singular values in the sum of Eq. (2.5). 

 

2.3 SSE 

 

Despite the continuous improvement of both dynamical and empirical models, the 

predictive skill of extended forecasts remains quite low. Multi-model ensemble predictions rely 

on statistical relationships established from an analysis of past observations (Chang et al., 2000). 

This means that the multi-model ensemble prediction depends strongly on the past performance 

of individual member models. 

 

In the context of seasonal climate forecasts, many studies (Krishnamurti et al., 1999, 

2000a,b, 2001, 2003; Doblas-Reyes et al., 2000; Pavan and Doblas-Reyes 2000; Stephenson and 

Doblas-Reyes 2000; Kharin and Zwiers 2002; Peng et al., 2002; Stefanova and Krishnamurti, 

2002; Yun et al., 2003; Palmer et al., 2004) have discussed various multi-model approaches for 

forecasting of anomalies, such as the ensemble mean, the unbiased ensemble mean and the 

superensemble forecast. These are defined as follows: 
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Figure 2.1 is a schematic chart illustrating the proposed algorithm. The new data set is 

generated from the original data set by finding a consistent spatial pattern between the observed 

analysis and each model. This procedure is a linear regression problem in EOF space. The newly 

generated set of EOF-filtered data is then used as an input multi-model data set for 

ensemble/superensemble forecast. The computational procedure for generating the new data set 

is described below. 

The observation data (O) and the multi-model forecast data set (Fi) can be written as linear 

combinations of EOFs, which describe the spatial and temporal variability: 
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Here, )(~ tOn , )(~
, tF ni  and )(xnφ , )(, xniϕ  are the principal component (PC) time series and the 

corresponding EOFs of the nth mode for the observation and model forecast, respectively. Index 

i indicates a particular member model. The PCs in eqs. (3.11) and (3.12) represent the time 

evolution of spatial patterns during the training period (t) and the whole forecast time period (t). 

We can now estimate a consistent pattern between the observation and the forecast data, which 

evolves according to the PC time series of the training observations. The regression relationship 

between the observation PC time series and the number of PC time series of individual model 

forecast data can be written as 
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With eq. (3.13) we can express the observation time series as a linear combination of the 

predictor time series. To obtain the regression coefficients αi,n the regression is performed in the 

EOF domain. The regression coefficients αi,n are found such that the residual error is minimized. 

The covariance matrix is constructed with the PC time series of each model. For obtaining the 

regression coefficients αi,n, the covariance matrix is built with the seasonal cycle-removed 

anomaly. Once the regression coefficients αi,n are found, the PC time series of new data set is 

written as 
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The new data set is now generated by reconstruction with corresponding EOFs and PCs: 
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This EOF-filtered data set generated from the DEMETER coupled multi-model is used as an 

input data set for both multi-model ensemble and superensemble prediction systems that produce 

deterministic forecasts. What is unique about the new data set is that it minimizes the variance of 

the residual error between the observations and each of the member models (Fig. 2.1). The 

residual error variance is minimized using a least-squares error approach. 

 

2.5 PMME 

 

The APCC Probabilistic Multi-Model Ensemble Seasonal Climate Prediction System 

(PMME) was invented and implemented as an operational forecasting tool in May 2006 (Min 

and Kryjov 2006). Detailed description of the method, scientific bases, verification assessments 

are given in Min et al. (2009). 

 

a. probabilistic multi-model ensemble operational forecast 

 

The APCC operational seasonal forecasts are issued in the form of tercile-based 

categorical probabilities (hereafter, tercile probabilities), that is, the probability of the below-

normal (BN), near-normal (NN), and above-normal (AN) categories, with respect to climatology. 

In this study, similar to many other studies (e.g., Kharin and Zwiers 2003; Boer 2005), a 

Gaussian approximation was applied to estimate tercile probabilities. The APCC forecast 

procedure consists of two stages. In the first stage the individual model probabilistic forecasts are 

estimated. The lower ( bx ) and upper ( ax ) terciles are estimated as σμ 43.1−=bx  and

σμ 43.1+=ax , respectively, with μ and σ being the mean and standard deviation of the 

hindcast sample. Forecast probability of each category is estimated as a portion of the cumulative 

probability of the forecast sample associated with this category. In the second stage, individual 

model probabilistic forecasts for each category are combined using Eq. 2.13 (see below). 

An example of a probabilistic seasonal forecast issued by APCC for temperature is shown 

in Fig. 2.2. It shows the forecast probability of each category separately, and a combined one 

based on three category probabilities. The combined map (Figure 2.2d) shows the regions where 



one of the categories dominates with corresponding color and the regions where the forecast PDF 

does not significantly differ from the climatological one are left uncolored. For the combined 

map, at each grid point we test the forecast probability distribution against the climatological 

distribution applying Pearson’s chi-square ( 2χ ) test. We estimate the statistic as 
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where n  is a sum of ensemble sizes of individual models, )( jEP  is a forecast probability of j -

event, and 0.333 is the expected (climatological) probability of all three equiprobable categories.  

Under the null hypothesis, which corresponds to no significant difference from 

climatological probability distribution, this statistic has a 2χ  probability distribution with two 

degrees of freedom. If the null hypothesis is rejected at the 5% significance level, the largest 

forecast categorical probability is marked in the combined map with respective color. It is worth 

noting that the threshold probabilities associated with this test are very close to those estimated 

as the 95% confidence interval of climatological probability based on binomial probability 

distribution.  

 

b. multi-model combination 

 

Two approaches are possible to developing of a probabilistic multimodel ensemble 

forecast on the basis of a set of model ensembles. The first approach is pooling (e.g., Barnston et 

al. 2003; Doblas-Rayes et al. 2005), and the second is to separately compute a probabilistic 

forecast for each individual model and then combine them. Because of the inconsistency between 

individual model weights in the APCC hindcast and forecast datasets, only the second approach 

can be used for the operative APCC probabilistic forecast method. It implies that forecast 

probabilities for each tercile category are estimated separately for each individual model and 

then these forecast probabilities are combined by applying the total probability formula: 
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in model formulations and sampling errors. If the difference between the individual model 

forecasts is comparable to or less than the model standard errors the optimal model weights are 

inversely proportional to the squared standard error of each individual model forecast (Taylor 

1997). Alternatively, if the difference between the model forecasts is much larger than the model 

standard errors, one can neglect them and combine the model forecasts with equal weights. 

 

The analysis of the ratio between the model standard errors and differences between the 

model ensemble means has been carried out on the 21-year cross-validated hindcasts. The 

standard error for each model for each year is defined as 

σεμ
21/n−= ,                                                      (2.15) 

where σ is the standard deviation of the model spread, and n is the model ensemble size.  

 

The supporting study has shown that for the globe as a whole neither the intermodel 

difference, nor the standard error can be treated as prevailing, that is, neither of the above 

suggested weights is appropriate for a method of global multimodel forecast. Such uncertainty 

suggests that for the global forecast method it is reasonable to choose some compromise 

approach to the model weights. We have suggested the geometric mean of the alternative weight 

values, that is, we assign those model weights that are inversely proportional to the maximum 

error in forecast probability associated with standard error. 

 

The maximum random error in forecast probability, Pε , is related to the standard error of the 

mean defined in Eq.(3.18) as: 

μεε )(XfP = ,                                                     (2.16) 

 where )(Xf  is a Gaussian PDF: 
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and μεμ <− || X /2. For the standard errors associated with ensemble sizes varying from 5 to 31 

the exponent term in Eq. (2.17) ranges within the interval from 0.98 to 0.9999 and can be treated 

as a constant. Eq. (2.16) becomes as follows 
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Therefore, for each individual model forecast, we assign the weight proportional to the square 

root of the model ensemble size, in . Taking into account that model weights must sum up to one, 

the final forecast formula for each j -event is as follows 
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