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1. Introduction

     Variations of the earth’s atmosphere are governed by laws of physics, and in principle the future state of the atmosphere is predictable, if we have the perfect initial condition at a certain time and we have a perfect knowledge of the laws of physics. In reality, it is not possible to obtain the perfect initial condition. A small error in the initial condition grows rapidly and sooner or later the magnitude of error becomes as large as the change in the atmospheric variable that we want to forecast. The studies of predictability have shown that the limit of atmospheric predictability is about two weeks. By this time, the forecast error becomes as large as the standard deviation of the natural atmospheric variability. However, if we look at the low-frequency variability by filtering out the high-frequency variability such as day to day variation, we can expect predictability beyond two weeks.  Low-frequency variability, such as those represented by weekly mean, monthly mean or seasonal mean, may be predictable beyond two-week predictability limit. Furthermore, there is an atmospheric variability forced by slowly varying ocean variation. Such an atmospheric variability may be predictable if we can predict the ocean condition. Target of seasonal forecasts is the low-frequency atmospheric variability. 

2. Analysis of Variance (ANOVA)

Analysis of variance (ANOVA) is a useful technique to understand the atmospheric variability. An atmospheric variable, such as temperature, wind, precipitation, etc., may be decomposed into several different components so that each component corresponds to different physical mechanism.
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If these components are statistically independent each other the variance of       can be written as a sum of the variance of each component.
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In the real atmosphere, such a decomposition may not be easy. By using Principal Component Analysis (PCA), which is called Empirical Orthogonal Function (EOF) Analysis in meteorology, we can decompose a variable into a set of statistically independent components. In this case, however, each component does not necessarily correspond to a certain physical mechanism, and understanding physical mechanism of the variation may not be easy. Even though, such decomposition is very useful for understanding the mechanism and predictability of the atmospheric variability. It should be noted that the ratio of variance of each component to the total variance is the ratio of the variance explained by the component and corresponding physical mechanism. This ratio is equal to the square of correlation between the variable and the i-th component. 
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3. Predictability of seasonal forecast       

     To examine the predictability, we can decompose an atmospheric variable into  predictable component (signal) and unpredictable component (noise).
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Corresponding to this decomposition, the variance can be decomposed into signal component and noise component. 
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The signal variance decreases and noise variance increases with forecast lead time (Fig.1).
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Fig. 1  Schematic diagram of predictable signal variance and unpredictable noise variance.

     On the seasonal time scale, the signal and noise component may be further decomposed into components corresponding to the atmospheric variations with physically different mechanisms (Table 1).

Table 1   Predictable signal and unpredictable noise
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   Predictable signal: 

- some low-frequency internal modes





- externally forced slowly varying modes





- decadal modes 





- trends due to global warming

   Unpredictable noise: 

- high-frequency internal modes

- most low-frequency modes that have strong interaction     

with high-frequency modes
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     In seasonal forecast, the major predictable signal component is the atmospheric variation forced by slowly varying ocean variation. Particularly in the tropical ocean, convective activity of the atmosphere is sensitive to the sea surface temperature (SST). The convective activity in the tropics is the main source of energy of the global atmospheric circulation, and the variation in the convective activity has a large impact on the variation of global atmospheric circulation. Therefore, there is a large variation of global atmosphere forced by SST variation in the tropics. Most well known and significant SST variation on seasonal to interannual time scale is the El Nino phenomenon. El Nino is known to have a large impact on the global atmosphere. If El Nino is predictable, then the impact of El Nino is predictable to a large extent. Other SST forced atmospheric variation is also potentially predictable if we can predict the SST.

     Using the decomposition of atmospheric variation into signal and noise component, we can define the potential predictability as 
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This is the ratio of the predictable signal variance to total variance. This gives the upper limit of forecast skill. It should be noted that the concept of potential predictability does not depend on the particular forecast method, and therefore it gives the limit of forecast skill of any forecast method, dynamical method or statistical method. 

4. Ensemble forecast 

     In dynamical seasonal forecast, ensemble forecast method is used. The initial condition of the atmosphere for a dynamical forecast is made from observation data by data assimilation system. The initial condition thus obtained, however, slightly different from the state of the real atmosphere at the initial time. It is not possible to know the exact state of the atmosphere. There is unavoidable uncertainty in the initial condition. In the ensemble forecast, a set of forecast computations is made starting from slightly different initial conditions. The different initial conditions are produced by adding small perturbations to the initial condition obtained by data assimilation system. Figure 2 shows an example of ensemble forecast. Each member of the ensemble forecast gives the different forecast corresponding to the different initial conditions. Therefore, the difference among the members of the ensemble forecast represents the “unpredictable noise component”. On the other hand, the ensemble mean of the member forecasts represents the component that is independent of the small differences in the initial condition, and therefore it represents the “predictable signal component”.
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Fig. 2  Example of ensemble forecast

5. Estimate of potential predictability 

     Potential predictability defined above is a conceptual one, and it is not possible to estimate it from observation data. Using ensemble forecast or ensemble simulation, we can estimate the potential predictability. The forecast or simulated variable in the ensemble forecast or simulation can be decomposed into predictable signal and unpredictable noise in the same way as the observation data. 

[image: image14.wmf]y

　　　　　　　

[image: image15.wmf]s

x

[image: image16.wmf])

12

(

2

2

2

n

s

c

s

s

s

+

=

Here      and     are ensemble mean and deviation from ensemble mean, respectively.

We can calculate the signal variance,
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Then we can estimate the potential predictability.
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     Figure 3 shows the potential predictability of seasonal mean fields estimated by an ensemble simulation experiment. In this experiment, 6-member, 50-year-long ensemble simulations were made starting from six different initial conditions but with a single 50-year observed SST as a lower boundary condition. The variation of the ensemble mean in this experiment represents the SST-forced atmospheric variability that is the major source of predictable signal in the seasonal forecast. Figure 3a and 3b show the potential predictability of seasonal mean 850hPa temperature and precipitation, respectively. In general, the potential predictability is high in the tropics but low in the extratropics. The potential predictability of 850hPa temperature is generally high over the ocean but low over the land area far from the ocean. This indicates that the 850hPa temperature is to a large extent affected by the SST below. The pattern of potential predictability of precipitation is a little complicated. In the tropics the potential predictability is generally high over the ocean but low over the land. In the land area of tropics, potential predictability is high over the NE Brazil but low over the Indian monsoon region.

6. Deterministic category forecasts
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     Potential predictability is the upper limit of forecast skill. It is achieved only if the model is perfect and the correct SST (perfect SST forecast) is given. Under such condition, and if the ensemble size is large, then         ,  and the correlation between the ensemble mean and the observation is the square root of potential predictability (see Appendix).  
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In the real forecast, the correlation between ensemble mean and the observation is lower than this value.
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For a good model, although not perfect, forecast ensemble mean     is a good approximation of signal    . Thus we may write
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Then, the mean and standard deviation of forecast probability density function (PDF) are   
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    and    , respectively (Fig. 4).　　　　　
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Fig. 4  Schematic diagram of forecast probability density function (PDF)
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     In the operational seasonal forecast, deterministic three-category forecast is often used. The boundary values of the three categories, i.e. A: above normal, N: normal and B: below normal, are determined as the tercile point of climatological PDF. If the climatological PDF of anomaly is the normal distribution (Gaussian distribution) with mean zero and standard deviation     , then the tercile points are  ( 0.4307      (Fig. 5a). If the PDF of forecast anomaly is also normal distribution with mean     and standard deviation     , we can calculate the probability of occurrence of each category (Fig. 5b ).
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In the deterministic category forecast, the forecast category is the the category with highest forecast probability. When the forecast ensemble mean is    , the ratio of correct category forecast is
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The mean percent correct     of the deterministic category forecast is then
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The relationship between potential predictability, correlation, standard deviation of signal, standard deviation of noise and percent correct is summarized in Table 2.
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Table 2  Relationship between potential predictability   , correlation    , standard deviation of signal      , standard deviation of noise       and percent correct    .
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(         is assumed)
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     The potential predictability estimated by ensemble forecast or ensemble simulation using a particular model has estimation error. It may be overestimated or underestimated. The estimated potential predictability using different models approximately agree with each other, although further effort should be made for better estimate of potential predictability. It should be noted that the concept of potential predictability itself is not dependent on model, and applicable to limit of forecast skill of any forecast method, dynamical or statistical method. Sometimes we see that the apparent skill of a statistical forecast exceeds the limit of the skill indicated by the potential predictability. In such a case, we should carefully check if the skill of the forecast is real or not. 

7. Probability forecasts  

     As seen in Fig. 3 potential predictability is low in the extratropics, generally less than 0.3. According to Table 2, potential predictability 0.1 – 0.3 corresponds to correlation between the forecast ensemble mean and observation 0.32 – 0.55.  For this correlation, percent correct of deterministic three-category forecast is 43 – 51%. In the extratropics it is difficult to have the percent correct of category forecast higher tan 50%. On the other hands, in the tropics better potential skill is expected. 

     In the seasonal forecasts, there is a limit of skill indicated by the potential predictability. There is an unavoidable large uncertainty in the forecast. However, the difference of forecast PDF from the climatological PDF has a potentially useful information (Fig. 6). The effective use of the probabilistic information is not straightforward, and we need to develop a technology of application of probabilistic information for various users.   
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Appendix

Correlation between observation and forecast and root mean square error (RMSE) of the forecast can be written in terms of signal variance and noise variance.
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Fig. 3b Potential predictability of seasonal mean precipitation.





Fig. 3a  Potential predictability of seasonal mean temperature at 850hPa.
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Fig. 5  Probability of three categories: above normal(PA ), normal(PN ) and below normal (PB ).  (a) Climatological PDF,   (b) Forecast PDF 
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Fig. 6 Example of forecast PDF (thick line) and climatological PDF (thin line). 


Forecast PDF is normal distribution with mean 0.4 and standard deviation 0.9.


Climatological PDF is normal distribution with mean 0 and standard deviation 1.
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		2.3		0.0283		0.0169		0.0291		0.0477		0.0224		0.0169		0.0080		0.0026		-0.0059		-0.0114		-0.0203		-0.0257

		2.4		0.0224		0.0127		0.0223		0.0375		0.0173		0.0127		0.0055		0.0016		-0.0051		-0.0097		-0.0169		-0.0208

		2.5		0.0175		0.0094		0.0169		0.0291		0.0132		0.0094		0.0038		0.0010		-0.0044		-0.0082		-0.0138		-0.0166

		2.6		0.0136		0.0068		0.0127		0.0223		0.0099		0.0068		0.0025		0.0006		-0.0037		-0.0068		-0.0110		-0.0130

		2.7		0.0104		0.0049		0.0094		0.0169		0.0074		0.0049		0.0017		0.0003		-0.0030		-0.0055		-0.0087		-0.0101

		2.8		0.0079		0.0035		0.0068		0.0127		0.0055		0.0035		0.0011		0.0002		-0.0025		-0.0044		-0.0068		-0.0077

		2.9		0.0060		0.0025		0.0049		0.0094		0.0040		0.0025		0.0007		0.0001		-0.0020		-0.0035		-0.0053		-0.0058

		3		0.0044		0.0017		0.0035		0.0068		0.0029		0.0017		0.0004		0.0001		-0.0016		-0.0027		-0.0040		-0.0044
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