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Abstract—Damage of electric power facilities caused by 

typhoons is one of the most common meteorological 

disasters in Japan. The electric power supply is sometimes 

cut off in wide areas for a long time by typhoons, which 

brings an undesirable effect on society. To ensure the speedy 

restoration of the electric power supply, it is important to 

predict the amount of damage accurately for an 

approaching typhoon. This paper presents an improvement 

of Gaussian process (GP)-based predictor of electric power 

damage caused by typhoons. The electric power facilities 

have been maintained so that they are robust to the disasters, 

and the robustness changes with time. Therefore, the 

proposed predictor uses the information of the arrival date 

of typhoons as well as the typhoon weather information. 

Simulation results based on actual data show that the 

proposed predictor improves the accuracy of prediction 

compared with the conventional GP-based predictor. 

 

Index Terms—prediction, damage by typhoon, electric 

power systems, gaussian process, time-varying 

characteristics 

 

I. INTRODUCTION 

Electric power systems in Japan have suffered from 

major damage from typhoons almost every year [1]-[3]. 

Typhoons are defined as intense tropical cyclones that 

have an extremely high wind speed when they are formed 

in eastern Asia [4]. Once a blackout is caused by the 

typhoon, the influence to the civil life becomes extremely 

serious. To ensure the speedy restoration of the electric 

power supply, it is necessary to predict the amount of 

damage accurately for an approaching typhoon. Since 

there are many islands in Japan, developing an accurate 

prediction method is particularly urgent. This is because 

the staff and materials necessary for restoration must be 

appropriately arranged and sent to isolated islands from 

the mainland according to the predicted amounts of 

damage just before ships and airplanes are canceled due 

to the typhoon. 

Although significance of the accurate prediction has 

been recognized, the reasonable method of prediction has 

been seldom reported. In the field, empirical predictions 

based on past typhoon weather information and electric 

power damage have been utilized. However, it is difficult 
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for such predictions to keep the objectivity. On the other 

hand, the authors have presented two-stage predictors that 

consist of neural networks and linear or second-order 

regression from the viewpoint of nonlinear prediction [5]-

[7]. However, these prediction methods require a large 

number of parameters to describe the nonlinearity 

between the typhoon weather information and the electric 

power damage. This is presently one of the drawbacks of 

these predictors, because we can use only limited 

amounts of training input (typhoon weather information) 

and output (electric power damage) data. Moreover, 

confidence measures for the predicted amount of damage 

cannot be obtained for the two-stage predictors. 

To overcome these problems, we proposed the 

nonparametric prediction methods based on the Gaussian 

process (GP) model [8]-[11]. The GP model is a 

nonparametric model and fits naturally into the Bayesian 

framework [12]-[14]. This model has recently attracted 

much attention for system identification [15], [16], time 

series forecasting [17], [18], and predictive control [19]. 

The GP-based predictors include far fewer parameters to 

describe the nonlinearity than the two-stage predictors, 

and moreover they can give not only predicted amounts 

of damage but also their confidence measures. However, 

the accuracy of the GP-based predictors is not necessarily 

enough for practical realization. This paper focuses on an 

improvement of the GP-based predictor [8] in the view 

point of prediction accuracy. In general, electric power 

facilities have been reinforced by maintenance by the 

power suppliers such as electric power company. The 

robustness of electric power facilities to the disasters 

increases year after year. Considering the fact that the 

robustness of electric power facilities changes with time, 

the proposed predictor uses the information of the arrival 

date of typhoons as well as the typhoon weather 

information, as inputs to the predictor. This means that 

the relation between the typhoon information and the 

amount of damage is assumed to be time-varying. 

This paper is organized as follows. In Section II, the 

problem is formulated. In Section III, the numeric 

conversion of the typhoon information is described. In 

Section IV, the GP prior model for prediction is derived. 

In Section V, the separable least-squares (LS) approach 

using the linear LS method with particle swarm 

optimization (PSO) is presented for training of the GP 
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prior model. In Section VI, the prediction of the electric 

power damage is carried out using the GP posterior 

distribution. In Section VII, the performance of the 

proposed prediction method is demonstrated through 

numerical simulation using actual data of damage for the 

Amami archipelago in Japan. Finally, conclusions are 

given in Section VIII. 

II. STATEMENT OF THE PROBLEM 

The objective area for prediction is taken to be the 

Amami archipelago in Japan. This archipelago is located 

at about latitude         and longitude         , as 

shown in Fig. 1. 

The input of the predictor is the typhoon information: 

  [        ]
                             (1) 

where     is the typhoon track,   [m/s] is the maximum 

instantaneous wind speed, and    is the information of 

the arrival date of typhoons. The input    is introduced to 

represent the time-varying relation between the typhoon 

information and the amount of damage. It is possible to 

choose other weather information as the input, but this 

increases the scale of the predictor. Therefore, we choose 

only the typhoon track and the maximum instantaneous 

wind speed that affect the amount of electric power 

damage greatly. The output from the predictor is the 

amount of electric power damage , such as the number of 

circuits with power failure. 

It is assumed that we collect the typhoon data released 

from the Meteorological Agency: 

X [ ( )  ( )    ( )]  

x(j)=[  ( )   ( )   ( )]
                      (2) 

and the corresponding actual data of the amount of 

electric power damage: 

y [ ( )  ( )    ( )]                     (3) 

where    is the number of the typhoons that hit or came 

close to the Amami archipelago in the past. 

The purpose of this paper is to construct a prediction 

system that can predict the amount of electric power 

damage with its confidence measure from the data of a 

new approaching typhoon. 

 

Figure 1.  Quantification of the typhoon track 

III. NUMERIC CONVERSION OF TYPHOON 

INFORMATION 

The typhoon track    strongly correlates with the 

amount of electric power damage. In order to input the 

typhoon track into the predictor, we have to quantify it as 

a numerical value. In general, in the Northern 

Hemisphere, the wind force in the east side of a typhoon 

is stronger than that in the west side of the typhoon. This 

wind characteristic suggests that the typhoon via the west 

side of the Amami archipelago probably causes more 

damage than the typhoon via the east side of the Amami 

archipelago. 

Moreover, since a typhoon is likely to stay around the 

Amami archipelago for a long time, the electric power 

system may frequently suffer from major damage. 

Therefore, we have to consider the wind characteristic 

and the stagnancy of the typhoon when the typhoon track 

is quantified. First, the centers of the typhoon are plotted 

every hour in the range from latitude      to     . Then, 

a Gaussian function is arranged on the Amami 

archipelago as shown in Fig. 1. The numerical value of 

the typhoon track is calculated by summing the altitude 

values of the arranged function corresponding to the 

plotted centers as follows: 

   ∑  

 

   

 

      { 
(        )

 
 (          )

 

  
}                (4) 

where      is the latitude of the typhoon center,      is 

the longitude of the typhoon center,     is the latitude of 

the Amami archipelago,     is the longitude of the 

Amami archipelago,      is the bias for the typhoon 

center,   is the width of the Gaussian function, and   is 

the number of the plotted centers of the typhoon. Note 

that the value of the typhoon track becomes large in the 

case that the typhoon stays around the Amami 

archipelago for a long time. The bias is introduced to 

take the wind characteristic of the typhoon into 

consideration. A way of determining the adjusting 

parameter vector    [   ]
  suboptimally will be 

discussed in Section V. 

The maximum instantaneous wind speed   [m/s] can 

be directly available from the Meteorological Agency. 

The information    of the date when typhoons hit the 

Amami archipelago is determined usingthe period 

between the date prespecified as initial point and the 

arrival date of typhoons. 

IV. GP PRIOR MODEL FOR PREDICTION 

Assume that the relation between the typhoon 

information  and the amount of electric power damage   

is described as 

   ( )                               (5) 

where  ( ) is a function which is assumed to be smooth. 

  is assumed to be a zero-mean Gaussian noise with 
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variance   
 . Note that the input   contains the 

information of the arrival date of typhoons   . Therefore, 

the description of (5) means that the nonlinear function 

 ( )  is regarded as the time-varying function. The 

assumption of smoothness means that the amounts of 

electric power damage have a high correlation and 

become similar values for the typhoon data that are close 

to each other. 

Let the vector of function values corresponding to the 

typhoon data given by (2) be 

  [ ( ( ))  ( ( ))    ( ( ))]
 
          (6) 

Then this vector   is represented by the GP. The GP is 

a Gaussian random function and is completely described 

by its mean function and covariance function. We can 

regard it as a collection of random variableswith a joint 

multivariable Gaussian distribution. Therefore, the vector 

of function values   can be represented by the GP as 

   ( ( )  (   ))                        (7) 

where  ( )  is theN-dimensional mean function vector 

and  (   )  is theN-dimensional covariance matrix 

evaluated at all pairs of training input data. Equation (7) 

means that   has a Gaussian distribution with the mean 

function vector  ( ) and the covariance matrix  (   ). 
In this paper, the mean function  ( )

first-order polynomial, i.e., a linear combination of the 

input variable: 

 ( )   ̅                               (8) 

where  ̅  [    ] , and    [           ]
  is the 

unknown weighting parameter vector for the mean 

function. Thus, the mean function vector  ( ) is 

describedas follows: 

 ( )  [ ( ( ))  ( ( ))    ( ( ))]
 
  ̅    (9) 

where  ̅  [   ]  and   [       ]  is the N-

dimensional vector consisting of ones. 

The covariance matrix  (   ) is constructed as 

 (   )  [
       
   
       

]                  (10) 

where the element        ( ( ( ))  ( ( )))  

 ( ( )  ( ))  is a function of  ( )  and  ( ) . The 

following Gaussian kernel is utilized as the covariance 

function ( ( )  ( )): 

 ( ( )  ( ))    
    ( 

‖ ( )  ( )‖ 

   
)         (11) 

where     denotes the Euclidean norm. Equation (11) 

means that the covariance of the function values depends 

only on the distance between the inputs  ( ) and  ( ). A 

high correlation between the function values occurs for 

inputs that are close to each other. The overall variance of 

the random function can be controlled by varying    and 

the characteristics length scale of the process can be 

changed by varying  . 

As the amount of electric power damage   is a noisy 

observation, we can derive the following GP prior 

regression from (7): 

   ( ( )  (   ))                   (12) 

where 

 (   )   (   )    
    

                                           (13) 

and    [       ]
 
 is called the hyper parameter vector. 

In the following,  (   ) is written as   for simplicity. 

V. TRAINING BY PSO 

The accuracy of the prediction greatly depends on the 

unknown parameter vectors, i.e., the weighting parameter 

vector    of the mean function, the hyperparameter 

vector    of the covariance function, and the adjusting 

parameter vector    of the quantification of the typhoon 

track. Therefore, the parameter vector   [  
    

    
 ]
 
 

has to be determined suboptimally. This training is 

carried out by minimizing the negative log marginal 

likelihood of the typhoon data and the actual amount of 

electric power damage: 

       ( |   ) 

    
 

 
   | |  

 

 
(   ̅  )

    (   ̅  )  
 

 
   (  ) 

(14) 

As the cost function   generally has multiple local 

minima, this training becomes a nonlinear optimization 

problem. However, we can separate the linear 

optimization part and the nonlinear optimization part for 

this problem. Note that if the candidates for the 

hyperparameter vector    and adjusting parameter vector 

   are given, the weighting parameter vector    can be 

estimated by the linear LS method putting        ⁄ : 

   ( ̅
     ̅)   ̅                      (15) 

However, even if    is known, the optimization with 

respect to    and    is a complicated nonlinear problem 

and might suffer from the local optima problem. 

Therefore, in this paper, we determine the unknown 

parameter vector   by the separable LS approach 

combining the linear LS method with PSO. Only 

  [  
    

 ]
 
 [           ]

 
 is represented with the 

particles and is searched for by PSO. 

The detailed training algorithm is as follows: 

Step 1: Initialization 

Generate an initial population of   particles with 

random positions  [ ]
  [  [ ]

    [ ]
 ]

 
 and velocities 

 [ ]
  (         ). 

Set the iteration counter   . 

Step 2: Numeric conversion of the typhoon information 

Convert the typhoon information to a numerical value 

by the technique given in Section III. 

Step 3: Construction of the covariance matrix 
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Construct  candidates for the covariance matrix  [ ] 

using   [ ] (        ). 

Step 4: Estimation of     

Estimate   candidates for   [ ] (        )  from 

(15). 

Step 5: Evaluation value calculation 

Calculate the negative log marginal likelihood of the 

typhoon data and the actual amount of electric power 

damage: 

 ( [ ]
 )       ( | [ ]  [ ]) 

 
 

 
   | [ ]|  

 

 
(   ̅[ ]  [ ])

 
 [ ]
   

                  (   ̅[ ]  [ ])  
 

 
    (  )                (16) 

Step 6: Update of the best positions pbest and gbest 

Update      [ ]
 , which is the personal best 

position,and       , which is the global best 

positionamong all particles, as follows: 

If    , then 

     [ ]
   [ ]

  

        [     ]
                ( [ ]

 )      (17) 

otherwise 

     [ ]
  {

 [ ]
 ( ( [ ]

 )   (     [ ]
   ))

     [ ]
   (         )

    (18) 

            [     ]
  

            
 
 (     [ ]

 ) 

Step 7: Update of positions and velocities 

Update the particle positions and velocities using (19): 

 [ ]
        [ ]

          (     [ ]
   [ ]

 ) 

             (     
   [ ]

 ) 

 [ ]
     [ ]

   [ ]
                           (19) 

where    an inertia factor,    and    are constants 

representing acceleration coefficients, and       and 

      are uniformly distributed random numberswith 

amplitude in the range [0, 1]. Fig. 2 shows the update of 

particle positions. 

Step 8: Repetition 

Set the iteration counter to       and go to step 2 

until the prespecified iteration number     . 

 

Figure 2.  Update of particle positions 

Finally, at the termination of this algorithm when 

      , the suboptimal  ̂  [ ̂ 
   ̂ 

 ]
 

 and the 

corresponding  ̂  are determined by the best position 

         . 

VI. PREDICTION BY GP POSTERIOR DISTRIBUTION 

Let the amount of electric power damage 

corresponding to the estimated typhoon data    
[           ]

  in the Amami archipelago be   . Then, we 

can get the joint Gaussian distribution of    and    under 

the GP prior as 

[
 
  
]   ([

 ( )

 (  )
]  [

  (    )

 (    )  (     )    
 ])     (20) 

where  (    )   
 (    )  is the N-dimensional 

covariance vector evaluated at all pairs of the training 

input   and the new input   . From the formula for 

conditioning a joint Gaussian distribution [20], the 

posterior distribution for    is obtained as 

  |        ( ̂   ̂ 
 )                      (21) 

where  ̂  is the predictive mean and  ̂ 
  is the predictive 

variance, which are given as follows: 

 ̂   (  )   (    ) 
  (   ( ))        (22) 

 ̂ 
   (     )   (    ) 

   (    )    
      (23) 

 ̂  is the predicted amount of electric power damage by 

the typhoon and  ̂ 
  is utilized as the confidence measure 

of the predicted amount of damage. 

VII. SIMULATIONS 

We predict the amount of electric power damage using 

the actual data of 18 typhoons that hit or came close to 

the Amami archipelago from 1996 to 2009. Among the 

18 typhoons, 17 typhoons are used for training data and 

one typhoon is used for prediction data. Namely, we can 

predict the amount of electric power damage with 18 

combinations of training and prediction data. The amount 

of electric power damage is taken to be the number of 

circuits with power failure. The initial point for numeric 

conversion of     is set to be January 1, 1990. The design 

parameters of PSO are chosen as follows: 

particle size:       

maximum iteration number:          

inertia factor: 

           (         )     ⁄  

              (                   ) 

acceleration coefficients:               

The prediction results obtained by the proposed 

method and the conventional GP-based method [8] in 

which only typhoon weather information is utilized as 

input, are shown in Fig. 3 and Fig. 4, respectively. In 

these figures, the circles show the actual number of 

circuits with power failure, the squares show the 

predicted number of circuits with power failure, and the 

shaded areas give the double standard deviation 

confidence interval (95.5% confidence region). The mean 
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absolute error   ∑ |  ( )   ̂ ( )|
  
     ⁄  is 3.80 for 

the proposed method and 4.60 for the conventional GP-

based method, where   ( )  is the actual number of 

circuits with power failure and  ̂ ( )  is the predicted 

number of circuits with power failure.The proposed 

method improves the accuracy of prediction. The actual 

amounts of damage of 15 typhoons are included in the 

double standard deviation confidence interval for the 

conventional GP-based method, whereas the actual 

amounts of damage of 16 typhoons are included in the 

interval for the proposed method. Namely, the probability 

that the actual amounts of damage are included in the 

double standard deviation confidence interval is 88.9% 

for the proposed method and 83.3% for the conventional 

GP-based method. This indicates that the proposed 

method can also improve the confidence region. 

 

Figure 3.  Predicted number of circuits with power failure (proposed 
method) 

 

Figure 4.  Predicted number of circuits with power failure (conventional 

GP-based method) 

For comparison, Monte Carlo simulations with10 

experiments are implemented for the proposed method 

and the conventional GP-based method, where 10 setups 

of the initial population are generated for PSO. The mean 

absolute error is shown in Table I for both the proposed 

method and the conventional GP-based method. The 

average of the mean absolute error is 3.89 for the 

proposed method and 4.84 for the conventional GP-based 

method. The average of the mean absolute error of the 

proposed method is 19.6% smaller than that of the 

conventional GP-based method. Therefore, we can 

confirm that introducing the information of the arrival 

date of typhoons improves the prediction accuracy well. 

TABLE I.  MEAN ABSOLUTE ERRORS 

Population 

No. 
Proposed method 

Conventional GP-

based method 

1 3.89 4.79 

2 3.93 4.86 

3 3.81 4.89 

4 3.88 4.87 

5 3.95 4.89 

6 3.93 4.89 

7 3.91 4.91 

8 3.88 4.86 

9 3.80 4.81 

10 3.86 4.60 

average 3.89 4.84 

VIII. CONCLUSIONS 

In this paper, an improvement of the GP-based 

predictor of electric power damage caused by typhoons 

has been presented. Taking the maintenance of the 

electric power facilities into consideration, the proposed 

predictor uses the information of the arrival date of 

typhoons as well as the typhoon weather information, as 

inputs to the predictor. Simulation results show that the 

proposed prediction method yields more accurate 

predicted amount of damage than the conventional GP-

based method. Examination of another weather data that 

affect electric power damage is one of the future works. 
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