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Abstract: Space-time models suitable for describing the evolving random fields in climate and

environmental systems have been developed by many researchers. In general, rainfall in South Korea is

highly variable in intensity and amount across time and space. This study characterized the monthly and

regional variation of rainfall fields of the South Korea using seasonal space-time bilinear (STBL) model.

The main objective of this research is to develop approaches for spatial-temporal modeling in order to

further our understanding of water resources. We use the conditional maximum likelihood technique in

order to estimate the parameters in the seasonal STBL model. The seasonal STBL model also provides

a promising solution for analyzing and predicting rainfall data. 
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INTRODUCTION

Climate variability, its extremes and possible future

changes have a strong impact on mankind. Some

countries have already faced devastating experiences of

the ongoing climate change phenomena. The twin but

opposite phenomena of El Nino (drought) and La Nina

(massive rainfall) have caused numerous deaths and

destruction of crops. So, forecasting a drought year or

a wet year in the face of a hypothesized global

warming scenario is very important, particularly for

agricultural economy in South Korea. The need for

accurate modeling of the rainfall data set is vital. In

order to forecast a drought year or a wet year, we need

rainfall forecasting models that can accurately capture

the main characteristics the rainfall across the space

and time. 

Considerable work has been done in the area of

modeling spatially and temporally correlated data; see

B asawa ,  Cress ie ,  P osso lo ,  R ip ley ,[ 1 , 2 ] [ 7 ] [ 1 8 ] [ 2 1 ]

Rosenblatt , and Tjostheim , but many problems still[22] [25]

need to be addressed. Haslett and Raftery  suggest a[14]

space-time models by linking models for times series

and spatial processes. Carroll et al.  specify a space-[4]

time covariance function for a Gaussian random field

on ozone. Cressie and Davidson  suggests complex[9]

Bayesian space-time models that capture spatial

dependence using Gaussian Markov random fields

(GMRFs) and temporal dependence using vector

autoregressive (VAR) models. Seed, et al.  considered[23]

autoregressive models for predicting spatial rainfall

fields observed through radar maps. 

A significant advance in the spatial-temporal model

area was the development of space time autoregressive

moving average (STARMA) models proposed by

Pfeifer and Deutsch . While the STARMA models[17]

may effectively and simultaneously capture the

continuity in space and time, they fail to take into

account  the  nonlinear  behavior  which may very

well reveal and represent the underlying pattern of

bilinear process. This is especially important when

event has unusual jumps. By extending analysis

including bilinear process, we are able to capture the

nonlinear patterns. Consequently, although STARMA

model is very useful for space time process, this model

will not be applicable to spatial dynamic process with

unusual jumps. 

The ability to capture the unusual jumps from a

process will be the value of the spatial-temporal

bilinear model (STBL). To better capture the effect of

both spatial and temporal information, overcoming the

problems associated with unusual jumps, we introduce

a model of the STBL class which uses information

from nearby data in predicting the value of a given

data. Stensholt and Tjostheim  have considered a[24]

class of multiple bilinear models, and shown that the

STBL model is a special form of a multiple bilinear

model. Rao and Gabr  outlined a procedure for the[2 0 ]

estimation of a bilinear model based on maximizing the

conditional likelihood. This model and its identification

have been proposed and discussed by Dai and

Billard . Recently, Dai and Billard  have considered[10] [11]

the problem of the parameter estimation for the space

time bilinear model. STBL model are characterized by
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linear and nonlinear lagged spatial temporal

dependence. 

For STBL parameter estimation, we propose to

extend conditional maximum likelihood estimation

procedure was provided through the use of a Newton-

Raphson numerical optimization algorithm for spatially

and temporally correlated data with the assumption that

the model is stationary and invertible. The spatial

information of space time modeling is capture within

the sequence of weighted matrices. Weight matrices of

space time model play an important role to use

valuable spatial information in an efficient and

systematic way. 

The aim of this paper is that we introduce the

STBL model for spatial-temporal modeling with

different weight matrices, discuss estimation issues and

apply the model to monthly rainfall data in South

Korea. 

MATERIALS AND METHODS

Spatial-temporal Model: A time series model can be

further  defined  as  the process that exhibits

systematic dependence between the observations at

each location and the observations at neighboring

locations. The models that explicitly attempt to explain

these dependencies across space are referred to as

space time models. The autoregressive model has been

successfully fit not only for time series, but also for

spatial data, such as environmental data and climate

data. Space-time models suitable for describing the

evolving random fields in climate and environmental

systems have been developed by many researchers. 

In this section, we review various spatial-temporal

models to fit a process over space and time. Spatial

temporal autoregressive model (STAR) was first

introduced by Cliff et al. . This is simply the[15]

autoregressive model in space and time. The STAR

models are three-dimensional versions of the regular

AR time series model. One dimension is for time series

and the others are for two-dimensional spatial data. The

value of site is modeled as a linear combination of

neighboring sites in time and space and a white noise

term. The STAR model has the form 

where                      is the n x n weighting matrix

at spatial order of m . A more general model than

STAR is the mixed spatial temporal autoregressive and

moving average model (STARMA). STARMA model

has the form 

where p is the autoregressive order, q is the moving

i thaverage order, ë  is the spatial order of the i

j thautoregressive term, ç  is the spatial order of the j

moving-average term,     is the autoregressive

parameter at temporal lag i and spatial lag m ,      is

the moving-average parameter at temporal lag j and

spatial lag n,         is the n x n matrix of weights for

spatial order m  and     is the random normally

distributed error vector at time t. 

Space Time Bilinear Model: A broader and somewhat

more widely used family of additively nonlinear models

are bilinear models; see, Granger and Andersen  and[12]

Rao and Gabr . A class of space time bilinear model[19]

(STBL) is designed by Dai and Billard  to model[10]

spatial time series data which exhibit bilinear behavior.

The STBL is particularly appropriate for series that

exhibit sudden shocks to the system such as would

occur with a large disease outbreak  or bunched[10]

outliers, for during these periods there is a regime

shift. The autoregressive structure of the STBL model

expresses  the  observations  at time t taken from the

  spatial location as a linear combination of past

observations taken from i and its neighboring

tmeasurement locations. Let y  be the discrete time

series. In the most general form, a bilinear time series

can be expressed in the form

where                      and belongs to a stationary

and   zero-mean   white   noise   process.   If

                 

                                                   is called

a bilinear process denoted by                  and can

be viewed as an linear ARMA model,               , if

the coefficients           
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Extending to space and time, consider a collection of regions indexed by the integers             forming a

lattice  within a geographical domain of interest. This lattice is assumed to be endowed with a neighborhood

ksystem,                         where N    denotes  the collection of sites that are neighbors of site  k. For each

time t and site s, we observe the variable of interest,                                     . Moreover, denoting the

vectorized observed field at time t as ,                          STBL has the in vector form 

where     denotes the matrix element-wise multiplication for any matrix, p is the autoregressive order, q is the

moving average order, f is the autoregressive order in the bilinear term, g is the moving average order in the

bilinear term,      is the spatial order of the autoregressive term at temporal lag i,     is the spatial order of

moving average term at temporal lag  j,     is the spatial order of the autoregressive term in the bilinear term at

temporal lag i,      is the spatial order of the moving average term in the bilinear term at temporal lag j,      

is the autoregressive parameter at temporal lag i and spatial lag m ,      is the moving average parameter at

temporal lag i and spatial lag n,        is  the bilinear parameter at temporal lag i and j for the autoregressive and

the moving average terms, respectively, and at spatial lags m  and n for the autoregressive and moving average

terms, respectively.                      is the        weighting matrix at spatial order m . The specification of the

form of weights                     should reflect the configuration of the network of sites and         are a set

thof weights with                   , for all k and             nonzero only if sties k and u are m  order neighbors.

Through            one may incorporate the distances of the measurement location k and u. 

Spatial-temporal model allows the definition of different structures of spatial temporal dependence in terms

of the involved parameters and orders. In order to adjust the seasonality pattern, we suggest seasonal spatial-

temporal model for space time data. Therefore, seasonal spatial-temporal has four components that are,

autoregressive, moving-average, seasonal and bilinear components. 

However, unfortunately, both the STMA and the STARMA model are nonlinear in the moving average

parameter     . Parameter estimation becomes difficult, especially considering that the number of parameters in a

STARMA model is generally larger than for ARMA model. STARMA models can be viewed as special cases of

the vector autoregressive moving average models (VARMA). 

Spatial Neighborhood Structure: A very large number of spatial and spatial-temporal models including STBL

model depend on the definition of a neighborhood structure and use the spatial weight matrix. Specification of

spatial weights matrix is a critical task in developing spatial models . Popular functions used in the weights[13]

matrix in the literature include adjacency indices and those distance-based functions. 

Conditional autoregressive (CAR) models using distance-based neighbors have been applied in Conlon and

Waller  and Best et al. . In environmental process, environmental data commonly complicated and usually[6] [3]

irregular spaced data exhibit spatial, temporal and spatial-temporal dependence. CAR model was usually considered

in regular/lattice pattern data. In irregular data, some recent works on conditional specification of model for spatial

data  including  Cressie and Chan  have used the distance between area i and area j to introduce spatial[8]

correlation. In this paper, we newly suggest the proximity measures associated to adjacency criterion denoted by

      . The proximity values,       are standardization forms of     , where the sum of weights is one for each

site with restriction to                for each site i. Standardized weights which sum to one across the rows of
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the          matrix are useful in models with autoregressive errors, or other models based on Markov random fields

(MRF), which are similar to autoregressive model in univariate time series. Our weight matrix       of

neighborhood structure based on adjacency criterion can be expressed as 

ijd  is the Euclidean distance between two sites, R is the critical cut-off distance for each site i, and the spatial

effects are assumed negligible beyond R. In order to compute the spatial weights matrix, we need to do variogram

analysis to obtain a neighborhood structure. 

Rainfall Data Application: The variability in rainfall in South Korea is great both spatially and temporally, and

is considered to be one of the most limiting factors in agriculture. Together with the existence of a particular year

of water deficit (drought) or plenty (flood), another specific characteristic of some locations is the irregularity of

its rainfall in certain periods. The amount of monthly rainfall and its seasonal distribution are crucial factors for

understanding the spatial distribution of different ecological units, regardless of the scale of analysis. 

Figure 1 shows the map of Korea and locations of monitoring sites and Figure 2 is the time series plot for

the years from 1972 to 2002. The drought was the most severe in 2001, South Korea. South Korea has experienced

abnormal heavy rainfall episodes in recent years. That is, during the last 5 years, record-breaking heavy rainfall

events have appeared after the Changma period (the summer Asian Monsoon systems) that can be expressed as

a major rainy period, and on the contrary monsoon activities were less active than normal year during the Changma

period. There was an abnormal heavy rain period starting after the withdrawal of Changma also in the summer

of 2002. The rainfall amount in the random field will be spatially and temporally correlated to some extent . [15]

Fig. 1: Map of Korea and locations of monitoring sites (solid circle) in enlarged South Korea. Few monitoring

sites are located in small island do not show in map; the big open circle represents the radius from

triangle site. The radius is 0.6262 decimal degrees from range of variogram analysis . [15]



J. Appl. Sci. Res., 5(5): 565-572, 2009

569

Fig. 2: Monthly time series plot the 14 monitoring sites during 1971 - 2002. Time series plot indicate that there

exists a seasonal pattern and has to be differenced or transformed in order to produce a stationary series.

Our specific application is to try and predict flood or drought on South Korea by STBL model using data

about the current and past observation. We have focused on applying the process of STBL model and identified

models to solve the problem above. We will show that STBL model may useful to more exact prediction for flood

or drought year before it happens based on the past rainfall observations. Therefore, STBL model is efficient at

modeling real world process such as rainfall pattern of South Korea that characterized by periods of sudden change.

The STBL model will address problems that are encountered in the analysis of rainfall data taking into account

uncertainty in estimation for spatially and temporally correlated data. From the time series plot (not shown in this

paper) there exists a very strong seasonal pattern of the rainfall data for all monitoring sites, but showing particular

unusual jumps. 

We use s to denote the seasonal period and s = 12 for monthly rainfall series. Seasonal effects can be modeled

by including coefficients at lags which are multiples of the seasonal periods s = 12. The strength of the pattern

suggests that we should start by differencing the series at the seasonal lag s = 12. There is clearly a strong

seasonal trend and exists unusual jumps present in the data due to Changma, which starts in the southern area of

Korea in late June and gradually proceeds northward. The series appears to contain both a little bit upward trend

and a seasonal pattern. This means that we need to choose between differencing at lag 1 and at lag 12. If we

choose to difference at lag 12 it may be possible to eliminate both trends, so it seems preferable to start with this

kind of differencing. Together the plots indicate the differenced series is stationary. 
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Model Identification: The identification procedure follows the classical ARMA modeling through the definition

of  a space time autocorrelation function that helps in identifying the most significant spatial and temporal lags.

In order to identify the dependence over space and time, we use the autocorrelation function (ACF) and partial

autocorrelation function (PACF) suggested by Dai and Billard . The identification and estimation procedures for[10]

STBL model will be discussed in the following Section. 

Like univariate time series modeling, spatial time series data also have challenge to decide the optimal orders

of p and q. The Box-Jenkins modeling methodology can be applied to identify STBL model as well . Analogous[17]

to STARMA model identification processes, STBL processes are characterized by a distinct space-time partial and

autocorrelation function. The first step in analyzing spatial time series data is to examine ACF and PACF for linear

component process. After fitting the linear component, we obtain corresponding residuals. Li  suggest a way to[16]

take squared observation to calculate the ACF and PACF for bilinear process model identification. Assuming the

linear process of the STBL model has been adequately identified, the bilinear process needs to be identified from

residuals. We reexamine the ACF and PACF of the squared residuals . The examination of plots of the spatial[16]

temporal ACF and PACF should indicate if a STAR or STMA model is suitable or if a more complex STARMA

model, even STBL model is needed. 

In this paper, we only consider the time series autocorrelation for each site given fixed first order neighborhood

spatial autocorrelation from variogram analysis. From ACF and PACF, STBL(1,1,1,1) was selected based on spatial

temporal autoregressive and partial autoregressive function. After a candidate model form has been selected, the

next  phase  of  the  modeling  procedure  is  to estimate the parameters in specified spatial temporal model.

When spatial and temporal effects are disregarded in the model, however, those effects lead to distort and mislead

parameter estimates and statistical inference. 

Statistical Inference: For a parametric nonlinear model like STBL, conditional nonlinear least squares are the most

common estimation technique. If the errors are independently and normally distributed, conditional nonlinear least

square method is equivalent to conditional maximum likelihood. The estimation of parameters in STBL may not

always be straightforward. Local minima may occur, so that estimation with different initial value is recommended.

If the model includes lagged errors as the bilinear model does, the estimation of parameters becomes more

complicated. Rao and Gabr  outlined a procedure for the estimation of a bilinear model based on maximizing[20]

the conditional likelihood. 

Due to the nonlinear form of the STBL models, nonlinear optimization techniques must be employed to

estimate the associated parameters. Let Ö  denote a vector of unknown parameters and Ö  represents an estimate

of Ö . In general, the likelihood function of Ö  given data X  is given by                             .     If we

assume                         , the likelihood is given by 

One  approach  to  formulating  the  parameter  estimation  problem  is  to  choose  Ö   by   minimizing

                         with  respect  to  the  parameter  Ö   and  called    is maximum likelihood estimate.

The  resulting  parameter estimation, based on a Newton-Raphson technique for minimizing        is given by 

th                                              , where          is the estimated parameter vector at the k  stage of

iteration, D  is a gradient vector and H  is the Hessian matrix, respectively, are
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However,        is multimodal in general. Thus closed form solutions are not normally available for this

minimization problem. In this case, one has to resort to numerical search method such as Newton-Raphson method
and grid search method. The advantages of iterative techniques are that they are relatively straightforward to

formulate and that they provide satisfactory results in general. These Newton-Raphson algorithms are implemented
in SAS/IML procedure (SAS Institute Inc., Cary, NC, USA).

RESULTS AND DISCUSSION

Results: Based on space time ACF and PACF, we select Seasonal-STMA and Seasonal-STBL. The results of the

estimation of the Seasonal-STMA and Seasonal-STBL model with spatial lag 1 and temporal lag 1 are shown in.

oo 11Seasonal-STBL model has many interesting features. The most striking result of the estimation is that â   and â

01 10are significant in the bilinear terms, while â  and â  are not significant. This finding suggests that estimating
nonlinear multivariate models of output can be misleading if the nonlinearity is originally present in other series

and transmits to output purely through its cross-correlation. 
The best model is chosen as the one that provides the smallest mean squared error (MSE), Akaike information

criterion (AIC), Bayesian information criteria (BIC), and Akaike information corrected criterion (AICC) measures
and show four diagnostic measures in Table 1. Seasonal-STMA is clearly inadequate. Although Seasonal-STMA

model was identified the best model for ACT and PACF plot, Seasonal-STBL is better than Seasonal-STMA by
all measures. Since bilinear behaviors which are neither seasonal nor long term effect can be due to a variety of

reasons such as unusual jumps of abnormal weather. The bilinear component is the residual of the seasonal time
series model and is the variation in the time series that cannot be explained by the seasonal or trend component.

Table 1: Final selected model from model identification: Parameter estimates and standard error using conditional maximum likelihood method

with adjacency neighborhood criterion ( ) and four diagnostic measures 

Parameter Estimate Standard error M SE AIC BIC AICC

Seasonal-STM A 0.8075 -341.16 -324.98 1282.85

0ö         -0.4859 0.0039

1ö        0.0750 0.0046

Seasonal-STBL 0.6164 -767.76 -719.22 856.35

0ö          -0.1015 0.0092

1ö         0.0935 0.0104

0è           -0.6799 0.0093

1è        -0.2243 0.0107

00â         -0.0961 0.0025

01â      0.0094 0.0084

10â         0.0052 0.0076

11â         0.0261 0.0070

Conclusions: This paper has proposed a model of the South Korea monthly rainfall data which can account for
both its spatial dependency and its temporal dependency. In this paper, we suggest a particular class of stochastic

stationary spatial temporal models that are appropriate in this situation of rainfall characteristic of South Korea and
model to describe the effect of time on a series of observations made at a particular location, together with the

effect of spatial correlation of neighboring locations, which called STBL. 
Our Seasonal-STBL model has critical advantage that bilinear terms may successfully adjust the sudden change

in rainfall data. The estimation of the parameter of an identified STBL model is undertaken using conditional
maximum likelihood estimation. Consequently, we study the feasibility of modeling for monthly rainfall data using

STBL model in rainfall data in South Korea. We found that STBL models provide better fit than other models in
terms of various model selection criteria. In conclusion, the STBL model can successfully represent a rainfall data

existed a bilinear behavior. Prediction issue using Seasonal-STBL will be the future research. 
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