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Abstract- The objectives of this research are to propose a Bayesian model for spatial time series analysis, to apply the 
proposed model to forecast a monthly rubber yield in Southern provinces of Thailand, and to compare the performance of the 
proposed model with the classical Holt-Winters Additive Exponential smoothing.  The proposed model is a linear mixed 
model (LMM) with spatial effects which follow a conditional autoregressive model (CAR).  Dummy variables are used for 
seasonal effects. A Bayesian method is used for parameter estimation.  The estimated monthly yields are used for the 
monthly rubber yield forecasting.  The dependent variables are the rubber yields in each month of each province.  The data 
are secondary data at a provincial level. The factors considered are spatial effects, heterogeneity effects, and seasonal effects.  
The results show that the factors influencing on the amount of rubber yields are, spatial, heterogeneity, and seasonal effects. 
The proposed model is proper and forecast accurately. Using the mean absolute error (MAE), the proposed model has a 
better performance compared to the classical Holt-Winters Additive Exponential smoothing in both model fitting and model 
validating. The proposed model should be the first consideration for spatial time series forecasting.  
 
Keywords- Rubber yield forecasting, Rubber yields in southern provinces of Thailand, Spatial time series data, Spatial 
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I. INTRODUCTION 
 
Spatial time series are data collected over time and 
areas. They have been found in various kinds of   
applications such as agriculture, epidemiology, 
ecology and geography. The data analysis has to take 
account of the spatial correlation across the areas and 
time correlation within each area. Every year the 
Office of Agricultural Economics under the Ministry 
of Agriculture and Cooperatives of Thailand, reports 
common crop yields in each province of Thailand 
such as rice, rubbers, cassava and sugar cane (OAE, 
2014).  Those data motivated us to find an 
appropriate a forecasting model for spatial time series 
data. 
Some examples of applications related to spatial or 
time series are as follows.  Besag et al. (1991) 
introduced a conditional autoregressive model (CAR) 
for the analysis of spatial data which can be used for 
the problems of image analysis, Bernardinelli et al. 
(1995) proposed a Bayesian model in which both 
area-specific intercept and trend were modeled as 
random effects and correlation between them was 
allowed, and Conway et al. (2010) presented spatial 
analysis of the greenspace contribution to residential 
property values in a hedonic model. Moreover, 
Yelland, (2010) described a Bayesian statistical 
model which was developed to forecast the parts 
demand for Sun Microsystems, Inc.. Tongkhow and 
Kantanantha (2013) proposed the forecasting models 
that can detect trend, seasonality, auto regression and 
outliers in time series data related to some covariates 
for vegetable prices in Thailand.  Diaconoa (2012) 
studied the spatial and temporal variability of 
attributes related to the yield and quality of durum 
wheat production, using geostatistical approach to 

analyze data collected in each year from 100 
georeferenced locations.  
Most models for spatial time series data are based on 
generalized linear mixed models (GLMMs).  For this 
paper we focus on a linear mixed model (LMM) 
which is a special case of the GLMMs where the 
responses have a normal distribution. Rubber yields 
in Southern provinces of Thailand are chosen because 
the rubber trees mostly are grown there and they are 
one of the most important economic crops in 
Thailand.  A conditional autoregressive model (CAR) 
model is used to account for spatial correlation 
(Besag, 1974; Besag, 1991 and Arab,2015).  Seasonal 
effects are also considered. A Bayesian method is 
adopted for parameter estimation (Congdon, 2006).  
The performance of the proposed models are judged 
by comparing the Mean Absolute Error (MAE) with 
the Holt-Winters Additive Exponential Smoothing. 
This research is useful planning and making decision 
on rubber yields. 
 
II. METHOD AND APPLICATION 
 
The proposed linear mixed model (LMM) with 
spatial effects has the following form. Let ijY be a 
rubber yield in province i  at month j where 

1,...,14i  and 1,...,72j  , 2N( , )ij ij yy  � , 0  is   
Intercept. 1ib and 2ijb are the random effects between 
provinces and within provinces, respectively. 

1 2 3 4 5 6 7 8, , , , , , ,        9 10,   and 11 are the 
amounts of seasonal effects, from January to 
November where December is the  reference month. 
The relation between the independent variables and 
dependent variable is in the following form. 
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E( )ij ijY  and iv  is the spatial effect which follows 
CAR model. 
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w D  diag( )iw  is a diagonal matrix where an 

element ( , )i i is i ik
k

w w  . 

Under a Bayesian framework non-informative priors 
are assumed as follows. 

0 1 11, ,..., N(0.0,100 000)   � , 2
1 1N(0.0, )i bb � , 

2
2 2N(0.0, )ij bb �  

2
1 InvGamma(1,0.1)b � , 2

2 InvGamma(1,0.1)b � , 
2 InvGamma(1,0.1)y � , 2 InvGamma(1,0.1)v �  

Bayesian estimation is performed via programming in 
OpenBUGS where Gibbs sampling MCMC is used. 
 
III. RESULTS AND DISCUSSION 
 
The amounts of seasonal effects on rubber yields are 
presented in Table 1. From Table 1, the rubber yields 
in January is 947.80 tons more than December, in 
February it is 545.90 tons more than December, in 
March it is 717.10 tons less than December, in April 
it is 897.90 tons less than December, in May it is 
399.60 tons less than December, in June it is 28.57 
tons more than December, in July it is 229.70 tons 
more than December, it August it is 159.20 tons more 
than December, in September it is 221.60 tons more 
than December, in October it is 17.46 tons more than 
December, and in November it is 187.00 tons less 
than December.  The amount of seasonal effects 
ordering from greatest value to smallest value are 
January, February, July, September, August, June, 
October, December, May, March and April, 
respectively. 
 The predicted rubber yields and the real data 
are presented in some provinces, as an example, are 
presented in Fig. 1 to Fig. 4.  The data from month 1 
to month 66 were used form model fitting and from 

month 67 to month 72 for model validating.  It can be 
seen that the proposed model fitted the data very well 
both in both parts. Fig 4 Predicted values and real 
values of rubber yields in Nakhon Sri Thammarat.The 
performance of the proposed model was compared 
with the Holt-Winters Additive Exponential 
Smoothing using the MAE.  It is found that the 
proposed model has a better performance. 
 

Table1: The amount of seasonal effects on rubber yields 

 
 

 
Fig.1.  Predicted values and real values of rubber yields in 

Krabi 
 
CONCLUSIONS 
 
The proposed model is a linear mixed model (LMM) 
with spatial effects which follow a conditional 
autoregressive model (CAR).  Dummy variables are 
used for seasonal effects. A Bayesian method is used 
for parameter estimation.  The estimated monthly 
yields are used for the monthly rubber yield 
forecasting. The results show that the factors 
influencing on the amount of rubber yields are, 
spatial, heterogeneity, and seasonal effects. Using the 
mean absolute error (MAE), the proposed model has 
a better performance compared to the classical Holt-
Winters Additive Exponential smoothing in both 
model fitting and model validating. The proposed 

Standard
Deviation

        Intercept 13,900.00 1,946.00 10,380.00 18,510.00
        Jan. 947.80 299.30 380.10 1,544.00
             Feb. 545.90 290.20 -17.84 1,114.00
        Mar. -717.10 297.60 -1,299.00 -126.10
        Apr. -897.90 310.60 -1,503.00 -314.10
        May. -399.60 305.00 -1,017.00 170.10
        Jun. 28.57 291.10 -546.10 580.70
        Jul. 229.70 295.90 -355.50 807.00
        Aug. 159.20 301.30 -416.40 758.10
            Sept. 221.60 303.40 -365.30 804.70
         Oct. 17.46 300.80 -565.10 622.80
        Nov. -187.00 302.40 -761.90 407.80
Dec.(Reference) . . . .

Factor Mean 95% Credible Interval
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model should be the first consideration for spatial 
time series forecasting. 

 
Fig.2. Predicted values and real values of rubber yields in 

Chumpon 
 

 
Fig.3. Predicted values and real values of rubber yields in 

Trang 
 

 
Fig.4.  Predicted values and real values of rubber yields in 

Nakhon Sri Thammarat 
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