
 

Applied Mathematical Sciences, Vol. 13, 2019, no. 18, 877 - 884  

HIKARI Ltd,  www.m-hikari.com  

https://doi.org/10.12988/ams.2019.97100 

 

 

Estimation and Detection of Rice Yields  

 

in Thailand Using Spatial and  

 

Longitudinal Data Analysis 
 

 

Sunee Sammatat and Krisada Lekdee 

 

Department of Mathematics and Statistics, Faculty of Science and Technology 

Rajamangala University of Technology Phra Nakhon, Bangkok, Thailand 

 
   This article is distributed under the Creative Commons by-nc-nd Attribution License.  

Copyright © 2019 Hikari Ltd. 

 

Abstract 

 

The objectives of this research are to propose a model for estimating and 

detecting rice yields, to investigate factors related to the rice yields and to 

construct the maps of rice yields in Thailand. A linear mixed model (LMM) 

including spatial effects following the conditional autoregressive model (CAR) 

and the time effects following a linear trend was proposed.  The estimated rice 

yields were used to construct the rice yield maps.  The dependent variables were 

the rice yields in each month of all provinces. The factors considered were 

rainfall, average temperatures and regions.  The results indicated that the factors 

enfluencing the rice yields were rainfall, average temperatures and regions. The 

rice yeilds maps are easy for readers to identify which areas have high or low rice 

yields. 

 

Keywords: Conditional autoregressive model (CAR), Linear mixed model 

(LMM), Rice yields, Spatial data analysis 

 

1 Introduction 
 

Rice is the main crop in Thailand.  The Office of Agricultural Economics , Ministry 

of Agriculture and Cooperatives, publishes an annual report on agricultural yield data in 

each province every year.  The agricultural yield data can be classified as  longitudinal data, 

the data collected repeatedly from the sample units at different times.  The data are related 

both temporally and spatially.  Spatial influence  is the latent influence that lies in the data  
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collected in various areas. The idea is that the things that are close to each other are more 

relevant than the the things that are distant.  This data type can be found in many research 

fields, such as cropping data in agriculture, disease data in public health, household income 

data in economics.  Data analysis should consider both temporal and spatial relationships. 

The rice yield data motivated us to find an appropriate model for the data analysis.   

In accordance with the characteristics of the data, including the spatial relationship and time 

relationship, a linear mixed model (LMM) is widely used for this data type and the 

Bayesian method with  MCMC techniques are also suitable for parameter estimation 

[1].    The widely used model showing spatial influence is a conditional autoregressive  

model (CAR) which was first proposed by [2].  For example, [3] proposed a 

generalized linear mixed models with spatial random effects for spatio-temporal 

dengue fever data in Thailand and [4] proposed a generalized linear mixed models for 

spatio-temporal leptospirosis data  in Thailand. 

This paper presented a linear mixed model (LMM) including spatial and time effects.  

The CAR model was used for describing spatial influences and a linear trend was used for 

describing temporal influences.  The Bayesian method was used for parameter estimation.  

The presented model was applied to estimate and monitor the rice yields in 

Thailand.    Factors affecting rice yields were also investigated.  Maps of rice yields in 

Thailand were presented. 

 

2 Method and application 
 

2.1 Longitudinal Data 

Longitudinal data mean data collected repeatedly from sample units at different 

times. The data change over time, for instance,  the rice yield data from each province being 

collected every month for one year.  The data can be either  continuous or  discrete.  For  the 

continuous data,  a normal distribution is always  assumed.  For the binary data and count 

data, the logistic and Poisson distributions  are always assumed, respectitively. The 

advantages of the longitudinal data analysis are that the change of sample unit data over 

time can bee seen and the factors that influence the dependent variables are found. 

 

2.2 Linear Mixed Model (LMM) 

 

 [5] described the LMM model as follows.  Under the condition of knowing a 

random variable 
ib , assume a variable 

ity ,  1, . . . ,i m , and 1,..., it n has a normal 

distribution and is independent.  That is 
2

i , ( , )it i it ijy v    b . The LMM model with 

the normal distribution is defined as 
 

T T

it it it i  x β z b
                                                

(1) 

 

where E( | , )it i i ity v b , β is a fixed  vector of size 1p corresponding to the fixed 

effect (covariate) 
itx , 

 
ib  is the random effects of size 1q which is related to the random variable 

itz and 
ity is 

the observed value.  



Estimation and detection of rice yields in Thailand                                                                879 

 

 

2.3  Conditional autoregressive model (CAR) 

 

[6] described the pattern of the CAR as follows.  Let 
1( ,..., )T

mv vv be the vector of 

random influences that vary by area ,  1,...,i i m .  The conditional probability distribution 

of 
iv  is defined as  

2

( )

1

| N ,
m

ij j

i i

j i i

w v
v

w w




  

 
  

 
v                                                                                       (2) 

 

where  ( ) :i jv v j i    ,  
2

i is the conditional variance . ijw = 1 if i and j  are adjacent 

where  i j ,  ijw = 0 if i and j  are not adjacent and 
i ij

j

w w  . 

 

2.4  Bayesian Model 

 

[7-8] described the  Bayesian method as follows.  Let  1( ,..., )T

my yy  be the vector 

of observed values.  1( ,..., )T

k θ   is the vector of parameters.  f ( | )y θ is the 

conditional probability density function of y .  When the conditions y are known, 

determine π( )θ  the priority distribution of θ .  According to Bayes' rule, the posterior 

distribution function is 

 
f ( | )π( )

p( | )
( )m


y θ θ

θ y
y

 ,                                                                                   (3) 

 

where m( ) f ( | )π( )d y y θ θ θ  is a constant.  The value of m( )y  does not depend on 

parameters;  therefore, Equation (3) can be written as p( | ) f ( | )π( )θ y y θ θ .  For the 

parameter estimation in (3) , the numerical method is required because of the 

multidimensional dimension problem. The well-known numerical method is a Markov 

Chain Monte Carlo method (MCMC) using  Gibb sampling techiques [9].   

 

2.5 Application 

The monthly rice yields  from all provinces in Thailand  in 2016 were collected from 

the Office of Agricultural Economics,  Ministry of Agriculture and Cooperatives [10].  

Rainfall and temperature were collected from the Meteorological Department, Ministry of 

Digital Economy and Society [11].  The LMM including spatial and temporal  relationships 

was applied.  Assume that 2

i , ( , )bit i ity v      is the rice yield in the area 

,  1,...,76i i  at time 1,...,9t  .  The LMM model in (1) can be extended to include the 

CAR spatial relationship in (2) and a linear trend as follows. 

 

1 2 1 3 2 4 3 5 4 6 5 7 6 8 7 9 1 2it it it it it it it it i it ix x x x x x x t b b v                     ,     

(4) 
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where 
1 2 3 4 5 6 7 8 9, , , , , , , ,         are coefficients of regression. Factors considered 

were
1x  (Rainfall), 

2x  (Temperature), 
3x  (North), 

4x (Northeast),
5x  (South), 

6x  (East) 

and 
7x  (West) where Central is a reference region.

iv  is a spatial effect. 
1b is a random 

effect between province and 
2b is a random effect within subject. t is a linear trend. Under 

the Bayesian method,  prior distributions  are assumed to  be non-informative which does 

not affect the posterior.   
2

1 1(0, )i bb N  , 2

2 2(0, )it bb N  , 2 2 2

1 2, , (0.01,0.01)b b v InvGamma    .  For 

parameter estimation,  the Bayesian method was used via programming in OpenBUGS and 

R.   The estimated rice yields were used to produce rice maps in Thailand. 
 

 

3.  Results 
 

The average monthly rice yield per province in 2016 ranking from  the highest to the 

lowest values  (unit: metric ton) were Yasothon  (137,678.89 tons),  Nakhon Sawan  

(132,543.89 tons),  Amnat Charoen  (127,300.67 tons),  Surin (120,748.33 tons),  Roi  Et 

(120,078.89 tons),  Ubon Ratchathani  (115,905.22 tons),  Buriram (112,752.33 tons), 

Suphan Buri (102,753.33 tons),  Phitsanulok  (97,322.78 tons) 

 

 

3.1 Factors affecting rice yield in Thailand 

 

The MCMC convergence was investigated via the trace plots.  From the MCMC 

30,000 simulation rounds, cutting the first 10,000, some  trace plots , as an example,  are 

shown in Fig. 1-4.  The trace plot sswings up and down in a straight line, indicating that 

each of the trajectories converges to any distribution, obtaining  an average and  standard 

deviation of each parameter.  The estimates of influence of factors affecting the rice 

yields are show in Table 1. 
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4       Fig. 2 Trace plot of 
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Fig. 3 Trace plot of 
6      Fig. 4 Trace plot of 
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Table 1. Estimates of the influence of factors affecting rice yields 

 
Factor Mean Standard deviation 95% Credible Interval 

1 (Intercept) 8.75 100.90 -187.70 211.70 

2 (Rainfall) 5.80 21.82 -36.26 50.70 

3 (Temperature) 311.50 79.82 133.30 449.90 

4 (North) 4.69 97.96 -186.40 194.50 

5 (Northeast) 5.51 98.33 -187.00 198.30 

6 (South) -1.22 100.30 -196.20 194.60 

7 (East) 2.24 100.10 -193.90 199.60 

8 (West) -2.10 100.40 -200.30 192.60 

Central (Reference) . . . . 

9 (Trend) 62.75 99.49 -118.00 277.50 

 

The factors influencing rice yields are rainfall, average temperature and 

region (North, Northeast, South, Eest and West, Central being a reference region) 

including trend. If rainfall increases by 1 mm, the rice yield will increase by 5.80 

tons. If the average temperature increases by 1 degrees celsius, the rice yield will 

increase by 311.50 tons.  

The rice yield in the Northen region is 4.69 tons higher than the one in 

Central region. The rice yield in Northestern is 5.51 tons higher than the one in 

Central region. The rice yield in Southern region is 1.22 tons less than that the one 

in the Central region. The rice yield in Eastern region is 2.24 tons higher than the 

one in Central region. The rice yield in Western region yields is 2.10 tons less 

than the one in Central region. The influence of the regions on the rice yield, 

ranking from the largerest value to the small value, are the Northeast, North, East,  

 



882                                                                                Sunee Sammatat and Krisada Lekdee 

 

 

Central, South and West, respectively. The rice yield increases 62.75 tons evey 

month. 

The top ten provinces having spatial influence of on the average monthly 

rice yield in Thailand ranking from the lowest to the highest values (unit: metric 

ton) are Phetchaburi (28.09 tons), Surat Thani (27.13 tons), Saraburi (26.65 tons), 

Nakhon Ratchasima (26.62 tons), Nakhon Sawan (25.48 tons), Nong Khai (25.44 

tons), Chachoengsao (24.66 tons), Pathum Thani (19.70 tons), Kalasin (17.68 

tons), respectively. 

 

3.2 Maps of rice yield in each province of Thailand 

Estimates of rice yields in Thailand  were used to create maps.  The rice 

yeild maps are easy for readers to identify which areas have high or low yields 

and and easy to compare the yields among areas by looking at their different 

colors.  Some maps of rice yield in each province of Thailand,  as an example, are 

shown in Fig. 5- Fig. 10. 

 

        

Fig. 5 Rice yields in August    Fig. 6 Rice yields in September  Fig. 7 Rice yields in October 

                 

Fig. 8 Rice yields in November    Fig. 9 Rice yields in December Fig. 10 Rice yields in January 
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4 Discussion 
 

A presented linear mixed model with spatial effects and a linear trend is 

very suitable for the rice yield data because it accounts for the spatial and time 

relationship.  Rice yields in adjacent provinces have the spatial relationship. The 

results showed that the average rainfall, the average temperature and the regions 

influence on the average monthly rice yield. If the rainfall increases, the rice yield 

will increase. If the average temperature increases, the rice yield will increase. 

This result supports the fact that rice is a tropical plant and it flourishes 

comfortably in hot and humid climate. Rice is mainly grown in rain fed areas that 

receive heavy annual rainfall.  The region influences on the riece yields. The main 

reason is that the weather is different in each region of Thailand.  In the 

northeastern region of Thailand, rice is grown in the plains. This region has more 

fertile soil than other regions resulting in  high rice yields.  The western region has 

mostly mountains and narrow valleys; therefore, it is not suitable to grow rice  

Rice yield maps show high yield areas in different colors. It is easy to compare 

which area has high yield or which area has low yield. For futher study, smaller 

areas should be focused.  Some more factors such as soil fertility should be added. 

The model can be applied to other crop yield data. 

 

5  Conclusion 
 

The research objectives are to propose a model for estimating and detecting 

rice yields in Thailand, to investigate the factors related to the rice yields and to 

construct the maps of rice yields. A linear mixed model (LMM) including the 

spatial effects and a linear trend is proposed.  The estimated rice yields were used 

to construct the rice yield maps. The results indicated that the factors enfluencing 

the rice yields are rainfall, average temperatures and region (North, Northeast, 

South, East, West, Central region being a refrence region).  The trend also effects 

the rice yields.  
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