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Abstract: The purpose of the paper is to investigate the technical efficiency of rice production in four regions of Thailand using a three-stage data 
envelopment analysis (DEA) model during the period from 2006 to 2015. The results show a relatively high level of technical efficiency in their production 
and environmental factors have a significance influence on the production efficiency. In addition, our results indicated that northeastern region has the 
best scores of technical efficiency and was recognized as the best region for Thai rice production. The findings from this study contribute to improving 
efficiency production for sustainable development. It is proposed that the Thai government should pay attention to zoning area for rice production and 
the land holdings should provide sound policies to support modern agricultural machinery for rice production. 
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1 INTRODUCTION 
Rice is the most important agricultural product in the world [1]. 
Rice is the staple food of more than half of the world’s 
population, especially Asians; nearly 90% of the world’s rice is 
produced and consumed in this continent [2, 3] and most of 
this population consume rice in every meal. Rice production 
plays a key role in Thailand’s economy and society [4], the 
majority of Thai’s people work in agriculture, and most of them 
as rice farmers [5]. In Thailand, rice production is well known 
in the world for high quality and good breeding [4]. Jasmine 
rice is the strain most produced and a high quality type. 
Thailand is the sixth largest producer of rice in the world and 
paddy rice production in 2014 was 34.3 million metric tons 
(22.7 million metric tons milled rice), which was a decrease of 
2.7% compared with that of 2013 [6]. Rice consumption in 
2015 amounted to about 10.8 million metric tons and the 
average per capita consumption of rice is 300 g/day which 
ranks Thai people as the seventh biggest rice consumers [5, 
6]. In 2015, the Thai Rice Exporters Association reported that 
Thailand was the world’s second largest exporter of rice 
amounted to 9.80 million  metric tons, accounting for 4,613 USD 
million [7].  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

The volume and value decreased by 10.67% and 10.83% 
respectively in 2015 when compared to the year 2014, due to 
the global economic slowdown led to a decline in the 
purchasing power of the partner countries. Moreover, Thailand’s 
rice export price was higher than the competitors by 20-30 
dollars per ton and technical production problems. As a result, 
some rice importing countries reverted to import rice from other 
countries. The major export markets for Thai rice are Africa 
(4.73 million metric tons, 48.3%), followed by Asia (excluding 
the Middle East) (3.61 million metric tons, 36.9%), America 
(5.8%), Europe (3.9%), Middle East (3.4%), Oceania and others 
(1.8%) [5]. According to Office of Agricultural Economics [7], the 
harvested area estimates are as follows 7.79 million hectares in 
2015, located mainly in northeast (57%) followed by northern 
(22%), central (17%), and southern (4%) and are likely to 
expand further [4]. In 2015, rice production involved 5.4 million 
families of farmers, which accounts for more than 17 million 
people across the country and includes entrepreneurs, laborers, 
and government officials [7]. According to the economic theory, 
three basic resources or factors of production, such as, land, 
labor and capital have been considered as assessment 
parameters of sustainable development [8]. Efficiency 
measurements of these factors lead to the advancement of 
sustainability. Wijnhoud et al. [9] suggested that capital and 
labor resources are significant socio-economic factors in 
Thailand and affect long-term sustainability. Therefore, the 
measurement of efficiency is based on inputs and outputs 
factors, which is consistent with many researches [8, 10]. 
Nowak et al. [11] suggested that assessing the performance of 
agriculture is quite complicated, not only because of the 
uncertainty of weather conditions but also due to the variety of 
farmers in different areas and production profile. In addition, 
previous literature suggests that efficiency measurements are 
derived according to the differences in available stocks of labor 
force, fertilizer, pesticide, machinery, seed, quantity of rice, 
rainfall and other characteristics of the social and economic 
environment that occurred in different areas of rice production 
[12-15]. Therefore, these variables are necessary when 
estimating the production frontier to evaluate performance in 
different geographical areas, which is useful in calculating 
technical efficiency (TE) of rice production. This study devoted 
to rice production, non-parametric methods have been used in 
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parallel with the related indicators. The technique widely used to 
measure the efficiency of multiple decision-making units (DMUs) 
is data envelopment analysis (DEA) [16, 17]. DEA is a 
methodology based on applications of linear programming and 
non-parametric method used for the measurement of TE [18]. It 
has the advantage of considering multiple input and multiple 
output simultaneously and the calculation of TE of each DMU 
[19]. TE and regional components in Thai agriculture will provide 
strategic constant returns to scale (CRS); therefore, this study 
focused on the TE assessment of different DMUs. Such an 
assessment could provide a detailed understanding of the 
nature of technical performance of the agricultural sector, 
especially in Thai rice-producing regions. However, a substantial 
part of traditional DEA model is to ignore environmental factors 
that have an impact on rice production. Thus, the purpose of 
this study measured the TE of Thai rice production in different 
regions from 2006 to 2015, using a three-stage DEA model. 
This model eliminates environmental factors, which reflect the 
real level of operational efficiency. Few empirical studies have 
measured the efficiency performance of the operation or 
management of rice production by using a three-stage DEA due 
to data limitations and the difficulty in determining the inputs and 
outputs of production. Banker and Morey [20] used one-stage 
DEA model to control for these exogenous variables and this 
model limits the reference set for identifying benchmark 
performance based on the exogenous variable [21]. When there 
are multiple exogenous variables, the one-stage model suffers 
from the curse of dimensionality and cannot discriminate 
inefficient performance [21]. Thus, to fix this problem the 
economists suggested a three-stage DEA model. Environmental 
variables can be considered using several approaches such as 
the three-stage method developed by Charnes et al. [22]. 
According to Ferrier and Lovell [23] have used the inclusion of 
environmental variables directly into the linear programming 
formulation. Therefore, the latest development of three-stage 
DEA model proposed by Fried et al. [24]. Kao [25] studied the 
efficiency measurement and decomposition of environmental 
and random factors by three-stage approach. Efficiency 
decomposition allows decision makers to improve performance 
and to identify the stages that cause the inefficiency of the 
system. Chauhan et al. [26] used DEA to measure the efficiency 
of rice production between efficient and inefficient farmers. 
Efficiency of rice production has been particularly interesting for 
economists and policymakers due to the strong relationship 
between rice production and food security [27, 28]. Thus, 
evaluating the technical performance is a very important part in 
the development of an agricultural sector of a country. 
Krasachat [29] investigated the TE of Thai rice farms in 1999 by 
DEA approach and Tobit regression. The inputs had six 
variables (fertilizer, labor, capital, land and other inputs) and one 
output (rice quantity). The results indicated that there are 
significant possibilities to increase the efficiency of rice farms in 
Thailand. Tung [30] surveyed the TE of rice production across 
the regions of Vietnam. The DEA model had one output 
(quantity of rice) and six inputs (cultivated area, fertilizer, family 
labor, seed, pesticide and others). The results reflected that TE 
levels have a very different in each region, thus, they 
recommended that the measuring and comparing the TE of rice 
production should be carried out in all regions, not only to the 
specific region.  
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Mohammadi et al. [31] measured the efficiency of 82 rice fields 
for spring and summer growing seasons in north of Iran using 
the DEA method and had eight inputs (labor, diesel, machinery, 
water, fertilizer, seed, chemicals and electricity) and one output 
(quantity of rice). The results showed that the impact of TE of 
the spring than summer seasons. Therefore, the above review 
has shown that this distinctive technique is an appropriate and 
useful research method for measuring the TE of rice production 
in Thailand. 
 

2 DATA AND METHODOLOGY 
DEA approach is a popular tool and most commonly used to 
analyze the efficiency in various fields of research in 
agricultural economics [32, 33]. This technique was developed 
to measure efficiency of DMUs and the advantage of this 
method is the ability to manage multiple inputs and multiple 
outputs [34]. The original DEA model was developed by 
Charnes et al. [35] and was based on the assumption of CRS. 
Banker et al. [36] modified it to accommodate technologies 
that exhibit variable returns to scale (VRS). DEA is an 
excellent empirical model to identify specific benchmarks for 
performance evaluation of each DMU [21], which is different 
from parametric methods as they require a detailed knowledge 
of the processes under investigation. However, the traditional 
DEA is unable to consider or eliminate the factors beyond the 
control of the production units (environmental factors). 
Therefore, Banker and Morey [20] recommend one-stage DEA 
model to control for these external variables but Rho and An 
[37] and Ruggiero [38] proposed that the use of one-stage 
may result in a performance evaluation that is not valid and 
unable to discriminate inefficient performance. To fix this 
problem, Fried et al. [24] has developed a three-stage DEA 
model. Fried et al. [24] studied a three-stage model to 
determine the distinguishing environmental effects and 
statistical noise into producer performance evaluation. Thus, 
we examined the efficiency performance of Thai rice 
production by using a three-stage DEA model. In the first 
stage, we investigate the efficiency levels using a simple 
model and the effects of external factors on production. In the 
second stage, we use ordinary least squares (OLS) to control 
the influence of external factors by integrating environmental 
factors into one combined non-discretionary inputs. The 
performance is measured again and the input variables are 
adjusted according to the effects of the environmental 
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variables and exclusion of input slacks. The correlation 
coefficient from OLS regression are used to combined the 
multiple external variables to construct an index of 
environmental influence [21]. Moreover, Simar and Wilson [39] 
claimed that the second stage model was biased. Therefore, 
to eliminate inefficiency and environmental factors, it is 
necessary to use a third-stage DEA model. Finally, third-stage 
of the model, we used the input variables are adjusted from 
the second stage and output variable remains unchanged from 
the first stage. Our modified model is briefly explained below. 
 

2.1 Three-Stage DEA Model 
 
2.1.1 Stage 1: CCR-Traditional DEA Model 
As the first DEA model, we used CCR model developed by 
Charnes Cooper and Rhodes in 1978 [35] and based on CRS 
model. It is appropriate when it operates at optimum levels 
[40]. Consequently, easily applied in various fields. We use the 
term DMU to refer to any entity that has been evaluated in 
terms of their ability to transform inputs into outputs. This study 
selects n (n = 77 cities in 4 regions) as the DMU to evaluate 
the performance of rice production in Thailand. For each DMU, 
we use a different input and can produce a different output. In 
this study, the purpose function for the particular DMU being 
assessed, can be written symbolically as follows [35]: 

 
 
 
 
where TEk is technical efficiency of firm k using m inputs to 
produce s outputs; yrk is the quantity of output r produced by 
firm k; xik is the quantity of input i consumed by firm k; ur is the 
weight of output r; vi is the weight of input i. CCR model can be 
divided into input-oriented and output-oriented model. In this 
study used input-oriented model for measuring efficiency of 
rice production in Thailand. Thus, the input-oriented linear 
programming equation for the CCR models can be expressed 
as shown in equation (2). 
 
                  (2) 
 
 
Subject to 
 
 
 
 
 
 
 
 
 
 
where ε is the non-Archimedean value defined to be smaller 
than any positive real number in the calculations; λj represents 
the associated weighting of outputs and inputs of firm j; si

-
 is 

the input slacks and sr
+
 is the output slacks; m is the number 

of inputs; s is the number of outputs; n is the number of firms 
to be evaluated. The firm k is efficient performance only if: (1) 
TEk = θk = 1 and (2) the slacks si

-
, sr

+
 = 0     r = 1, 2,…, s and i 

= 1, 2,…, m. This above equation is suitable for in-depth 
analysis, especially the multi-stage methods. Equation (2) 
implicitly assumes CRS, which means that the firm increases 

production by the same percentage for a given investment as 
the input, moreover, the scale of the investment does not 
affect efficiency performance [41]. Since the first stage cannot 
distinguish or eliminate the impact of external factors and 
random errors. TE scores do not reflect the real causes of 
inefficiency of the production. For this reason, to measure 
efficiency performance of firms (DMUs), we should peel the 
external factors and statistical noise out. Thus, the second 
stage is needed. 
 
2.1.2 Stage 2: OLS Regression of DEA Model 
The TE scores in first stage are influenced by external factors 
and statistical noise; hence, we are unable to know the actual 
scores of efficiency in rice production of each region. For this 
reason, we propose using OLS regression in the second-stage 
of DEA model to efficiency estimates on the environmental 
variables that affect efficiency in production can be achieved 
by using slack variables on each of input variable. OLS 
regression analysis is widely used for fitting linear statistical 
model [42]. It can be written the form of a linear programming 
model [43, 44] as follows: 

 
 
 
where Yi is case i sample on the dependent variable; xik = xi,  
xi2,…, xir are case i score on the k of r observable independent 
variable (environmental variables); εi is the random error term 
or residuals; βk = β1, β2,…, βp are case k slope coefficients 
regression. They have a value for each independent variable 
representing the strength and type of relationship the 
independent variable are to the dependent variable [42]. OLS 
estimated coefficients are simple forms that are closely related 
to the correlation between dependent and independent 
variables. The adjusting input variable of each DMU based on 
environment factors and receive opportunities by uplifting the 
data of input variables suggested by Fried et al. [24]. The 
adjusted equation is as follows: 

 
 
 
 

In equation (4), xir is original input; xir
’
 is adjusted inputs; 

                      is all of DMUs adjusted under the same 
environmental factors and                   is adjusted random 
errors of all DMUs in the same context to make sure each 
DMU has the same operating environment. If which DMU has 
the correlation coefficients of environmental factors is negative 
effects on the input slack variables this means that firm is 
managed with a good environment and beneficial which 
reflects that the actual operating efficiency through the 
adjustment in second-stage of DEA model. 
 
2.1.3 Stage 3: Adjusted Inputs of DEA Model 
In this process, the same principle from the first-stage is 
followed. We used output variable from stage 1 but the original 
input variables from first-stage are replaced with adjusted input 
variables from the second-stage. Therefore, we obtained the 
actual efficiency scores of each DMU in the model since the 
effects of environmental variables were eliminated together 
with the statistical noise. Notably, Fried et al. [24] suggested 
that the environmental factors have effect on TE scores for 
each DMU. 

 
              (1) 

                (3) 

 
                              (4) 
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2.2 Variables and Data Analysis 

The data used in this study are from secondary data collected 
from surveys through various Thai governmental agencies: 
Rice Department of Ministry of Agriculture and Cooperatives, 
Office of Agricultural Economics, Thai Meteorological 
Department and Ministry of Labor. We analyzed rice 
production to assess efficiency of the production from 2006 to 
2015 and examined four regions, namely northern, 
northeastern, central, and southern regions in Thailand 
covering 77 cities. Zeng et al. [41] recommended that the 
selection of the output and input variables is a critical 
component of an analysis based on the DEA model. DEA is a 
measure of performance and output and input variables of 
each DMU are the basic components of efficiency. Thus, the 
selection variables are very important in determining the 
measurement of efficiency. This study considers the output 
variable, that is rice quantity (Y) and we analyzed a total of six 
input variables, namely planted area (X1), human labor (X2), 
fertilizer (X3), pesticide (X4), machinery (X5) and seed (X6). 
Furthermore, the analysis of two environmental factors 
includes volume of rainfall (Z1) and temperature (Z2). Data 
descriptions can be seen in Table 1.  

 
Table 1. Data descriptions of variables items and source 

 
 

Data analysis of this study was conducted using DEAP 
Version 2.1 and SPSS Version 23.0. Table 2 presented 
descriptive statistics using in this study for rice production in 
Thailand from year 2006 to 2015. In terms of output, an 
average of rice quantity shows a very high number at 

318,650.78 kg/ha with the maximum quantity of 680,632 kg/ha 
and the minimum quantity of 30,462.08 kg/ha. On the inputs 
side, the average plantation area was quite big (128,564.84 
ha), while the human labor had the highest average value at 
1,479.50 hr/ha. The results showed that on average, fertilizer 
used was 20,893.73 kg/ha, pesticide was 2,329 kg/ha, 
machinery was 31.73 hr/ha and number of seeds were high at 
12,250.21 kg/ha in the rice production sector. In addition, the 
averages of environmental factors were 1,574.50 mm and 
32.37 °C for volume of rainfall and temperature, respectively.   

 
Table 2. Descriptive statistics of the input, output and 

environmental factors in Thailand 

 
 

3 RESULTS AND DISCUSSION 
 

3.1 Result of Stage 1: Using the Traditional DEA Model 
This study used DEAP 2.1 software to analyze the efficiency 
level and returns to scale of rice production in the 77 cities of 
four regions on the basis of their geographic location. 
Efficiency scores in the first stage of the traditional DEA 
efficiency measurement are provided in Table 3, without 
adjustments of the external environmental variables, we found 
that the average TE of Thai rice production from 2006 to 2015 
was 0.736, the standard deviation (SD) was 0.038, average 
maximum TE was 0.785 and average minimum TE was 0.682. 
It can be seen that the average TE remained moderate; 
therefore, it may be necessary to improve operational 
efficiency of rice production in Thailand. The results show that 
in 2013 the TE is lowest compared to other years due to the 
global economic slowdown. Thailand’s rice price was higher 
than the market. Technical production and drought problem 
were attributed the cause for low productivity. Moreover, the 
area for rice cultivation is likely to decline due to less rainfall at 
the onset of the rainy season and this cause delays in farmers’ 
cultivation. Furthermore, the price of other crops more than 
rice and farmers turn to other alternative crops such as 
sugarcane [6, 7]. The TE scores of rice production were 
ranked from the minimum score 0.592 to the maximum score 
0.842. The southern region had the lowest average TE score 
of 0.672 due to the unsuitable terrain for rice production and 
the planted area is low when compared to other regions. The 
northeastern region had the highest average score at 0.770. 
Inputs and outputs variable suitable for rice production in the 
northeastern part of Thailand were high, resulting in high 
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technical performance. 
 

Table 3. Efficiency scores of the first stage 

 
 

3.2 Result of Stage 2: OLS Model 
In the second stage was used OLS model to obtain estimates 
of the deterministic frontiers for six input slacks from 2006 to 
2015. We used slack variables of various input variables 
calculated in the first stage, and are dependent variables in the 
second stage. Input slack variables taken as dependent 
variables were planted area, human labor, fertilizer, pesticide, 
machinery and seed. The environmental variables were 
temperature and rainfall volume, which were used as 
independent variables in the OLS estimations. The results of 
the OLS regression are shown in Table 4. In summary, the 
estimating correlation coefficients of the six input variables are 
all significant at 1%, 5% and 10% level. It is necessary to 
eliminate the environmental factors and input adjustments 
from the model to obtain technical efficiency and to reduce the 
external factors that have an impact on rice production. From 
Table 4, we find that the estimating correlation coefficients of 
temperature had negative significant impacts on four input 
variables (human labor, fertilizer, pesticide and seed), 
therefore indicating that when the temperature increase will 
result in a reduction of all this four inputs of production, which 
reflects an improvement in the efficiency of rice production. In 
addition, the regression coefficients of temperature had 
positive significant impacts on planted area and machinery for 
rice production. Moreover, the estimating correlation 
coefficients of rainfall volume for three types of input variables 
are positive, indicating that when the rainfall volume 
increased, the efficiency of planted area, fertilizer and 
pesticide were reduced. On the other hand, the correlation 
coefficient of rainfall volume has a negative relationship with 
the three input slack variables (human labor, machinery and 
seed). Consequently, if a region has high rainfall volume, the 
technical performance is high, reflecting an improvement in 
that region. Hossain et al. [45] used the environmental factors 
(temperature and rainfall) in DEA for studying the impact on 
the efficiency of rice production in Bangladesh and found that 
environmental factors have significant influence on rice 
production. Therefore, this study supports the findings of 
Hossain et al. [45] and Karim et al. [46]. The study concluded 
that the different environmental factors have effects on the 
efficiency of Thai rice production in 2006-2015 and hence 
contribute to the production of each DMU is different. This 
study suggests that if we want to measure the efficiency of 
different DMU, we should eliminate the environment variables; 

otherwise we will not be able to measure the actual efficiency 
of the production process. In order to avoid the advantage or 
disadvantage between DMU, the method proposed by Portela 
et al. [47] was used to deal with the problem of this negative 
data before proceeding to the next step. 

 
Table 4. Outcome of the secondary stage 

 
 

3.3 Result of Stage 3: The Adjusted Input Variables in 
DEA Model 
According to Fried et al. [24], in this stage the adjusted input 
variables from second stage and original output from first 
stage should be used. This study used DEAP 2.1 software to 
measure efficiency after adjusting the input variables and 
without environmental variables in the model and the results 
are shown in Table 5. The average of TE from 2006 to 2015 
was 0.858 including SD, average maximum and average 
minimum of TE were 0.045, 0.919 and 0.796, respectively. 
Comparing the results between stage 1 and stage 3, we found 
that stage 1 had an average TE, SD, the average maximum 
and average minimum of TE less than that of stage 3. 
Furthermore, the central region in 2007 and northeastern 
region in 2008 had TE score equal 1.000; so, all of them fall on 
TE frontier curve after adjustment. Therefore, we summarize 
that rice production is moving from decreasing returns to scale 
(DRS) to increasing returns to scale (IRS) through the 
adjustment of input variables and the elimination of 
environmental factors. It means that the production scales of 
the DMUs were adjusted and close to the optimum scale [48, 
49]. The northeastern region had higher efficiency scores 
when compared to other regions, followed by central, northern 
and southern. 

 
Table 5. Efficiency scores of the third stage 
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4 CONCLUSION 
Rice is a preeminent crop in Thai agriculture and its production 
has an important role in the economic and social development 
of the country. This study has measured the TE of rice 
production during the period 2006-2015 and research areas 
consisted of 77 cities grouped into four regions in Thailand. 
For this purpose, a three-stage DEA model was utilized as the 
main research method. This method allows the determination 
of the best practice producers and can also provide helpful 
insights for rice production management. The average 
efficiency scores of the third-stage DEA model were higher 
than the average efficiency scores in first-stage model, 
resulting in an overall high efficiency of rice production. The 
TE scores of Thai rice production revealed favorable results, 
however, Thai rice production efficiency still needs to be 
improved since the TE score is not close to 1, and in order to 
maintain standards of rice production and to develop the 
production techniques. The empirical findings reported that 
northeastern region had the best scores of TE and acceptance 
of productivity among the four different regions in 2006-2015. 
This suggests that the northeastern region is best suited for 
rice production. On the other hand, southern region has the 
worst efficiency performance; thus, faced a critical problem of 
rice technology production. The main reason is an input-output 
combination, of which in this region there is an excessive use 
of input factors leading to low efficiency. In addition, 
environmental factors have significant effects on rice 
production. Therefore, it is necessary to adjust the inputs in 
second-stage of the model and to perform degrading influence 
of environmental factors. This study suggests that focus 
should be to improve the efficiency of rice production, 
especially in the southern region followed by northern, central 
and northeastern regions, respectively. From the above 
observation, we recommend the following; pay attention to 
zoning areas for rice production and the land holdings to 
improve farmers’ efficiency performance, which is the most 
valuable resource management. Second, the government 
should focus on the useful policies to support facilities, modern 
agricultural machinery and training of advance technology to 
farmers; so, they can acquire new knowledge and new 
machinery to develop their own farms. Furthermore, this study 
can provide critical information to farmers, agricultural 
planners and the Thai government departments to determine 
strategies that are useful and practical in raising efficiency 
performance in each region and to help increase the trend of 
rice productivity index in some areas of Thailand.  
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