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 Abstract 

Crop insurance in Thailand is quite limited to rice and maize and is designed as indemnity-based 

insurance which claim compensation is made under losses from pests and all natural risks such as flood, 

drought, dry spell, windstorm, frost, hailstorm and fire. However, economies of scale and efficiency are 

being argued due to high administrative costs since damage assessments are conducted on the use of 

manpower. In addition, indemnity payment of crop insurance in Thailand is criticized since farmers 

receive claim payments only based on official declarations of disaster areas. Pay-out is made to rice and 

maize farmers for total losses as inspected by local government in declared calamity areas, thus adding 

basis risk to the claim position. Ineffective and shortfall of assessment contributes to farmers’ 

misperception in agricultural insurance and leads to adverse selection and moral hazard problems. 

Area yield crop insurance has possessed a variety of prominent benefits and preserved effort 

incentives for insurers as no individual farmer can influence the probability of an insurance pay-off. Area 

yield insurance is also immune to problems of adverse selection. This paper therefore aims to develop 

yield agricultural insurance, at a provincial level, focusing on rice insurance scheme. This is because rice 

is the preeminent economic crop in Thai agriculture. However, major damage to rice crop is natural 

disasters resulting from flood or drought. The production risks are from both high frequency rate and a 

wide range of cultivation areas.  

Crop yield prediction is an essential task for successful area yield agricultural insurance. 

However, efficiency of crop yield prediction is one of the challenging problems in precision agriculture. 

Machine learning is a practical approach that can provide better yield prediction. Therefore, this study 

uses machine learning technique in predicting growing season rice production yield at a provincial level. 

Three machine learning algorithms - polynomial regression, multivariate polynomial regression, and 

random forest – are adopted in this analysis. This study uses 10-fold cross validation to analyze the most 

suitable algorithm for this existing dataset. 

Primary data are collected from 107 farmers in Ubon Ratchathani province cultivated area via an 

in-depth interview from rice-plant experts. Farmers in Ubon Ratchathani plant Jasmine105 rice which 

acclimates to moderate water stress. Three risk factors which are flood depth (cm), flood duration 

(weeks), and life cycle of the rice during the flood are suspected to have an impact on growing season rice 

yield.  

The result of the study reveals that all risks have a negative correlation to the rice production 

especially flood depth and flood duration. This is because the higher water level and the longer flooding 

time length the rice paddy is ruined. The result of machine learning shows that every degree (2nd, 3rd, and 

4th) of polynomial regression gives an acceptable fitting with R-Square around 75-90%. The 2nd and the 

3rd degree of multivariate polynomial regressions show a better fit compared with single polynomial 

regressions. However, the 4th degree of multivariate polynomial regression shows a lower precision. This 

may explain the induction of multi-collinearity among multiple features. The 3rd degree multivariate 

polynomial regression appears to be the suitable algorithm to avoid underfitting and overfitting. Anyhow, 

random forest is the most efficient tool and exhibits enhanced prediction accuracy with a very low error - 

0.04 of MAE and 0.005 of MSE. This may be because random forest combines the output of multiple 
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decision tree to generate the final prediction which can avoid overfitting. Therefore, area yield index crop 

insurance as proposed by this study can be a solution to enhance the economic viability and sustainability 

of the Thai rice industry. 

  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



1. Introduction 

 Natural disaster, especially floods, affects rice production in Thailand and costs government 

budget for farmers loss compensation. During 2005-2014, 1-5 million hectares of cultivation area were 

damaged. Thai government has established 1,000-4,000 million baht each year for natural disaster relief 

to help farmers. The incident of great flood in Thailand happens in 2011 caused the damage of cultivation 

areas up to 9,300,000 rai and the release of financial relief was up to 30 billion baht. 

 Agriculture has been exposed to crucial risks – uncertainties in weather and climate sensitivity, 

plant diseases, and pests – affecting productivity. Varity approaches has been adopted to manage 

agricultural risks, e.g., crop diversification, off-farm activities (Salazar César et al., 2019), and 

agricultural insurance. In Thailand, there are a number of crop, livestock, and aquaculture insurance 

programs – a type of risk management tool – issuing in a format of indemnity-based agricultural 

insurance for rice, maize, livestock, and prawn. Crop insurance in Thailand is quite limited to rice and 

maize and is designed as indemnity-based insurance which claim compensation is made under losses from 

pests and all natural risks such as flood, drought, dry spell, windstorm, frost, hailstorm and fire. However, 

economies of scale and efficiency are being argued due to high administrative costs since damage 

assessments are conducted on the use of manpower. Second concern about this current agriculture scheme 

is a time-consuming claim payment process where crop damage claim settlement and payment may take 

more than 3 months.  

In addition, indemnity payment of crop insurance in Thailand is criticized since farmers receive 

claim payments only based on local official declarations of disaster areas. Pay-out is made to rice and 

maize farmers for total losses as inspected by local government in declared calamity areas, thus adding 

basis risk to the claim position. Ineffectiveness and shortfall of assessment may contribute to farmers’ 

misperception in agricultural insurance and can lead to adverse selection and moral hazard problems. 

Rice is Thailand’s leading harvested crop ahead of the other Thai agricultural products. Rice farming is 

prevalence across the entire country and Thailand harvest areas of rice is about 11.19 million hectares 

(Napasintuwong, 2019). In addition, rice is the most country’s important crop. However, in terms of the 

harvested yield Thailand has a lower average rice yield compared with other large producing rice 

countries such as Vietnam, Philippines, Myanmar, and Cambodia (Global Yield Gap Atlas, 2021). The 

contrast between growing area and production arises from several components. One of the crucial threats 

is attributable to natural disasters which impose an impact on production risks creating both high 

frequency rate and a wide range of cultivation areas. An indemnity-based rice insurance scheme in 

Thailand covers the largest insured farmland area over other agriculture types. However, only half of rice 

planted areas are in the rice insurance program while the rest of the farmers are not interested in 

participating although Thai government subsidizes insurance premium. This is due to basis risk, adverse 

selection, and moral hazard affecting not a high-level rice insurance penetration rate and causing some 

portions of farmers arguing to participate in this current rice insurance program. To improve a resounding 

successful agricultural insurance program in Thailand under weather and climate uncertainty more 

effective and efficient agricultural management practice through higher accuracy and fast speed in risk 

and loss assessment should be implemented. 

Technology, e.g., satellite imagery, drone, or farmer photography has been utilized on agricultural 

insurance in this present day to assess damage of cultivated areas. Data collection and processing 

technology such as machine learning - a branch of Artificial Intelligence (AI) - is a practical approach that 

can process a large amount of data (big data), analyze the input data (disaster data), and contribute the 

output data (damage or indemnity payment). Therefore, this study uses machine learning technique in 

predicting growing season rice production yield. Machine learning method has been efficiently used for 

predicting automatized damage outcome. This should help to improve higher accuracy and better 

performance in yield prediction and additionally should help to reduce administrative cost and time of 

loss assessment process.  

 

2. Literature Review 

  



2.1 Agricultural insurance model 

There are various models of agricultural insurance. Each model has a specific method of damage 

assessment and indemnity evaluation. Model selection on development of agricultural insurance for each 

crop and area has factors to be considered to ensure that the model has a reliability of indemnity payment 

scheme for farmers and produce business potential for the insurers as well as is consistent with the 

government regulation (Georgievich, 2019). Insured under a traditional crop insurance typically receives 

an indemnity from insurer when the crops are damaged by drought, hail or frost. Index-based model has 

increasingly used in many areas of agricultural insurance. Weather index insurance – a type of indexed-

based insurance - uses the weather condition for damage assessment. Indemnity is based on realizations of 

a specific weather parameter measured over a prespecified period at a particular weather station. The 

insurance can be structured to protect against index realizations that are either too high or too low which 

is expected to cause crop losses (World Bank, 2011). Another type of index-based insurance - yield index 

insurance - uses crop production for indemnity payment while farmers will receive the same 

compensation per area size (Wen Chen et al., 2017). Index-based insurance benefits insurer on insurance 

administration management (Choudhury et al., 2016). The compensation evaluation of the index-based 

model is more viable than indemnity-based insurance as index-based insurance takes into account several 

levels of damage factors to match crops and perils. This is suitable for a single peril crop insurance model 

which indemnity is paid when the particular index meets the specified condition (Biffis et al., 2017). 

Index-based model has been implemented on agricultural insurance in several countries. 

Specified indexes are used for assessing the damage caused by natural disasters or determining the 

indemnity payment. Basis risk is significantly reduced, and the model is suitable for the weather 

conditions that change over time. Index-based model also benefits crop insurance to be improved in terms 

of premium management and compensation funds (Collier B. et al., 2009). Index-based model requires 

historical data to evaluate the damage assessment therefore data collection is needed. Index-based model 

usage can be described as follows: 

• Area yield insurance uses the level of crop production as a measure of indemnity payment evaluation. 

The insured yield is established as a percentage of the average yield for the area. An indemnity is paid 

if the realized yield for the area is less than the insured yield regardless of the actual yield on a 

policyholder’s farm. This area yield insurance contract allows to significantly reduce moral 

hazard and adverse selection. However, this type of index insurance requires historical area yield data 

(World Bank, 2011). 

• Weather index insurance uses climate condition for damage assessment. Data recorded by weather 

stations are evaluated for the specified damage level. 

• Remote sensing data from the satellite identify plant health indexes or take the photo of farmland to 

determine the damage level or disaster condition. 

  

2.2 Technology for data collection and analytic 

Agricultural insurance models are improved according to the development of cultivation (Wenjun 

Zhu et al., 2019). Index-based models are designed to use data processing technology implementation 

instead of manpower. One major limitation is that index-based insurance contracts are subject to basis risk 

that means some residual risk is left with the insured farmer. Basis risk arises because the index used is 

not perfectly correlated with yield losses on each farm. Therefore, special attention should be paid to 

quality and sampling data and the design of the index. Digital Technologies can help overcome this basis 

risk issue by improving yield prediction. Therefore, digital technologies can facilitate and help to increase 

related parties’ satisfaction and improve demand for agricultural insurance (Ceballos et al., 2019).  

  Enrico Biffis and Erik Chavez (2017) studied satellite image utilization in conjunction with 

machine learning to identify shortages of rainfall and overheating of farmland to design agricultural 

insurance for drought comparing of the cultivation period from the beginning, middle, and harvesting 

periods. Climate conditions in the area that changed over time can be assembled as big data for helpful 

analytics. Benefits of implementing technologies to agricultural insurance based on big data are 

increasing damage and indemnity assessment efficacy, data collection and processing proficiency, 



reducing cost of data handling and manpower, as well as helping insurers to effectively perform risk 

assessment and loss ratio management (Swiss Re, 2019). In present day, data mining technique has been 

extensively used in various agricultural data utilization, including crop-health, weather, and yield data 

(Mangani and Kousalya, 2019). While deep learning utilizes data to implement an innovative numerical 

model for loss assessment and indemnity payment prediction. Regression analysis is effectively utilized 

in real-time applications for insurance payout with multi-features input (Mangani and Kousalya, 2020).  

 Machine learning implementation on agricultural insurance has input data prepared to predict 

continuous numerical values in the case that output is area yield or indemnity payout level. Training on 

the labelled data opts to supervise learning (Mahesh, 2019). Regression is defined to predict continuous 

values. There are several algorithms to deal with a variety of variable properties in the dataset and solve 

the problem by various forms of regression (Sinha, 2013). Simple linear regression and polynomial 

regression solve the problem with a one-to-one relationship between independent and dependent 

variables. Multiple linear regression, multivariate polynomial regression, support vector regression, 

decision tree, and random forest can handle more complex problem that has many independent factors to 

describe dependent variable (Ray, 2019). Model with multiple independent variables, e.g., multiple linear 

regression gives smaller prediction error and has better fitting compared to simple linear regression 

method. Using R-square figure shows that polynomial regression has noticeably better curve fitting than 

one of linear regression (Maulud, 2020). Support vector regression, generalized from support vector 

machine concepts, is an effective tool for continuous value prediction (Awad and Khanna, 2015). It has 

advantages on high dimensional of features (Chris and Kaufman, 2000). Random forest, a collaborative of 

decision tree (Prajwala, 2015), has been extensively used for classification, prediction, and regression. 

Random forest provides efficient learning with accuracy and avoids overfitting (Liu et. al., 2012). 

  

3. Data and Methodology 

3.1 Data 

  Primary data are collected from 107 farmers in Ubon Ratchathani province cultivated area via an 

in-depth interview from rice-plant experts. Thailand has a diversity of cultivation area. Each location has 

a different landscape and grows a variety of rice species. Therefore, this study selects Ubon Ratchathani 

province, lying in lower northeastern Thailand, where farmers plant Jasmine105 rice which acclimates to 

moderate water stress. Three risk factors which are flood depth (average water level exceeding normal) 

(cm), flood duration (flooding length of time) (weeks), and life cycle of the rice during the flood are 

suspected to have an impact on growing season rice yield.  

This study pursues a semi-structured questionnaire to assess the value of 14 expert opinions in 

agricultural insurance sector in the context of area yield and risk in growing rice. The questionnaire 

covers the content of rice characteristics, crop modelling, risk management, peril, risk impact on rice 

cultivation, and agricultural insurance management. This paper recognizes the importance of a focus 

group interview and discussion method of data collection. Therefore, focus group meeting has been 

commenced with more than 100 participants to collect more relevant information. 

 

3.2 Methodology 

  Agricultural insurance development process consists of several steps including crop 

identification, model selection, business model analysis, model testing and implementation. (RAJ Roberts 

(FAO), 2005, Blair et al. (ASEAN), 2017, GlobalAgRisk, 2009, Scheuing and Johnson, 1989). Service 

innovation development process can be applied to manage groups of development steps with internal 

processes and tools. The paper proposes the steps of rice insurance model development with clear 

procedures that could be appropriately applied to every type of agricultural insurance model with various 

types of disasters, crops, cultivated area, etc. Four processes are identifying, designing, developing, and 

implementing (IDDI). Details are as follows: 

  

Step 1 Identifying  



This step defines the specific components of the agricultural insurance model. The essential 

details of the insurance model to be created are as follows: 1) insured crop(s): single crop or multiple 

crops 2) disaster type(s): single peril or multi perils 3) cultivation area (each location faces different types 

of disasters, crops, and other related information) 4) model selection and specified index of the selected 

model 5) technologies and tools to be utilized in the model development 6) related parties in the insurance 

model scheme. 

  

Step 2 Designing  

Second step is designing structure of an insurance model with the elements defined in step 1 to 

create a flow diagram to represent input, process, and output to assess final model. 

  

Step 3 Developing  

Third step is developing a prototype of the insurance model generated in step 2 to implement 

technical or practical tools. This may be in the form of software or a policy that is consistent with the 

process of the insurance model. 

  

Step 4 Implementing  

Final step is implementing a new insurance model derived from the practical tool in step 3, 

collecting result and evaluating model efficiency to enable further development or improvement in any 

part of step 1, 2, or 3 until the finalization of the model as shown in Figure 1. 

  

 
 

 Figure 1: Identifying, Designing, Developing, and Implementing (IDDI) Process for Area Yield Crop 

Insurance 

 

 This paper puts a spotlight on the second step of rice insurance model development. 

 

Model algorithm evaluation 



This study uses machine learning technique in predicting growing season rice production yield at 

a provincial level (which has not typically played a role in traditional Thai crop insurance). Three 

machine learning algorithms - polynomial regression, multivariate polynomial regression, and random 

forest – are adopted in this analysis. Polynomial regression is selected to avoid underfitting from high 

data variation and to capture non-linear relationships of the data. The model selects the factor with the 

highest correlation to rice production as an independent variable to see how well the single feature 

method performs. The second algorithm is multivariate polynomial regression relying on multiple factors 

which have an effect on rice production. Each factor results in rice production with different levels of 

correlation. Any classification factors will be scaled to numerical independent variables. Random Forest – 

machine learning technique – is used in this analysis to avoid overfitting which may happen to other 

decision tree-based algorithms. Support vector machine is neglected in this paper since it is commonly 

used on the dataset with the number of dimensions is much greater than the number of examples. Machine 

learning and data analysis was done via Python programming language. K-fold cross validation is 

implemented to analyze the most suitable algorithm for this existing dataset. Cross-validation divides the 

data set into k groups, one group of which is used as validation data set each time, and the remaining 

groups (k-1) are used as training data set, so that k models can be obtained then the average score of k 

models can be used as the result parameter. The optimal split ratio is dependently on the data, the task, 

and the model. The smaller split ratio (higher number of k groups) tends to be optimal as the number of 

data growth (Goutte and Larsen, 1998). This study uses 10-fold cross validation. 

 

4. Result & Discussion 

  Most insurance encounters 2 problems. First issue is adverse selection, where the farmers have 

inequality information of yields and crop risks compared to the insurers. This causes most of the farmers 

with high-risk farming areas to have a willingness to apply for insurance, resulting in a high loss ratio. 

The second matter is moral hazard, which results in the growth of payout ratio (Miranda, 1991). The area 

yield approach observes the range of yield in the area rather than the specific yields of each farmer. Thus, 

this could reduce the moral hazard as well as the cost of damage assessment (M. Boyd et al., 2011). Area 

yield index crop insurance is interesting to be investigate since insurance payments are based on an index 

rather than loss adjustments calculated for each farm that is insured, operating and administrative costs 

are significantly lower than those of other types of agricultural insurance (Barnett et al., 2008). Therefore, 

it is vital to explore in-depth investigation of the evaluation and prediction of an indemnity payout. 

 Data collected from farmers show 3 risk factors that influence the level of growing season rice 

yield: flood depth (the average water level exceeding normality) (cm), flood duration (flooding length of 

time) (weeks), and the life cycle of the rice during the flood. Although rice plants require large amount of 

water during growth, flooding stress from high flood depth and long duration results in severe loss of the 

crop. The crop damage and production loss would be more severe on account of unpredictable changes in 

climatic conditions causing floods (Vergara et al., 2014). Therefore, average water level and flooding 

time length are in concern since the exceeding to the proper water level will cause a low or no rice 

production. The life cycle of the rice is classified as before and after the “booting stage” and is suspected 

to have an impact on rice production. The total number of 107 data are collected as shown in Table 1 to 

predict production magnitude at a provincial level. 

  

Table 1: Example of Data Exhibits Water Level, Flood Duration, Rice State, and Rice Production  
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Correlation Test is analyzed to measure a relationship between each pair of variables. This would 

give an insight how strong each factor would affect the rate of rice production with flood stress compared 

to normal production without floods. The correlation test is shown in Table 2 and Figure 2. 

 

Table 2: Correlation Among Actual Water Level, Flood Duration, Rice State, and Rice Production Rate 

  

 
  

 

 
 Figure 2: Correlation Among Actual Water Level, Flood Duration, Rice State, and Rice Production Rate 



 Figure 2 and Table 2 show correlation direction and coefficient among the relationship of actual 

water level with flood stress, flood duration, rice state, and rice production rate. The result of 0.356 

correlation coefficient reveals a positive correlation between flood depth and duration convincing that the 

higher water level the longer flooding length of time. Rice state has a low positive correlation to the other 

two risk factors that intuitively means that rice state is not related to natural disasters. All factors 

especially flood depth and flood duration show a negative correlation to the rice production. The higher 

water level and the longer period the rice paddy under water the more severe rice plant would be 

damaged, thus lessening rice production. This is confirmed by correlation coefficients which are -0.633 

and -0.569, respectively. Rice state data classified as before and after the booting state are scaled to 0 and 

1. Rice state and rice production has a slightly negative correlation. This indicates that rice lifecycle after 

the booting state is more vulnerable to floods. 

  

 Figure 3 and Table 3 shows the result of polynomial regression where independent variable is 

flood depth due to the highest correlation with rice production. Polynomial regression had been tested on 

2nd, 3rd, and 4th degree to analyze the view of a regression fitting and predicting rice production. To 

validate the model this paper splits data into train dataset and test dataset with a ratio of 9 to 1. 

  

  

        degree = 2                   degree = 3                      degree = 4 

 
  Figure 3: Polynomial Regression to Predict Rice Production Rate 

 

 

  Table 3: Polynomial Regression to Predict Rice Production Rate 

 

    
  

 The result shows that every degree of polynomial regression give an acceptable fitting with R-

square around 75 percent. The 2nd degree probably is underfitting when water level is rising. The 3rd 

degree shows the best in fitting. However, the 4th degree may reasonably be the most appropriate curve 

for rice yield forecasting since it can correctly predict total rice production loss at high water depth with 

mean absolute error (MAE) of 0.084 and mean square error (MSE) of 0.011.  

 Multivariate polynomial algorithm is also used in this study to investigate the impact of all risk 

factors on the production loss. Multivariate polynomial algorithm includes 3 factors as independent 

variables to predict rice yield at 2nd, 3rd, and 4th degree. The results are presented in Table 4 as shown 

below. 

 



 

 

 Table 4: Multivariate Polynomial Regression to Predict Rice Production Rate 

 

 degree = 2           degree = 3                  degree = 4 

     
  

The 4th degree of multivariate polynomial regression predicting correction drops compared to the 

model of 2nd and 3rd degree as seen by a reduction in R-square to 67 percent. This may explain the 

induction of multi-collinearity among multiple features or ill-conditioned. The 2nd and the 3rd degree of 

multivariate polynomial regression models show similar results, and it seems to be that it gives a better 

prediction compared to single polynomial regression. The 3rd degree multivariate polynomial regression 

appears to be a suitable algorithm to avoid underfitting and overfitting.  

Table 5 shows the predicting result of rice production using random forest. Random forest shows 

very high accuracy and low error in prediction with MAE of 0.04 and MSE of 0.005. Random Forest 

combines the output of multiple decision tree to generate the final prediction to avoid overfitting. 

  

Table 5: Random Forest to Predict Rice Production Rate 

 
  

However, to confirm that random forest is more suitable algorithm over multivariate polynomial 

regression K-fold cross validation was done on 3rd degree multivariate polynomial regression and random 

forest to verify the performance of the algorithm in various splitting pattern of train and test dataset. The 

dataset was split into 10 folds (k=10). The average and the standard deviation of scores with 10 

validations for both algorithms are shown in Figure 4. Results shown in Figure 4 indicates that values of 

R-square mean and standard deviation of multivariate polynomial regression and random forest are not 

much different. Multivariate polynomial regression gives slightly higher mean and lower standard 

deviation of R-square. 

 

  



 
  

Figure 4: Average and Standard Deviation of R-Square with 10-Fold Validations for 3rd Degree 

Multivariate Polynomial Regression and Random Forest 

 

5. Conclusion 

  Rice insurance development can be done through the IDDI process. The practice needs data 

collection to verify the scheme of the rice insurance consists of specific crop, peril, suitable insurance 

model, technology utilization, and coverage area. The rice insurance designed in this paper has been 

applied using machine learning to generate the model for rice production, at a provincial level, under 

flood stress. Random forest shows a very high accuracy and low error in predicting rice yield. However, 

in validation testing 3rd degree multivariate polynomial regression shows a similarity of R-square mean 

and error compared to those of random forest. To be able to correctly anticipate rice production loss 

would enhance a success in adopting area yield crop insurance in Thailand. 
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