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I. Abstract
Monitoring climate change is crucial for the Thailand agricultural industry. Climate change results in shifting rainfall patterns which in turn affect the management of crop production. Northeastern Thailand grows the majority of the country’s rice, but the rice yield per hectare is relatively low. One primary factor is uncertainty surrounding the ability to monitor and assess climate change. This project aims to assess changing climate patterns to improve the understanding of environmental variables, such as precipitation and temperature, to determine relationships between environmental variables and production areas of rice crop. This study used satellite imagery from Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), and Landsat 8 Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS) and precipitation data from Tropical Rainfall Measuring Mission (TRMM) and Global Precipitation Measurement (GPM), and land surface temperature data from Moderate Resolution Imaging Spectroradiometer (MODIS). The images were analyzed by using land cover classifications, Normalized Difference Vegetation Index (NDVI), Scaled Drought Condition Index (SDCI), and precipitation data. Understanding the changing climate patterns assisted the end-users in initiating the best policies to tackle the challenges of climate change. While statistical rice yield is primarily related to the classified rice area and NDVI, the statistical rice yield per area is significantly dependent on the classified rice area, NDVI and precipitation. The results of the study can be used for facilitating effective land management strategies to enhance rice production in the future.
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[bookmark: _Toc334198726]Background Information
Thailand is well-known not only as one of the world’s largest rice exporters, but also as a producer of high quality rice. Rice can be grown in almost every region of Thailand, especially in the central and northeastern regions. Northeastern Thailand, or Isan, is famous for its agricultural industry, particularly its rice crops. Rice yield per hectare is low in this region due to several factors, such as a lack of irrigation, soil erosion, drought, and undulating topography (Ricepedia, 2015). Tung Kula Rong Hai is a sub-region in Northeastern Thailand where Thai jasmine rice, is grown most. Tung Kula Rong Hai partially covers five provinces including Surin, Maha Sarakham, Buri Ram, Si Sa Ket, and Roi Et for total area of 3,200  km² (Childs, 2015).  

On 12 February 2013, European Commission has officially granted the protection of the “Thai Khao Hom Mali Thung Kula Rong-Hai” as a registered European Union’s Protected Geographical Indication or PGI. Set for better protection within 27 European Union Member States, this is the first-ever South East Asian PGI being recognized and the second by the European Union. The selling price of Thai Khao Hom Mali Rice is currently more than twice of an average selling price of normal white rice (USDA, 2015).

Roi Et has the largest land portion in Tung Kula Rong Hai covering almost 50% of the region. Moreover, rice is the most important agricultural product in Roi Et, especially Thai Khao Hom Mali Thung Kula Rong-Hai. However, most of the rice grown in Isan including Roi Et is rain-fed, which climate variability has a significant impact on rice yield. Roi Et was chosen as the study area where the researchers monitored and recorded data determining precipitation and land surface temperature. Policy makers and researchers are able to understand the impact of climate variability on the rice production, especially in the Roi Et province. 

Project Objectives
In this project, NASA Earth observations were used to monitor rice agriculture in Thailand. Agricultural health and stress can be monitored using remote sensing data products, such as land cover classifications, land surface temperature, precipitation, and vegetation indices. When these products were analyzed over time, correlations between the products and total rice yield became apparent. These products were compiled into linear regression models and the results were compared to government reports of rice yield in order to estimate total seasonal rice output for a given year.

Study Area
This project focused on paddy fields in the northeastern region of Thailand. These rice fields are vulnerable to climate variability due to rain-fed water dependence. Roi Et province was chosen to be the focused study area due to its large paddy fields, and those areas are suitable for growing jasmine rice, which is a premium rice product that plays a significant role in Thai economy.

Roi Et is located in the middle of northeastern region covering 8,300 km² of land. Most of its land cover consists of plains with 120-160 m height above mean sea level. It borders the Phuphan mountain range in the north. Central Roi Et is undulating plain while the Southern region is comprised of low lands which locates Thung Kula Rong-Hai.

[image: RoiEt_map_export.png]
Figure 1: Study area map displaying Roi Et province

Study Period
To evaluate how climate variables such as precipitation and temperature can impact rice crops in Roi Et, Aqua and Terra Moderate Resolution Imaging Spectroradiometer (MODIS), Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), Landsat 8 Operational Land Imager (OLI), Global Precipitation Measurement (GPM), and Tropical Rainfall Measuring Mission (TRMM) data were downloaded from 2000 to 2015.

National Applications Addressed
The NASA national application area addressed in this project was agriculture. This project used NASA Earth observations to monitor precipitation and temperature in Roi Et, Thailand. This study assisted decision makers to understand the relationship between the effects of climate change and rice production by identifying trends of rice yields in recent years. This project used NASA Earth observations and statistics from Thai government bodies.


Project Partners
This project’s partners were the Royal Thai Embassy located in Washington D.C. and the SERVIR Mekong regional hub. The tools and models created by this project were designed to assist these organizations in decision-making and to improve understanding of the relationship between agricultural yield and environmental factors such as climate variability and water availability. This project highlights the utility of NASA’s Earth observations as tools for monitoring agriculture and encourages their use in land management strategies.
[bookmark: _Toc334198730]III. Methodology
Data Acquisition
Three main classes of NASA’s Earth observations were used for this project. 30m imagery taken from Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI were downloaded from USGS’s GLOVIS website in order to provide high-resolution land cover classifications (LCCs) of the study area. NASA’s TRMM and GPM satellites provided products downloaded from Giovanni containing monthly precipitation accumulation averages in mm. Finally, MODIS products from the Aqua and Terra satellites were downloaded from USGS’s GLOVIS and used to produce land surface temperature (LST) and vegetation indices.

Data Processing
All Landsat images were preprocessed using the dnppy top-of-atmosphere digital number to reflectance conversion script. Additional python scripts were written to automate the reflectance conversion, remove negative reflectance values, and create composite band rasters of each Landsat scene. Once the images were preprocessed, training samples were drawn within the study area in order to perform a Maximum Likelihood Estimate (MLE) land cover classification. Three classes of training samples were drawn: rice, non-rice, and cloud cover. Pixels in the rice crop land cover classification were estimated using zonal statistics and converted into km²for further comparisons. This method was validated by rice searching algorithm (see Appendix D.) In addition, the NDVI was calculated over the classified rice area to be a predictor in our prediction models.

Due to the climate characteristics of the study area, farmers usually grow rice only during the wet season (May to October). In this project, monthly rainfall data were accumulated into 6-month seasonal rainfall. Monthly SDCI data were averaged into 6-month average SDCI during the wet season. In order to calculate all the data from 2000 to 2015, a Python script was created using ArcPy for batch processing.

The Scaled Drought Condition Index (SDCI) was provided by Thailand Disaster team from 2000 to 2015. The SDCI product was in one month temporal period. The SDCI was calculated by using formula found in (Rhee et al., 2010).

Data Analysis
This research was quantitative research. The multiple regression analysis was employed to make two prediction equations.

Generalized regression equation:


		
Where, 
 	=  dependent variable
	=  constant of the equation
 	=  change in  relative to change in 
 	=  change in relative to change in 
 	=  predictor one
 	=  predictor two
 	=  residual (prediction error)

Multiple regression was useful to develop prediction models. Multiple regression predicted the value of dependent variable based on the values of predictors or independent variables.   

The unit of analysis or sample in this study was the 20 districts of Roi Et in 6 years. Hence, the total number of units of analysis is 120 units. The multiple regression analysis required at least 30 units together to consider one dependent variable per more than five samples. Hence, the total number of samples was quite large.
[bookmark: _Toc334198735]IV. Results & Discussion
Analysis of Results
Table 1 shows the correlation Matrix. Pearson’s correlation was used to measure linear the relationship between pairs of variables. In this table, Pearson’s correlation coefficient is equal to one suggests that the two variables on the row and column are the same variable. The correlation values in table were calculated by using Microsoft’s Excel while the p-values were calculated by using R.  

Based on the available satellite data and Pearson’s correlation, six significant relationships were found. Classified rice area from land cover classification had a positive correlation with the predicted rice yield. The predicted rice yield per area had a negative correlation with classified rice area. The predicted rice yield per area had a positive correlation with NDVI. The predicted rice yield per area had a negative correlation with precipitation. SDCI had a positive correlation with classified rice area and precipitation (RAIN), but had a negative correlation with NDVI.









Table 1: Pearson’s Correlation
[image: ]
Subsequently, linear multiple-regression analysis was conducted  to predict rice yield (ton). However, two independent variables provided significant coefficients for the linear regression equation. These variables were the classified rice area (AREA) from the land cover classification method and NDVI. Hence, the result in the equation (1) shows the prediction equation. The predicted rice yield model is depicted in the following equation:

		(1) 
Where
	=  predicted rice yield (ton)
AREA	=  classified rice area (km2)
NDVI	=  Normalized Difference Vegetation Index




Table 2 shows that both variables can provide adjusted R squared as much as 0.576; in other words, 57.6 % of the variance of predicted rice yield can be explained by both Classified Rice Area and NDVI. 

The F ratio is also significant, suggesting that the variance explained by the regression model is significantly larger than the unexplained variance. Hence, this predicting model can be accepted. 

The coefficients of the intercept, classified rice area, and NDVI are all significant; the p-values are less than 0.05.

Table 2: Regression results of model one
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In terms of the second prediction model, the number of ton per km² was used as the dependent variable. The equation (2) shows regression results for predicting rice yield per area when the classified rice area, NDVI, and precipitation are used as predictors.
		(2)
Where
	=  predicted rice yield per area (ton/ km2)
AREA	=  classified rice area (km2)
NDVI	=  Normalized Difference Vegetation Index
RAIN	=  precipitation (mm/wet season)




According to Table 3, three variables can be used to predict yield per area (ton per km²). These variables are classified rice areas (AREA), NDVI, and precipitation. However, the number of adjusted R square is equal to 0.18, which is quite small. 18% of the variance of the predicted number of ton per km² can be explained by classified rice area, NDVI, and precipitation.
 
Table 3: Regression results of predicted rice yield per area
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The F ratio is also significant, suggesting that the variance explained by the regression model is significantly larger than the unexplained variance. Hence, this predicting model can be accepted. The coefficients of classified rice area, NDVI, and precipitation are all significant; the p-values are less than 0.05. However, classified rice area and precipitation have a negative relationship with the yield per area. 
 
Errors & Uncertainty
The main sources of error in this project were assumptions made during the land cover classification step. Because of the rain-fed nature of agriculture in Northeastern Thailand, the availability of cloud-free imagery during the growing seasons was minimal. The few wet season Landsat images containing only partial cloud cover were classified anyway with the clouds and cloud shadows masked out. Percentages of total rice area of production were compared to images between seasons, which introduced potential errors depending on the land features covered by the mask as shown in Figure 2. 

[image: ]Rice Classification
Cloud Mask

Figure 2: Cloud mask compared to land cover classification 
In addition, it became necessary to divide classification of the geographically large study area between two participants. The division of labor improved the project’s efficiency, but added an extra level of variability to our classifications.


Future Work
For the predictive analysis, the future work should be considered the use of critical factors determining rice yields. These factors can be, for example, soil quality, fertilizer used, and crop species together with such economics data as demand and competition. Recent literature indicates that fertilizers are crucial factors determining productivity of rice paddies in Thailand. Furthermore, farmers in Thailand cultivate different crop species. Ideally, different types of rice crops would be considered in the prediction models.

To improve the accuracy of the prediction, the use of Geographically Weighted Regression (GWR) in addition to a linear regression can be helpful because GWR accounts for spatial characteristics of data. The local R squared coefficients, and residuals of each district of Roi Et are able to be found.

In order to validate usefulness of the prediction models, applying the prediction models in other provinces is recommended. Testing the models in other circumstances is useful because it would enhance the applicability of the models.

In order to mitigate land classification errors, working with ground researchers and farmers is strongly recommended because it can provide high accuracy of training samples and it is the most rigorous research validation. To solve temporal problems, using constellation of satellites is recommended because Landsat suit has very few images per year and some images are not usable due to cloud. To solve cloud errors, using active remote sensing is recommended since it has an ability to penetrate the cloud because during the wet season Thailand is mostly covered by clouds.

Expanding the collaboration with other partners is also a good strategy. For example, Geo-Informatics and Space Technology Development Agency (GISTDA), an organization in Thailand, can provide images from SPOT, RARARSAT, ALOS and Thaichote. Cooperating with such an organization will increase an opportunity to obtain more images which in turn mitigate temporal and cloud cover problems.
 V. Conclusions
[bookmark: _Toc334198736]This project studied the effect of the classified rice area, NDVI, precipitation, and SDCI on the statistical rice yield and on statistical rice yield per area. Our results show that statistical rice yield is dependent on the classified rice area and NDVI. Statistical rice yield per area is dependent on classified rice area, NDVI, and precipitation. The results of the study can be used for facilitating effective land management strategies to enhance rice production in the future.




VI. Acknowledgments
[bookmark: _Toc334198737]Dr. Jeffrey Luvall (NASA at National Space Science and Technology Center)
Dr. Robert Griffin (University of Alabama in Huntsville)
Dr. Kenton Ross (NASA Langley Research Center)
Dr. Bill Crosson (SERVIR Mekong)
Dr. Peter Cutter (SERVIR Mekong)
Bunyakiat Raksaphaeng (Royal Thai Embassy)
NASA DEVELOP Thailand Disasters Team 

This material is based upon work supported by NASA through contract NNL11AA00B and cooperative agreement NNX14AB60A.


[bookmark: _Toc334198738]VII. References
Broadband Greenness (Using ENVI) - Exelis VIS Docs Center. (2015). Retrieved June 30, 2015, from http://www.exelisvis.com/docs/broadbandgreenness.html
Childs, N. (2015, May 14). USDA Rice Outlook. Retrieved June 12, 2015, from http://www.ers.usda.gov/publications/rcs-rice-outlook/rcs-15e.aspx
Rhee, J., Im, J., & Carbone, G. (2010). Monitoring agricultural drought for arid and humid regions using multi-sensor remote sensing data. Remote Sensing of Environment, 2875-2887. 
Rhee, J., Im, J., & Carbone, G. (2010). Monitoring agricultural drought for arid and humid regions using multi-sensor remote sensing data. Remote Sensing of Environment, 2875-2887.
Thailand - Ricepedia. (2015). Retrieved June 19, 2015, from http://ricepedia.org/thailand 

The National Statistical Office of Thailand. (2012). Statistical non-glutinous rice yield and harvested area. Retrieved June 20, 2015, from http://roiet.old.nso.go.th/nso/project/search/index.jsp?province_id=72&fid=3


VIII. Content Innovation

Interactive Map Viewer
· 2015Sum_MSFC_ThailandAgriculture_TechPaper_InteractiveMapViewer_rice2004.kmz
· 2015Sum_MSFC_ThailandAgriculture_TechPaper_InteractiveMapViewer_rice2005.kmz
· 2015Sum_MSFC_ThailandAgriculture_TechPaper_InteractiveMapViewer_rice2006.kmz
· 2015Sum_MSFC_ThailandAgriculture_TechPaper_InteractiveMapViewer_rice2007.kmz
· 2015Sum_MSFC_ThailandAgriculture_TechPaper_InteractiveMapViewer_rice2009.kmz
· 2015Sum_MSFC_ThailandAgriculture_TechPaper_InteractiveMapViewer_rice2010.kmz
· 2015Sum_MSFC_ThailandAgriculture_TechPaper_InteractiveMapViewer_rice2012.kmz
· 2015Sum_MSFC_ThailandAgriculture_TechPaper_InteractiveMapViewer_rice2013.kmz
· 2015Sum_MSFC_ThailandAgriculture_TechPaper_InteractiveMapViewer_rice2014.kmz
Featured Multimedia for this Article
2015Sum_MSFC_ThailandAgriculture_VPS_Video_Revised.mp4

Video available through Developedia or through: https://www.youtube.com/watch?v=CiTiWjsIVVE


Appendix A
Minimum cloud cover (%) from Landsat imagery (Path/Row: 127/049) which covers Roi Et, Thailand is shown in the table below. The acceptable percentage was set to be approximately 10% during wet season (May – Oct) for 2000-2015.

[image: ]

Source: http://glovis.usgs.gov/

According to the cloud cover problem, Landsat data: 10/2004, 10/2005, 10/2006, 10/2007, 10/2009, 10/2010, 10/2012, 10/2013, and 10/2014 were analyzed.

Rice data for twenty districts of Roi Et from National Statistical Office of Thailand are available for 2001, 2002, 2003, 2004, 2005, 2006, 2009, 2010, 2011, and 2012.

For our regression analysis, both statistical rice yield and classified rice area are available for 2004, 2005, 2006, 2009, 2010, and 2012.



Appendix B
Rice fields in Roi Et, Thailand, were classified from Landsat images during wet season months. Classified Landsat imagery shows percent of rice fields in sub-province scale during wet season months are provided together with Julian date for each image.

[image: ][image: ]	Classified Rice Field (Year 2014)	 10/14 (LC81270492014275LGN00)
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The calculation for the percentage of the rice area:



Where, the error area is cloud area or Landsat 7 gap area in kilometer (km2).

For example, in Pathum Rat, the percentage of the classified rice area for 10/2012 can be found by

.


	District name	Total area (km2)
[image: D:\Powerpoint_online\TechPaper_Picture\name_area.jpg]



	Classified Rice Area (km2)	Landsat 7 Gap Area (km2)
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	10/12 (LE71270492012294EDC00)	10/13 (LC81270492013304LGN00)
[image: D:\Powerpoint_online\TechPaper_Picture\rice_1213.jpg]



	10/09 (LE71270492009301EDC00)	10/10 (LT51270492010296BKT00)
[image: D:\Powerpoint_online\TechPaper_Picture\rice_0910.jpg]



	10/06 (LE71270492006293PFS00)	09/07 (LE71270492007264PFS00)
[image: D:\Powerpoint_online\TechPaper_Picture\rice_0607.jpg]


	10/04 (LT51270492004280BKT00)	10/05 (LE71270492005290PFS01)
[image: D:\Powerpoint_online\TechPaper_Picture\rice_0405.jpg]


Appendix C
Table of statistical data and satellite data in Roi Et, Thailand
[image: ]
Statistical non glutinous rice yield and harvested area are obtained from the National Statistical Office of Thailand (website: http://roiet.nso.go.th/index.php)

Table of statistical data and satellite data in Roi Et, Thailand (continued)
[image: ]
Statistical non glutinous rice yield and harvested area are obtained from the National Statistical Office of Thailand (website: http://roiet.nso.go.th/index.php)


Appendix D
The Rice Searching Algorithm

A rice-searching algorithm has been developed to detect rice by using four different wave ranges: blue, green, red, and near infrared. Blue, red, and near infrared are used to calculate Modified Simple Ratio (MSR) and Enhanced Vegetation Index (EVI). The algorithm detects the properties of rice paddies in terms of green wave, MSR, EVI, and red wave together. The properties of green, MSR, EVI, and red in each pixel are converted into the z-score. The formulas of MSR and EVI are taken from exelisvis.com (2015) 


Where 
MSR = the Modified Simple Ratio
NIR = the near infrared wave range
Red = the red wave range


Where
EVI = Enhanced Vegetation Index
Blue = the blue wave range
NIR = the near infrared wave range
Red = the red wave range



where
z = the z score
x = the value of the variable
μ = the mean of the population
σ = the standard deviation of the population
Then areas that have a z-score between -2 and +2 are selected for further calculation. We select this range because it includes areas that belong to the 95 percent of the normal distribution. Then the areas selected by the range between -2 and +2 of the z score was selected to do the intersection of the set theory by using the ESRI’s combine tool.

Z-Green Map ∩ Z-MSR Map ∩ Z-EVI Map ∩ Z-Red Map
Where
Z-Green Map = the map showing the z score of the green wave range
Z-MSR Map = the map showing the z score of the MSR
Z-EVI Map = the map showing the z score of the EVI
Z-Red Map = the map showing the z score of the red wave range
The intersected map was calculated from the zonal statistics providing the area of potential rice crops. The result of this algorithm had a very high relationship with the classified rice area by using supervised land cover classification. The supervised land classification and rice searching algorithm confirm that both methods provide a Pearson’s correlation coefficient (r) as much as 0.986. The Pearson’s coefficient can be turned into the r square. Both methods can explain each other as much as 0.973 (the r square) or 97.3 % with the p-value less than 0.001.

Table D1: The relationship between rice searching algorithm and classified rice area

	
	Searching Algorithm
	Classified Rice Area

	Searching Algorithm
	1
	

	Classified Rice Area
	0.987
	1







The complete rice searching algorithm model:
[image: C:\Users\watanyoo\Downloads\ricesearching.PNG]
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image4.emf
Statistical Rice Yield Yield per Area Classified Rice Area SDCI NDVI Precipitation

(ton)

(ton/km

2

) (km

2

)

(mm/wet season)

Statistical Rice Yield 1

Yield per Area 0.000 1

Classified Rice Area 0.750*** -0.245** 1

SDCI 0.095 -0.099 0.252** 1

NDVI 0.116 0.304*** -0.04 -0.238** 1

Precipitation -0.114 -0.220* -0.013 0.347*** 0.03 1

 Two tailed significance, * p < 0.05;** p < 0.01; *** p < 0.001

Pearson’s Correlation Table (N = 120)
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Regression Statistics

Multiple R 0.764

R Square 0.583

Adjusted R Square 0.576

Standard Error 23336

Observations 120

ANOVA

df SS MS F Significance F

Regression 2 89217310934 44608655467 81.91770363 < 0.001

Residual 117 63712878393 544554516.2

Total 119 1.5293E+11

Coefficients Standard Error t Stat P-value

Intercept -116343 48211.65905 -2.413166146 0.017

Classified rice area 187.912 14.85331109 12.65119174 < 0.001

Mean NDVI 213952 87244.49785 2.452328503 0.016
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Regression Statistics

Multiple R 0.448

R Square 0.201

Adjusted R Square 0.180

Standard Error 36.158

Observations 120

ANOVA

df SS MS F Significance F

Regression 3 38120.83017 12706.94339 9.719340034 < 0.001

Residual 116 151656.9467 1307.387471

Total 119 189777.7769

Coefficients Standard Error t Stat P-value

Intercept 121.052 81.55364834 1.484320567 0.140

Classified rice area -0.065 0.023016279 -2.842228684 0.005

Mean NDVI 491.031 135.2415474 3.630770917 < 0.001

Precipitation -0.081 0.028789182 -2.798260087 0.006
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JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC

2000

N/A N/A 0 N/A N/A N/A 83 55 23 N/A 0 23

2001

N/A N/A N/A N/A 75 60 43 73 60 42 23 N/A

2002

0 3 0 N/A 86 58 83 85 55 50 0 0

2003

0 24 0 9 54 N/A N/A 60 N/A 14 7 0

2004

18 0 0 0 18 48 30 89 8 0 0 0

2005

0 0 0 36 10 37 66 81 57 1 27 N/A

2006

0 0 0 10 0 4 59 88 22 0 0 0

2007

4 0 0 2 2 5 31 52 0 49 0 N/A

2008

0 0 13 1 71 50 91 17 96 71 67 1

2009

0 0 13 4 65 28 98 56 20 11 0 0

2010

20 0 0 0 N/A 16 58 94 34 9 39 0

2011

6 0 N/A 28 10 56 3 53 72 70 0 N/A

2012

0 0 N/A 33 N/A 97 N/A 73 49 0 0 N/A

2013

0 67 11 17 1 5 N/A 21 26 11 21 0

2014

0 6 13 4 19 32 7 40 29 1 0 1
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Year District Name Statistical Non Glutinous Statistical Classifed Rice Area Mean Landsat Precipitation Mean

Rice Yield Harvested Area from Landsat NDVI SDCI

(ton)

(km

2

) (km

2

)

(mm/wet season)

2012 At Samat 79,627 268 274 0.559 1,011 0.348

Changhan 38,816 94 101 0.581 963 0.335

Chaturaphak Phim 59,272 210 233 0.537 972 0.348

K. Chiang Kwan 29,604 88 70 0.570 967 0.340

K. Nong Hi 29,477 74 99 0.489 1,043 0.357

K. Thung Kao Lua 21,374 83 83 0.565 1,004 0.343

Kaset Wisai 112,212 424 487 0.537 997 0.361

Moei Wadi 11,974 47 99 0.522 948 0.333

Muang Roi Et 46,841 168 247 0.536 969 0.330

Muang Suang 16,830 58 95 0.531 1,003 0.349

Nong Phok 26,230 99 270 0.538 947 0.349

Panom Phrai 51,273 184 316 0.530 1,067 0.355

Pathum Rat 31,715 122 178 0.538 967 0.344

Pho Chai 23,439 78 161 0.529 970 0.335

Phon Sai 63,134 197 168 0.518 1,042 0.358

Phon Thong 34,322 133 357 0.522 972 0.335

Selaphum 89,509 301 452 0.544 992 0.343

Si Somdet 30,029 110 99 0.522 961 0.342

Suwannaphum 192,486 643 537 0.527 1,026 0.351

Thawatchaburi 44,171 157 210 0.569 973 0.340

2010 At Samat 57,005 211 283 0.526 1,287 0.394

Changhan 25,377 74 135 0.579 1,190 0.351

Chaturaphak Phim 53,927 212 291 0.540 1,232 0.363

K. Chiang Kwan 16,334 52 79 0.567 1,204 0.358

K. Nong Hi 27,467 84 100 0.547 1,300 0.380

K. Thung Kao Lua 15,473 65 82 0.558 1,282 0.363

Kaset Wisai 174,336 677 361 0.534 1,243 0.363

Moei Wadi 13,043 50 107 0.523 1,331 0.387

Muang Roi Et 43,417 165 315 0.528 1,214 0.346

Muang Suang 20,832 74 115 0.527 1,257 0.372

Nong Phok 16,040 75 240 0.546 1,337 0.414

Panom Phrai 48,239 185 290 0.561 1,305 0.395

Pathum Rat 44,466 175 36 0.549 1,221 0.371

Pho Chai 29,377 97 215 0.551 1,234 0.373

Phon Sai 50,325 149 179 0.565 1,311 0.374

Phon Thong 49,980 197 427 0.532 1,267 0.382

Selaphum 81,855 272 476 0.558 1,277 0.377

Si Somdet 19,949 73 123 0.518 1,204 0.334

Suwannaphum 202,438 771 554 0.544 1,280 0.368

Thawatchaburi 38,324 146 244 0.552 1,223 0.354

2009 At Samat 50,743 189 282 0.577 1,268 0.358

Changhan 26,701 78 106 0.579 1,180 0.342

Chaturaphak Phim 63,571 238 275 0.546 1,228 0.355

K. Chiang Kwan 21,941 66 71 0.569 1,188 0.331

K. Nong Hi 26,464 78 108 0.559 1,268 0.363

K. Thung Kao Lua 7,438 51 83 0.580 1,266 0.356

Kaset Wisai 83,984 356 518 0.553 1,247 0.360

Moei Wadi 19,495 70 118 0.551 1,090 0.335

Muang Roi Et 40,841 150 263 0.571 1,189 0.344

Muang Suang 15,268 59 105 0.554 1,252 0.348

Nong Phok 19,563 74 312 0.572 1,105 0.367

Panom Phrai 48,137 185 305 0.571 1,283 0.368

Pathum Rat 51,038 190 203 0.554 1,238 0.357

Pho Chai 21,095 70 196 0.567 1,193 0.345

Phon Sai 41,608 122 154 0.559 1,306 0.367

Phon Thong 38,836 137 435 0.569 1,183 0.344

Selaphum 85,827 275 481 0.583 1,229 0.353

Si Somdet 16,906 65 100 0.546 1,166 0.340

Suwannaphum 148,483 655 555 0.564 1,261 0.355

Thawatchaburi 37,355 134 225 0.586 1,211 0.354
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Rice Yield Harvested Area from Landsat NDVI SDCI
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2006 At Samat 46,817 161 237 0.543 1,318 0.343

Changhan 23,816 83 91 0.577 1,272 0.340

Chaturaphak Phim 65,405 257 229 0.549 1,259 0.322

K. Chiang Kwan 15,142 47 53 0.555 1,276 0.334

K. Nong Hi 23,382 87 90 0.552 1,369 0.352

K. Thung Kao Lua 14,133 49 61 0.557 1,307 0.340

Kaset Wisai 64,198 332 397 0.511 1,298 0.336

Moei Wadi 13,789 52 83 0.535 1,239 0.334

Muang Roi Et 40,505 155 226 0.546 1,266 0.328

Muang Suang 18,996 75 93 0.528 1,306 0.328

Nong Phok 17,439 66 166 0.552 1,259 0.351

Panom Phrai 51,268 156 271 0.555 1,335 0.353

Pathum Rat 24,478 128 164 0.517 1,248 0.329

Pho Chai 20,729 74 139 0.558 1,281 0.343

Phon Sai 38,531 129 149 0.567 1,387 0.349

Phon Thong 43,886 149 284 0.543 1,269 0.336

Selaphum 78,230 262 347 0.563 1,301 0.337

Si Somdet 17,846 64 65 0.545 1,240 0.319

Suwannaphum 87,900 444 489 0.549 1,351 0.346

Thawatchaburi 32,976 120 194 0.562 1,279 0.347

2005 At Samat 54,443 195 239 0.556 1,247 0.358

Changhan 31,553 95 94 0.607 1,227 0.364

Chaturaphak Phim 81,028 250 236 0.582 1,168 0.351

K. Chiang Kwan 21,471 70 64 0.588 1,245 0.352

K. Nong Hi 23,873 91 91 0.577 1,258 0.316

K. Thung Kao Lua 17,077 58 68 0.573 1,239 0.304

Kaset Wisai 146,870 530 486 0.595 1,149 0.355

Moei Wadi 14,380 56 82 0.539 1,438 0.363

Muang Roi Et 50,821 176 225 0.570 1,203 0.352

Muang Suang 23,407 84 91 0.549 1,183 0.302

Nong Phok 16,466 64 191 0.565 1,435 0.397

Panom Phrai 46,857 180 276 0.584 1,249 0.308

Pathum Rat 71,025 241 185 0.608 1,122 0.297

Pho Chai 25,788 75 146 0.579 1,309 0.361

Phon Sai 49,546 134 163 0.594 1,199 0.317

Phon Thong 36,319 137 287 0.560 1,351 0.362

Selaphum 70,672 261 391 0.579 1,300 0.365

Si Somdet 15,483 54 77 0.576 1,169 0.295

Suwannaphum 119,542 437 522 0.584 1,202 0.361

Thawatchaburi 37,579 128 196 0.588 1,230 0.359

2004 At Samat 38,514 176 302 0.512 1,260 0.367

Changhan 15,435 59 118 0.523 1,297 0.362

Chaturaphak Phim 50,403 194 352 0.533 1,204 0.351

K. Chiang Kwan 7,783 29 60 0.516 1,303 0.352

K. Nong Hi 9,827 43 102 0.519 1,247 0.366

K. Thung Kao Lua 15,954 58 69 0.506 1,260 0.355

Kaset Wisai 90,573 360 653 0.534 1,184 0.361

Moei Wadi 8,451 37 111 0.498 1,351 0.370

Muang Roi Et 31,999 146 307 0.518 1,258 0.355

Muang Suang 14,406 55 125 0.505 1,227 0.360

Nong Phok 9,385 42 247 0.515 1,345 0.389

Panom Phrai 42,230 130 286 0.526 1,247 0.371

Pathum Rat 40,317 162 294 0.549 1,133 0.355

Pho Chai 8,639 29 219 0.521 1,298 0.366

Phon Sai 64,996 180 185 0.528 1,240 0.378

Phon Thong 32,528 136 416 0.508 1,307 0.367

Selaphum 55,429 189 441 0.522 1,298 0.370

Si Somdet 9,839 44 88 0.519 1,208 0.340

Suwannaphum 67,848 310 651 0.528 1,226 0.366

Thawatchaburi 34,716 113 257 0.524 1,286 0.371
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