
Measuring Rice Yield from Space: The Case of Thai Binh Province, Viet Nam

Traditional methods for estimating rice yield rely on field data, which are time-consuming and expensive to 
collect. Significant cloud coverage in Southeast Asia limits the availability of cloud-free satellite images to 
serve as an alternative to field data. This paper presents an innovative data fusion technique which combines 
two freely available sources of satellite data for Thai Binh, Viet Nam. Our results show that data fusion 
increases the spatial and temporal availability of satellite data and allows for estimating the best empirical 
relationship between satellite derived yield indexes and field-based yield data.
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ABSTRACT 

 
Despite a growing interest in using satellite data to estimate paddy rice yield in Southeast Asia, 
significant cloud coverage has led to a scarcity of usable optical data for such analysis. In this paper, we 
study the feasibility of using two alternative sources of satellite data—(i) surface reflectance fusion 
data which integrates Landsat and Moderate Resolution Imaging Spectroradiometer (MODIS) images, 
and (ii) L-band radar backscatter data from the Advanced Land Observing Satellite 2 (ALOS-2) 
PALSAR-2 sensors—to circumvent the cloud cover problem and estimate yield in Thai Binh Province, 
Viet Nam during the second growing season of 2015. Our findings indicate that although Landsat–
MODIS fusion data are not necessarily beneficial for paddy rice mapping when compared with only 
using Landsat data, fusion data allows us to estimate the peak value of various vegetation indexes and 
derive the best empirical relationship between these indexes and yield data from the field. We also find 
that the L-band radar data not only has a lower performance in paddy rice mapping when compared 
with optical data, but also contributes little to rice yield estimation. 

 
 
 
 
Key words: agriculture, ALOS-2, crop cutting, crop yield, Fusion, Landsat, MODIS, paddy rice, remote 
sensing, Viet Nam 

 
JEL codes: C40, O13, Q18 

 

 

 
 
  



 

I. INTRODUCTION 

Rice is an important staple crop grown in Southeast Asia, accounting for nearly 25% of the total rice 
area planted in the world and more than 22% of global rice production (FAO 2016). Roughly 26% of 
the total consumption expenditure on food and beverages is allocated to rice for households in the 
poorest quartile of the population in Southeast Asia (World Bank 2016). Timely and reliable rice 
production estimates are therefore important in designing and monitoring government development 
plans related to food security in the region.  

Traditionally, crop area and yield are estimated using administrative data, whereby government 
agricultural extension officers observe harvests, interview village heads and/or farmers in their assigned 
localities, and report the estimates to their next level of bureaucracy, until the summary statistics reach 
the national government. While this data collection approach is inexpensive, estimates derived can be 
prone to large measurement errors (ADB 2016). Data collection officers and others involved in the 
process tend to overestimate production in their assigned areas to support their claims of 
accomplishment (Carfagna and Carfagna 2010). Administrative reporting often does not usually 
include a validation process that could improve the quality of estimates (ADB 2016).  

If objectively designed and conducted, farmer recall or crop cutting surveys can provide better 
estimates from crop area and yield than administrative data (ADB 2016). However, methodological 
studies suggest that during interviews, farmers may inadvertently provide inaccurate crop area and 
production estimates (Dillon et al. 2017, Desiere and Jolliffe 2017, ADB 2016). Moreover, household 
surveys are expensive and countries may opt to conduct annual production surveys instead of 
generating quarterly estimates, leading to recall-based measurement error (De Groote and Traoré 
2005). Finally, because household surveys take longer to implement, process, and analyze, their results 
do not reach policy makers in time for planning the next cropping season.  

An alternative to using administrative data or conducting surveys is the application of satellite 
remote sensing techniques, which has been ongoing for the past several decades with some progress 
achieved for paddy rice (Kuenzer and Knauer 2013; Mosleh, Hassan, and Chowdhury 2015). There are 
usually three major applications of satellite data with respect to paddy rice: (i) identifying rice-planted 
areas, (ii) monitoring in-season crop growth condition and progress, and (iii) estimating or forecasting 
end-of-season crop yield. Given that majority of paddy rice growing in tropical monsoon areas of 
Southeast Asia is interspersed over long and multiple rainy seasons, continuous cloudy coverage over 
an extended period is common. This poses a big challenge in using optical sensors for crop monitoring.1 
This is also why microwave sensors have long been used for paddy rice applications since they can 
penetrate clouds and are weather independent (Inoue et al. 2002). It is worth noting that depending 
on the wavelength or frequency of sensors, microwave signals can have different interactions with 
landscape, making the interpretation of their backscatter complex and prone to significant 
measurement errors (Inoue et al. 2002; Mosleh, Hassan, and Chowdhury 2015).  

From a methodological perspective, substantial progress has been made on remote sensing 
techniques to identify rice areas. Dong and Xiao (2016) provide a thorough review of the evolution of 
satellite-based mapping algorithm for paddy rice. Among various existing approaches, using temporal 
information of seasonal progression from either optical or microwave data is the most advanced 
approach (Dong and Xiao 2016). For example, the unique features of optical sensors have been found 

                                                                 
1  Optical sensors are those that include visible, near-infrared, and short-wave infrared bands, and cannot penetrate through 

clouds. 
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to be effective for distinguishing paddy rice from other types of vegetation and land cover (Xiao et al. 
2005 and 2006). However, leveraging such features require continuous time series of satellite images 
covering the same region. This limits the potential uses of this approach for both optical and 
microwave data. Continuous time series data from optical satellite sensors are also usually available at 
medium-to-coarse resolution (e.g., Moderate Resolution Imaging Spectroradiometer [MODIS]) 
(Wardlow and Egbert 2008, Xiao et al. 2006), but fine-spatial-resolution data such as Landsat and 
other commercial satellite data usually do not have enough clear-day scenes due to low temporal 
sampling frequency and presence of clouds in tropical regions (Whitcraft, Becker-Reshef, and Justice 
2015). This means that mapping of paddy rice using the temporal features can only be achieved at 
medium-to-coarse resolution, leading to the unfulfilled needs of finer-spatial-resolution map for 
smallholder rice fields. Cost is another important consideration while selecting the optimal satellite 
data source. Given that all data sources that can provide time series information for microwave sensors 
(except Sentinel-1) are not free of charge, there is an inherent limitation on the applicability of radar 
data for large-scale paddy rice mapping. Monitoring in-season crop growth progress using satellite data 
essentially shares the similar challenges as the mapping of paddy rice fields discussed above, as it also 
requires time series information; and ideally, a long-term historical record is required for benchmarking 
and calculating the deviation from the long-term mean. This is why the state-of-the-art monitoring 
systems for paddy rice (e.g., GEO Global Agricultural Monitoring Initiative [GeoGLAM], Asia Rice 
Crop Estimation and Monitoring [Asia-RiCE]) primarily rely on MODIS data (Whitcraft, Becker-
Reshef, and Justice 2015). 

Estimating rice production not only requires information on area planted, but also calculating 
yield, which in the remote sensing context is still at a very nascent stage. There are several major 
challenges associated with satellite-based crop yield estimation. Firstly, there is a lack of reliable 
ground-truth crop yield data for model calibration and testing at regional scales. Field-level crop 
cutting data is usually costly and labor intensive, and district-level crop statistics are either not easily 
accessible or of low quality in developing countries (ADB 2016). Secondly, satellite data with both high 
temporal and spatial resolutions is limited in terms of availability and cost. Given that the majority of 
paddy rice fields in Southeast Asia are smallholder farms, there is a need for high spatial resolution data 
down to 10–30 meters (m), and high-frequency time series data during the peak growing season to 
develop an advanced crop yield algorithm (Lobell et al. 2015, Sibley et al. 2014). Thirdly, satellite data 
can only observe certain features that are correlated with crop yield but are unable to direct detect 
grain weight. To illustrate this point, we explain the growth cycle of paddy rice (Figure 1). 

The International Rice Research Institute (IRRI) classifies the growth of paddy rice into two 
stages, the vegetative stage and the reproductive stage (IRRI 2013). The reproductive stage is 
subdivided into two periods—before and after the heading (i.e., anthesis or flowering); and the period 
after heading, also referred to as the ripening stage. During the vegetative stage, plants expand in 
height, increase in leaf number, size, and tillers, all of which leads to a gradual increase in total 
aboveground biomass (AGB). Before the ripening stage, plants experience the fastest plant height 
increase; panicle initiation; booting (bulging of the leaf stem that conceals the developing panicle); 
heading (fully visibility of the panicle); and flowering (1 day after the completion of  heading, lasting 7 
days) (IRRI 2013). Since the flowering period determines the number of flowers, and each flower can 
only lead to one spikelet/one grain, the flowering period largely determines the potential grain yield 
(i.e., the number of grains).  

When rice enters the ripening stage, the number of grains is fixed, and only the size of the grain 
increases (also known as “grain-filling”). The final grain yield is a product of the number of grains and 
the average size of all grains per unit area. Thus, both flowering and grain-filling periods are important 
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in determining final rice yield. These two processes are sensitive to environmental conditions, 
especially during the flowering period (Fischer, Byerlee, and Edmeades 2014). Agronomically, the 
combined flowering and grain-filling process largely determine the harvest index, defined as the ratio of 
final crop yield divided by the total AGB (equation 1):  

 Crop yield = Aboveground biomass × Harvest index (1) 

From a remote sensing perspective, crops experience the most dramatic changes in height and 
AGB during the vegetative stage and early reproductive stage. The associated morphological and 
spectral changes are usually well captured using satellite data (both optical and microwave). For 
example, the Green Leaf Area Index reaches its peak value usually during the booting period (Chang, 
Shen, and Lo 2005).2 However, it is challenging to capture the flowering and grain filling processes 
using satellite data (Guan et al. 2015). This is either because these processes happen under the canopy 
or inside the hull of the final grain. Rice is different from corn and soybean in that corn and soybean 
both have their final grains below the canopy, while rice grains mostly locate at top of the canopy. This 
unique feature provides some possible foundation that X-band radar backscatter may detect grain 
weight during the ripening stage (Inoue, Sakaiya, and Wang, 2014b; Inoue and Sakaiya 2013). However, 
this possibility is still inconclusive with many confounding factors, and is also hard to scale up due to 
the lack of X-band radar data. Meanwhile, optical sensor data are essentially unable to detect the 
harvest index process. Based on the above rationale, we argue that satellite data is most useful to 
capture AGB information but not harvest index information.  

The above reasoning provides the foundation for using AGB to approximate yield through 
three major sources: (i) an optical data derived vegetation index (e.g., normalized difference vegetation 
index [NDVI], enhanced vegetation index [EVI]) (Chang, Shen, and Lo 2005; Patel et al. 1991, Son et 
al. 2013); (ii) microwave-based backscatters (mostly C-band in previous studies) (Chen and Mcnairn 
2006; Inoue, Sakaiya, and Wang 2014a; Kurosu and Chiba 1995); or (iii) calculations based on net 
primary production using light-use efficiency (Peng et al. 2014, Savin and Isaev 2011). Meanwhile, it is 
important to clarify that AGB does not explain all the variation in yield, and harvest index has to be 
separately modeled and incorporated in the yield modeling. The modeling of harvest index usually can 
be achieved by using process-based crop models (Lobell et al. 2015, Shen et al. 2009) or empirical-
based approach (Prasad et al. 2007, Xu and Guan 2017).  

The objective of this paper is to build a prototype to map paddy rice fields and estimate crop 
yield in Thai Binh, using multiple satellite data sources: Landsat, MODIS, ALOS-2/PALSAR-2; and field 
data collected through crop cutting activities during the rainy season of 2015. This study contributes to 
the growing literature on yield estimation using remote sensing techniques in several ways. Firstly, we 
are using the Landsat–MODIS fusion data for crop yield estimation. This fusion data provides a unique 
way to obtain high resolution data in both space and time, which is critical for estimating rice area and 
yields in settings where smallholder farms are prevalent. Secondly, we are also comparing the utility of 
L-band ALOS-2 radar data in mapping rice area and estimating crop yield, and comparing it with two 
alternatives, one using only optical data, and another combining both optical and radar data.  

 

                                                                 
2  The Green Leaf Area Index is defined as the one-sided green leaf area per unit ground surface area. It is the area that is 

undergoing most activity during the photosynthesis process (Gitelson 2003). 
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Figure 1: Growth Cycle of Paddy Rice: A Conceptual Framework  
to Model Crop Yield 

 
LAI = Leaf Area Index. 
Source: Adapted from IRRI: http://www.knowledgebank.irri.org/images/stories/crop-calendar-growth-dsr.jpg. 

 

II. DATA AND METHODOLOGY 

A. Study Area 

The study area includes the province of Thai Binh, located in northeastern coastal Viet Nam. Thai Binh 
is a key paddy rice production area in the Red River Delta region which is the second largest paddy 
rice-producing region in Viet Nam. Paddy rice is grown twice a year—during summer (mid-June to 
early October) and winter (mid-December to late May).  With a total land area of 1,542 square 
kilometers, Thai Binh has one key rainy season which starts in May and ends in October. Total rainfall 
in Thai Binh during the rainy season is about 1,445 millimeters (mm), accounting for approximately 
85% of the total annual rainfall of 1,704 mm.3 The average temperature across the year is from 19°C to 
32°C. Our study focuses on the summer growing season of 2015.   

  

                                                                 
3  Rainfall data gathered from https://en.climate-data.org/location/4256/.  
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B. Landsat–MODIS Fusion 

One of the major hurdles to pursuing paddy rice area mapping and yield estimation using remote sensing 
techniques is the lack of available satellite data that have both high spatial and temporal resolutions. To 
overcome this challenge, we fuse the surface reflectance data from Landsat (16-day, 30 m) and MODIS 
(daily, 250–500 m) to generate a fusion product that has both high spatial and high temporal resolution.  

For Landsat data, we use surface reflectance data products from Landsat 7 and Landsat 8, 
obtained from the United States Geological Survey (USGS) Earth Explorer.4 The entire study area can 
be covered by Worldwide Reference System (WRS)-2 path 126 and row 46. All Landsat surface 
reflectance data in the study area were screened and only scenes with more than 5% valid pixels ratio 
were downloaded and used. Table 1 lists all Landsat scenes used in the study. It is worth noting that the 
Scan Line Corrector (SLC) in Landsat 7, used for compensating for the forward motion of the onboard 
sensor, had failed in May 2003. This created data loss in the form of stripes (see examples of original 
Landsat for date of year (DOY) 231 and 295 in Figure 3). On average, about 22% of pixels in Landsat 7 
images were lost because of the SLC failure.  

Table 1: Landsat Scenes Used in the Landsat–MODIS Fusion  

Satellite 
Date

(Julian day) 
Valid Pixel Ratio  

(%) 
Landsat 7 April 2013 (103)

May 2015 (135) 
July 2002 (183) 
August 2019 (231) 
October 2022 (295) 

78.63
43.34 
77.88 
79.63 
76.32 

Landsat 8 January 2015 (15)
June 2008 (159) 
July 2010 (191) 
August 2011 (223) 
August 2027 (239) 
September 2028 (271) 
October 2030 (303) 
November 2015 (319) 
December 2001 (335) 

60.52
10.41 
90.96 
5.03 

62.35 
44.07 
38.98 
15.82 
48.70 

MODIS = Moderate Resolution Imaging Spectroradiometer. 
Source: NASA Landsat Science. 2017. Data: The Numbers Behind Landsat. https://landsat.gsfc.nasa.gov/data/. 

 
For MODIS data, both Terra and Aqua data were used and acquired from the National 

Aerospace Space Agency (NASA).5 Specifically, daily MODIS surface reflectance data at 250 m (red and 
near-infrared band) and 500 m (other spectral bands) resolution from Terra (MOD09GQ/MYD09GA) 
and Aqua (MYD09GQ/MYD09GA) bands are normalized to the Nadir BRDF-Adjusted Reflectance 
data using the 8-day overlapping MODIS BRDF/Albedo product (MCD43A1, 500 m). Two MODIS tiles, 
h28v06 and h27v06, are required to cover the whole study area (Table 2).   

This study employs a mature Landsat–MODIS fusion algorithm, the Spatial and Temporal 
Adaptive Reflectance Fusion Model (STARFM) (Gao et al. 2006). STARFM model blends Landsat 
and MODIS data to generate synthetic daily surface reflectance products at Landsat spatial resolution 

                                                                 
4  Data sourced from http://earthexplorer.usgs.gov/. 
5  Data sourced from http://reverb.echo.nasa.gov/. 
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based on a deterministic weighting function computed by spectral similarity, temporal difference, and 
spatial distance. The algorithm requires Landsat and MODIS pair images for the same date with clear-
day quality. This posed several challenges for our study (Chen et  al. 2011). First, no single completely 
clear Landsat scene was available in the study area due to cloud contamination and the SLC-off 
problem, which limited the selection of Landsat–MODIS pair images. To address this issue, we used a 
gap-filling algorithm called Geostatistical Neighborhood Similar Pixel Interpolator (Zhu, Liu, and Chen 
2012). Second, the ratio of valid pixels of MODIS images from both Terra and Aqua were also limited 
due to clouds. For example, there were more than 76% MODIS images from Aqua, and 80% MODIS 
images from Terra with a low valid pixels ratio (<10%). No more than 6.0% and 4.2% of images from 
Aqua and Terra showed a relatively high valid pixels ratio (>80%). After checking all the pair images, 
we found that the Landsat 7 (after gap filling) and MODIS images on DOY 103 both have valid pixels 
of more than 95%. Thus, we use this pair of MODIS and Landsat images to train the STARFM 
algorithm and apply it to the rest of the MODIS images when MODIS surface reflectance data is 
available. Due to the setup of the STARFM algorithm, only limited Landsat data are used in the fusion 
process, even when there are several other Landsat data available at other dates with some clear-sky 
pixels. To fully leverage these Landsat data, we combine the MODIS–Landsat fused data and the raw 
Landsat data when we study the time series of the target pixels  

C. ALOS-2/PALSAR-2 Data 

Launched on 24 May 2014, ALOS-2 is equipped with an enhanced Phased Array L-band SAR sensor 
(PALSAR-2) (Rosenqvist et al. 2014). As a successor to a previous ALOS mission from January 2006 to 
May 2011, the satellite acquires global L-band data, thereby assuring continuity in availability of data and 
consistency with the overall objectives of Japan Aerospace Exploration Agency. ALOS-2 is in a 628-
kilometer sun-synchronous orbit, with a local equator passing time of 12:00 p.m. (descending passes) 
and 12:00 a.m. (ascending passes), and a 14-day repeat cycle. PALSAR-2 operates in the 1215–1300 
megahertz (MHz) frequency range with four different bandwidths (14, 28, 42, and 84 MHz). Four images 
of Level-2.1 PALSAR-2 product were acquired for this study at 25-meter resolution, covering the 
following dates: 24 June, 22 July, 16 September, and 14 October in 2015. These images were resampled 
using PALSAR-2’s Stripmap observation mode to convert data into 10-meter resolution within the 28 
MHz band. Table 2 shows the satellite data information for Landsat, MODIS, and ALOS-2 sensors. 

Table 2: Satellite Data Information in the Study Area 

Sensors Data Properties Tiles 
Landsat Landsat 7 and 8 Land surface reflectance and cloud mask Path126/Row046

MODIS MOD09GQ 
MYD09GQ 

Daily surface reflectance data (250 m) H27V06 and 
H28v06 

MOD09GA 
MYD09GA 

Daily surface reflectance (500 m), angle information (1 
km), QA (1 km)  

MCD43A1 Terra and Aqua combined MODIS BRDF/Albedo model 
parameters (500 m, 8-day overlapping) 

MCD12Q1 MODIS land cover (500 m)
ALOS-2 PALSAR-2 L-band radar backscatter (HV, HH) for four dates (DOY 

175, 203, 259, 287) 
 

ALOS = Advanced Land Observing Satellite, BRDF = bidirectional reflectance distribution function, DOY = date of year, HH = 
horizontal transmit and horizontal receive, HV = horizontal transmit and vertical receive, km = kilometer, m = meter, MODIS = 
Moderate Resolution Imaging Spectroradiometer, QA = quality assurance.  
Source: U.S. Geological Survey 2014, 2016, 2017a, and 2017b. 
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D. Paddy Rice Mapping and Land Cover Classification  

To identify paddy rice area from satellite images, we classify the land cover of Thai Binh into six 
categories, based on the International Geosphere-Biosphere Programme classification scheme used 
by MODIS global land cover product (Friedl et al. 2002). The six classes were selected based on our 
visual interpretation of high-resolution images on Google Earth and the knowledge from local field 
crew (Table 3). Since paddy rice is the predominant crop grown in Thai Binh during the rainy season, 
the category “Croplands” refers to paddy rice in our study.  

Our land cover classification uses a random forest classifier algorithm (Breiman 2001), which 
has been widely tested and proved robust and efficient in the classification of remote sensing images 
(Hansen et al.  2000; Pal 2005; Zhu, Fu, Woodcock, Olofsson, Vogelmann, Holden, and Yu 2016; Zhu 
et al. 2012). We test four types of input datasets for the classification (Table 4). The training pixels 
were selected as evenly as possible across the spatial extent of the images and excluded from pixel 
sampling during the assessment of classification accuracy.   

For the classification accuracy assessment, we follow the protocol set up by Olofsson et al. 
(2014). We obtain the conjectured overall accuracy and user’s accuracy from the cross validation of 
random forest classifier and prescribe the expected standard errors of user’s accuracy for the six 
classes as 0.01 for croplands, 0.05 for barren, 0.05 for built-ups, 0.02 for water, 0.05 for wetlands, and 
0.10 for other vegetation. From the initial assessment of the classification accuracies and expected 
standard errors, we determine the total number of pixel samples needed for the assessment of each 
classification map and allocate these samples to each class using the approach by Olofsson et al. 
(2014). All the pixel samples are interpreted visually over the Landsat images and high-spatial-
resolution images on Google Earth from the similar period. We also consulted local field crew for the 
interpretation of a few uncertain pixel samples.  

Table 3: Classification Scheme 

Class (code) Definition 
Croplands (1) Lands covered with temporary crops followed by harvest and a bare soil period (e.g., single and multiple 

cropping systems), excluding perennial woody crops, which are classified as natural vegetation. 
Barren (2) Lands with exposed soil, sand, rocks, or snow and never have more than 10% vegetated cover during any 

time of the year. Includes dry salt fields. 
Built-ups (3) Land covered by buildings and other man-made structures. 
Water (4) Fresh or saltwater bodies including oceans, seas, lakes, reservoirs, rivers, as well as wet salt fields.
Wetlands (5) Lands with a permanent mixture of water and herbaceous or woody vegetation. The vegetation can be 

present either in salt, brackish, or fresh water. 
Other 
vegetation (6) 

Lands dominated by woody, shrub, and herbaceous vegetation. 

Source: Friedl, Mark A., Douglas K. Mciver, John C. F. Hodges, Xiaoyang Y. Zhang, Douglas M. Muchoney, and Alan H. Strahler. 2002. “Global 
Land Cover Mapping from MODIS: Algorithms and Early Results.” Remote Sensing of Environment 83 (1–2): 287–302. 
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Table 4: List of Input Datasets for Land Cover Classification 

Short Name Description of Input Datasets for Classification 
Number of 

Features 

Landsat only Six bandsa of three, mostly cloud-free Landsat images: ETM+b on 13 April and 8 
July; OLI on 10 July in 2015  

18

ALOS-2 only HH and HV bands of four ALOS-2 images on 24 June, 22 July, 16 September, 
and 14 October in 2015 

8

Landsat + ALOS-2 Combination of the above Landsat and ALOS-2 imagery datasets 26

Fusion NDVI SG fit Interpolated NDVI time series from the SG fit to the fusion images of Landsat 
and MODIS data in 2015 

365

ALOS = Advanced Land Observing Satellite, ETM+ = Enhanced Thematic Mapper Plus, GNSPI = Geostatistical Neighborhood Similar Pixel 
Interpolator, HH = horizontal transmit and horizontal receive, HV = horizontal transmit and vertical receive, MODIS = Moderate Resolution 
Imaging Spectroradiometer, NDVI = normalized difference vegetation index, OLI = Operational Land Imager, SLC = Scan Line Corrector,  
SG = Savitzky–Golay.  
Notes: 
a List of six bands: blue, green, red, near infrared, and two shortwave infrared. 
b ETM+ SLC-off gaps have been filled using GNSPI algorithm. 
Source: Zhu, Zhe, Curtis E. Woodcock, John Rogan, and Josef Kellndorfer. 2012. “Assessment of Spectral, Polarimetric, Temporal, and Spatial 
Dimensions for Urban and Peri-Urban Land Cover Classification using Landsat and SAR Data.” Remote Sensing of Environment 117: 72–82. 
 
E. Crop Yield Estimation 

1. Crop Cutting Data  

A three-stage stratified sampling methodology was employed for the crop cutting survey, using an area 
frame that was constructed based on the expected likelihood of finding paddy rice area. Two sources 
of rice maps were utilized to implement the stratification process: rice extent maps produced by IRRI 
using 2015 MODIS data;6 and (ii) land use maps produced by the European Space Agency (ESA) 
under its GLOBCOVER initiative.7 The stratification was conducted prior to the selection of meshes to 
improve statistical efficiency and lower fieldwork costs. The primary sampling unit in this study is a 200 
m by 200 m square “mesh” that is spatially defined on a digitized satellite image map. 

The first stratum, or the IRRI+ESA stratum, consists of meshes that both IRRI and ESA maps 
have identified as paddy rice area, therefore considered to be the most likely to contain paddy rice. The 
second stratum, also known as the IRRI stratum, consists of meshes that were only identified as rice by 
the IRRI map but not by the ESA map. This is considered a medium-probability stratum for two 
reasons—(i) the spatial resolution of the IRRI map is better than that of the ESA map, and (ii) IRRI’s 
classification is more recent than ESA’s.8 The third stratum is the low-probability ESA stratum, which 
consists of areas identified as rice by ESA’s map but not by IRRI’s map. The final stratum consists of all 
                                                                 
6  IRRI has been developing remote sensing-based maps of rice systems in Asia as part of its contribution to various projects 

that need good baseline data on rice (http://irri.org/our-work/research/policy-and-markets/mapping/remote-sensing-
derived-rice-maps-and-related-publications). 

7  GlobCover began in 2005 as a European Space Agency initiative in partnership with the Joint Research Center, United 
Nations Environment Programme, Food and Agriculture Organization, and other institutions. The aim of the project was 
to develop a service capable of delivering global composites and land cover maps using input observations from a sensor 
on board the ENVISAT mission (http://due.esrin.esa.int/page_globcover.php). 

8  IRRI’s map was created using MODIS data, which has a spatial resolution of 250 m, while ESA’s map was created using 
Environmental Satellite (ENVISAT) data, which has a spatial resolution of 300 m. IRRI’s map uses satellite data from 2015 
while ESA’s map is constructed using data from 2009. 
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remaining areas where presumably no rice is grown, as indicated by both IRRI’s and ESA’s maps. This 
stratum is henceforth referred to as the Other stratum. Therefore, within each stratum, the entire area 
was conceptually divided systematically into 200 m by 200 m meshes using geographic information 
system techniques.  

In the first sampling stage, a stratified sample of 120 meshes was selected.  The number of 
selected meshes was higher in the stratum where the expectation of finding rice growing plots is 
highest (IRRI+ESA), and lower in areas with low or no likelihood of finding rice growing plots (ESA and 
Other, respectively). All the sample meshes were checked in the field to determine whether rice was 
planted in any plots within the mesh boundaries.  Only sample meshes with rice were enumerated for 
the Rice Crop Cutting Survey.  The final distribution of the sample meshes with rice planted in Thai 
Binh is shown in Table 5. 

Table 5: Distribution of Sample Meshes by Stratum for the Crop Cutting Survey in  
Thai Binh, Viet Nam  

Stratum 
Sample Meshes 

Selected 
Sample Meshes 

Surveyed 
Sample Meshes  

with Rice 

IRRI+ESAa 80 79 63 

IRRI 20 20 2 

ESA 15 15 7 

Others 5 5 0 

Total 120 119 72 

ESA = European Space Agency, IRRI = International Rice Research Institute. 
Note:  
a One sample mesh under the IRRI+GlobCover stratum was not visited due to inaccessibility during fieldwork. 
Source: Authors’ estimates. 

For the second sampling stage, a field-based listing of all rice plots identified with at least part 
of their area within the boundaries of each sample mesh was conducted. All plots where rice would be 
harvested during the rainy season of 2015 were eligible to be selected in the second sampling stage. 
Plot boundaries were defined based on the definition adopted by the Living Standards Measurement 
Study Group of the World Bank (Carletto et al. 2016): a “plot” is a continuous piece of land on which a 
unique crop or a mixture of crops is grown under a uniform, consistent crop management system, 
which is continuous and not split by an obstruction (e.g., river or path, etc.) of more than 1 m in width; 
and whose plot boundaries are defined according to the crops grown, and the operator.  

A printed map of each of the 200 m x 200 m sample meshes was used to identify the number of 
plots that fall within each mesh. Landmarks on the printed map were matched with what is observed on the 
field. Boundaries of the mesh were verified using a Global Positioning System (GPS) application installed on 
the handheld device used for fieldwork, which showed the field staff’s current position in relation to the 
mesh. The plot boundaries and the respective owners were identified with the help of the village heads.  

After the boundaries of all the plots were identified and delineated on the printed map, each 
plot was numbered in a geographically serial and serpentine manner. A listing form was used to transfer 
information of all plots within a sample mesh from the printed map, which helped identify the total 
number of plots covering the extent of the sample mesh. Only plots that were either completely or 
partially inside the sample mesh were included in the listing process.  
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A sample of four plots per mesh was randomly selected for crop cutting from the list of plots 
that met the selection criterion. The selection of four plots was driven by the need to ensure sufficient 
sample size within a mesh to capture variability in rice yields across plots, and budgetary constraints. 
For those sample meshes with four or less plots that were eligible for selection, crop cutting was done 
in all plots. If there were more than four plots within the mesh, crop cutting was implemented only on 
four randomly selected plots. A simple systematic random sampling approach was used for the plots.  

At the third sampling stage, a random point was selected within each sample plot to identify a 
2.5 m by 2.5 m crop cutting subplot.  A total of 256 plots underwent the crop cutting activities, which 
includes harvesting, drying, threshing, cleaning, and moisture reading. Data from these 256 randomly 
selected subplots were ultimately used for filtering crop cutting data as described in the next section.  

Training of field staff on crop cutting activities was conducted in September 2015. The actual 
fieldwork took place between late September 2015 and early November 2015, covering the period 
associated with rice harvesting in Thai Binh. The questionnaires were administered on paper in 
Vietnamese language. In addition to implementing crop cutting procedure on selected plots, ancillary 
information on household members, plot characteristics, and crop variety was also collected. 
Questionnaires were verified by supervisors on the field and subsequently returned to the 
headquarters of the Center for Informatics and Statistics in Hanoi where double data entry and data 
cleaning activities were undertaken to produce a clean dataset used for analysis.   

2. Crop Yield Estimation Algorithm  

Based on the proposed methodology in Figure 1, ideally, we need to know both the AGB and harvest 
index. AGB usually can be approximated by the peak vegetation index, which can be derived from the 
Landsat–MODIS fusion data through a curve fitting from the fused data points. Harvest index requires 
spatially variable weather data and/or multiple-season data to capture the impact of climatic conditions. 
In this study, we only have crop cutting data for one growing season. Also, given the relatively small area 
of Thai Binh, there may not be significant variation in climatic variables across the province. Thus, we 
primarily focus on approximating AGB for yield estimation, under the assumption that all rice fields in the 
province share the same harvest index for the current growing season. We test multiple widely used 
vegetation indexes to approximate AGB, including NDVI (Sellers et al. 1992, Tucker 1979); EVI (Huete et 
al. 2002); and green chlorophyll vegetation index (GCVI) (Gitelson 2003, Lobell et al. 2015).  

There are some challenges to conducting a curve fitting exercise to the 1-year time series of 
vegetation indexes from the Landsat–MODIS fusion data at 30 m resolution. First, the cloud cover still 
causes large gaps after the data fusion (Figure 2), leading to insufficient data points in the 1-year time 
series to properly constrain the fitting of commonly used phenological curves of different complexities, 
such as double logistic, asymmetric Gaussian, and Savitzky–Golay filter (Chen, Deng, and Chen 2006; 
Guan et al. 2014; Jönsson and Eklundh 2002; Zhang et al. 2003). The gaps in our time series data span 
from around DOY 200 to 220, the greenup phase of the second season (Figure 2) for almost all the 
pixels of field subplots, and from around DOY 250 to 280, the senescence phase for many pixels 
(Figure 2, top panel). Neither the double logistic or Savitzky–Golay filter correctly captured the peak 
vegetation index of the second crop growing season due to large temporal gaps. Furthermore, most 
curve fitting algorithms for time series of vegetation indexes assume that noises in the data are mostly 
caused by residual cloud contamination that underestimate vegetation index, and thus try to find the 
upper envelope of a time series (Chen, Deng, and Chen 2006; Chen et al. 2004; Jönsson and Eklundh 
2002). However, our time series data from the Landsat–MODIS fusion includes both positive and 
negative noises that could come from the fusion algorithm STARFM itself due to the shortage of clear-
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sky image pairs between Landsat and MODIS and/or from the uncertainty of the SLC-off gap filling by 
Geostatistical Neighborhood Similar Pixel Interpolator. The two time series examples in Figure 2 show 
some clear positive noise points around DOY 220 and after DOY 300.  

To overcome the large gaps and the noises of both positives and negatives in our time series 
data, we use a simple quadratic curve fitting method to derive peak vegetation indexes of the second 
growing season. The quadratic curve is centered at DOY 250, which was determined by visually 
inspecting many time series of crop pixels distributed over the study area. To reduce the impact of 
noises in the time series to our peak estimation, we calculate the standard deviation of the fitted curve 
and remove vegetation index values beyond three standard deviations from the mean. Then a new 
curve is fitted to the remaining vegetation index values. This procedure is repeated iteratively until all 
the vegetation index values for the curve fitting are within the confidence interval of the curve fitting.  

The derived peak vegetation index values of the pixels of all the representative field subplots 
are then regressed against the yield data from crop cutting. We use NDVI, EVI, and GCVI peak values, 
respectively to derive univariate linear regression models. We also tried multivariate linear regression 
by combining each of these optical-based vegetation indexes with ALOS-2 backscatter from HH or 
HV or both on the 2 available days (16 September and 14 October) in the second growing season. 
However, these multivariate regression models do not improve the univariate model estimates, based 
on the Akaike information criterion scores. Thus, we focus on the univariate regression models using 
the three optical-based vegetation indexes in our crop yield estimation.  

Figure 2: Examples of How Peak Values of Normalized Difference Vegetation Index were 
Derived from the Landsat-MODIS Fusion Data 

 
DOY = date of year, MODIS = Moderate Resolution Imaging Spectroradiometer, NDVI = normalized difference vegetation index. 
Source: Authors’ estimates. 
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III. RESULTS 

A. Landsat–MODIS Fusion 

Figure 3 shows a typical example of a 30 m by 30 m pixel time series from both the Landsat–MODIS 
fusion data (Figure 3 top panel) and original Landsat data (Figure 3 bottom panel). We can see clearly 
two growing cycles from the NDVI data from the two sources of this example pixel, with the first 
growing season ending around DOY 190, and the second growing season peaking around DOY 250. 
For our study region, it is a common situation that there is a gap in data from DOY 195 to 220, which is 
a period characterized by continuous rainy events and cloudy conditions. It is worth noting that if we 
only rely on Landsat data, we will not have a clear-day scene during the peak growing season around 
DOY 250 as shown in Figure 3. Only through the fusion approach can we recover the information 
during the peak value of NDVI for the second growing season.  

Figure 3: Normalized Difference Vegetation Index Time Series 

 

DOY = date of year, m = meter, MODIS = Moderate Resolution Imaging Spectroradiometer, NDVI = normalized difference vegetation 
index. 
Notes: The series shows a 30 m by 30 m pixel that combines the original Landsat data (in green points) and the Landsat–MODIS fused 
data (in purple points). The top and bottom rows show the image data (3,000 m by 3,000 m) that correspond to different time stamps, 
and the corresponding DOY and NDVI values at the central of the image. The second rice growing cycle starts around DOY 200.  
Source: Authors’ estimates. 
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B. Paddy Rice Mapping 

The overall accuracy associated with classifying landcover of Thai Binh using four different inputs are 
ranked from high to low as: (i) “Landsat + ALOS-2,” (ii) “Landsat only,” (iii) “Fusion NDVI SG Fit,” and 
(iv) “ALOS-2 only” (Figure 4). The difference between the first two inputs, “Landsat + ALOS-2” and 
“Landsat Only” is small, 0.77±0.02 versus 0.76±0.02. (see Table A.1 and A.2 in the appendix). For the 
class of our main interest here, paddy rice, user’s accuracy follows the same ranking order across the 
four inputs. The producer’s accuracy of paddy rice is the highest for the input “Fusion NDVI SG Fit” 
despite the lower user’s accuracy and the relatively low overall accuracy. This high producer’s accuracy 
and low omission error comes from the sacrifice of the other classes (see Table A.3 in the appendix), 
which suggests that temporal information from NDVI alone is not sufficient to clearly separate the 
land cover types over this region. Approaches that include the six bands from three Landsat images in 
the classification rank first and second place in the overall accuracies, which demonstrates the 
importance of the spectral information from the Landsat sensors (see Table A.4 and A.5 in the 
appendix). Future experiments to use time series of all the six bands from the Landsat sensors may 
further improve the classification, particularly the producer’s accuracy of paddy rice.  

By merging all the maps from the four inputs, the derived final land cover map shows accuracy 
levels similar to the “Landsat + ALOS-2” input (Figure 4). The overall accuracy is 0.77±0.02 for 
landcover types, user’s accuracy is 0.91±0.01, and producer’s accuracy is 0.88±0.02 for paddy rice. 
Figure 5 shows the final land cover classification map produced by merging the four inputs. 

Figure 4: Results from Using Four Different Inputs

 
 
ALOS = Advanced Land Observing Satellite, NDVI = normalized difference vegetation index, SG = Savitzky–
Golay. 
Source: Authors’ estimates. 
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Figure 5: Classified Land Cover Map Resulting from Merging Four 
Inputs 

 
Source: Authors’ estimates. 

 
C. Crop Yield Estimation 

1. Field-Level Model Performance 

All the three vegetation indexes (NDVI, EVI, and GCVI) show some contribution to estimating crop yield at 
field or pixel level, as suggested by the low  values of F-test against the null hypothesis of an intercept-only 
model (Figure 6). The NDVI-based model gives the best performance, as indicated by the R2 of 0.40 for all 
the representative field subplots (Figure 6, black solid line), the highest among the three vegetation indexes. 
As discussed in the introduction and methodology, vegetation index here can greatly explain AGB 
variability. The performance that we achieved (  of 0.40 at the field level) is among the highest 
performance achieved in previous studies that can provide reproducibility (Burke and Lobell 2017).   

If we only include the dominant rice variety, BC15, in the regression, accounting for 58% of the 
representative subplots, the R2 increases significantly for all the three vegetation indexes (Figure 6, 
purple solid line). This increase in the R2 value suggests that different crop varieties may lead to 
different relationships between vegetation indexes and crop yield, making the collection of crop variety 
information a crucial input. However, it is quite challenging to map the rice variety given the spatial 
resolution of the satellite data used in this study. In addition, the sample size of our current crop 
cutting data is not enough to provide robust yield models at the crop variety level. We therefore rely on 
a general model without differentiating rice varieties.  
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We also find that the ALOS-2 backscatter bears little information for paddy rice yield 
prediction over this study region (Figure 7). The rank-based correlation coefficient, Spearman’s  is 
close to zero and the correlation is insignificant (high  values) for both HH and HV bands of the two 
available images in the second growing season, one of which is from DOY 259 that is close to the peak 
vegetation index time around DOY 250. 

2. Scaling Up to the Whole Province and Regional Validation 

We apply the best yield estimation model, i.e., using peak NDVI for all the crop varieties, to the whole 
province of Thai Binh, shown in Figure 8. The figure clearly shows a large spatial heterogeneity in crop 
yield from 3 tons per hectare (t/ha) to 6.5 t/ha, with the northern part of the province having the 
lowest crop yield, which is consistent with the local survey data.  

Figure 6: Linear Regression Model between the Peak of Vegetation Indexes and Crop Yield

 
EVI = enhanced vegetation index, GCVI = green chlorophyll vegetation index, NDVI = normalized difference vegetation index. 
Notes: The vegetation indexes are NDVI, EVI, and GCVI. Crop yield for all the crop varieties are represented by the black line and BC15 by 
the purple line. Colors of the dots refer to different crop varieties.  
Source: Authors’ estimates. 
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The probability density distribution of crop yield from the NDVI-based regression model 
within Thai Binh (not the whole image extent) is a near-normal distribution with a slight skew toward 
the low tail (Figure 9, blue bars). We derive the probability density distribution of crop yield (Figure 9, 
purple bars) from those field subplots that are not used in our regression and their area weights within 
the province given by the statistical extrapolation of field samples. The field-sampling-based 
distribution is bimodal at approximately from 5.0 t/ha to 5.7 t/ha, if we assume a normal distribution of 
crop yield.  

Figure 7: Scatterplots between ALOS-2 and Crop Cutting Yield Data 

 

ALOS = Advanced Land Observing Satellite, dB = decibel, DOY = date of year, HH = horizontal transmit and horizontal receive, HV = 
horizontal transmit and vertical receive. 
Notes: The ALOS-2 backscatter data are both HV and HH, and at DOY 259 and 287. The  and  values at the lower right corner of each 
panel are Spearman’s rank correlation and its p-value. 
Source: Authors’ estimates. 
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The two horizontal boxplots in Figure 9 present the statistical summaries for the two 
distributions of crop yield over Thai Binh. A comparison of these statistics reveals a good agreement 
between our model estimation and the field sampling extrapolation on the mean, 5 t/ha versus 5.39 
t/ha; the median, 5.13 t/ha versus 5.27 t/ha; and the lower side of the distribution with the 25% 
percentile of 4.64 t/ha versus 4.65 t/ha. On the right tail of the probability density histogram, the field-
sampling-based distribution has more and larger values than our satellite-based one, which causes the 
slightly lower mean and median of crop yield in our model than the statistical extrapolation from the 
field samples. This difference may be caused by the saturation of NDVI at very high leaf areas and 
biomass of the crop vegetation. We have checked the time series of those subplots with yield larger 
than 6.4 t/ha, i.e., the right tail of the field-sampling-based distribution. The NDVI values of these time 
series around the maturity phase, approximately around DOY 250, do have high values around 0.8 and 
show signs of plateau. However, nearly all these field subplots are nonrepresentative of the colocated 
Landsat pixels and thus are not sufficient to verify our hypothesis here. Further investigation with more 
representative field samples is needed to diagnose the saturation range of NDVI and paddy rice yield 
over this region.  

Figure 8: Spatially Explicit Yield Map Based on Normalized 
Difference Vegetation Index 

 
Source: Authors’ estimates. 
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Figure 9. Probability Density Histogram of Satellite-Based and Spatially Explicit Crop Yield 
Estimates over Thai Binh Province 

 
 
NDVI = normalized difference vegetation index. 
Notes: The best yield estimation model (peak NDVI) is in blue; histogram through the statistical extrapolation of crop cutting from field 
samples is in purple. The two boxplots present the mean (dot), median (red vertical line), 25% and 75% percentiles (end of the box), as well 
as the 5% and 95% percentiles (end of whisks) for the satellite-based distribution in blue and the field-sampling-based distribution in 
purple.  
Source: Authors’ estimates. 

 

IV. CONCLUSION 

In this study, multiple satellite data sources (including optical and L-band radar data) were used to 
map the paddy rice in Thai Binh, Viet Nam. Fused Landsat–MODIS data and crop cutting data were 
used for estimating field-level yield data for Thai Binh. Results show that while the Landsat–MODIS 
fused data does not necessarily show benefits for paddy rice mapping, it has provided great benefits for 
crop yield estimation. Only through the fusion data from Landsat and MODIS can we recover the peak 
growth trajectory of vegetation indexes. This information is the most critical input for our current 
algorithm. Our results also confirm the value of optical data for crop yield estimation if the cloudiness 
issue can be alleviated or overcome to some degree. We recognize that the current fusion approach 
still has room for improvement as has been reviewed by Gao et al. (2015), and as is being further 
improved by Zhu, Helmer, Gao, Liu, Chen, and Lefsky (2016). One possible issue here is how to best 
utilize the Landsat–MODIS fused data and original Landsat data. More advanced smoothing or 
weighted regression approaches are needed to deal with the possible discrepancy between the fused 
and original data. Meanwhile, emerging new datasets of surface reflectance, such as Sentinel-2 (20 m 
resolution, 16-day revisiting frequency) and Project for On-Board Autonomy - Vegetation (PROBA-V) 
from Satellite Pour l'Observation de la Terre- VEGETATION (SPOT-VGT) (100 m resolution, 16-day 
revisiting frequency), can further improve the temporal and spatial samplings to alleviate cloudiness 
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issue in tropics. New fusion algorithms thus should consider multiple sources of data for fusion, instead 
of only for Landsat and MODIS.  

Our study shows that L-band radar data has similar (or slightly lower) performance in paddy 
rice mapping as optical satellite data, but it has little contribution in crop yield estimation compared 
with the optical data. This result is not unexpected. L-band wavelength is too long (~23 cm) that its 
backscatter can largely penetrate canopy and thus is less sensitive to the aboveground biomass (Guan 
et al. 2013, Waring et al. 1995). It is also worth noting that we have not tested the potentials of other 
radar bands (e.g., C-band, Ku-band, X-band) as data are not available. However, radar data at smaller 
wavelengths may show higher performance of detecting crop area and capturing crop aboveground 
biomass (Inoue and Sakaiya 2013). Thus, it is worth testing the radar data at smaller wavelengths for 
paddy rice applications.    

Crop cutting data is one of the most critical inputs for this study. The field-level crop yield data 
made this study possible. Though the ultimate and ideal goal here is that we can use satellite data to 
fully substitute the labor-intensive and costly field crop cutting sampling, at the current stage of 
technology development, we believe that more field-level data should be collected for different 
regions and for multiple years. More field data especially can improve the harvest index simulation. 
Even when a satellite data-based algorithm of yield estimation reaches the mature stage, periodic and 
strategic sampling is necessary for validation. Our study also provides the implications for a better 
sampling protocol for field crop cutting. Specifically, the sampling design of crop cut fields should fully 
consider the geolocation errors of satellite data and the crop cuts’ GPS sensors. In the current study, 
we only use the crop cutting data that locate within a Landsat pixel after accounting for the average 
geolocation error of Landsat data (5.7 m). The study has shown that adopting this filtering or not leads 
to large differences in the final performance of our statistical model for crop yields. Future crop cutting 
sampling thus should fully consider this geolocation error from both satellite images and the GPS data 
of the crop cutting themselves. Ideally, the region for sampling should be close to the center of a 
Landsat pixel. Availability of higher-spatial resolution satellite data can possibly alleviate this issue 
(Burke and Lobell 2017, Jain et al. 2016), though these data are usually either not freely accessible or 
do not cover large areas.  

The current study nevertheless has a few limitations that should be improved upon in future 
studies. Primarily, the current project only collected crop cutting data for only one growing cycle, thus 
we could not test impacts of weather variability in different years on the empirical model that we built 
for yield estimation. Due to the relatively small area of Thai Binh, we do not expect large spatial 
variability in weather; moreover, we found only one weather station data for the study region from our 
source. Thus, we did not incorporate the weather or climate information in our current yield 
estimation, which are essential in capturing the yield formation during the reproductive period, and 
primarily related to the harvest index. At most, our current algorithm can capture the AGB’s 
contribution to yield, but not the harvest index’s contribution. Other studies on corn grown in the 
United States have found the harvest index contribution significant (Guan et al. 2015, Xu and Guan 
2017); and that using either machine-learning-based approach  (Guan et al. 2015, Xu and Guan 2017, 
You et al. 2017) or combining process-based crop model and satellite data (Lobell et al. 2015; Moulin, 
Bondeau, and Delecolle 1998) can possibly achieve the goal of modeling harvest index. Based on the 
above rationale, applying our derived empirical relationship beyond Thai Binh or for other years should 
be approached cautiously.  

The ultimate goal of this study is to provide a pathway leading to an operational system for 
crop monitoring and yield estimation for Southeast Asian regions. We are convinced that to achieve 
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this goal, optical fusion data that can provide both high temporal and spatial resolution should be 
paired with more weather and climate data. As this study did not model harvest index, it is essential to 
collect continuous climate data for the study region. Finally, a cyber-infrastructure that can allow users 
(primarily staff of local governments and agencies) to easily access and retrieve the information is 
critical for information dissemination, and should be a convenient next step. Previous efforts such as 
the Princeton Drought Monitor  and Famine Early Warning Systems Network (FEWS-NET) have 
provided good examples to follow to allow low-internet bandwidth regions to use the information 
(Sheffield et al. 2014). How to automate satellite fusion, mapping, and yield estimation and integrate 
them together in a cyber-infrastructure can be a challenge and is worth future exploration.  

The implications of this study extend beyond the frontiers of remote sensing. Indexes created 
using satellite data can be useful in designing policies to address coping mechanisms for small-scale 
farmers who are affected by weather-related risks. For example, insurance schemes that rely on a 
threshold value of NDVI or other metrics, if accurately measured, could be linked to farmer losses to 
design index insurance plans for poor agricultural households. The advantage of using satellite data 
derived indexes is that it is unbiased and minimizes transaction costs. A small but growing literature in 
the field of economics has been exploring the feasibility of index insurance for both crops and livestock 
using satellite data (Flatnes and Carter 2015, Chantarat et al. 2013, Gine et al. 2010).   

 

 



 

APPENDIX  

Table A.1: Estimated Error Matrix for the Classification Using Landsat + ALOS-2 

Class 1 2 3 4 5 6 Total User’s Producer’s Overall
1 0.46 0.01 0.01 0.02 0.00 0.01 0.51 0.91±0.02 0.88±0.02 0.77±0.02
2 0.01 0.01 0.00 0.01 0.00 0.00 0.03 0.45±0.10 0.28±0.07 
3 0.05 0.03 0.17 0.03 0.00 0.03 0.31 0.56±0.05 0.94±0.03 
4 0.00 0.00 0.00 0.11 0.01 0.00 0.12 0.87±0.05 0.65±0.05 
5 0.00 0.00 0.00 0.00 0.01 0.00 0.01 0.77±0.11 0.35±0.11 
6 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.41±0.10 0.15±0.04 
Total 0.52 0.05 0.18 0.17 0.02 0.05  

ALOS = Advanced Land Observing Satellite, Class 1 = Croplands, Class 2 = Barren, Class 3 = Built-ups, Class 4 = Water, Class 5 = Wetlands, 
Class 6 = Other vegetation. 
Notes: Cell entries are expressed as the estimated proportion of area. Accuracy measures are presented with a 95% confidence interval. The 
rows are mapped classes and the columns are reference labels. 
Source: Authors’ estimates. 
 

Table A.2: Estimated Error Matrix for the Classification Using Landsat 

Class 1 2 3 4 5 6 Total User’s Producer’s Overall
1 0.46 0.01 0.01 0.02 0.00 0.02 0.52 0.91±0.02 0.88±0.02 0.76±0.02
2 0.00 0.01 0.00 0.00 0.00 0.00 0.01 0.55±0.12 0.18±0.05 
3 0.05 0.03 0.17 0.04 0.00 0.03 0.32 0.51±0.05 0.94±0.03 
4 0.00 0.00 0.00 0.11 0.00 0.00 0.11 0.88±0.05 0.63±0.05 
5 0.00 0.00 0.00 0.00 0.01 0.00 0.01 0.64±0.10 0.42±0.13 
6 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.42±0.11 0.12±0.04 
Total 0.51 0.05 0.18 0.17 0.01 0.06  

Class 1 = Croplands, Class 2 = Barren, Class 3 = Built-ups, Class 4 = Water, Class 5 = Wetlands, Class 6 = Other vegetation. 
Notes: Cell entries are expressed as the estimated proportion of area. Accuracy measures are presented with a 95% confidence interval. The 
rows are mapped classes and the columns are reference labels. 
Source: Authors’ estimates. 
 

Table A.3: Estimated Error Matrix for the Classification Using Fusion Normalized Difference 
Vegetation Index Savitzky–Golay Fit 

Class 1 2 3 4 5 6 Total User’s Producer’s Overall
1 0.55 0.01 0.02 0.02 0.00 0.02 0.62 0.89±0.03 0.60±0.02 0.71±0.02
2 0.00 0.01 0.00 0.01 0.00 0.00 0.02 0.28±0.09 0.04±0.01 
3 0.04 0.02 0.13 0.06 0.01 0.04 0.30 0.44±0.05 0.16±0.02 
4 0.00 0.00 0.01 0.01 0.00 0.00 0.02 0.30±0.11 0.11±0.02 
5 0.00 0.00 0.00 0.00 0.02 0.00 0.02 0.60±0.10 0.03±0.01 
6 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.44±0.15 0.07±0.01 
Total 0.59 0.04 0.16 0.10 0.03 0.06  

Class 1 = Croplands, Class 2 = Barren, Class 3 = Built-ups, Class 4 = Water, Class 5 = Wetlands, Class 6 = Other vegetation. 
Notes: Cell entries are expressed as the estimated proportion of area. Accuracy measures are presented with a 95% confidence interval. The 
rows are mapped classes and the columns are reference labels. 
Source: Authors’ estimates. 
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Table A.4: Estimated Error Matrix for the Classification Using ALOS-2 

Class 1 2 3 4 5 6 Total User’s Producer’s Overall
1 0.39 0.01 0.01 0.04 0.00 0.01 0.46 0.83±0.03 0.80±0.03 0.63±0.02
2 0.04 0.01 0.01 0.02 0.00 0.01 0.09 0.08±0.04 0.10±0.05 
3 0.05 0.02 0.14 0.03 0.02 0.04 0.30 0.47±0.05 0.84±0.04 
4 0.01 0.02 0.00 0.08 0.01 0.00 0.12 0.70±0.07 0.46±0.05 
5 0.00 0.00 0.01 0.00 0.01 0.01 0.03 0.21±0.08 0.19±0.07 
6 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.08±0.09 0.00±0.00 
Total 0.49 0.06 0.17 0.17 0.04 0.07  

ALOS = Advanced Land Observing Satellite, Class 1 = Croplands, Class 2 = Barren, Class 3 = Built-ups, Class 4 = Water, Class 5 = Wetlands, 
Class 6 = Other vegetation. 
Notes: Cell entries are expressed as the estimated proportion of area. Accuracy measures are presented with a 95% confidence interval. The 
rows are mapped classes and the columns are reference labels. 
Source: Authors’ estimates. 
 

Table A.5: Estimated Error Matrix for the Merged Classification 

Class 1 2 3 4 5 6 Total User’s Producer’s Overall
1 0.46 0.01 0.01 0.02 0.00 0.01 0.51 0.91±0.02 0.88±0.02 0.77±0.02
2 0.01 0.02 0.00 0.01 0.00 0.00 0.04 0.45±0.10 0.30±0.07 
3 0.05 0.03 0.17 0.03 0.00 0.03 0.31 0.56±0.05 0.94±0.03 
4 0.00 0.00 0.00 0.11 0.01 0.00 0.12 0.86±0.05 0.65±0.05 
5 0.00 0.00 0.00 0.00 0.01 0.00 0.01 0.77±0.10 0.47±0.12 
6 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.40±0.10 0.14±0.04 
Total 0.52 0.06 0.18 0.17 0.02 0.05  

Class 1 = Croplands, Class 2 = Barren, Class 3 = Built-ups, Class 4 = Water, Class 5 = Wetlands, Class 6 = Other vegetation. 
Notes: Cell entries are expressed as the estimated proportion of area. Accuracy measures are presented with a 95% confidence interval. The 
rows are mapped classes and the columns are reference labels. 
Source: Authors’ estimates. 
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Measuring Rice Yield from Space: The Case of Thai Binh Province, Viet Nam

Traditional methods for estimating rice yield rely on field data, which are time-consuming and expensive to 
collect. Significant cloud coverage in Southeast Asia limits the availability of cloud-free satellite images to 
serve as an alternative to field data. This paper presents an innovative data fusion technique which combines 
two freely available sources of satellite data for Thai Binh, Viet Nam. Our results show that data fusion 
increases the spatial and temporal availability of satellite data and allows for estimating the best empirical 
relationship between satellite derived yield indexes and field-based yield data.
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