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Abstract. Food security and water resource management

depend on knowledge about the distribution of paddy rice
fields. Information on rice production from space can be
obtained using the technology of remote sensing. In the
current study, the relationships between the rice spectrum,
vegetation index, and rice yield can be assessed using the
Moderate Resolution Imaging Spectroradiometer (MODIS).
Machine learning has been evolving steadily in recent years,
and its benefits are now readily apparent; particularly in the
area of image processing, it is advancing quickly. The
objective of this research is to estimate the rice yield using
the MODIS satellite imagery data based on machine
learning. Three machine-learning regression algorithms
ultiple linear regression, support vector machine, and
random forest) were evaluated, and a suitable model was
created to estimate the rice production. According to the
findings, the random forest model produced the most
objective results, had the lowest RMSE values, and had good
statistical correlations for both the training set and the test
set. The methods described in this paper can be used as a
reference for combining machine learning with MODIS
satellite imagery data to estimate the rice yield in other
locations.
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1. Introduction

In Thailand, rice is one of the most significant
agricultural crops. Globally, rice is grown on around 1605

million hectares of land, comprising about 11.5¢ of all arable
land. In a world where production is frequently insufficient

to meet demand due to the growing population, rice area
mapping and production forecasts are crucial to food
security [1].

Satellite remote sensing has been extensively applied
and is acknowledged to be a powerful and useful technology
for identifying changes in land use and land cover [2-4].
Research using satellite imaging has been carried out to
monitor the growth and yields of rice [5-8].

The estimation of rice yield from remote sensing data
has been achieved with Landsat images [9-12]. However, the

use of this type of estimation is constrained by the lack of
data for temporal analysis due to the 16-day temporal
resolution of Landsat [12]. Spatial resolution is an additional
constraint on how NOAA images can be used. The
probability of a single pixel comprising multiple types of
land cover is high, especially in small study areas, because
one pixel in NOAA images may correspond to 1,000 m (13.
The accuracy of assessment is lowered by the existence of
various land uses in a single pixel [14-15]. The Moderate
Resolution Imaging Spectroradiometer (MODIS), however,
with 250 m spatial resolution, offers superior spatial
resolution as compared to NOAA images, and better
temporal resolution than Landsat images [14-15]. Moreover,
the Normalized Difference Vegetation Indices (NDVI,
which are based on reflectance in the red and near infrared
regions, and which are obtained from multi-temporal satellite
images, provide excellent indicators of the capacity and
efficiency of plant photosynthetic processes, and can be used
to predict crop yield [16-19].

The highest biomass at the heading stage is highly
correlated with rice crop production [20], Previous research
has revealed that the ripening stage has the strongest
relationship coefficients with crop yields and vegetation
indices, and the grain filling period [21-22]. Thus, we
hypothesized that the Modis Data surrounding the heading
date would be significantly correlated with yields of rice
crops.

Machine learning is an automated, data- driven, self-

adaptive process that does not require awareness of the
physical relationships or systems that generate the data [23].

The machine is given access to data so it may self-validate
and learn. It develops information about the functional
relationships through training, and predictions are validated.
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For this reason, machine learning techniques provide
extremely accurate and simple ways to identify patterns and
rules within big data sets containing numerous predictor-
variables that have nonlinear relationships with the target
variable.

It has been shown that remotely sensed data and
machine learning can be effectively used in estimating the
crop yield [24-28]. For example, monitoring of mineral
nutrition of arabica coffee crops [24], and evaluation of
wheat yields are carried out with data from simulation
modeling and remote sensing- based machine learning
techniques [25]. Sentinel-2 satellite data and deep machine
learning are used to estimate paddy rice production[26],and
machine learning is utilized for rice crop yield predictions
using Modis data [27-28].

The main objective of this study was to develop an
approach to bridge an existing research gap between the
effectiveness of MODIS data and machine learning for a
large-scale yield estimation of rice crops in Ubonrachatani

Province, Thailand. The hypothesis predicts a significant
correlation with rice crop yeilds.

2. Materials and Methods

2.1 Study Area

The study area focuses on a rice plantation in
Ubonrachatani Province Thailand, that cover approximately
500 km2 at 15°20'56.75" N latitude and 104°50'31.60" E
longitude as shown in the yellow layer in Figure 1. The
topographic elevation generally ranges between 100 and 400
meters above mean sea level. The mean annual rainfall of
Ubonrachatani Province is 1,270 mm. The rainy season,
which sets in during 2nd week of May and continues till the
2nd week of October, has a mean seasonal rainfall of 1,050
mm.

Fig.1 Map of the study area: Ubonrachatani Province, Thailand

2.2 Rice Grain Sample Collection

The following factors were considered in selection of
the rice grain sampling sites: (1) the planted area should be

wide and easily identifiable in MODIS images; and (2) the
planted area should comprise a single rice variety. At each

sampling site, rice grain was collected froma25mx 25 m
area. The weight of the rice grain was measured in kg units,

and the yield was obtained in tons/ha.

2.3 MODIS Images

We used the 8-day composite MODIS Surface
Reflectance Band 1-2 Product, one of a number of standard

MODIS products available to users (MYD09Q1), with data
gathered from the 2018 and 2019 rice cropping seasons (Oct
2018- Oct 2019) for use in this study. This MODIS product

has a spatial resolution of 250 m and two bands, including
the red band (620-670 nm) and the infrared band (841-876

nm). Additionally, atmospheric corrections for gases, thin

cirrus clouds, and aerosols are implemented in the
production of MODO09A1. We utilized the Modis images

when the rice plant cycle was anticipated to reach NDVI
maximum (s shown in Figure 2). The MODIS images were

downloaded at no charge from the MODIS website.
(http: /s mrtweb. cr. usgs. gov/) utilizing the USGS MODIS
Reprojection Tool Web Interface (MRTWeb).

2.4 Data Analysis

The imagery was pre-processed; rice spectral data was
gathered from the MODIS images, and statistical analyses
were carried out throughout the data processing. The
website's MODIS imagery was downloaded; cloud- free
images were chosen and cropped, and the geographic
locations were changed in order to pre-process the data. The
correlation between rice yield and MODIS Reflectance was
discovered using the red and infrared bands from MODIS
images that were collected from different places.

NDVImax

0daps I 65 days

100 days
tillering Heading Stage

Dough stage

Maximum tillering Mik
ilk stage

germination

Panicle initiation

Flowering Stage Maturation

Fig. 2 Rice plant cycle with phase and froth stages; the curve represents the
position profile for NDVImax (291.
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3. Modeling and Re-sampling

Three models were created in an attmpt to identify the
best one for using reflectance values to evaluate estimates of
rice yield. , Multiple linear regression, support vector

machine, and random forest models are strict in requiring
predictor variables with a common scale, ; therefore, pre-

processing of data must be done on the training set before
modeling. The coefficient of determination (R?, and RMSE

were utilized as measures to evaluate the regression model's
performance and evaluate the its complexity as well with
respect to how effectively it performs with new data.

Equations (1) and-2) are used to calculate R?, and RMSE:

G-
S - Y

RZ=1

N

1 .
RMSE = | Zl (yi —3)° .
=

Where N is the total sample size , ; vyi is the ith
measured biomass of the sample, ; y#; is the ith predicted
value, and yi is the ith mean measured value.

4. Resultsand Discussion

The field-measured average rice yield value was 2800
kg/ha (N = 400, SD - 855). Table 1 shows the R? and RMSE

values for the multiple linear regression, random forest and
support vector machine models. The greatest value is

underlined. Figure 3 displays the plots for each model. The

comparability of the three different regression models was
also examined using a one-way ANOVA test. It turns out that

there is no statistically significant difference between the
three models d.e., p-value<0.01, N = 400). In other words, all

three machine-learning regression approaches are correlated
to the field rice yield.(The multiple linear regression, random
forest, and support vector machine models) derived from
reflectance values yielded R? - 0.537, 0.644, and 0.760, and
RMSE = 360.9, 350.8, and 291.7, respectively. The Support

Vector Machine's R2 value was high, proving the
consistency of the relationship between rice yield and the
Modis Data. Moreover, the RMSE value was low, indicating

there was a small difference between the estimated result
and the actual value [27-281.

Furthermore, the near-infrared (NIR) band of the rice
plant was high. Green biomass and rice NIR reflectance are
closely connected [16-19). Thus, the high reflectance of the
near-infrared (NIR) band and low reflectance of the red band
indicate high NDVI values, and are indicative of high

chlorophyll content. Chlorophyll is the most important part
of the rice plant for photosynthetic activity as it produces
carbohydrates to form rice plant tissue and rice grains, which
has a significant effect on the yield at harvest [20-22]. This
study demonstrates a strong relationship between MODIS
data and rice yield, with [27-28] describing similar results.

There could be several reasons for the difference
between rice yields in actual and predicted conditions, such
as cloud interference in the atmosphere [30], weather
variations on a micro level, or water availability [31] as well
as uncertainty related to ground-based estimations [32]. The
R2 and RMSE of the MODIS data are significantly impacted
by the presence of clouds. The reflectance values may vary
as a result of thin cloud cover, which will have an impact on
the MODIS data for the rice field. As a result, one of the most

important steps in data processing is selecting imagery
without clouds. Moreover, mixed pixels can degrade the rice
spectral information and impact the R2 and RMSE of the
MODIS data.

Training Testing
R? | RMSE | R? | RMSE
0479 | 3993 | 0537 | 3609

0611 | 3772 | 0644 | 3508
0683 | 3439 | 0760 | 2917

Model

Multiple linear regression
Support vector machine
Random forest

Table 1 The R?values and the RMSE values of three machine-learning
regression algorithms indicating P<0.01

Multiple linear regression Multiple linear regression
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Fig.3 The scattering plots with the RMSE values of all models
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5. Conclusion

The findings of this study support the use of MODIS
250 m data for rice yield estimation as a first step in
conducting more research. The three machine- learning
regression approaches are each correlated with the field rice
yield. (Multiple linear regression, random forest, and support
vector machine models) derived from reflectance values
yielded R?- 0.537, 0.644, and 0.760, and RMSE - 360.9,
350.8, and 291.7, respectively. The support vector machine
model displayed the lowest error rate when compared to
independent field data with strong statistical correlations of
the proposed rice yield models.

In conclusion, this study takes the previous research a
step further. by investigating the potential utility of MODIS

250 m data for estimating rice yield with machine learning.

The proposed statistical models, despite the need for further
fine-tuning of the model parameters, exhibit high statistical

correlations (best R2 = 0.760) with low RMSE values (owest
RMSE =291.7). Therefore, we assume that the steps outlined
in this study will be helpful in guiding rice yield
determination for other areas.
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