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Abstract

Remote sensing using unmanned aerial vehicles (UAVs) and satellites is a rapidly growing
technology in rice crop management today. While satellites are expected to cover a wide area at
the national level and become an important platform for future agriculture, they have a low temporal
and spatial resolution, making it difficult to develop technology for farmland. Therefore, there is a
need to develop technology that can be applied to wide-area monitoring using UAVs, which can
acquire crop data with higher temporal and spatial resolution, using satellites.

Crop parameters such as above-ground biomass (AGB) and leaf area index (LAI) of paddy
rice are indicators of productivity and can be used to evaluate rice crop management for optimal
grain yield and agricultural decision making. Previous studies have shown that LAl and AGB of
rice can be estimated using the vegetation index (V1) derived from spectral reflectance. Assuming
that the development of a good LAl and AGB estimation model would be useful in predicting grain
yield of paddy rice, this study improved the LAI and AGB estimation method using UAV-derived
multispectral images and developed a grain yield estimation method using them.

In general, the accuracy of crop prediction models depends on the type of feature variables,
model algorithms, and timing of data measurement, and these factors need to be considered in
developing accurate crop prediction models. Therefore, the following four items were considered
in this study.

(1) Evaluation of the impact of the use of texture variables on the accuracy of LAI-VI
estimation models

(2) Evaluation of the impact of feature selection methods and the use of vegetation fraction
(VF) on the rice AGB estimation model

3) Development of a grain yield prediction model using VI variables

4) Evaluation of optimal timing of data acquisition for grain yield prediction.

Experimental trials were conducted for two fertilizer trials and five rice cultivars during the
2020 and 2021 rice seasons. Multispectral images and the data of LAl, AGB, and grain yield were
measured at four growth stage for each cultivar. UAV-derived variables such as VI and texture
features calculated from the gray-level co-occurrence matrix (GLCM) were used as explanatory

variables in the models. Feature selection methods such as Recursive Feature Elimination (RFE),
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M-statistics, and z-tests were used in AGB estimation model while Exhaustive Feature Selection
(EFS), variance threshold, and Variance Inflation Factor (VIF) were used in LAl estimation model
to reduce the dimensions of the models by selecting parameters. For regression models, we
evaluated the machine learning methods Support Vector Regression (SVR), Random Forest (RF),
and Extreme Gradient Boost (XGBoost) for AGB estimation model while Multiple Linear
Regression (MLR), SVR, RF, and Ridge Regression for LAl estimation model.

The results showed that RF gave stable results for LAl estimation of rice (R? = 0.60-0.62,
RMSE = 0.68-0.73, m? / m?), suggesting that feature selection had little effect on the performance
of this model. Furthermore, combining specific reflectance data (RVI, GRVI) with texture data
(DTI(NIR,R), RTI(NIR,G)) improved the accuracy of LAl estimation for all five cultivars tested (R?
= 0.68-0.82). This clearly shows that the use of texture and appropriate reflectance data can
improve the accuracy of LAl estimation for rice.

We also considered the use of VF, a known alternative indicator of LAI, in the AGB
estimation model. However, it is difficult to develop a model that stably distinguishes between plant
and non-plant areas under outdoor conditions in this study, and no significant improvement in AGB
estimation accuracy was observed even when VF was used as an additional explanatory variable.
We also developed a model to predict grain yield using time-specific VI measured at tillering, stem
elongation, booting, and heading stages. Correlations between VI and grain yield showed that it
was low among growth stages (r = 0.07-0.39). To improve the accuracy of grain yield prediction
using VI as an explanatory variable, a multivariate regression model was selected. The results
showed that RF performed the best among the regression models used in this study, including
SVR, MLR, and Ridge regression, and the grain yield prediction using five Vls, including the
normalized VI with Red Edge as an explanatory variable, was moderately weak (R? = 0.35 and
RMSE = 0.78 ton/ha). The normalized VI with Red Edge contributes to grain yield prediction by
providing optimal variability to the model. On the other hand, grain yield prediction was not
substantially improved (R? = 0.39, RMSE = 0.75 ton/ha) when VI for the booting and heading
stages were added as explanatory variables. When prediction models were created for each
cultivar, better performance was observed for the cultivars Hatsushimo (R?= 0.50, RMSE = 0.84

ton/ha) and Nikomaru (R? = 0.50, RMSE = 0.53 ton/ha).



AGB and LAl estimations using multi-temporal VI were redeveloped in the XGBoost model
and simulated throughout the growing season using Gompertz curves to determine the optimal
timing of data acquisition for grain yield prediction for each cultivar. A single-day linear regression
model was also constructed to examine prediction performance using simulated AGB and LAl
values. The results showed that AGB and LAI could be estimated from VI (R?= 0.56-0.83, 0.57—
0.73), and that the optimal timing of UAV flight varied from 4 to 31 days between the tillering and
early heading periods for each cultivar. These findings are expected to help researchers save
resources and time for numerous UAV flights to predict rice grain yield.

These results suggest that LAl and AGB estimates for two fertilizer trials and five varieties
in a two-year experiment can be reasonably estimated using UAV-derived variables and machine
learning models. Furthermore, direct prediction of grain yield using the cumulative VI provides
comparable or better predictions than that of the estimated AGB and LAl using VI for some cultivars.
Even variables with low correlation to crop parameters can be employed as explanatory variables
indicating that a variety of inputs are essential for improved prediction.

In summary, our results showed that rice grain yield could be predicted before the heading
stage using either VI or Vl-estimated AGB and LA, although it is cultivar-dependent. The analysis
of the suitable timing of observations, which has not been evaluated in previous reports, allowed
us to identify when yield estimation by satellite remote sensing can be used, and we believe this

will contribute to the future widespread use of agricultural remote sensing.
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Chapter I: Background of the Study

Abstract: Remote sensing using UAVs in agriculture is a fast-expanding technique in crop
management today. UAVs have the potential to provide crop data with higher temporal and spatial
resolution. Thus, the suitability of UAV-derived multispectral images in crop prediction must be
evaluated. Past research shows that leaf area index and aboveground biomass can be estimated
using vegetation index derived from spectral reflectance measured by different sensors. The accuracy
of the estimation or prediction model depends on the type of feature variables, the model algorithm,
and the timing of data measurement. Developing a crop prediction model with high accuracy must

consider these factors.

1. Rationale

The primary purpose of agriculture in producing food for the world's population encompasses
practices that positively and negatively impact the environment. Pollution and degradation of soil,
water, and air are inevitable effects of agriculture but are mitigated using appropriate farming practices.
Such farming practices promote a precise, cost-effective, and sustainable way of producing crops.
One possible approach is the use of the remote sensing method.

Remote sensing is used in agriculture to monitor vegetation cover, evaluate crop health and
nutrient demand, and assess crop pests and diseases. Thus, it can help reduce the effect of problems
in agriculture, such as improper use of fertilizers and pesticides, labor cost and shortage, and unstable
approximations of crop parameters.

Remote sensing product such as vegetation index (VI) acts as a proxy to crop parameters
such as leaf area index (LAI) used to evaluate crop nutrient management. Proxy variables allow faster
evaluation and decision-making, which is critical because of the relatively short crop growth duration.
However, the availability of these proxy variables depends on the remote sensing platform. The
revisiting time of a satellite takes 10 to 14 days. Thus, missed information in the interval is highly
possible and crucial for the success of its implementation. The unmanned aerial vehicle (UAV) system

can provide this missed information at an even higher spatial resolution.
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Moreover, the difference in spatial resolution indicates a different quality from the satellite-
derived remote sensing products. It requires optimization of proxy variables from UAV-derived images
for proper usage. The need to validate and optimize remote sensing methods shall further improve
its applicability in the field.

The remote sensing method is also a potential approach for crop predictive modeling due to
its high temporal and spatial resolution. Crop prediction models provide researchers with a guide on
the crop growth dynamics while proactively facilitating crop management for the farmers. The
continuous improvement of computing machines allows researchers to estimate and predict crop
agronomic traits using a high volume of data from numerous farm fields on a regional and national
scale. Using machine learning (ML) to find patterns in the data and consequently use these patterns
to predict a crop estimate made the crop prediction model a much faster task to accomplish.

Rice production is characterized by small pieces of land with different water and soil fertility
regimes. The cultural practices and cultivars used are highly diverse, indicating possible grain yield
variation. Accordingly, it has been shown that site-specific rice crop nutrient management contributes
to more cost-effective production due to higher grain yield [1]. Crop yield improvement involves
optimizing the light interception of the foliage, converting the photosynthetic product into assimilates,
and partitioning the assimilates into grains. Estimating crop parameters such as leaf area index and
aboveground biomass (AGB) is an alternative method to assess crop grain yield improvement [2].

The most common way of rice crop prediction is using VI, usually derived from RGB and
multispectral sensors. The potential use of AGB and LAl estimates from Vs in predicting grain
yieldmust also be investigated to relate the pre-harvest crop productivity indicators to grain yield.

Research conducted by [3] using multitemporal RGB and multispectral images to predict rice
grain yield found that the initial heading stage is the optimum time for grain yield prediction, which
may have 5-7 days. According to [4], the assimilated reserves of the rice plant until the heading stage
is the product assimilated during the ripening period. Moreover, N redistribution, which is the N found
in the leaves and stems at the maturity stage, significantly correlates with grain yield. Its value
depends on the N content of the biomass at the heading stage [5]. As mentioned by [6], the

assimilation of the plant before heading is highly correlated with the high-yielding rice variety.
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On the other hand, an LAl increase exponentially decrease tillering rate for a given N level,
which affects the number of panicles, a grain yield component [7]. LAl was also positively correlated
with rice grain yield [8]. LAl reaches its maximum value at the heading stage [9]. Thus, the number
of panicles produced is achieved at the heading stage.

However, the satellite may not capture this short period of the heading stage. Thus, using
UAV is an alternative to increase the temporal resolution of vegetation indices that can capture the
optimum time window for grain yield prediction. The higher temporal resolution of UAV can confirm if
the optimum time window for a cultivar's grain yield prediction can be extended beyond the satellite's

revisiting time of 5 days.

2. Statement of the Problem

Previous research about the prediction model of AGB, LAI, and grain yield were developed
separately and were not integrated to produce a prediction system for the whole agricultural
production.

Thus, the suitability of a proxy variable such as VIl is limited in future use. This study attempted
to develop prediction models for AGB, LAI, and grain yield from remotely sensed products of the same
rice field trials using machine learning algorithms. The study aimed to develop a model prediction
workflow that can integrate the three crop parameters, AGB, LAI, and grain yield. The study
hypothesized that an integrated model prediction system could reduce the dimensionality and noise
of the prediction model while expanding its applicability to estimate different crop parameters, thus

improving its performance.

3. Objectives of the Study

The major objective of this study is to develop prediction models for rice crop parameters such
as AGB, LAI, and grain yield. Specifically, the study attempted to achieve the following:

1. Evaluate the impact of vegetation fraction cover on estimating rice AGB.

2. Determine the effect of texture-based variables on the rice LAI-VI estimation model.

3. Determine the effect of vegetation index (VI) variables on predicting rice grain yield

4. Determine the optimum time window of UAV flight for rice grain yield prediction

13



4. Literature Review

4.1. Remote Sensing

4.1.1 Principle of Remote Sensing

Remote sensing measures an object from afar without physical contact using reflected or
emitted electromagnetic energy [10]. It uses the electromagnetic spectrum in the visible, infrared, and
microwave regions. Target objects such as bare soil, water, and vegetation vary in their responses to
these wavelengths, providing a method to distinguish these target objects for the assessment of the
earth's surfaces [11]

Specifically, it is the method of detecting and recording the radiant energy reflected by surface
material. Every surface material reflects different amounts of energy in the different bands along the
electromagnetic spectrum. The reflectance property depends on the reflecting surface's structural,
chemical, and physical properties. Other factors such as angle of incidence, intensity, and wavelength
of the radiant energy also affect the reflectance value of a surface material [12]

The basic process of remote sensing consists of the following: (1) emission of electromagnetic
radiation from the source such as the sun, (2) transmission, absorption, and scattering of the radiant
energy from the source to the surface material, (3) interaction of the source and the surface material,
characterized as the reflection of the energy source and emission of the energy from the surface
material, (4) transmission of the reflected energy from the surface to the remote sensor and (5)
processing of the remote sensor output [12]. The transmission of the reflected energy from the surface
to the remote sensor is possible, with the property of the sun being the source of radiation and
illumination. With these properties, camera sensors can capture the reflected energy [12].

When electromagnetic radiation interacts with the surface material, its magnitude, direction,
and polarization change, these changes are detected by the remote sensors, allowing extraction of
information about the surface material. This information is spatial (size, shape, and orientation) and
spectral (tone, color, and spectral signature) [13]. The spectral band from 0.3 to 3.0 um is the reflective
region whose radiation the remote sensor senses is due to the sun, reflected by the surface material
[14].

Surface reflection occurs when the light radiation is redirected as it hits the non-transparent

surface. The reflection intensity depends on the absorption coefficient, surface refractive index, and
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angle of incidence. Transmission occurs when the radiation passes through a surface material without
significantly decreasing intensity. The transmission level measured as transmittance depends on the
surface thickness [13].

Spectral reflectance is the ratio of reflectance energy to incident energy as a function of
wavelength. The spectral signature of an object refers to the value of reflectance averaged over
different, well-defined wavelength intervals [13]. The spectral reflectance value of an object depends
on the wavelength, whereby spectral reflectance is

p(A) = [ER(A) / EI (A)] x 100

where, p(A) = Spectral reflectance (reflectivity) at a particular wavelength. ER(A) = Energy of

wavelength reflected from object El (A) = Energy of wavelength incident upon the object.

4.2 Radiation Properties of Earth’s Surface

The spectral reflectance curve of a surface feature is its reflectance values along the
electromagnetic spectrum. The curve varies with the surface feature's chemical composition and
physical condition. Comparing the spectral signature of these surface features can distinguish them
from each other as surface features are similar in the reflectance at a particular wavelength but

different in another. The earth's surface feature has three types: vegetation, water, and soil [13].

4. 2.1. Vegetation

The spectral characteristics of vegetation differ with wavelength. Chlorophyll-containing plant
part absorbs radiation in the red and blue wavelengths but reflects green wavelength. The palisade
layer of healthy leaves reflects near-infrared wavelength. This is the basis for determining the health
status of vegetation via remote sensing [13].

Vegetation differences can be observed in near-infrared reflectance [10]. When combined
with the reflectances in the visible region, the reflectances in the near-infrared region up to 0.9 um
and shortwave infrared beyond 0.9 um can provide data for vegetation identification and classification

[13].
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4.2.2. Soil

The incident radiation of a soil surface is reflected chiefly or absorbed. Its reflectivity factors
are moisture content, organic matter content, texture, structure, and iron oxide content [13]. Soil
characteristics such as chemical and soil texture components correlate highly with the spectral
reflectance gathered in the laboratory [15]. Spectral indices developed to estimate chlorophyll content
correlate with soil organic matter [16]. Spectral reflectance at visible and NIR bands were the most
related in estimating soil reflectance can be extended to estimating the physical properties of paddy

soil [17,18].

4.2.3. Water

Most incident radiation that hits the water surface is either absorbed or transmitted, and water
absorbs longer visible and near-infrared radiation than shorter visible radiation. Factors such as water
depth, particles within the water, and surface roughness of water affect its reflectivity [13]. Estimating
soil water content using a water-based spectral index is only sensitive at the top soil water status and

more appropriate in areas with drought or water as its limiting factor for yield production [19].

4.2.4. Atmosphere

Electromagnetic radiation passes through the atmosphere twice. First is the direct
electromagnetic radiation from the sun travels to the earth's surface, and second, when reflected light
from the surface passes through the sensor. The interaction between the direct and reflected radiation
is called atmospheric effects, which contain information about the atmosphere itself. Moreover, in the
process, the atmosphere may change the reflected radiation's direction and absorb and scatter the
reflected radiation [13].

The scattering of the reflected radiation depends on the particles present in the atmosphere
and the time and season. Thus, the effect of scattering the reflected radiation will vary from time to

time [13].

4.3. Unmanned Aerial Vehicle (UAV)
An unmanned aerial vehicle (UAV) is an aircraft design with no pilot on board, more commonly

known as a drone. In contrast, the unmanned aerial system integrates UAVs, sensors, and the ground
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control point system, enabling location identification necessary for data acquisition, such as
reflectance maps [20]. Generally, UAVs are involved in agricultural tasks such as monitoring
agricultural areas, assessment of crop status, and forecasting crop yields. UAVs are flown at lower
altitudes. Thus, cloud penetration from the sensors on board is not necessary. The most recent
common type of UAV used in agricultural surveys and monitoring is the multi-rotor wing type or
quadcopter. [21]. This type of UAV has good maneuverability, is portable, and has an interchangeable

payload. Third-party sensors can be onboard a UAV [22]. However, the flight time is shorter.

4.4. Vegetation Index as Proxy Variable

The vegetation index is used as a proxy variable in crop monitoring and estimation with the
premise that the spectral signature of vegetation is correlated with biophysical characteristics.
Combining different spectral bands in the form of a ratio or linear transformation may accurately
estimate biophysical plant parameters such as leaf area index and aboveground biomass [23]. The
vegetation index provides a good characterization of crop growth and condition [11].

There are different types of vegetation index: (1) simple, intrinsic index, (2) index with soil line,
and (3) atmospherically-corrected index. The simple vegetation indices include difference vegetation
index (DVI), normalized difference vegetation index (NDVI), and ratio vegetation index (RVI). NDVI is
the most common VI used. It has values ranging from 0 to 1 due to the normalization of the reflectance
values. Ratio Vegetation Index (RVI) is the ratio between red and NIR bands assuming that plants
absorb more in the red band than in the NIR band. This index, however, is sensitive to atmospheric
effects. Difference Vegetation Index (DVI) is the difference between NIR and red bands, which is a
solution to the sensitivity of RVI in atmospheric effects. DVI, on the other hand, is sensitive to soil
background.

The vegetation index with soil line can distinguish vegetation from the soil background. This
is possible by determining the soil line, the linear relationship between red and NIR reflectance
observed from the soil spectral reflectances. The background soil effect is established to adjust the
value of normalized VIs sensitive to background effects. Atmospherically-corrected VI was also

developed to improve biomass estimation of NDVI [24]. The atmospherically corrected Vis uses a

17



blue band to regulate the atmospheric effects, while the difference between red and blue bands

relates to the atmospheric effects in the reflectance.

4.5. Aboveground Biomass Estimation

Aboveground biomass (AGB) in rice is estimated by destructive sampling and weighed as
either fresh biomass or dry matter after oven-drying [38]. It is the most accurate yet labor-intensive
and time-consuming method to estimate AGB. Indirect estimation of AGB was developed using image
analysis of remote sensing data that is fast, time, and cost-effective. The traditional remote sensing
method in estimating AGB is the extraction of ViIs. AGB in rice is estimated to estimate carbon stock
in the plant as most of the biomass accumulation in plants is made up of carbon. It is the most
frequently used indicator of crop productivity. The development of rice AGB estimation commonly
consisted of improving feature variable extraction, determining the optimum time of measurement,

and evaluating different estimation models based on a particular set of experimental variables.

4.5.1. Model Selection varies with Growth Stage and Type of Feature Variables

The relationship between rice AGB and Vls varies with the source of reflectance images,
growth stage, and given field conditions of the experiment. The complexity of an experiment inhibits
simple regression models from generating conclusive relationships among the variables. Thus, using
other machine learning (ML) algorithms allows multiple data sources to uncover relationships between
variables. Selecting which algorithm to use primarily depends on the similarity of the variables used
between ML algorithms. A comparison of ML was conducted by [39] to evaluate which algorithm best
estimates dry AGB of rice using Vls derived from different satellites. When the model developed were
according to rice growth stages, the results showed that decision-tree-based models such as gradient
boost decision tree (GBDT) and random forest (RF) performed best at a pre-heading stage, while
Support Vector Regression (SVR) and k-Nearest Neighbor (k-NNN) performed best at the post-
heading stage. On the other hand, when a single source of Vls is used in a study, the estimation
results of different machine learning methods are comparable. Even the combination of different UAV-

related variables resulted in similar estimation results, as observed in research done by [40], where
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different regression methods using a combination of spectral, structural, and meteorological feature

variables had similar estimation results.

4.5.2. AGB Estimation is Improved by Combining VI with other UAV-related Variables

Estimation of AGB using VI depends on the correlation between VI and AGB, which may vary
depending on how the VI was extracted and adjusted to enhance the AGB-VI relationship. Estimating
rice AGB using VI alone has shown good performance, as seen from the high correlation of AGB with
RGB images at different growth stages [31]. The color index, VARI, can estimate grain yield using a
log relationship at R? = 0.71. On the other hand, NDVI from multispectral images showed a linear
relationship with grain yield at R>= 0.75. OSAVI also gave reasonable AGB estimates throughout the
growing season [41]. Likewise, optimization of the spectral band for VI calculation using a
spectroradiometer can result in a difference in the accuracy of AGB estimation. First-derivative-based
VI is best performed at the booting and heading stages, while second-derivative-based VI is best
performed at the stem elongation stage [42]. Given the VIs mentioned above, the accurate extraction
of Vls from UAV-derived images is critical.

Two feature extraction methods were developed by [43] to extract the vegetation component
of a UAV image accurately. These are GFKuts, an image filtering method to extract VI based on a
Gaussian model, Montecarlo-based K means, and Graph-Based Fusion (GBF), a feature extraction
method that does not depend on canopy reflectance. AGB estimates from these feature extraction
methods resulted in improved AGB estimation.

Another option to estimate AGB other than using VI is the Digital Surface Model (DSM).
Canopy height (CH) is estimated using DSM by determining the difference between each DSM and
the first DSM after transplanting. A high R? (> 0.90) was observed in AGB estimation using the DSM-
CH model. This relatively high prediction performance using DSM was due to the less influence of
weather on DSM [44]. Moreover, using total dry biomass as the ground truth representative of AGB
may present limitations in using VI. For example, chlorophyll indices may not perform well when
estimating AGB derived from total dry biomass. Thus, the dry matter index (DMI) will likely better
estimate AGB. One such research was conducted by [45]. The DMI group of vegetation index resulted

in better estimation than the use of chlorophyll index like Cl-red edge.
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Textural information was also employed in AGB estimation. The Gray Level Co-Occurrence
Matrix (GLCM) is the most commonly used textural analysis, and it is a statistical method of calculating
a statistical metric of two neighboring gray-level pixels. The texture metric, Mean using NIR and its
corresponding NDTI texture using NIR and Red bands, had the highest estimation accuracy (R? =
0.65 to 0.84) [41]. Using full band textures in AGB estimation also improved AGB estimation,

particularly at the tillering stage [46].

4.5.3. Timing of AGB Estimation relies on the Optimum Feature Variable

Timing for AGB estimation using VIs depends on the feature variable used in the model.
Generally, rice AGB is estimated using VI, where the image's greenness indicates vegetation. This
assumption is usually at the early growth stage until the maximum canopy stage [47]. However, good
estimation results can still be observed when the VI is optimized in each stage. AGB estimation using
VI derived from first derivative reflectance performed best at booting and heading stages, while
second derivative reflectance performed best at stem elongation stage [42]. Also, when the VI value
is adjusted by removing the non-canopy area in the image, AGB can be estimated for each growth
stage. One example is the combined method of optimal VI and object-oriented segmentation, wherein
the VI most correlated with AGB is adjusted using an image segmentation method that merges canopy

and non-canopy areas based on the spectrum and textural characteristics of the image [37].

4.6. Leaf Area Index Estimation

LAl is essential as it indicates the total canopy area that can absorb light for photosynthesis.
It estimates the photosynthetic potential of the crop and influences the microclimate in the canopy
being the medium for the gas exchanges. Estimating LAl can be a substitute for identifying the
photosynthetic productivity of the crop, as well as the foliar damage of pests and diseases. It can also
estimate grain yield as it directly correlates with grain yield. However, LAl estimation using the
traditional destructive approach is time-consuming, even though most accurate. Thus, developing a

regression model between LAl and VI will fasten LAl phenotyping.
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4.6.1 Model performance depends on the type of algrorithm and feature variable

Different regression algorithms were used to develop the LAI estimation model with its
performance depending on the type of the feature variable. Support Vector Regression (SVR) and
Random Forest (RF) showed to have higher accuracy in LAl estimation when the LAl of the whole
rice crop growth duration was used in training the model and were trained on Vis derived from first-
derivative spectra [25]. Combining bands and VIs can improve XGBoost and RF models in estimating
rice LAl [26]. Other rice LAl estimation models showed that an extreme learning machine (ELM) is
also better than RF when RGB and multispectral images were combined [27]. The appropriateness
of a regression algorithm to estimate a rice LAl may depend on the structural characteristics of the
canopy indicative of the growth stage and may not always mean superiority of the algorithm
throughout the crop growth duration. For example, simpler models, such as the univariate regression
model, performed better when LAl was estimated at the vegetation growth stage [25]. Nevertheless,
as the canopy becomes more complex at the ripening stage, machine learning models such as SVR
and RF proved to have higher accuracy than simple regression models. This presents flexibility in the

prediction process where all aspects of estimation are not considered.

4.6.2. Feature Selection to Reduce Model Dimension

Selection of feature variable is a method used to reduce the dimension of the model. Several
feature selection methods could be applied. Models such as RF and XGBoost have built-in feature
selection methods making them robust against multicollinearity. SVR models in estimating maize LAl
can be improved against these models by incorporating feature selection methods such as Principal
Component Analysis (PCA) and correlation analysis [28]. In rice, PCA detects a relationship between

VI and LAI when single VI information could not estimate the LAI [29].

4.6.3. Type of Variable Affects Model Performance
Earlier research on LAl estimation using reflectance data dealt with identifying optimal
waveband for further spectral transformation. Although the selected optimal bands were evaluated

using the correlation-coefficient method using hyperspectral images, the selected bands have a
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counterpart in established VI, thereby making the established VI still applicable for LAl estimation
when hyperspectral reflectance data is not available [30].

Rice LAl highly correlates with visible-NIR images at different growth stages [31]. RF and
XGBoost models were improved using NIR + red spectral transformation as variables [26]. Even the
use of NDVI at a single growth stage VI model gave the best rice LAl prediction at the vegetative
stage [25]. This only supports claims that the fusion of RGB and multi-spectral images resulted in
better rice LAl prediction [27]. Better rice LAl prediction was also observed when the VI was adjusted
based on the growth stage. The VI measured throughout the growth duration was divided into clusters,
and then the clusters were converted as another variable [23].

However, other research has shown that a combination of red-edge and NIR images is more
optimal in generating vegetation indices such as DVI, NDVI, and RVI, whether about the whole crop
growth stage or single growth stage [25]. This is further proven by the effectiveness of red edge-
based VI, MTCI, and Clred edge in estimating green LAI, the photosynthetic component of LAI. These
VI performed better than EVI, a soil background-insensitive VI, indicating that these VI are not affected
by the soil background. However, MTCI is sensitive to crop type with varying leaf canopy structures,
while Clrededge is not [32]. A global dataset from the Landsat satellite of LAl estimates from different
VIs showed that LAI-VI relationships are crop-specific and non-linear. However, in the same global
dataset, EVI/EVI2 was found to be the most effective LAl estimate [33].

Other research on rice LAl estimation using UAV showed a weak correlation between rice LAI
and Vls throughout the growing season due to the hysteresis relationship of VI vs. LAl from heading
to post-heading stages. However, the inclusion of canopy height with OSAVI reduced the hysteresis
effect, thereby improving LAl estimation [34].

Including non-remote sensed variables in the LAl estimation model did not improve the model.
Earlier research using a radiometer showed that adding variables such as plant chlorophyll content,
paddy depth, water sediment load, and bottom layer color did not improve the model [23].

In other crops, such as maize, the spectral and textural features of UAV-derived images were
used to estimate LAI. Results show that LAl estimation can be improved by combining VI and texture-
based indices. Texture-based indices combine two texture features (i.e., variance and entropy) of the

same band. [28]. In rice LAI, the texture of the UAV images was also explored. The Local Binary
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Pattern (LBP) and Variance (VAR) texture of a spectral image were combined. Then, the combined
LBP-VAR was combined with the corresponding spectral reflectance. This feature variable performed
better than VI alone in estimating LAI [35]. Another texture-based rice LAl estimation model was
developed by creating a normalized difference texture index from two spectral bands with the same
texture features (i.e., Red variance, Blue variance) using the 3 x 3 window size. Results show that
texture features mean from Red and Green improved LAl estimation [36].

Optimization of the vegetation component extracted from a Region of Interest (ROI) was also
investigated in rice LAl estimation. The use of optimal VI (OVI) and object-oriented segmentation (OS)
to remove the non-canopy component increase LAl estimation, although not substantial, regardless

of the growth stage used [37].

4.6.4. Timing of Estimation

The accuracy of LAl estimation depends on the type of variables used in the model. However,
there is an optimum time for LAl estimation when a single set or type of variable is used. This is due
to the limitation of a feature variable to approximate the actual crop parameter being estimated. The
most common reason is the saturation of VI with the red spectral band. This is because leaf pigments
highly absorb energy at the red band, resulting in lower red reflectance and remaining unchanged
even at higher canopy coverage (i.e., leaf area index). Thus, the estimation of LAl at the vegetative
stage had higher accuracy than at the ripening stage. The initial jointing stage is the best time for LAI

estimation [27]. A similar result was also found by [37].

4.7. Integrating AGB and LAl to grain yield

As indicators of crop growth and productivity, AGB and LAI can be utilized in predicting rice
grain yield. The precision of using the leaf area index estimated from the vegetation index in
estimating grain yield depends on the radiation-use efficiency (RUE). The spectral information
indicated in the VI may not reflect the actual photosynthetic activity in the canopy. Nevertheless, using
leaf area dynamics can improve yield estimation [49]. Using the Random Forest model, the estimation
of plant growth parameters using RGB images can have similar performance using multispectral

images.
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On the other hand, the use of multispectral images in simple linear models is more effective
than RGB images [31]. The optimized value of LAl and leaf nitrogen accumulation gave better grain
yield prediction [50]. Data from the SPOT satellite and leaf area index had a high R? of 0.945 in

estimating grain yield [51].

4.8. Present Challenges

The instability of prediction results from developing grain yield can be reduced by increasing
the accuracy of biomass estimation and harvest index [56]. The accuracy of prediction models
requires the availability of different datasets that can characterize the sources of variation of the target
variables, such as AGB, LAI, and grain yield. However, no single standard is applied in developing a
crop prediction model. Thus, despite the availability of different machine learning and feature selection
methods, crop prediction models are still a vast task in crop management. Thus, proper optimization

of all the components of a crop prediction model must be done for suitability in farm management.
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Chapter Il: Combining Spectral and Texture Features of UAV-

Derived Multispectral Images to Estimate Rice LAI

Abstract: The use of UAV-derived multispectral images can provide LAI monitoring and estimation.
This study examined the effects of texture features and their combination with spectral features
derived from UAV multispectral images on rice LAl estimation. Multispectral images and ground-truth
LAl were collected from the field trials between 2020 and 2021. The spectral and texture features
used in the LAI estimation were the vegetation indices (VIs) and two types of texture indices derived
from the gray-level co-occurrence matrix (GLCM). Feature selection methods Exhaustive Feature
Selection (EFS), Variance Threshold, and Variance Inflation Factor (VIF) were employed for each of
the machine learning methods, Multiple Linear Regression (MLR), Support Vector Regression (SVR),
Random Forest (RF), and Ridge regression. The results suggest that random forest can give
reasonable LAl estimates (R = 0.60 to 0.65, RMSE = 0.68 to 0.73), with feature selection having little
effect on the model performance. Type | texture index also improved LAI estimation compared to Vis
Combining spectral (RVI, GRVI) and texture (DTI(NIR, R), RTI(NIR, G)) can further improve LAI

estimation, with all five rice cultivars showing good LAl estimation results ranging from 0.68 to 0.82.

1. Introduction

The leaf area index is an essential indicator of crop productivity. It is the estimated amount of
foliage relative to the ground when considering a plane. It can be used to characterize field conditions
such as the amount of potential evapotranspiration in the area and light attenuation in the canopy,
potentially estimating the amount of photosynthetic or biomass accumulation of the crop. Leaf area
index estimation has undergone significant developments through the years, from the traditional ruler
method to the plant canopy analyzer that allows non-destructive estimation of LAIl. LAl measurement
has been a part of rice breeding strategies, as the role of LAl in crop productivity has been
acknowledged [1]. Recently, high throughput phenotyping has become even more possible with UAVs.
Early research showed a linear relationship between rice LAl and NDVI [2]. Moreover, vegetation

index (VI), such as the narrowband DVI and SR generated from red-edge and near-infrared band
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pairs, were optimal for the whole rice growth period and each growth stage [3]. However, a study from
[4] showed a weak relationship between rice LAl and VI thought the growth period.

The accuracy of rice LAl estimation depends on the type of VIs and the growth stage used.
Transformed forms of Vs, such as the first derivative, showed a better estimate of LAl than the original
VI [3,5]. Other research found that the original VI method is more suited for use at the vegetative
stage than using the first derivative of VI [3]. On the other hand, the first derivative of VI employed in
Random Forest for the whole growth period can estimate LAl at each growth stage [3]. Other research
tried to estimate LAI by combining the VI with its raw reflectance values, such as in the case of [6].
Earlier research also showed that LAl had a high correlation with difference index (Dl), ratio index
(RI), and normalized index (NI) [7].

Research on rice LAI estimation using hyperspectral data and involving different nutrient
management showed that Machine learning (ML) algorithms like Random Forest (RF) and Support
Vector Machine (SVM) have shown to have better prediction performance than Multiple Linear
Regression (MLR) and Partial Least Square Regression (PSLR) [3,8]. Another study showed that the
Deep Learning (DL) with RGB Images resulted in similar LAl estimation performance compared to
the ML mentioned above algorithms with MS images [4]. This implies that RGB images are enough
to estimate LAl instead of using sensors with more bands. However, DL requires a much higher
dataset for the training process than ML algorithms. ML algorithm was also observed to reduce
overfitting issues of LAl estimation of three different rice cultivars [6].

Another improvement in the rice LAl estimation model focused on reducing the hysteresis
effect of the growth stage on rice LAl estimation by combining VlIs with other variables such as texture
index. The most common texture analysis used is the Gray-level co-occurrence matrix, where texture
indices can also be derived. The estimation of rice LAl was improved by combining VARI (3 visible
bands) with NDTI from the Mean texture feature of Red and Green bands using Random Forest [9].
The variance texture feature also improved rice LAl estimation using an exponential regression model
[10, 11]

Texture indices can be generated in two ways. The first is by calculating texture indices using

two bands with similar GLCM parameters (statistical texture feature, window size, and direction). The

30



second is calculating texture indices using two statistical texture features with different optimum
GLCM parameters, and optimum parameters were based on their correlation with LAI.

When LAl is estimated using Vls, a pixel's different spectral reflectance values are considered
independent of the neighboring pixels. The average spectral values of all the ROI pixels are
considered the representative estimate of the target surface, rice LAI. It is assumed that transforming
the reflectance values in a combination will highlight the target surface, and the interaction of light
scattering properties of each component in the ROl is reduced. This is where the texture image of an
image can be of interest.

Determining texture as fineness or coarseness of an image is a method to identify distinct
objects by segmenting the image into a homogeneous texture using the texture gradient created in
the image based on a defined window size [12].

In this study, we aimed (1) to determine the relationship between LAl and the UAV-related
variables such as VIs, GLCM-based textures, and Texture Indices, and (2) to determine the best
combination of UAV-related variables that can estimate LAl using different machine learning algorithm,
and (3) determine if there are differences in the performance of LAl estimation models of different rice

cultivars.

31



2. Materials and Method

2.1. Experimental site

The study site is at the Togo Field, Field Science Research Center of Nagoya University in
Hataijiri, Morowa District, Togo, Aichi Prefecture, Japan. Aichi Prefecture belongs to a humid
subtropical climate zone. The average sunshine hours are 2141.0. The mean annual temperature is
16.2 °C. The average rainfall is 1578.9 mm. During the growing season, the average monthly total
sunshine duration is 165.38 hours, the average monthly total precipitation is 223.35, and the average
daily temperature is 25.7 °C during the growing season. The average rainfall is 1578.9 mm [13]. The

primary soil type is ultisols.

2.2. UAV-Based Image Acquisition and LAl Measurements

The study utilized a UAV system: Matrice 210 RTK v2 with a Zenmuse X7 50 mm camera
(DJI, Shenzhen, Guangdong, China) and Micasense RedEdge-MX sensors. The multispectral bands
used in this study were the following: blue (475 +32 nm), green (560 + 27 nm), red (668 +14 nm), red
edge (717 £ 12 nm), and near-IR (842 £ 57 nm). The flight altitude was 20.0 m, with a forward overlap
of 80% and a side overlap of 75%. The shooting mode was hovering with a flight speed of 1.2 m/s.
The approximate resolution was 0.20 cm/pix.

For each UAV flight, the sensors were calibrated using a Calibrate Reflectance Panel (CRP)
provided by the sensor manufacturer according to their instructions. UAV flights were conducted
between 10:00 am and 4:00 pm under windless and clear-sky conditions once a week until the

heading stage.
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Table 1. Summary of field experiments

Rice season UAV Flight Date LAl Sample Growth Stage
2020 15 July?, 21 July?, 29 July'35 144,48,48 Tillering Stage
29 July*, 5 August®, 11 August'? 144,96,48 Stem Elongation
17 August¥5, 23 August3?2 144,96 Booting
2021 22 July*, 28 July®, 31 July', 5 48,96,48,48 Tillering Stage
August?
5 August*, 11 August®, 18 August'? 48,96,96 Stem Elongation
20 August?, 25 August’®, 31 August?®  48,96,96 Booting

'Aichinokaori  2Asahi  3Hatsushimo “Nakate Shinsenbon 5Nikomaru
The number indicates which variety was the spectral data extracted for a given UAV flight date.

The acquired images were ortho-mosaicked using the Pix4D mapper software (Pix4D SA,
Prilly, Switzerland) to generate the spectral reflectance images of the experimental plots and
georeferenced using ground control points.

LAl was sampled for each variety during the critical growth stages for tillering, stem elongation
and booting stages. For spectral data collection, sampling was conducted after the UAV flight (Table
1). The spectral data for each variety at a given growth stage were extracted from different UAV flight
date. Four adjacent hills of rice plants were sampled in each plot at three different growth stages
(tillering, stem elongation, booting stages). The number of tillers per sampled hill was counted and
separated into leaves and stems. The detached leaves were used to determine the LAl using a leaf
area meter, AAM-9 (Hayashi Denko co Itd., Tokyo, Japan). After measuring the leaf area, the separate

plant parts were oven-dried at 70 °C for 48 h until a constant weight was attained and weighed.

2.3. Vegetation Index (V1) Calculation
Nine vegetation indices were calculated using the formulas given in Table 2. These were the

common Vs used in the estimation of different crop parameters.
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Table 2. List of Vegetation Indices used in the study.

Vegetation Index Formula Reference
Difference Vegetation Index (DVI) NIR-R [14]
Green Difference Vegetation Index (GDVI) NIR-G [15]
Red Edge Difference Vegetation Index (REDVI) NIR - RE [16]
Normalized Difference Vegetation Index (NDVI) (NIR-R)/(NIR + R) [17]
(Gel'ﬁl(g\VI)Normalized Difference Vegetation Index (NIR - G)/ (NIR + G) (18]
Normalized Difference Red-Edge (NDRE) (NIR - RE) / (NIR + RE) [19]
Ratio Vegetation Index (RVI) NIR/R [14]
Green Ratio Vegetation Index (GRVI) NIR/ G [20]
Red Edge Ratio Vegetation Index (RERVI) NIR/RE [21]

R = red reflectance; G = green reflectance; B = blue reflectance; NIR = near infrared reflectance; RE =
red-edge reflectance.

2.4. Texture Analysis

The gray-level co-occurrence matrix (GLCM) method was used to extract the texture features
of the UAV multi-temporal images. It is called the gray level co-occurrence matrix because the square
matrix contains the counts of a number of the co-occurrence of neighboring gray levels in the image.
In the GLCM method, the GLCM is generated by dividing the whole grayscale image into sliding
window sizes. We used a 9 x 9 window size for this study's raw reflectance maps. The type of
neighboring gray levels was based on the following angles: (1) 0°, (2) 90°, and (3) one-rotation
invariant (combination of 0 degree, 45°,90°,135°). The angle is determined by using a reference pixel
where the angle direction between two gray levels is based.

Once the GLCM is produced, different statistical metrics are computed. The GLCM features
are statistical metrics that can quantitatively describe the texture features of the image. These were
Contrast (CON), Dissimilarity (DIS), Entropy (ENT), Homogeneity (HOM), Mean (MEA), Second
Moment (SEM), and Variance (VAR). The texture features for each plot were then extracted using
the ROI shapefile using the 'raster' package in R. The texture features were calculated using the
'raster' and 'glam' packages in R. The statistical metrics were calculated to generate texture maps
using the 'glcm' package in R with a sliding window size of 9 x 9 pixels with varying angles (0 °, 90°,
and one-rotation invariant (combination of 0°, 45°,90°,135°). The texture features in each plot were
extracted using the ROI shapefile using the 'raster' package in R [22].

Texture indices were also calculated by transforming the GLCM-based features calculated
from each band. The texture indices were generated using two types of calculation: (1) Type I: texture

indices derived from the transformation of the optimized bands, and (2) Type Il: texture indices derived
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from the transformation of texture metrics with each metric optimized according to band and angle.

Both types used the following equations,

Ratio texture index (T2 /T1); (B2 / B1), Eg'n (1)
Normalized texture index (T2 - T1)/ (T2 + T1); (B2 - B1)/ (B2 + B1) Eq'n (2)
Difference texture index (T2 - T1); (B2 - B1) Eq'n (3)

where T1 and T2 represent two different GLCM-based texture features while B1 and B2
represent two different bands.

2.5. Feature Selection Methods

Exhaustive Feature Selection is simply the combination of all the features specified in the
model. The number of features to be selected is determined by a particular performance measure
such as Akaike Information Criterion (AIC) or MSE. It is computed using the ‘ExhaustiveSearch’
package in R. In this study, and we used the AIC score as the performance measure. The model
variables with the lowest AIC score were the feature variables selected.

Variance Thresholding is a baseline feature selection method to remove features with zero or
low variance. It is assumed that high variance will provide more information to predict the target
variable. It is computed using the ‘caret’ package in R [23]. In this study, we set the variance threshold
at 0.10.

Variance Inflation Factor (VIF) is a score corresponding feature selection method to the level
of multicollinearity. Multicollinearity is the collinearity between feature variables which can result in
instability of a model result. This is because the correlated feature variable indirectly influences the
effect of one feature variable on the target variable. A value of more than 5.0 was considered
multicollinearity and removed from our model. It was calculated using the ‘car’ package in R [24].

2.6. Modeling Methods

Linear regression (LR), Ridge Regression (RR) Support Vector Machine (SVR) and Random
Forest (RF) were used to establish the LAl estimation models using VI, GLCM-based textures, and
texture indices as predictor variables.

Linear regression model is a least-squares approach that defines the linear relationship
between two or more variables. It can be represented using the universal set containing a simple or

multiple regression as follows:
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k
Y=a+ ZbiXi+u
i=1

where Y is the dependent variable, X1, X2...Xk are the independent variables, a and bi are
the regression coefficients representing the model's parameter in a sample population and u is the
random error term. The simple linear regression has a fixed Xi and random Y, while multiple linear
regression has both random Xiand Y.

Ridge regression is a parameter estimation method used to solve a model's collinearity
problem. In multivariate regression models, variable elimination is seen as the solution to counter the
effect of multicollinearity in the model. In ridge regression, the variables are penalized due to the
model's complexity but not removed from the model. The variables with less effect will have
coefficients that are close to zero. ltis, in effect, a method for feature selection, resulting in a variable
whose coefficients can predict better and has lower squared errors than the simple least-square
method.

A support vector machine is a machine learning algorithm that searches for a hyperplane with
the maximum distance from the data points. It is a decision boundary whose either side represents
classified data points. Classifiers are maximized by the influence of support vectors, points near the
hyperplane, and influences the position of the hyperplane.

Random Forest is a non-parametric estimation method that creates randomized regression
trees. A subset of observations from the training dataset is drawn for each tree. Then, each tree is
split depending on the number of variables a split in each tree must have. The split of a tree is stopped
when the number of observations is below the node size points. A prediction is made for each tree,

then the predictions are averaged to get the final prediction.

2.7. Statistical Methods

A workflow chart is shown in Figure 2 to illustrate the steps to estimate LAI using different
statistical methods, including feature selection methods and machine learning algorithms. Datasets
from the 2020 and 2021 rice seasons were combined and split into 70 % training data (252
observations) and 30% test data (108 observations). Training data was used for model establishment

and cross-validation, while test data was used for model evaluation. The test data is the independent
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dataset that was not used during model establishment and is used to determine the generalization
capacity of the developed estimation model.

Feature variables such as GLMC-based features and texture indices were selected using their
Pearson’s Correlation Coefficient with rice LAI. After the correlated texture-related variables were
selected, these variables, together with the calculated Vs, were used to develop LAl estimation
models using SLR, MLR, Ridge, SVR, RF, and XGBoost algorithms. Different feature selection
methods were performed before model training for the LAI estimation models with multiple
explanatory variables. LAl estimation models were developed for each machine learning algorithm in
each set of variables derived from a feature selection method.

The training dataset was employed to train the model using a 10-fold cross-validation method,

and the model performance was evaluated using R?and RMSE.
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Figure 1 Workflow of the Rice LAl Estimation Model

2.7.1. Correlation Analysis
Correlation analysis is a method used to identify the relationship between two variables. For
a pair of both numerical variables, the Pearson Product Moment Coefficient is used. Pearson’s

correlation coefficient is a unitless measure of the linearity between two numerical variables.

2.7.2. Validation of the Regression Models

The developed models were validated using the test dataset after data splitting. The

performance metrics R? and RMSE were computed to evaluate model performance.
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3. Results

3.1. Correlation Analysis of UAV Image-derived Features and Actual LAl Data

The linear relationships between LAI and different VIs were assessed and summarized in
Table 3. To better understand the relationship of LAl with VI, the VIs were divided into three (3)
groups: (1) Difference vegetation index (DVI, GDVI, REDVI), (2) Normalized difference vegetation
index (NDVI), and Ratio vegetation index (RVI). The correlation between LAl and DVI differed from
the correlations between LAl and GDVI and LAl and REDVI. NDVI correlation with LAl was similar to
NDRE correlation with NDRE. GRVI and RERVI had a similar correlation with LAl and differed from
RVI. On average, ratio vegetation indices had the highest correlation with LAl compared with

difference vegetation indices and normalized difference vegetation indices.

Table 3. Correlation coefficient between LAl and Vegetation Index (VI)
Vi DVI GDVI REDVI NDVI  GNDVI NDRE RVI GRVI RERVI

R 0.52 0.54 0.57 0.54 0.65 0.55 0.71 0.61 0.61

The GLCM-based texture features used in the study were calculated based on the gray level
co-occurrence matrix generated for each raw reflectance map. The texture of each raw reflectance
map was calculated using the different directions between two neighboring gray levels. An optimum
combination of band and direction was determined for each texture feature by using its correlation
with LAl as a criterion. The optimum combinations are presented in Table 4. The NIR band was the
optimum for textures CON, MEA, and VAR, while the red band was for textures DIS, ENT, HOM, and
SEM. The angle 90° was the optimum direction for textures DIS, ENT, HOM, and SEM, while at 0°
angle, textures CON and VAR were at optimum correlation with LAI. The one-rotation invariant was
the optimum direction for MEA texture. Texture MEA and VAR had a good correlation with LAI, while
the other textures had moderately weak correlations with LAL.

Table 4. Optimal parameters for each texture feature for Type Il texture index and its correlation
with rice LAI.

Texture CON DIS ENT HOM MEA SEM VAR
Band NIR R R R NIR R NIR
Direction 0 90 90 90 Invariant 90 0

R 0.23 -0.26 -0.29 0.27 0.55 0.30 0.56
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Table 5 shows the optimum combination of texture features and direction for each band
according to its correlation with LAI. It means that the texture of each band is represented by only one
texture feature. The representing texture feature for each band and each growth stage was

established to ensure a relationship between texture and LA

At the tillering stage, MEA with 0° angle was the optimum texture parameter for blue and
green bands, while MEA with 90° angle was the optimum texture parameter for red and NIR bands.
The texture feature of the red edge band was optimum in HOM texture. Different optimum
combinations were observed between bands at the stem elongation stage. It is noted that only the
red band maintained the same optimum texture parameters for the 1st two growth stages. MEA was
the optimum texture feature for all bands at the booting stage. The optimum texture parameters for
the blue, green, and NIR bands were similar for the tillering and booting stages.

Table 5. Optimum parameters for the texture of each band for Type | texture index computation and
its correlation with LAI.

Band Tillering Stem Elongation Booting
Texture, r Texture, " Texture, .
Direction Direction Direction
Blue MEA, Q° -0.52 SEM, 0° -0.39 | MEA, 0° -0.29
Green MEA, 0° -0.36 CON, 90° -0.44 | MEA, 0° -0.22
Red MEA, 90° -0.54 MEA, 90° -0.33 | MEA, Invariant -0.49
Red Edge Hom, 00 |-0.42 | CON 039 | MEA, Invariant 017
nvariant
NIR MEA 90° | 061 | VEA 051 | MEA, 90° 0.57
Invariant

There were two types of texture indexes created in this study. The optimum parameters
summarized in Tables 4 and 5 were used to calculate the Type Il and Type | texture indices,
respectively, whose formulas are indicated in Equations 1 to 3.

Nine (9) Type | texture indices were calculated in this study and divided into three groups (RTI,
NDTI, and DTI). In each group, three texture indices were generated. Three combinations of texture
parameters were used for each band comprising a texture index, and each combination referred to
each growth stage.

Similarly, Type Il texture indices were divided into three groups, as shown in Figures 2a-c. In
total, 42 texture feature combinations were produced for each group. However, redundant texture

indices were not shown in the correlation matrix. A redundant texture index refers to the texture index
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whose texture combination is the exact opposite of another texture index. The two texture indices had
a similar absolute correlation with LAI. The texture index chosen between the two related texture
indices was based on the alphabetical order, with the chosen texture index coming first in the
alphabetical order. Limiting the relationship between LAl and Type Il texture indices based on Figures

1a-c, it was observed that Type Il texture indices were moderate to weakly correlated with LAL.

(a) (b) (c)
Figure 2. Correlation matrix between LAl and Texture Indices Type Il given as following: (a) NDTI, (b) DTI,
and (c) RTL.

3.2. Rice LAI Estimation Model Based on Single Features

The rice LAl estimation model employed the spectral and textural features derived from the
UAV images taken across rice growth stages, from tillering to booting. A linear regression model was
developed for each feature to determine the merit of using a UAV-derived feature in the LAl estimation
model. However, the number of texture features was reduced according to the optimization (Tables

4 and 5) done prior to regression modeling.

After establishing a linear model using the 10-fold cross-validation method, an independent
test dataset (30 % of the whole dataset) was used to evaluate the generalization of the LAl estimation
model. The summary of these model evaluations is shown in Tables 6, 7, and 8. Among the Vs tested
(Table 6) in this study, only RVI had a good model performance (R? = 0.50), while NDVI performed

the worst (R?=0.29).

The same model training process was performed for LAl estimation using Type | texture

indices. Table 7 shows the model performance with DTl (NIR, R) as the relatively best LAl predictor
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using Type | texture indices while DTl (NIR, G), DTI (NIR, RE), and NDTI (NIR, G) as features with
the least prediction power. On the other hand, the LAl estimation using Type |l texture indices results

in poor prediction performance, as shown in Table 8.

Table 6. Model evaluation of the LAl estimation using VIs using the independent test data.

Feature  DVI GDVI REDVI  NDVI GNDVI  NDRE RVI GRVI RERVI
R? 0.30 0.33 0.36 0.29 0.43 0.33 0.50 0.34 0.41
RMSE 0.96 0.94 0.92 0.97 0.87 0.94 0.81 0.93 0.89
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Table 7. Model evaluation of the LAI estimation using Type | texture indices using the independent
test data.

DTI DTI DTI NDTI NDTI NDTI RTI RTI RTI
Feature NRR (NR.®)  (NR.RE) (NRR) (NIRG) (NRRE) (NRR) (NRG) (NRRE)
R2 0.53 0.14 0.14 0.40 0.14 0.29 0.48 0.19 0.34
RMSE 0.79 1.07 1.07 0.90 1.07 0.97 0.83 1.04 0.94

Table 8. Model evaluation of the LAI estimation using Type |l texture indices using the independent
test data.

NDTI NDTI  NDTI DTI DTI DI RTI RTI RTI
Feature  (HW) (CE)  (DM) (EV) (DV) (MV) (VH) (VM) (MH)
R? 0.20 0.15 0.15 0.28 0.28 0.28 0.27 0.25 0.22
RMSE 1.07 1.10 1.10 1.01 1.01 1.01 1.02 1.03 1.05

3.3. Rice LAl Estimation using Machine Learning Methods

Adding more feature variables can improve the LAl estimation model, and the addition of
features may include a similar type of a variable or a combination of different types of variables. In
this study, it was determined which type of UAV-derived variable can best estimate rice LAI. Moreover,
it was examined if adding UAV-derived variables in a model can further improve LAl estimation
compared to the LAl estimation model using the relatively best Type of UAV-derived variable.

Thus, feature selection was needed to accomplish these two tasks. Numerous feature
variables can be incorporated into an estimation model. However, not all features will bring significant
value to the model. It removes features that are considered redundant and will not bring significant
effects to the model. In this study, three feature selection methods were performed for each type of
feature variable. These were exhaustive feature selection (EFS), variance threshold (VT), and
variance inflation factor (VIF). After feature selection, the LAl estimation model was developed using
different machine learning methods. The study set the number of feature variables in each estimation
model to five (5) feature variables. This allowed 100 observations for each feature variable since the
total training data was 502 (70% of the whole dataset). The results from the feature selection methods
are summarized in Table 9. The most frequently selected UAV-derived variables from the different
feature selection methods were GRVI, RVI, and NDVI for Vis, DTI (NIR, R), RTI (NIR, G), NDTI(NIR,

R) for type | texture index, and RTI_DS for Type Il texture index.
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Table 9. The selected UAV-derived variables using three (3) different types of feature selection
methods.

Feature Set of Features Most selected
Vis
EFS DVI, NDVI, RVI, GRVI, RERVI GRVI, RVI,NDVI
VT RVI, GVI, RERVI, NDVI, GNDVI
VIF GRVI, RVI, NDVI, NDRE, GNDVI
Type | texture
index
EFS NDTInrRR), DTINnRR), DTINR,G), RTINR,G), RETINIR, RE) DTINRR),
RTINR,G)
VT RTInRR), NDTINnRR), DTINRR), RTINRG), NDTINR,G) NDTINIRR)
VIF NDTInirR), RTINnRR), RTINR,G), DTINRR), DTINRRE)
Type Il texture
index
EFS RTI_CD, RTI_DS, RTI_MC, RTI_SC, RTI_VS RTI_DS
VT RTI_EM, RTI_CE, RTI_EC, RTI_DS, RTI_CH
VIF RTI_CD, RTI ED, RTI_DS, RTI_SV, RTI VS

After cross-validation of all LAl estimation models, the models were evaluated using an
independent test dataset (30% of the whole dataset). Results show that the Type | texture index was
the best performing feature variable for all the ML methods compared to Vis and Type Il texture index.
Type | texture index was also observed to perform best for estimation models developed using
features that were selected using the extractive feature search method (Table 10) and variance
threshold (Table 11). Random forest had the best estimation performance among the four (4) ML
methods tested in this study. MLR and Ridge regression resulted in similar model performance,
indicating that regularization in the Ridge regression did not improve the model. SVR was the least-
performing ML method. Type | and Il texture indices did not estimate LAl well when variable inflation
factor was used as the feature selection method (Table 12).

Table 10. Model evaluation of the different LAl estimation models using selected features from
exhaustive feature selection method (EFS)

Vis Type I TI Type I Tl
R? RMSE R? RMSE R? RMSE
MLR 0.535 0.785 0.612 0.717 0.149 0.968
RF 0.633 0.697 0.633 0.697 0.337 0.855
SVR 0.529 0.790 0.598 0.729 0.132 0.978
Ridge 0.535 0.785 0.612 0.717 0.141 0.973
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Table 11. Model evaluation of the different LAl estimation models using Variance Threshold as
feature selection method.

Vis Type I Tl Type I TI
R? RMSE R? RMSE R? RMSE
MLR 0.535 0.785 0.617 0.712 0.132 0.990
RF 0.605 0.724 0.648 0.683 0.271 0.908
SVR 0.521 0.797 0.615 0.714 0.125 0.994
Ridge 0.535 0.785 0.617 0.712 0.128 0.992

Table 12. Model evaluation of the different LAl estimation models using Variance Inflation Factor as
feature selection method.

Vis Type I TI Type I Tl
R? RMSE R? RMSE R? RMSE
MLR 0.539 0.782 0.601 0.727 0.114 1.000
RF 0.601 0.727 0.640 0.691 0.239 0.927
SVR 0.533 0.787 0.578 0.748 0.114 1.000
Ridge 0.539 0.782 0.601 0.727 0.114 1.000

The prediction performance of the LAI estimation model using the combination of different
UAV-derived variables was also examined. Two sets of LAl estimation models were developed using
(1) most frequently and (2) least selected feature variables from each feature selection method. Five
(5) feature variables were selected according to the result of the exhaustive feature search. Table 13
shows the result of the model evaluation. The result shows that Random Forest can give reasonable
LAI estimates even if the feature variables were derived from only one feature selection. However, a
decrease in model performance can be observed in MLR, SVR, and Ridge when the feature variable

was not selected from two or more feature selection methods.

Table 13. Model evaluation of the different LAl estimation models using the five common feature
variables from different feature selection methods.

R? RMSE R? RMSE

MLR 0.676 0.677 0.465 0.870
RF 0.751 0.594 0.731 0.617
SVR 0.654 0.700 0.430 0.898
Ridge 0.676 0.677 0.465 0.870
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Figure 3. Model evaluation of the LAI estimation model for varieties (a) Aichinokaori, (b)
Asahi, (c) Hatsushimo, (d) Nakate Shinsenbon, and (e) Nikomaru.

The LAI estimation model using Random Forest and feature variables NDVI, RVI, GVI,
DTI(NIR, R), and RTI(NIR, G) was developed for each of the five (5) rice cultivars. An independent
test dataset was used to evaluate the model performance and is summarized in Figures 3a-e. LAI

estimation model had good prediction performance using the independent test dataset. The RMSE

ranged from 0.36 to 0.64 m?/m?.
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4. Discussion

4.1. Effect of Spectral and Texture Features on Rice LAl Estimation

The relatively fast and easy calculation of VIs made it a standard feature for LAl estimation.
The predictive power of Vs in estimating LAl depends on the range of data utilized to train the model.
According to [25], the power relation of ratio vegetation index of NIR to green band with LAI estimation
is improved when different growth stages and nitrogen levels in the field trial were used to provide
LAI variation in the model. In this study, LAl variations were provided by the fertilizer levels and
varieties. Linear regression models using VIs were evaluated using an independent dataset (Table 6)
instead of power regression. Even with the difference in the function, ratio vegetation index performed
best in estimating LAI, with the ratio vegetation index of NIR to the red band showing the highest R2.
Individually, the growth stage affected the LAl estimation performance. Good LAI estimation of RVI
was best achieved at the stem elongation stage (R? = 0.71). At this stage, the fraction of rice canopy
relative to paddy soil for a defined ROI (one hill in the field) is high. Thus, the reflectance observed in
the ROI had a higher probability of being as leaves. Depending on the leaf canopy architecture of the
rice cultivars, the soil background is visible at tillering stage. Wet paddy soil has a lower reflectance
at the visible and NIR spectrums than vegetation. Moreover, the scattering mechanism of light in rice
may include the transmittance of light from the leaf canopy to the soil. And also, the reflectance from
the soil to the leaf canopy [26]. In this case, the vegetation index may be underestimated depending
on the soil fraction cover in the ROI. A lower RVI value for a pixel containing soil is expected as NIR
and red reflectance have closer values than the NIR and red reflectance from vegetation pixels. Thus,
ROI with boundaries concentrated on the canopy is beneficial for more accurate LAl estimation of Vis
at tillering stage.

For the booting stage, the clumping of leaves may have contributed to overestimating rice LAI
per ROI. The booting stage in rice can be characterized by horizontally and diagonally aligned flag
leaves, especially at the late booting stage, thereby resulting in the leaves of one plant being captured
in the ROI of another plant. In this study, the 9 x 9 window size was used in mapping the texture of
the multi-temporal five single-band images. This is to equalize the computation time and complexity
between GLCM-based textures and Vls. This is higher than the window size applied, which was 3 x

3 in [9]. Other research opted to apply different window sizes and took the average texture measures
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to regulate the effect of window sizes on the image's texture [27]. Small window size is advised in a
homogenous field but is considered to produce unstable GLCM measurements [28].

The orientation between neighboring pixels is also considered a factor in texture analysis.
According to [28], the orientation of GLCM analysis did not affect the estimation of forest LAIl. However,
the study hypothesized that orientation between neighboring pixels affects the LAl estimation. It also
tested if the effect can be regulated by using the texture values for all the orientations. In evaluating
the appropriate GLCM parameters, its high correlation with LAl is considered the optimum GLCM
parameter. The results showed that the LAI correlation varied in a window size of 9 x 9. At tillering
and booting stages, the MEA texture was relatively more correlated with LAl in most bands with
varying optimum orientations. This was probably due to the large window size used in this study.
Differing orientation would have little effect on small window size. It should be noted that the result at
the stem elongation stage showed different optimum texture measures and orientation, but on
average, LAl was best estimated at this stage. The MEA texture feature was the best for image
segmentation analysis [29], suggesting that differing orientation and window size may have little effect
on GLCM-base texture.

Comparing the results in Table 7 with the results of [9], both showed that high LAI estimation
gains at middle to later growth stages of rice could be achieved, but on the average of the growth
stages, LAl estimation using texture can result in R? ranging from 0.2 to 0.5. With these results, it is
reasonable to use 9 x 9 as the window size for the additional computation time needed for a smaller
window size would not likely result in a significant difference from the texture values computed at a
higher window size of 9 x 9. As shown in Table 8, low prediction performance was observed for all
Type Il texture indices. It is perhaps due to the lack of optimization of Type Il texture indices at each
growth stage compared to Type | texture indices and the combination of two similar reflectance bands,
which will result in a lack of vegetation emphasis generated from the transformation of different
reflectance bands. In this study, the optimum band for each statistical texture metric was either Red

or NIR bands only.
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4.2. Comparison of Different Machine Learning Methods

Adding feature variables in a regression model can increase prediction performance and the
probability of overfitting. However, the improvement of a model depends on the kinds of feature
variables added to the model. Thus, feature selection is an essential task in any prediction model.
Three (3) feature selection methods were assessed in this study. Each of these feature selection
methods influences the LAI estimation model. Exhaustive feature selection (EFS) is simply finding the
combination of feature variables that can best predict the data. In this study, AIC was used as the
performance metric. In AIC, the best combination of features has the best data variation with the
smallest combination of feature variables. It is an estimator of prediction error, and the high value of
AIC indicates that the model is less fit to predict the target.

Setting a variance threshold is a baseline method used in most prediction models. In this
study, a high variance threshold of 0.10 was used. It is assumed that data with high variation will
provide helpful information for prediction. On the other hand, variance inflation factor (VIF) is a method
used to detect multicollinearity in a model. Multicollinearity is the correlation between predictor
variables in a model. It may not be a problem in large dataset sizes. However, this study's dataset
size cannot be considered large relative to other prediction models. Thus, VIF as a feature selection
was considered. Results from the feature selection methods (Table 9) show that a feature variable
can be selected from all the different feature selection methods. This may indicate either of the two
reasons: (1) the three feature selection methods were similar in the selection process, which tends to
be a variance of the data in the model, or (2) the feature variable selected in all the feature selection
methods is robust. Variance threshold is an unsupervised feature selection with no need for the target
output, while EFS and VIF methods use performance metrics of the regression model with the target
variable (LAIl) to select feature variables.

Random forest was evaluated to be the best regression method in estimating LAI (Table 10-
12), regardless of the feature selection method employed in the study. An estimation model for
grassland LAI developed by [30] was found to perform well using the RF algorithm. However, their
feature selection method resulted in different RF results [29]. A multi-year experiment on rice LAI
using Vls derived from hyperspectral reflectance showed that RF optimally predicted LAl when the

feature variable was 10 with RMSE values below 0.80 [5]. In this study, RMSE values of less than
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0.80 (0.697 to 0.797) were achieved at five (5) feature variables (VIs and Type | texture index, but
RMSE values of more than 0.80 was observed when Type |l texture index was used.

The results of multiple regression models (Table 10-12) suggest that the Type | texture index
improved rice LAl estimation. The improvement from using Vls was consistent for all regression
models and feature selection methods. The improvement can be attributed to the optimization of
GLCM parameters per growth stage before the texture index generation. However, a 10%
improvement in the R? and a 0.10 decrease in RMSE values may not be too high considering the
additional computation time required to generate GLCM-based texture indices. LAl estimation using
VIs can achieve the same level of performance if additional VlIs are added to the model if the additional
VI will provide variation in the model and is not highly correlated with another VI.

A more apparent difference was observed between the two types of texture index. However,
it may be inaccurate to conclude that the Type | texture index was better than the Type Il texture index.
The optimization procedure for the calculation of the two types of texture index was not the same.
The disparity in their performances can be remedied by two approaches (1) optimizing Type | texture
index across growth stages and (2) optimizing Type Il texture index for each growth stage. The Type
Il texture index could achieve a similar prediction performance if optimization of the GLCM parameters
were done for each growth stage. Nevertheless, the results suggest that the texture index derived
from multispectral images can improve rice LAl estimation.

After determining the most frequently selected features for each Type of UAV-derived variable,
these were combined to develop another LAl estimation model. A separate LAl estimation model was
developed to determine the feature variable's robustness, and this model consisted of feature
variables least selected from the feature selection method. Table 13 shows that employing feature
variables most selected from all feature selection methods results in a better LAl estimation model,
but RF was not affected by this. This is because the RF predicts the target in a non-parametric way,
so the variance and multicollinearity level of the features did not affect the estimation performance of
the RF.

The LAI estimation model using the combined VIs and texture indices showed that good
estimation could be obtained for all rice cultivars used in the study. Model evaluation using the

independent dataset showed that a combination of spectral and texture features of multi-temporal
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UAV-derived images could explain 68 to 82% of the LAl variation among the five rice cultivars. This
proposes that LAl estimation for different rice cultivars can be improved by combining spectral and

texture features of multispectral images.
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5. Conclusion

This study evaluated the effect of combining the texture and spectral features of UAV-derived
multispectral images using different feature selections and machine learning methods in rice LAl
estimation. Two types of texture indices were developed from the GLCM-based texture metrics.
These were 1). Type I: texture indices derived from the transformation of the optimized bands, and
2). Type IlI: texture indices derived from the transformation of texture metrics with each metric
optimized according to band and angle. Feature selection methods such as EFS, variance threshold,
and VIF were utilized to reduce the redundant features in the model.

Moreover, MLR, SVR, Ridge, and RF were used to develop rice LAl estimation. Results have
shown that combining texture and the spectral index could improve LAl estimation when the Type |
texture index is used. However, the Type Il texture index was a poor LAI estimator. All the feature
selection methods did not significantly influence the estimation performance.

This study provides information on the effect of texture features on rice LAl estimation. Future
research work can consider the optimization of GLCM parameters, the robustness of the machine
learning model, and the insignificance of feature selection methods in improving rice LAl estimation.

Optimization of Type Il texture index by growth stage needs to be examined.
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Chapter |Ill: Estimating rice AGB using UAV-derived

multispectral images

Abstract: Rice aboveground biomass (AGB) is an important indicator of crop productivity. The
accuracy of AGB estimation using vegetation index is usually affected by the non-plant area. Thus,
vegetation extraction is critical in improving AGB estimation. The study aimed to confirm the
robustness of select vegetation indices and the effect of vegetation fraction cover (VF) derived from
the threshold-based segmentation of UAV images when combined with the vegetation index and to
determine the best feature selection and machine learning method that can estimate rice AGB.
Feature selection methods, RFE, M-statistic, and z-test were calculated before training the model.
Random forest was observed to perform good prediction of AGB (R? = 0.62 to 0.73) compared to
other machine learning algorithms, SVR (R? = 0.39 — 0.54) and XGBoost (R? = 0.60 to 0.71). VF
slightly improved AGB estimation. Results show that RF-RFE is the best estimation model for AGB
estimation. AGB estimation model using RFE and z-test selected feature variables performed better
than M-statistic selected features. Likewise, RF and XGBoost showed comparable performance in
estimating AGB, while SVR had poor estimation performance regardless of the feature selection

method.

1. Introduction

Estimating in-season aboveground biomass (AGB) is vital in evaluating the effectiveness of
cultural and nutrient management practices in rice. This is because AGB is an effective indicator of
crop productivity, which these crop management practices try to increase. When rice AGB is
estimated at a particular growth stage and compared to a target AGB estimate, necessary calibration
can be made for implementing any cultural or nutrient management [1]. However, actual AGB
estimation is labor-intensive and time-consuming. Thus, the use of remote sensing poses to be a
cost-efficient evaluation method for field crop intervention.

The introduction of UAVs has seen an increase in the use of remote sensing to estimate AGB.
The most common remote sensing approach to estimate AGB is the use of raw reflectance values

and vegetation indices derived from RGB, multispectral (MS) [2], or hyperspectral sensors [3].
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Generating vegetation indices from hyperspectral images can identify the optimal multiple narrow-
band reflectance that correlates with AGB [4]. Earlier research also showed that 560 nm and 728 nm
were the optimal wavelengths for biomass estimation at individual rice plant levels [3]. On the other
hand, using MS sensors can bring marginal improvement when compared to RGB sensors with
advanced imaging techniques [5]. This is supported by most research results wherein RGB-based
indices can perform better in prediction models than MS-derived Vis [6].

Aside from the spectral information, other quantitative image analyses were conducted to
increase the accuracy of extracting the vegetation cover in the UAV images. Previous research
showed that AGB estimation could be done by estimating vegetation cover using thresholding image
segmentation methods such as ExG-ExR [7]. However, this type of vegetation cover extraction is
affected by illumination, and the illumination variation can be treated by using local thresholding or
considering the soil NDVI [8].

Another approach to estimate AGB in rice is to use canopy height derived from LiDAR point
cloud [9] and RGB sensors by generating a digital surface model and digital terrain model to estimate
canopy height [5,10]. Other research separately estimated plant height from aboveground biomass
using high-resolution stereo images derived from UAVs [11], or texture features were used to improve
AGB estimation [12]. A combination of spectral, structural, and meteorological features was attempted
to estimate rice AGB with observed improvement from using the combination compared to the VI
approach alone [13]. Other types of plant growth index were also considered in estimating AGB, such
as the chlorophyll content index calculated from CCM [14].

Feature engineering was also done to improve AGB estimation. The most prevalent was using
raw reflectance values' first and second derivatives and calculating VIs. However, this data
augmentation did not accurately estimate AGB beyond the stem elongation stage [4]. Another
approach is to combine spectral and structural information. Structural information that deals with
variation in structure and volume is suited for non-perennial vegetation such as rice [7,10].

Modifying the raw RGB images before VI generations and feature extraction was also done
to improve AGB estimation. The algorithm to smooth the pixel information in an image to create a

binary output could distinguish the vegetation foreground from the ground background [15].
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The sampling size of the ROI also varies with research. The standard feature extraction method is
the use of quadrat or block shape as the ROI, such as one square meter as sampling area [2], while
others used individual plants as ROls [3].

However, most of this remote sensing research on agriculture uses remote sensing to
estimate aboveground at any growth stage in the crop growth cycle. For example, a multiple linear
regression model using different multi-temporal ViIs [16] was used to estimate the aboveground
biomass of rice varieties. This is an applicable prediction model since the VIs were measured
simultaneously at defined points in a field trial. However, these are multi-level field trials [5,16]
involving treatments such as fertilizer application and variety which can have interaction effects with
the Vis. It could affect the prediction performance using regression models that do not consider
categorical variables in the prediction process, such as the multiple linear regression model. In this
case, a prediction model that can account for the effect of a categorical variable in the prediction
should be considered. An AGB estimation model improved significantly when a categorical growth-
stage dependent variable was included in the model [17].

On the other hand, other AGB estimation models evaluated the effect of the categorical
variable on the continuous independent variable. A separate model for each categorical variable is
considered when the slopes are not the same between the categorical variable [18]. One of the
determining factors affecting remote sensing data in the field was the effect of the growth stages [6].

The aims of the study were (1) to confirm the robustness of select vegetation indices and the
effect of vegetation fraction derived from the binarization of UAV images when combined with the
vegetation index and (2) to determine the best feature selection and machine learning method that

can estimate rice AGB.
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2. Materials and Methods

2.1. Experimental Area and Design

The description for the study site is similar to the one described in Chapter 2. Two
experimental trials, no fertilizer trial and with fertilizer trial, were conducted in 2020 and 2021, involving
five Japonica rice varieties, Aichinokaori, Asahi, Hatsushimo, Nakate Shinsenbon, and Nikomaru.
Basal fertilization was applied according to local practices for the fertilizer trial, and top-dressing was
not performed for both trials. The plot size for both years was 1.68 m x 5.52 m with 24 cm plant
spacing. The experiments were laid out in a randomized complete block design with three replications.

Randomization for the two trials was the same in both years.

2.2. Field Data Collection

Aboveground biomass was sampled for each variety during the critical growth stages for
tillering, stem elongation, booting, heading, and ripening. Sampling was done after the UAV flight for
spectral data collection. Four adjacent hills of rice plants were selected in each plot. The number of
tillers per sampled hill was counted, and the roots were removed. The sampled AGB was then oven-

dried at 700C for 48 hours until a constant weight was determined.

2.3. UAV Image Acquisition and Preprocessing

The study utilized a UAV system: Matrice 210 RTK v2 (DJI, Shenzhen, Guangdong, China)
with Micasense RedEdge-MX sensors onboard. Details of the UAV flights are described in Table 1.
For each UAV flight, the sensors were calibrated for their reflectance using a calibration panel,
Calibrate Reflectance Panel (CRP), provided by the sensor manufacturer. The image of the
calibration panel was taken before and after the UAV flight to acquire existing light conditions during
the flight. UAV flights were conducted between 10:00 to 4:.00 pm under windless and clear-sky
conditions. The UAV flight and sampling dates are listed in Table 2.

After the UAV flight, the acquired images were ortho-mosaicked using the Pix4D mapper
software (Pix4D SA, Prilly, Switzerland) to generate the spectral reflectance image of the
experimental plots. The generated images from all UAV flight missions were georeferenced, and UAV

flights were conducted once a week until the heading stage.
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Five hundred twenty spectral reflectance images were obtained from the 2020 and 2021 trials.
An ortho-mosaicked true (RGB) image was used to create a Region of Interest (ROI). A shapefile
consisting of circular polygons with a 10 cm radius overlapping the georeferenced reflectance images
served as the ROI. One circular polygon corresponds to one hill of rice plant. The reflectance images
were then rasterized using R's 'raster’ package [19]. The whole ortho-mosaicked reflectance images
were first clipped into smaller raster images that covered the experimental plot. The images were then
clipped using the ROl shapefile for individual hills, and the mean values of reflectance from the clipped

hillimages were computed. These mean reflectance values were used to compute vegetation indices.

2.4. Vegetation Fraction

The vegetation fraction was estimated using the mean reflectance values generated from the
rasterized images. The color index ExG-ExR from the color indices, Excess Green (ExG) and ExR
(Excess Red) was used to estimate the vegetation fraction of the rice crop in the field. First, the ExG
and ExR maps were generated for each UAV flight date. Below is the given formula for ExG and ExR.
Then, the difference of ExG from ExR values per pixel was generated. The difference served as the
threshold value for the image binarization between plant and non-plant pixels. In this study, a
difference of more than -0.06 was considered a plant component.

ExG=(2*G-R-B)/(G+R+B) Eq'n 1

ExR=(14*R-G)/(G+R+B) Eq'n 2

where R, G, and B were red, green, and blue raw reflectance generated from the UAV-derived
sensors.

2.5. Vegetation Indices

A total of 14 vegetation indices (Table A1) were computed using different combinations of the

five spectral bands.

2.6. Feature Selection Methods
Recursive feature elimination (RFE) is a type of backward feature selection. It uses a subset
of the dataset to train a model by using all the features specified in the model. Then the weakest

element is eliminated in every iteration until the best set of features is identified. The lowest feature
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is determined by calculating each feature's coefficients and ranking the feature variables' importance.
It was calculated using the 'caret' package [20] in R.

The m-statistic method is a statistical filter type of feature selection. M-statistical value is
calculated for vegetation index taken from distinct experimental factors such as fertility level, and the
formula is written below. An M-statistical value of less than 1.0 indicates that VI has poor separability

between two treatment factors, no fertilizer and with fertilizer trials.

_uf-unf ,
M = pr— Egn3

where uf and unf are the mean Vls of the fertilizer and no fertilizer trials, respectively, while of and
onf are the standard deviations of the Vis.

Z-test after the Correlation Analysis is a statistical test to determine the significant difference
between two correlation pairs. A reference correlation analysis was established first to serve as the

comparison for all the other correlation pairings. It was calculated using R's 'cocor' package [21].

2.7. Machine Learning Methods

A support vector machine is a machine learning algorithm that searches for a hyperplane with
the maximum distance from the data points. It is a decision boundary whose either side represents
classified data points. Classifiers are maximized by the influence of support vectors, points near the
hyperplane, and influences the position of the hyperplane.

Random Forest is a non-parametric estimation method that creates randomized regression
trees. A subset of observations from the training dataset is drawn for each tree. Then, each tree is
split depending on the number of variables a splitin each tree must have. The split of a tree is stopped
when the number of observations is below the node size points. A prediction is made for each tree,
then the predictions are averaged to get the final prediction.

Extreme gradient boosting or XGBoost is a gradient-boosted decision tree with a regularizing
framework. It predicts by selecting a set of weak learners and training the model iteratively by
considering the errors of the previous decision tree. The predictions for each iteration are combined

to make a final prediction. It was calculated using R's 'xgboost' package [22].
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2.8. Data Analysis

AGB data in 2020 and 2021 were pulled together to comprise the whole dataset for the study.
Remote sensing variables, vegetation fraction, and vegetation index were used to estimate
aboveground biomass.

The workflow of the study (Figure 1) to develop the AGB estimation model consisted of the
following: (1) data collection of multispectral UAV images, (2) calculation of vegetation index and
vegetation fraction, (3) feature selection method such as correlation analysis, use of M-statistic and
recursive feature elimination method, (4) integration of vegetation fraction with the VI selected from
the different feature selection method, (5) training of the estimation model and (6) validation and

selection of the optimum estimation models.
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Figure 1. Workflow of the AGB Estimation Model
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3. Results and Discussion

3.1. Selection of Vegetation Index using Correlation Analysis and z-test

Estimating rice AGB is essential in assessing crop status and predicting grain yield. The
relationship between the AGB and VIs used in this study was first established between Vls of similar
types (Figure 2). The types of V.l. used were (1) difference VI, (2) normalized, (3) soil-insensitive VI,
(4) atmosphere-insensitive VI, (5) soil-and atmosphere-insensitive VI, and (6) four-band normalized
VI. Figures 2 a-d show the correlation between AGB across growth stages and the different types of
VI. The Pearson correlation analysis shows that regardless of the type of VI, AGB was positively

correlated with VI.

Moreover, the range of correlation values was closer among AGB vs. VI pairings, thereby
increasing the number of Vls that can be utilized for AGB estimation models. Nevertheless, GBNDVI
shows to be the VI most correlated with AGB based on absolute r values. However, multicollinearity
between these VIs is also apparent, indicating that using all these VIs in one estimation model may
affect the estimation performance. Thus, knowing which set of these VlIs can be combined for optimum

estimation is needed.
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Figure 2. Pearson correlation matrix between aboveground biomass and select vegetation indices
such as (a) difference VI, (b) normalized VI, (c) soil-insensitive VI and atmosphere-insensitive VI and
(d) soil-and atmosphere-insensitive VI, and four-band normalized VI.

A comparison between different AGB vs. VI pairings was determined in the study using the z-
test (Table 1). As mentioned previously, GBNDVI is the most correlated VI with AGB. As such, each
z-test was compared to the AGB vs. GBNDVI relationship. The VI in Table 1 was listed in its
descending order of correlation with AGB, with RBNDVI being the second VI most correlated with
AGB, next to GBNDVI. Based on the z-test result, GBNDVI correlation with AGB was significantly
different from the correlation of AGB with VIs, GRNDVI, ARVI, OSAVI, ARVI2, NDVI, and NDRE. This
indicates that soil and atmospheric-insensitive VIs and normalized Vls have different performances
in possibly estimating AGB.

The z-test also measured the correlation between the Vls in a particular comparison. The Vls

mentioned above were also correlated with GBNDVI, with values ranging from 0.76 to 0.99, thus
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indicating multicollinearity. However, instead of choosing the VIs with related correlations of less than
0.75 and non-significant correlation pairings, the study selected the VIs whose correlation with AGB
was significantly different from GBNDVI. This is to capture the differential association of Vis to AGB.
Thus, the AGB estimation model in this study selected GBNDVI, GRNDVI, ARVI, OSAVI, ARVI2,

NDVI, and NDRE for AGB estimation models.

Table 1. Comparison of the Pearson correlation (r) of AGB vs. GBNDVI with the other AGB vs. VI
correlations using the z-test.

Difference Related z statistic Significance 95% CI
Correlation level (p-value)
RBNDVI 0.02 0.95 1.13 0.26 -0.02-0.08
GRNDVI 0.02 0.99 4.59 0.00 0.02-0.05
GDVI 0.04 0.61 0.95 0.34 -0.07-0.19
REDVI 0.05 0.64 1.07 0.28 -0.06 - 0.19
DVI 0.05 0.59 1.10 0.27 -0.06 - 0.21
ARVI 0.04 0.95 2.36 0.02 0.01-0.11
EVI2 0.06 0.64 1.42 0.15 -0.03-0.21
SAVI 0.07 0.67 1.69 0.09 -0.02-0.22
EVI 0.08 0.64 1.69 0.09 -0.02-0.23
OSAVI 0.08 0.76 2.16 0.03 0.01-0.21
ARVI2 0.07 0.94 3.49 0.00 0.04-0.15
NDVI 0.07 0.94 3.49 0.00 0.04-0.15
NDRE 0.19 0.79 5.13 0.00 0.15-0.34

The VIs were listed in descending order of Related Correlation value.

3.2. Selection of Vegetation Index using M-statistic

M-statistic values represent the level of separability that a VI can show in estimating a
parameter of interest when measured in different conditions or treatments. When VI is used as a
proxy for actual vegetation, the ability of the VI to distinguish between different types and densities of
foliage is essential, given that external factors such as soil and atmosphere can affect the reflectance
being transferred into the sensors. In M-statistic, a value of more than 1.0 indicates good separability,
and a VI with good separability for a particular series of treatments has a histogram with no
overlapping frequencies. Table 2 shows the M-statistic value of different VI at different growth stages
between two fertility trials, with no fertilizer and with fertilizer. The higher the M-statistic value, the

better the VI distinguishes vegetation of the two trials.

Results show that the separability of a VI varies with the growth stage. In particular, VIs such
as DVI, EVI, EVI2, GBNDVI, and GRNDVI have good separability in only one growth stage. Other Vis

such as GDVI, SAVI, and RBNDVI have good separability in two consecutive growth stages. NDVI,
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REDVI, and ARVI2, on the other hand, showed to have good separability in three growth stages,
while NDRE showed to have bad separability in all growth stages. Separability of VI appeared less at
the booting stage, with fewer ViIs having M-statistic values of more than 1.0. Better VI separability

was observed at tillering stage.

The dynamics of the VI should also be noted. GDVI had an increasing separability index until
the booting stage. Soil-insensitive VIs, OSAVI, and SAVI had the same increasing trend in separability.
Normalized VIs decreased as the crop reached full canopy but slightly improved at the heading stage.
Atmospheric effect-insensitive VIs had high separability at early and late growth stages. Soil and
atmospheric effect-insensitive VIs had a decreasing trend in separability with a peak value at tillering

stage. However, EVI2 had a drastic reduction in its separability at later growth stages than EVI.

Given these dynamics, a VI with good separability in at least two growth stages was selected

as an AGB estimator. These were GDVI, REDVI, SAVI, NDVI, ARVI, ARVI2, and RBNDVI.

Table 2. Comparison of M-Statistics values obtained from different vegetation indices at different
crop growth stages of two fertility trials.

Qflgzr;ng g‘;zgweElongatlon Booting Stage ggzilng
DVI -0.63 1.40 -3.20 -0.35
GDVI -3.66 0.39 8.28 1.54
REDVI 3.51 2.92 -8.57 1.01
SAVI -0.26 1.42 6.19 0.76
OSAVI 0.20 -0.11 0.84 1.58
NDVI 1.37 1.04 0.62 5.37
GNDVI 1.45 0.60 -0.75 0.18
NDRE -0.40 -0.54 -0.85 0.45
ARVI 6.03 -1.72 0.34 1.69
ARVI2 1.37 1.04 0.62 5.37
EVI -1.55 1.59 -1.39 -1.77
EVI2 1.59 0.61 -6.87 -4.55
RBNDVI -0.59 -4.79 1.01 2.51
GBNDVI 0.83 0.05 4.04 -0.04
GRNDVI 0.46 212 0.32 0.70

The numbers in bold font are VIs with good separability (M-statistic value > 1.0)
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3.3. Selection of Vegetation Index using Recursive Feature Elimination

A recursive feature elimination (RFE) was used to identify the best possible estimator for AGB.
Unlike the Correlation Analysis and M-statistics method, RFE employs all the features in a model and
removes the weakest features in each iteration until the most desired set of features is achieved.
Cross-validation techniques were applied to get the representative score of a feature as the basis for
elimination. Table 3 shows the cross-validated result of the RFE for the AGB estimation model. The
method searched for the best predictors among the 16 features included in the model. The number

of predictors is determined by the number of variables that resulted in the lowest RMSE.

According to the result, six (6) were the optimum number of predictors to estimate AGB, and
the R2and RMSE were at the peak and lowest values, respectively. At seven (7) up to the total number
of features (16), R? values had an accumulated 0.02 decrease in value while RMSE had an
accumulated 0.40 increase when ten more variables were added from the optimum six (6) variables.
This indicates that estimating AGB in this study using more than six VI features will not result in a

substantial model improvement.

The selected VIs were NDRE, REDVI, GBNDVI, RBNDVI, GDVI, and GNDVI. NDRE and
REDVI are both spectral transformations of NIR and Red Edge bands, while GDVI and GNDVI are
spectral transformations of NIR and green bands. GBNDVI and RBNDVI are normalized VIs from the

transformation of four bands, with NIR and blue bands in common.

Table 3. Cross-validated result of the recursive feature elimination (RFE) method

Variable R2 RMSE
1 0.14 2.67
2 0.50 1.90
3 0.67 1.53
4 0.72 1.42
5 0.73 1.40
6 0.74 1.37
7 0.73 1.39
16 0.73 1.41

The number in bold font indicates the optimum number of variables that will give the lowest RMSE.

3.4. Vegetation Fraction derived from Threshold-based Segmentation Method

Vegetation fraction (VF) or fractional vegetation cover was estimated in this study using the

threshold-based segmentation method using the ExG-ExR formula. One threshold value was used
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for all the ExG-ExR feature maps created to determine the plant and the non-plant area component
per pixel in the image at a given spatial extent. VF represents the area the vegetation covers relative
to the ground reference area. Thereby, VF represents the vegetation growth trend and the changes
in vegetation density. Figure 3 shows the VF at different growth stages of rice varieties grown in two
different fertilizer trials. The VF of Asahi and Aichinokaori reached 100% at the stem elongation stage,
while the VF of Nakate Shinsenbon and Hatsushimo reached 100% at the heading stage and

Nikomaru did not reach 100% VF at the heading stage.

VF was not consistently higher in crops in the fertilizer trial, depending on the variety. In
particular, similar VFs were observed for Hatsushimo in both fertilizer trials. The low VF observed in
Nakate Shinsenbon was also apparent. It represented the low growth density of Nakate Shinenbon
in the fertilizer trial, whose plot was characterized by shallow, sandy soil relative to other plots in the
trial. VF decrease of Aichinokaori at the heading stage from 100% to 95% can be attributed to the
limitation of the spectral reflectances involved in ExG and ExR. The repeated measure of hills was
done in the VF calculation throughout the growth stages. As such, the previously identified plant area
became a non-plant area. This is possibly due to different reasons. First, the illumination in the field
at the heading stage might be less uniform due to the presence of panicles, changing the scattering
of reflected light. This may result in different threshold values for plant areas in a vegetation map. The
bending of the foliage at the late booting to the heading stage might also contribute to the presence
of non-plant areas inside the dominant foliage area determined from the spatial extent given by the
shapefile for raster extraction. Nevertheless, the variation in the VF of different rice varieties was

integrated into VI to determine if it could improve the AGB-VI estimation model.
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Figure 3. Vegetation fraction of five rice varieties in two fertility trials at different growth stage; (a)
tillering, (b) stem elongation, (c) booting (d) heading stage.

3.5. AGB Estimation using Vegetation Index selected using Correlation Analysis and z-test

Three (3) machine learning (ML) algorithms were employed to estimate AGB using the VI
selected from the VI and VI*VF. Repeated cross-validation of the models showed that AGB estimation
models could explain 53 to 70% variation in AGB (Table 4). Validating the models using an
independent dataset showed no overfitting issues for all the ML used (Figure 4). However, comparing
the results between models, SVR was lower compared to RF and XGBoost, both in the training and
testing phases. The VI features in these models were derived from a correlation matrix with high
related correlation values, resulting in the multicollinearity of these features. The two ML algorithms,
RF and XGBoost, used a decision tree to train the regressor for estimation, while SVR used a linear
estimator to train the model. Multicollinearity affects the linear-based model, making the regressor

unstable as the weight of each variable changes quickly with the change in the data.
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Integration of VF into the AGB-VI model also did not improve the performance of SVR
compared to RF and XGBoost. Regardless of the ML algorithm, AGB estimation slightly improved

when VF was integrated with VI.

Table 4. Model evaluation results of estimation models using VI selected using Correlation Analysis.
Cross-validation Independent Test
Dataset
R? RMSE R? RMSE

\
RF 0.70 1.51 0.72 1.35
SVR 0.53 1.90 0.56 1.70
XGBoost 0.69 1.54 0.69 1.42

VI *

VF

RF 0.74 1.39 0.73 1.32
SVR 0.58 1.80 0.60 1.62
XGBoost 0.71 1.48 0.71 1.39
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Figure 4. Validation result of AGB estimation model using VI selected using Z-test. The AGB was
estimated using VIs and VI*VF with 3 ML methods, (a,d) RF, (b,e,) SVR, (c,f) XGBoost, respectively.
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3.6. AGB Estimation using Vegetation Index selected using M-statistic

The cross-validated result of the AGB estimation model using VI with good separability as
estimators are shown in Table 5. The similar performances between RF and XGBoost might be due
to the non-parametric voting involved in the decision tree performed in the training process. The
subset of the dataset in the RF and XGBoost model may have consisted of VIs with similar separability,
resulting in a similar decision in each stem node, constricting the model to decrease in complexity,
which the XGBoost might have employed its regularization function that the RF lacks. Thus, a

marginal difference between XGBoost and RF was observed.

Relative to the 60 to 70% explained variation by RF and XGBoost (Figure 5), SVR resulted in
underfitting. In SVR, a decision boundary is created to define the data into different regressors, aiding
in the learning process of the model. In VI with good M-statistic, the treatments were distinguishable
from each other through VIs. The decision boundary was probably a wiggly curve rather than an
optimal hyperplane, generating a narrow margin between regressors., thereby resulting in higher
residual values between the predicted and the observed AGB values as the far-away data points were
not considered in the training process. Also, the actual AGB values between the two fertilizer trials

were possibly not as distinguishable from each other as the M-statistic values of the VI imply.

AGB estimation model using RF and XGBoost improved when interaction with VF was added
to the model. However, the integration of VF into the selected VIs did not improve the AGB-VI
estimation model using SVR. This possibly further weakened the model's generalization ability,

resulting in higher residuals in the model validation process.
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Table 5. Model evaluation results of estimation models using VI selected using M-statistic.

Cross-validation Independent Test
Dataset
R? RMSE R? RMSE
VI
RF 0.67 1.58 0.68 1.45
SVR 0.52 1.91 0.59 1.63
XGBoost 0.64 1.65 0.61 1.60
VI*VF
RF 0.71 1.47 0.70 1.39
SVR 0.52 1.92 0.53 1.74
XGBoost 0.68 1.57 0.67 1.46
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Figure 5. Validation results of AGB estimation model using VI selected using M-statistic. The AGB
was estimated using VIs and VI*VF with 3 ML methods, (a,d) RF, (b,e,) SVR, (c,f) XGBoost,
respectively.

3.7. AGB Estimation using Vegetation Index selected using Recursive Feature Elimination

The performance of AGB estimation models using VI selected using the RFE method is shown
in Table 6. SVR appeared to have a relatively poorer performance than RF and XGBoost (Figure 6).
A difference of R? = 0.20 was observed between SVR, RF, and XGBoost. The selected Vis were
highly correlated with each other, thus resulting in lower performance of SVR. In RFE, the features
are divided into a subset and evaluated the number of features that can result in optimum model

performance.

71



Table 6. Cross-validation results of estimation models using VI selected using RFE.

Cross-validation Independent Test
Dataset
R? RMSE R2 RMSE
Vi
RF 0.73 1.44 0.73 1.33
SVR 0.54 1.88 0.56 1.69
XGBoost 0.71 1.49 0.73 1.32
A/
VF
RF 0.75 1.39 0.75 1.28
SVR 0.57 1.82 0.56 1.69
XGBoost 0.71 1.49 0.72 1.35
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Figure 6. Validation results of AGB estimation model with feature selected using RFE. The AGB was
estimated using VIs and VI*VF with 3 ML methods, (a,d) RF, (b,e,) SVR, (c,f) XGBoost, respectively.

selected using different feature selection methods. The highest R? was observed in RF using Vs
selected using the RFE method, while the lowest R? was observed in SVM using VI selected using
M-statistic. Regardless of the ML algorithm, VI selected using M-statistic as the filter criterion had the
poorest estimation performance. Likewise, regardless of the feature selection method, SVR had the
poorest performance. RF and XGBoost had similar estimation performances. When used by the same

ML algorithm, VIs selected using Correlation Analysis and RFE also had similar estimation
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3.8. Model Selection using Descriptive Statistics of the Resampling Data

Figure 7 shows the mean of the R? and MAE of the different estimation models using Vis

performance.
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A similar trend in reverse was observed in the MAE score of the estimation models. A higher
MAE score was observed in SVM- M statistic model, while the lowest MAE score was observed in RF

— RFE estimation model. RF using Vls selected using RFE is the best estimation model scheme in

this regard.
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Figure 7. Average (a) R?and (b) MAE using the resampled training data of the different AGB
estimation model.

The AGB estimation models developed in this study followed an ensemble-like method of a
prediction model. First, a correlation analysis that established the relationship between AGB and VI
was computed. Due to closer r values, an appropriate evaluation test was applied to the correlated
dataset to determine the significance of each r value between two paired correlation groups. Results
from the z-test showed that VIs of the same type had a relative association level with AGB, such as
the difference in reflectance between NIR vs. Green, NIR vs. Red, and NIR vs. RE. On the other hand,
improved versions of a VI did not guarantee a better level of association with the AGB measured in
this study, as seen in Table 1. This may indicate that the adjustment parameter included in the
improved VI version was not the correct value suitable for the field conditions where the AGB was
sampled. A separate optimization test to determine the adjustment factor would likely improve the
correlation between AGB and Vils.

AGB estimation models consisting of a single VI did not explain the variation of AGB for more
than 50%, regardless of the type of VI. This indicates that spectral information alone was not enough
to estimate AGB accurately. Due to this, an additional source of variation was added to the model.
The addition of VF into the model was introduced by multiplying VF with the VIs. Results showed that
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adding another variable into the model could increase the coefficient of determination. However, when
the additional variable was added, it did not result in a VI being better than the other Vis. It is because
the effect of the additional variable on the model was the same for all Vls, resulting in a similar result
trend compared to AGB-VI models. This can be a strategy to improve the estimation model without
the need for increasing the dimension of the model all at once, resulting in a lower modeling process
or avoiding dimensional reduction techniques, which are sometimes black-box and will not provide
interpretable information as to the classification and selection processes.

The usefulness of a model can be tested by its capacity to predict from an independent test
dataset, representing the general behavior of the target variable, thereby assessing the parsimony of
the model. This study's validation of the AGB-VI estimation model (AGB-VF*VI model) showed that a
general AGB estimation model could not estimate AGB of any given growth stage with similar
accuracies. In this study, AGB seemed best estimated at the booting stage. In this stage, the canopy
density of the crop has reached its peak. This resulted in higher reflectance values recorded by the
sensors for vegetation estimation at the booting stage relative to other growth stages. However, the
coefficient of determination is still low at the booting stage. The VI tested in this study is saturated at
high canopy levels, thus resulting in higher residuals and lowering the coefficient of determination.
Due to VI limitations brought upon by soil and atmospheric effects, the ViIs were adjusted to account
for these effects. These adjustments were expected to increase AGB estimation accuracy. Thus,
estimation models using improved VlIs were compared with estimation models using difference and
normalized difference types of VIs. Results showed that improved VlIs did not improve correlation with
AGB substantially (Figure 2). However, a comparison of correlation pairings between AGB and VI
showed that atmospheric and soil-insensitive Vs had significantly different AGB correlations. Model
evaluation results show RF and XGBoost had comparable estimation performance, while the M-

statistic method showed poor performance compared with the z-test and RFE.
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4. Conclusion

Improvement of rice AGB estimation using Vegetation Fraction Cover (VF) was evaluated in
the study. The performance of AGB estimation models using different feature selection methods and
machine learning was also assessed. The VF derived from a threshold-based segmentation method
slightly improved the AGB estimate compared to VI alone. AGB estimation model using RFE and z-
test selected feature variables performed better than M-statistic selected features. Likewise, RF and
XGBoost showed comparable performance in estimating AGB, while SVR had poor estimation

performance regardless of the feature selection method.
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5. Appendix

Table A1. List of vegetation indices used in the study.

Vegetation Index Formula References

Atmospherically Resistant Vegetation Y .
Index (ARVI) (NIR-(2*R)+B)/ (NIR+ (2 *R) + B), [23]

Atmospherically Resistant Vegetation

Index 2 (ARVI2) -0.18 + 1.17[(NIR - R) / (NIR + R)] [24]
Difference Vegetation Index (DVI) NIR - R [25]
Enhanced Vegetation Index (EVI)  2.5[(NIR - R) / ((NIR + 6R-7.5B) + 1)] [26]
Enhanced Vegetation Index 2 (EVI2) 24[(NIR-R)/(NIR+ R+ 1)] [27]
Green-Blue Normalized Difference
Vegetation Index (GBNDVI) [NIR = (G +B)I/[NIR + (G + B)] [28]
Green Difference Vegetation Index
(GDVI) NIR-G [29]
Green Normalized Difference
Vegetation Index (GNDVI) (NIR=G)/(NIR +G) [30]
Green-Red Normalized Difference
Vegetation Index (GRNDVI) [NIR-(G+R)]/INIR + (G + R)] [29]
Normalized Difference Red-Edge _
(NDRE) (NIR - RE) / (NIR + RE) [31]
Normalized Difference Vegetation Index _
(NDVI) (NIR-R)/(NIR + R) [32]
Red-Blue Normalized Difference
Vegetation Index (RBNDVI) INIR - (R +B)]/[NIR + (R + B)] [33]
Red Edge Difference Vegetation Index
(REDVI) NIR - RE [34]
Soil Adjusted Vegetation Index (SAVI) (NIR=R)/(NIR + R + 0.5) [23]
Optimized Soil Adjusted Vegetation B
Index (OSAVI) (1+ 0.16) ((NIR = R)/(NIR + R + 0.16)) [23]

R = red reflectance; G = green reflectance; B = blue reflectance; NIR = near-infrared reflectance;
RE = red-edge reflectance.
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Chapter IV: Rice grain yield prediction using UAV-based

multispectral images

Abstract: Rice grain yield prediction is important in evaluating crop management strategies applied
in the field. Remote sensing using UAV is a potential method in predicting grain yield. Thus, the
accuracy of predicting grain yield using UAV-derived variables must be evaluated. The study aimed
to determine the relationship between grain yield and Vls taken at different growth stage and the
effect of VI variables on the grain yield prediction. Multitemporal VI were calculated from the spectral
reflectances measured at tillering, stem elongation, booting, and heading stages. Correlation between
VIs and grain yield were low across growth stages (r = 0.07 to 0.99). Thus, multivariate regression
model was used to improve the grain yield prediction. Random forest (RF) was observed to perform
best among the regression model used in the study such as Support Vector Regression (SVR),
Multiple Linear Regression (MLR), and Ridge regression. Grain yield prediction of RF with five
selected Vs resulted in R2 = 0.35 and RMSE = 0.78 ton/ha. The five selected VIs were CVI, GARI,
GRNDVI, NDRE and REWDRVI, indicating the suitability of red edge based normalized Vls in
predicting grain yield by providing optimal variation in the model. Transformation of Vis by adding the
Vls taken at booting and heading stages did not substantially improve grain yield prediction (R>=0.39,
RMSE = 0.75 ton/ha). When the prediction model was developed for each cultivar, a better
performance was observed for cultivars Hatsushimo (R? = 0.50, RMSE 0.84 ton/ha) and Nikomaru

(R2 = 0.50, RMSE = 0.53 ton/ha).

1. Introduction

Total rice production in an area is an important concern for agricultural policymakers and local
rice producers. In a supply and demand-driven economy with rice consumption having a more
constant rate, total rice supply is an indicator of the prevailing farmgate price and will be the basis for
the next season’s area for production. Experimental yield trial for a new agricultural product such as
fertilizer or new rice cultivar is often the benchmark method in evaluating the effectiveness of the

testing product. In the private sector, this is highly important and must be accomplished with accuracy
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and considerable speed. On the other hand, the government sector gathers rice yield estimates all
over the country to monitor the strength of the rice industry and can be used as the basis for possible
repeal or changes in rice production policies. Thus, a fast and reliable grain yield estimation is
encouraged to be part of an agricultural improvement program.

One of the most recognized methods in grain yield estimation is remote sensing data. UAV-
derived multispectral images transformed as Vegetation Indices (VIs) were usually coupled with
machine learning methods to estimate rice grain yield. A study by [1] used VIs and phenological data
in a Random Forest model to estimate the grain yield of different rice cultivars. Deep learning methods
were also applied to estimate grain yield to improve the low correlation between VIs and grain yield
at the ripening stage [2]

Rice grain yield estimation using VIs is usually derived from satellites [3] and active sensors
such as Green Seekers [4]. Both remote sensing approaches showed that grain yield can be optimally
estimated at the early growth stage but had contrasting evaluations on weather variables to improve
grain yield estimation using Vls. UAV-aided field crop monitoring has allowed measuring Vls at higher
temporal and spectral resolutions. Although this does not mean that Vs derived from UAVs were
better grain yield predictors. A comparison of sensors between UAVs and Green Seekers showed
that there were Vls that performed better when calculated from active sensors than from sensors-
mounted UAVs [5].

The findings of UAV-related research have provided more evidence of the applicability of Vis
in estimating grain yield. Including UAV flights from different growth, stages can better estimate grain
yield [6]. Other research has shown that variables of multi-temporal VIs enhance yield estimation [7,8].
One type is the derivation of Vs at the parcel level, wherein the relative Vis value is based on a
reference parcel [9]. This method is primarily a change detection map and relies on the saturation of
the Vs and the level of homogeneity of the different parcels of the whole experimental site.

Optimization of vegetation index using fluorescence spectral information resulted in high grain
yield estimation (R? = 0.869) [10]. The texture of remotely sensed images also improved yield
estimation [11]. Spectral mixture analysis of multispectral images was found to estimate rice grain
yield with an error of less than 10% [12,13]. Another image segmentation method using K-mean

clustering to detect the grain area in an image was also examined to estimate rice grain yield [14].
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However, grain yield estimation at the early growth stage is much preferred, given its usefulness in
evaluating agricultural interventions. Such preference points to determining and optimizing Vls that
can estimate grain yield at the early growth stage.

Previous research has shown that VIs’ correlation with grain yield varies with the growth stage.
TNDVI is an effective predictor at the milky stage [15]. NDVI taken at the booting and heading stage
and VARI at the jointing and booting stages performed well in rice yield prediction [8]. Color index
NDYI effectively predicted grain yield at the heading stage [7]. Other Vis can be explored for grain
yield estimation.

In this study, we aimed to (1) determine the relationship between Vis and grain yield at
different growth stages, (2) the effect of the variables of vegetative indices on the grain yield
estimation, and (3) determine what machine learning algorithms can best predict grain yield of

different rice cultivars using Vls.
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2. Materials and Method

2.1 Experimental design

The study site is located at the Togo Field, Field Science Research Center of the Nagoya
University in Hatajiri, Morowa District, Togo, Aichi Prefecture, Japan (35°06'37.1"N 137°04'59.4"E).
Two field trials, No Fertilizer and With Fertilizer, were established in rice seasons 2020 and 2021. The
experimental design was a randomized complete block design (RCBD) with three replications and

five cultivars (1) Aichinokaori, (2) Asahi, (3) Hatsushimo, (4) Nakate Shinsenbon, and (5) Nikomaru.

2.2. Field Data Collection
For each rice cultivar, eight (8) hills per plot was harvested at physiological maturity. The

grains were cleaned, weighed, and converted to ton/ha.

2.3. UAV image acquisition and processing

The study utilized a UAV system. The UAV system and flight details were written in Chapter

2.4. Image processing

The acquired images were ortho-mosaicked using the Pix4D mapper software (Pix4D SA,
Prilly, Switzerland) to generate the spectral reflectance images of the experimental plots and
georeferenced using ground control points.

An ortho-mosaicked true (RGB) image was used to create a region of interest (ROI). A
shapefile consisting of circular polygons with a 10 cm radius corresponding to each hill of rice plants
served as the ROI.

The reflectance images were then rasterized using the ‘raster’ [16] package in R. The ortho-
mosaicked reflectance images were clipped into smaller raster images covering the experimental plot
and cut for individual hills using the ROI shapefile. The mean values of reflectance from the clipped
hillimages were calculated. A total of 24 vegetation indices (Table A1) were calculated using different

combinations of the mean values of the five spectral reflectance images.
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2.5. Data Analysis

Data from rice seasons (2020 and 2021) were combined to comprise the whole dataset for
the study. Correlation analyses between VI and grain yield for each rice cultivar and growth stage
were established using the ‘corrplot’ package in R[17]. For each Vls, a linear regression model was
developed. Variables of the multi-temporal vegetation indices were calculated to determine if these
variables can improve grain yield estimation. Below are formulas for computing these variables. A hill-
based relative vegetation index was generated by computing the difference between the VI taken

from the Fertilizer level and VI taken from the No Fertilizer level.

Vg1 = SUM(VI) = Xis + Xss + Xbs + Xns Eq'n (1)
Vg2 = SUM(VI) = Xss + Xbs Eq'n (2)
Vlgva = SUM(VI) = Xps + Xns Ea'n (3)
Vlgva = DIFF(VI) = Xps — Xis Eq'n (4)

where Xis, Xss, Xos, and Xps represent VI values at tillering, stem elongation, booting, and heading
stages. Vlqy refers to the variable of VI.

Recursive feature elimination was used to reduce dimension of the model and was performed
using the ‘caret’ package in R [18]. Multivariate regression model such as Random Forest (RF),
Support Vector Regression (SVR), Multiple Linear Regression (MLR), and Ridge regression were

used to predict grain yield using the ‘caret’ package in R [18].
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3. Results

3.1. Relationship between Grain Yield and Vegetation Index across Growth Stage

Table A2 shows the correlation analysis between different VIs and grain yield. The Vls had
varying levels of correlation with grain yield at different growth stages. On average, higher correlations
were observed at the stem elongation and booting stages. To reduce the multicollinearity effect in the
model, recursive feature elimination (RFE) was done. RFE determines the number of features that
will give the lowest RMSE value. Figures 1a-e show that different growth stages have different feature
variables that will result in the lowest RMSE value.

Feature elimination results show that the stem elongation stage requires the lowest number
of feature variables compared to other growth stages. Estimating grain yield using VIs taken at the
heading stage required all 24 feature variables. Tillering and booting stages require 14 feature
variables were needed to achieve the lowest RMSE. Stem elongation requires 8 feature variables,
while across growth stages requires 14 feature variables.

Among the feature variables selected across growth stages, the most frequently selected
features were REWDRVI, CVI, DVIMSS, BWDRVI, and GARI. However, in this study, we selected

the top 5 feature variables selected at the heading stage, CVI, GARI, GRNDVI, NDRE, and REWDRVI.
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Figure 1. RMSE result of the cross-validation of the Recursive Feature Elimination Using Vls taken at

different growth stages, (a). tillering, (b) stem elongation, (c) booting, (d) heading, and (e) all growth
stages.

Table 1 shows the correlation of the top five (5) feature variables at each growth stage with
rice grain yield. The highest correlation was observed at the heading stage for Vis GARI, REWDRVI,
and GRNDVI. The lowest correlations were mainly observed at the tillering stage. The correlations of
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different VIs with rice grain yield were low across growth stages. Predicting grain yield using VIs had
a lower probability of good prediction performance. Table 2 shows the result of the linear regression
model using the top five (5) feature variables. All the Vls poorly predicted the grain yield (R? =0.0 —

0.04).

Table 1. Correlation analysis between vegetation index and grain yield.

GARI NDRE REWDRVI GRNDVI Cvi

Tillering 0.09 0.17 0.09 0.13 0.04
Stem

) 0.20 0.30 0.19 0.25 0.13
Elongation

Booting 0.09 0.13 0.29 0.31 0.30

Heading 0.26 0.14 0.32 0.31 0.17

3.2. Effect of Variables of Vegetation Index in Grain Yield Prediction

According to other research, using multi-temporal VIs can improve grain yield prediction. Thus,
variables of each of the selected VIs were examined to determine if these can improve grain yield
estimation. Table 2 also shows the cross-validation result of these variables employed with the
multiple linear regression model. The summation of a VI value taken at all growth stages did not
improve grain yield prediction considerably, and the highest R?was 0.13. Likewise, adding VI values
taken at only two growth stages, either VI values at stem elongation and booting stage or VI values
at booting stage and heading stage, did not improve grain yield prediction. The difference in the VI

values between the heading and tillering stages also did not improve grain yield prediction.

Table 2. Cross-validation result of grain yield estimation model using different variables of the muilti-
temporal Vls.

VI Vlav1 Vlgv2 Vlava Vlgva
Vis R? R? R? R? R2
CVvi 0.02 0.02 0.04 0.04 0.01
GARI 0.04 0.08 0.08 0.05 0.01
GRNDVI 0.02 0.13 0.12 0.14 0.01
NDRE 0.02 0.09 0.10 0.05 0.01
REWRDVI 0.00 0.06 0.04 0.18 0.04

3.3. Effect of Machine Learning in Grain Yield Prediction
Most of the VIs examined in this study had a low correlation with grain yield, indicating a non-
linearity of the relationship between grain yield and Vls. Thus, machine learning (ML) methods were

adopted to determine data patterns that a simple linear regression cannot identify. Using the top five
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(5) Vls as predictors, the study evaluated four ML methods and selected the ML method that best
predicted grain yield. Results show that Random Forest (RF) was the best performing model among
the ML methods tested (Table 3). However, low prediction performance was observed, despite
increasing the dimension of the model to add variance to the model.

This is perhaps due to the model's lower number of feature variables. Following the number
of feature variables identified in RFE across the growth stage (14 variables), another set of grain yield
prediction models was explored. Figure 2 shows the model evaluation result using an independent
test dataset. The prediction model using five feature variables (RF, R? = 0.35) was comparable to
prediction model using 14 feature variables (RF, VI, R?=0.34; RF, VIdv1, R? = 0.31; RF, Vldv2, R?=
0.34; RF, DIFF(VI), R? = 0.32). Only the prediction model using the difference in VlIs taken at the
heading and tillering stages showed better prediction (RF, VIdv3, R? = 0.41). The slight improvement
in the grain yield prediction from 5 feature variables to 14 feature variables shows that five (5) feature

variables are the optimum number of Vls to predict grain yield.

Table 3. Cross validation result of different machine learning model using the top five (5) feature
variables selected from the RFE method.

Metrics MLR RF SVR Ridge
R? 0.059 0.346 0.060 0.059
RMSE 0.938 0.782 0.937 0.938
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Figure 2. Model evaluation of grain yield prediction model using RF with (a) 14 VIs selected from RFE
method. The VIs values were transformed as (b) sum of VI values taken at tillering (ts), stem
elongation (ss), booting (bs), and heading (hs) stages, (c) sum of VI values taken at ss and bs, (d)
sum of VI values taken at bs and hs, (e) difference of VI value taken at hs from VI value taken at ts.

3.4. Effect of Multivariate Vegetation Index in Grain Yield Prediction

The top five (5) feature variables identified from the RFE were used to predict grain yield using
RF. Figure 3 shows that relatively, grain yield can be predicted using the sum of each of the VI values
taken at booting and heading stages. Prediction of grain yield by using the addition of VIs value taken
at booting and heading stages were examined for each variety. Results show that rice grain yield
prediction model of cultivars Aichinokaori, Hatsushimo, and Nikomaru had good prediction

performance while Asahi and Nakate Shinsenbon had moderately weak grain yield prediction model

(Figure 4).
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Figure 3. Model evaluation of grain yield prediction model using RF with (a) five VIs selected from
RFE method. The Vls values were transformed as (b) sum of VI values taken at tillering (ts), stem
elongation (ss), booting (bs), and heading (hs) stages, (c) sum of VI values taken at ss and bs, (d)
sum of VI values taken at bs and hs, (e) difference of VI value taken at hs from VI value taken at ts.
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Nikomaru.
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4. Discussion

A grain yield prediction model using multi-temporal Vis was examined in the study. Correlation
analysis between VlIs and grain yield was established first, and the correlation between grain yield
and VlIs was moderately weak. Then, a feature selection method called Recursive Feature Elimination
(RFE) was applied to the dataset. A set of VIs was selected for each growth stage. Results show that
grain yield prediction varies with the multi-temporal VIs used in the model, and the heading stage
needs numerous Vls to have the lowest RMSE value. Using 14 feature variables to predict grain yield
was observed to have comparable performance with the prediction model using only five (5) feature
variables.

The top 5 feature variables were GARI, CVI, NDRE, REWDRVI, and GRNDVI. Individually,
these VIs had a low correlation with grain yield. RFE method selects a combination of features that
can result in the lowest prediction error. In an evaluation of VIs conducted by [19], it was concluded
that red-edge-based normalized Vls such as NDRE and REWDRVI provide the optimum variations in
VI values by normalizing the NIR and red-edge values while unaffected by the saturation observed in
red bands. Thus, red edge-based normalized VIs performed better than NDVI, which is affected by
the saturation at the red band, resulting from narrowing VI values at the growth stage where canopy
variations could be more observed. Moreover, the ratio-based VlIs have a broader variation in values
compared to normalized Vls, resulting in more noise in the model. This also explains why GRNDVI
was one of the selected VlIs. The narrow values in NDVI were adjusted in the GRNDVI by providing
reflectance values from the green band, resulting in the less narrow VI values. Moreover, the
red/green ratio in the CVI delineates reflectance between soil and vegetation, where the red/green
ratio of soil and vegetation are > 1.0 and < 1.0, respectively. The formulas for these VIs can be
observed in Table A1.

Other research on the use of UAV-based vegetation index in crop prediction showed that the
five RFE-selected Vls in this study significantly affected the grain yield prediction of various crops.
GARI has been found to predict corn at the tasseling stage [20]. Conversely, CVI is insensitive to the
difference in canopy LAl before canopy closure [21]. NDRE can estimate N nutrition in rice, predicting

grain yield at the early to mid-growth stages [22]. REWDRVI, on the other hand, can estimate rice
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plant traits such as plant height, biomass, and foliar N content [23]. GRNDVI has been found to
estimate rice protein content [24].

The VI transformation generated in the study consisted of a summation of the Vls taken at
different growth stages and the difference in VI values at two growth stages. These VI variables did
not significantly improve the grain yield prediction from the grain yield prediction model using the
actual VI values. However, when the grain yield prediction model was trained on a single cultivar, the
grain yield prediction of some cultivars, such as Hatsushimo, and Nakate Shinsenbon, the R2
improved by 0.10 while the other cultivars had a prediction performance of R? less than 0.50, similar
to the grain yield prediction model using all the five cultivars. In research done by [7], the grain yield
of one rice cultivar was optimally predicted at the initial heading stage using UAV-based RGB and
multispectral images. In this study, the VIs taken at booting at heading stages relatively had a better
prediction performance than the prediction model that considers the VI values taken at all growth
stages. This indicates that the variation observed at the tillering stage was noise contributing to the
overfitting in the model. This is apparent in the lack of correlation between VlIs and grain yield at the
tillering stage (Table 1).

The differences in prediction performance between varieties may be due to the inability of
some VIs to capture the canopy characteristics of some cultivars. In this study, grain yield predictions

of Asahi and Nakate Shinsenbon were moderately weak.
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5. Conclusion

Grain yield prediction using VIs was evaluated in this study. VIs were calculated from tillering
to heading stages. Multitemporal Vis were used in a Random Forest to predict grain yield, and the
correlation between VlIs and grain yield was low. A feature selection method, RFE, was employed to
select a combination of Vls that can predict grain yield. The number of selected Vs from the feature
selection method varied between growth stages, with the heading stage having the highest number
of Vls required to achieve the lowest RMSE, while the stem elongation stage had the lowest number
of VlIs required. However, grain yield prediction using the top five (5) VlIs selected from the
multitemporal VIs had a comparable performance with the prediction model that used 14 Vls. VI
transformation, such as the addition of VI values at all growth stages and two growth stages (stem
elongation + booting stage; booting stage + heading stage) and the difference between Vls taken at
heading and tillering stages did not substantially improve grain yield prediction from R? = 0.35 to R?=
0.39.

Nevertheless, the prediction model using VIs taken at booting and heading stages had the
relatively best performance. When this prediction model was developed for each cultivar, some
cultivars had good prediction performance, with cultivars Hatsushimo and Nikomaru having an R? =
0.50. On the other hand, grain yields of cultivars Aichinokaori, Asahi, and Nakate Shinsenbon cannot

be predicted with good performance using Vls having an R? of less than 0.45.
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6. Appendix

Table A1. Vegetation indexes used in the prediction model.

Vegetation Index Formula References
Green Atmospherically Resistant (NIR-(G-(B-R)) [20]
Vegetation Index (GARI) / (NIR+ (G- (B-R))
Chlorophyll Vegetation Index (CVI) NIR x (R/G?) [21]
Green-red Normalized Difference (NIR-(R+ G)) [24]
Vegetation Index (GRNDVI) IINIR+ (R + G))
Normallz(e'\jiDE}gfgrence Red-Edge (NIR = RE) / (NIR + RE) [22]
Red Edge Wide Dynamic Range (@axNIR-RE)/ [23]
Vegetation Index (REWDRVI) (axNIR+RE) (a=0.12)

Table A2. The Pearson correlation coefficient between Vegetation Index taken at different growth
stages and grain yield.

Stem

VI Tillering Elongation Booting Heading
ARVI2 0.087 0.252 0.205 0.271
ATSAVI 0.163 0.309 0.059 0.007
AVI 0.256 0.348 0.076 0.063
BWDRVI 0.183 0.323 0.329 0.257
CVvI 0.041 0.126 0.302 0.170
DVI 0.249 0.357 0.086 0.072
DVIMSS 0.127 0.181 -0.072 - 0.065
EVI 0.223 0.337 0.070 0.048
EVI2 0.224 0.340 0.069 0.045
EVI2.2 0.228 0.341 0.077 0.051
GARI 0.017 0.202 0.092 0.263
GBNDVI 0.135 0.255 0.338 0.295
GDVI 0.273 0.354 0.121 0.095
GLI 0.146 0.014 -0.164 -0.072
GNDVI 0.127 0.227 0.325 0.284
GOSAVI 0.205 0.291 0.150 0.088
GRNDVI 0.131 0.255 0.306 0.314
GSAVI 0.239 0.317 0.124 0.076
NDRE 0.165 0.301 0.133 0.135
NDVI 0.087 0.252 0.205 0.271
PNDVI 0.144 0.272 0.316 0.312
RBNDVI 0.112 0.268 0.246 0.265
REDVI 0.277 0.370 0.144 0.132
REOSAVI 0.209 0.320 0.127 0.107
RESAVI 0.239 0.338 0.131 0.1
REWDRVI 0.093 0.193 0.285 0.321
RVI 0.302 0.399 0.318 0.361
WDRVI 0.075 0.140 0.368 0.363
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Chapter V: Estimating Yield-Related Traits Using UAV-
Derived Multispectral Images to Improve Rice Grain Yield

Prediction

Abstract: Rice grain yield prediction with UAV-driven multispectral images is a re-emerging interest
in precision agriculture, and optimal sensing time is an essential factor. This study aimed to predict
rice grain yield by using the estimated aboveground biomass (AGB) and leaf area index (LAI) from
vegetation indices (VIs) and determine the optimal sensing time in estimating AGB and LAl using Vis
for grain yield prediction. An experimental trial was conducted in 2020 and 2021, involving two fertility
conditions and five japonica rice cultivars (Aichinokaori, Asahi, Hatsushimo, Nakate Shinsenbon, and
Nikomaru). Multi-temporal VlIs were used to estimate AGB and LAI throughout the growth period with
the extreme gradient boosting model and Gompertz model. The optimum time windows for predicting
yield for each cultivar were determined using a single-day linear regression model. The results show
that AGB and LAI could be estimated from VIs (R?: 0.56 — 0.83 and 0.57 — 0.73), and the optimum
time window for UAV flights differed between cultivars, ranging from 4 to 31 days between the tillering
stage and the initial heading stage. These findings help researchers to save resources and time for

numerous UAV flights to predict rice grain yield.

1. Introduction

Precision agriculture involves real-time crop monitoring to aid in necessary field management
intervention to ensure a good harvest. This is made possible by the innovation of using unmanned
aerial vehicles (UAVs) in the field. The images taken from the UAV serve as an alternative parameter
to actual plant traits such as plant height [1-3], leaf area index (LAI) [4-6], and aboveground biomass
(AGB) [7-9]. In recent years, this type of remote sensing has also been applied in creating prediction
models using machine learning algorithms [10-12].

Rice grain yield prediction presents several benefits. With the market demand, the basis for
the import and export inventories in a district is the grain yield estimates [13]. Yield forecast, to some
extent, can be a strategy for crop insurance providers in evaluating if a farm is entitled to an indemnity

due to low production. Local agricultural officers can use grain yield prediction to determine if the
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current crop management program in the area is bridging the yield gap, with normal year-to-year
variation in consideration. Inter-annual variations in rice grain yield can be attributed to year-to-year
climate variability such as anomalous weather. The increase in nighttime temperature and longer hot
days are expected to affect rice productivity The presence of cloud cover, reducing solar radiation
and change in fertility application can influence grain yield variation between years [14, 15].

These situations require reliable results yet with a short-term process. The use of UAVs
presents an advantage as it provides higher spatial-temporal resolution than the use of satellites,
allowing for more precise crop monitoring than the situations mentioned above require.

However, rice grain yield prediction models using UAVs are not without difficulty. The need to
acquire data during certain rice growth stages, which are important for yield determination, and
differences in observed phenotype trends due to differences in plant architecture among rice cultivars
are inevitable problems in yield prediction by remote sensing.

Previous research has shown that the use of vegetation indices (VIs) to predict grain yield
resulted in a good coefficient of determination (R?) when yield—VI models were incorporated with
other variables such as phenological data [16,17] and other plant parameters such as days to maturity,
plant height [9], and ground coverage [18,19]. Better results were also observed when different Vis
[20,21] and multi-temporal Vls [22,23] were incorporated into the model. These prediction models
work on the hypothesis that grain yield can be predicted using plant parameters and weather data
that indicate the plant’'s physiological efficiency during grain filling. Additionally, increasing the
predictors may improve the determination efficiency to a certain number of terms. Combining VIs with
texture indices measured at the booting stage had comparable results to VIs measured at the booting
and heading stages [24, 25].

However, incorporating these parameters did not always result in better prediction. In
particular, the inclusion of growing degree-days did not improve the model compared to using the
NDVI alone [26] Rice prediction models use a generalized optimal sensing time and multi-temporal
VIs to predict grain yield and their performances depend on the accuracy of monitoring certain rice
growth stages that are known to be important in grain yield determination such as panicle initiation
and flowering stages. Sensing beyond panicle differentiation resulted in a lower rice grain vyield

prediction than during the interval between panicle initiation and differentiation [22, 26].
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Other research has also shown that the prediction method is more important than the sample
size, with the random forest model being the best method in most cases. The sample size can
influence the performance of cross-validated prediction models, and a small sample size is used in a
high number of k-fold cross-validations, where a high R? in the test dataset can be observed, resulting
in a biased result [9, 17, 27].

The target cultivar used in the prediction is also crucial. The importance of Vis is often
evaluated on a case-to-case basis using correlation analyses and variable importance plots, meaning
that a particular VI may show a linear relationship in one study but not in another study. Using Vls
that can represent the morphological differences among cultivars can improve the variability aspect
of the prediction model [28]. Grain yield prediction models for different cultivars have attempted to
avoid high variance in prediction model research [29].

The results of the above experiments indicate that the current UAV-based grain yield
prediction model consists of multi-temporal Vls, other image-derived variables, and the selection of
the best prediction model. Little attention has been paid to estimated plant parameters using UAVs
and these estimates to predict rice grain yield.

Our study hypothesized that reasonable estimates of individual rice plant AGB and LAI
throughout the growth period from UAV-derived data could predict grain yield without incorporating
the actual plant parameters measured manually. The extreme gradient boosting algorithm (XGBoost),
a robust ensemble machine learning algorithm, was chosen to estimate AGB and LAI. Previous
research has shown that XGBoost outperformed other machine learning algorithms in the yield
forecasting of several crops [30, 31]. It can also determine trends in crop-yield-related parameters
such as rainfall and temperature [32]. XGBoost uses a gradient boosting method wherein the model
learns from the weak learners and corrects the mistake in the prediction while regularizing the model
due to complexity. Compared to the simple random forest and ridge regression, XGBoost has both
strengths of regularization (ridge) and decision trees (random forest). The grain yield prediction using
the estimated AGB and LAI depends on the estimation accuracy of AGB and LAl first. Using predicted
values to predict another variable poses an inherent prediction error but can be mitigated using a

model that can bode well.
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Once the AGB and LAl are estimated using Vls, the AGB and LAI dynamics throughout the
growth duration can be calculated using the developed estimation models and the Gompertz growth
curve. A sigmoid curve such as the Gomperz growth curve is often used to describe the plant weight
and LAl as a function of time [33, 34]. The Gompertz curve has also been applied in determining a
relationship between plant dry matter and vegetation cover derived from computer vision techniques
[35].

When the dynamics have been estimated, the optimum time for UAV flights can be determined.
This is to optimize the UAV data acquisition by avoiding unnecessary and redundant UAV flights for
AGB and LAl estimation that can be used for grain yield prediction. The proposed prediction method
was developed for each of the cultivars tested in the study. This study attempted to build a two-step
grain yield prediction model by estimating the in-season AGB and LAl using correlated ViIs and then
utilizing these estimated parameters to predict grain yield. This study also aimed to determine the

optimum time window for UAV flights.
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2. Materials and Methods

The workflow of the study consisted of the following: (1) data collection and processing of
AGB, LAI, grain yield, and UAV spectral data for the years 2020 and 2021, (2) establishment of
baseline grain yield prediction, and (3) estimation models for AGB and LAl to be used as predictors

for the GY prediction model. The details are described in Figure 1.
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Figure 1. Workflow of the study.
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2.1. Study Area

The study site is located at the Togo Field, Field Science Research Center of the Nagoya
University in Hatajiri, Morowa District, Togo, Aichi Prefecture, Japan (35°06'37.1"N 137°04'59.4"E)
(Figure 2).

Aichi Prefecture belongs to a humid subtropical climate zone. During the growing season, the
average monthly total sunshine duration is 165.38 h, and the average monthly total precipitation is

223.35, and the average daily temperature is 25.7 °C [36]. The primary soil type is ultisols.

/.,

Figure 2. Location of the study site in Aichi, Japan. Orthomosaic image of the two experimental trials:
trial with no fertilizer (in blue box) and trial with fertilizer (red box). On the right, from the top to bottom,
are the plot images clipped from the orthomosaic image of rice cultivars, namely, Aichinokaori,
Hatsushimo, Asahi, Nakate Shinsenbon, and Nikomaru.

2.2. Experimental Design

Two experimental trials, namely, a trial with no fertilizer and a trial with fertilizer, were
conducted in 2020 and 2021, involving five japonica cultivars with different heading times and plant
architectures, Aichinokaori, Asahi, Hatsushimo, Nakate Shinsenbon, and Nikomaru (Figure 2). These
cultivars were divided into two groups at the study site: the early-heading group (Aichinokaori, Nakate
Shinsenbon, and Nikomaru) and the late-heading group (Asahi and Hatsushimo). Nakate Shinsenbon
has a large number of small-sized panicles with a short plant stature; and Nikomaru has a small
number of large-sized panicles with a tall plant stature, and Aichinokaori, Asahi, and Hatsushimo have

an intermediate stature. Basal fertilization was carried out according to local practices for the fertilizer
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trials, and top-dressing was not performed for both trials. The amount of fertilizer applied in the
fertilizer plot was 48 kg N, 34 kg P, and 44 kg K per hectare. The plot size was 1.68 m x 5.52 m with
a 24 cm plant spacing. The experiments were laid out in a randomized complete block design with

three replications.

2.3. Field Data Collection

AGB was sampled for each cultivar at different growth stages: (1) tillering stage, (2) stem
elongation, (3) booting stage and (4) heading stage. The tillering stage is referred to as the late tillering
stage (V8); the stem elongation stage is when the panicle branches have formed (R1); the booting
stage is the flag leaf collar formation (R?); and the heading stage is when one or more florets of the
main stem panicle achieve anthesis (R4) [37].

Sampling was conducted after the UAV flight for spectral data collection (Table 1). Four
adjacent hills of rice plants were sampled in each plot. The number of tillers per sampled hill was
counted and separated into leaves and stems. The detached leaves were used to determine the LAI
using an area meter, AAM-9 (Hayashi Denko co Itd., Tokyo, Japan). After measuring the leaf area,
the detached plant parts were oven-dried at 70 °C for 48 h until a constant weight was attained and
weighed. LAl determination was carried out only until the booting stage. Grain yield was measured at
physiological maturity. Eight hills per plot were harvested. The grains were cleaned, and weighed,

and the grain yield was converted to ton/ha.

Table 1. UAV flight and sampling dates for the corresponding growth stages of the two-year
experiment trials.

Growth Stage 2020 UAV 2021 UAV
Flight Date (DAT) Flight Date (DAT)
Aichinokaori
Tillering 21-July (49) 31-July (52)
Stem Elongation 11-August (70) 18-August (70)
Booting 17-August (76) 25-August (77)
Heading 25-August (84) 31-August (83)
Asahi
Tillering 29-July (57) 5-August (57)
Stem Elongation 11-August (70) 18-August (70)
Booting 23-August (82) 31-August (83)
Heading 1(1 (-381()3ptember 9-September (92)
Hatushimo
Tillering 21-July (49) 28-July (49)
Stem Elongation 5-August (64) 11-August (63)
Booting 23-August (82) 31-August (83)
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11-September

Heading (101) 9-September (92)
Nakate Shinsenbon

Tillering 15-July (43) 22-July (43)
Stem Elongation 29-July (57) 5-August (57)

Booting 17-August (76) 20-August (72)

Heading 25-August (84) 31-August (83)

Nikomaru

Tillering 21-July (49) 28-July (49)
Stem Elongation 5-August (64) 11-August (63)

Booting 17-August (76) 25-August (77)

Heading 25-August (84) 9-September (92)

2.4. UAV Image Acquisition and Preprocessing

This study utilized a UAV system: Matrice 210 RTK v2 with a Zenmuse X7 50 mm camera
(DJI, Shenzhen, Guangdong, China) and Micasense RedEdge-MX sensors on board. The
multispectral bands used in this study were the following: blue (475 £32 nm), green (560 * 27 nm),
red (668 £14 nm), red edge (717 £ 12 nm), and near-IR (842 £ 57 nm). The flight altitude was 20.0 m
with a forward overlap of 80% and a side overlap of 75%. The shooting mode was hovering with a
flight speed of 1.2 m/s. The approximate resolution was 0.20 cm/pix.

For each UAV flight, the sensors were calibrated using a Calibrated Reflectance Panel (CRP)
provided by the sensor manufacturer according to its instructions. UAV flights were conducted
between 10:00 am and 4:00 pm under windless and clear-sky conditions once a week until the
heading stage. The number of UAV flights used in this study was 11 in 2020 and 17 in 2021.

The acquired images were ortho-mosaicked using the Pix4D mapper software (Pix4D SA,
Prilly, Switzerland) to generate the spectral reflectance images of the experimental plots and
georeferenced using ground control points.

An ortho-mosaicked true (RGB) image was used to create a region of interest (ROI). A
shapefile consisting of circular polygons with a 10 cm radius corresponding to each hill of rice plants
served as the ROI.

The reflectance images were then rasterized using the ‘raster’ [38] package in R. The ortho-
mosaicked reflectance images were clipped into smaller raster images covering the experimental plot
and cut for individual hills using the ROI shapefile. The mean values of reflectance from the clipped
hillimages were calculated. A total of 24 vegetation indices (Table A1) were calculated using different

combinations of the mean values of the five spectral reflectance images.
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2.5. Data Analysis

Data from rice growing seasons (2020 and 2021) were pulled together to comprise the whole
dataset for the study—the study was composed of three prediction models for each cultivar. To
establish a baseline for predicting grain yield by AGB and LAI, a linear regression model was
conducted using repeated k-fold cross-validation (k = 3) provided by the ‘caret’ package in R [39]. A
regression model for each growth stage was conducted to determine which growth stage can best
predict grain yield. The growth stage corresponding to the model with the lowest RMSE in the model
evaluation using an independent test dataset was considered as the optimum growth stage for
predicting grain yield using AGB and LAl

A correlation analysis was performed between AGB, LAI, and Vls using the ‘corrplot’ [40]
package in R, and VIs were chosen as the feature variable for further XGBoost modeling. Since the
XGBoost algorithm cannot handle high-dimensional data, the top ten correlated VIs were used to
estimate AGB and LAl

The ‘xgboost’ package in R [41] was used to train the XGBoost model to estimate AGB and
LAI. A hold-out method was used with 70% as the training dataset and 30% as the independent test
dataset. With the training dataset, the model was trained by a repeated k-fold cross-validation method
(k = 3, 10 times). The optimum estimation model was determined using the lowest RMSE as the
evaluation metric criterion.

The XGBoost algorithm is a boosting ensemble machine learning algorithm combining
boosted trees’ features and the gradient descent method with regularization functions. In the tree-
based learning method, a prediction is made by creating a regression tree based on a decision tree
score. Therefore, correlated features do not necessarily influence the performance of XGBoost. Then,
the weak learners in the regression tree are given more weight in the next iteration. This is done by
incorporating the prediction of the residuals or errors of the prior regression tree into the new
regression tree. Then, a regularization parameter is included in the new regression tree to account
for the increase in the complexity of the model. The gradient descent method minimizes the cost

function, which measures the error between the predicted and observed values.
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To further explain the prediction process, feature importance was summarized using SHAP
(SHapley Additive exPlanations) from the ‘SHAPforxgboost’ package in R [42]. The independent test
dataset was evaluated using the normalized RMSE.

To achieve an optimized prediction model using XGBoost, there are several tuning
parameters that can be explored as described by [41,43]. This study attempted to optimize the
following parameters: (1) max depth, which is the depth of the decision tree, which means a tree must
have features equal to the number of depths to create a prediction; (2) colsample by tree, which is
the number of features supplied to a tree.

The estimation models for AGB and LAl were then utilized to predict the AGB and LAI across
the growth period using the VIs calculated from other UAV flights not used in the training data for the
estimation models. A predicted value corresponding to the extracted ROI of one hill was eliminated
when it was less than 85% of the preceding predicted value and the records with less than 3 predicted
values were removed from the next analyses. The remaining predicted AGB and LAI were fitted into
the Gompertz growth curve using the ‘drc’ package in R [44] to interpolate AGB and LAl values at 1
to 100 DAT using 0.1 as the starting value (DAT 0) for AGB and LAI. Then, to determine which days
were the optimum time window for conducting a UAV flight, a single-day linear regression model
between grain yield and the predicted AGB and LAl was conducted using the ‘caret’ package in R
[34] by a repeated k-fold cross-validation method (k = 3, 10 times). In total, 960 records of AGB and
grain yield, and 720 records of LAl were used in our study, but only 48 were used for each stage per
cultivar. Training single-day linear regression models with a limited number of data can lead to
overfitting and inaccurate results. To expand the yield data quantitatively and to eliminate the chance
success produced by bias in data partitioning, we conducted a trial of 10 repeats of 3 CVs. The Akaike
information criteria (AlIC) score was computed for each regression models using the ‘AlCcmodavg’
package in R [45]. The AIC weights were then calculated for each of the 100 regression models based
on the regression model with the lowest AIC score. The DAT values corresponding to the regression
models with an AIC weight of fewer than 1.0 units were considered the optimum time window for the
UAV flights. The single-day regression models that fall in this criterion are considered the models that
can best estimate the target variable, grain yield. A smoothing method, namely, LOESS (locally

weighted scatterplot smoothing), in the ‘ggplot2’ [46] package in R was used to determine the trend
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in the single-day regression series. In this smoothing method, the R? for a single-day regression was
recalculated based on the R? values of the nearby R? data points. The nearby data points were set at

50% of the total R? data points.
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3. Results
3.1. Relationship of AGB and LAl with Grain Yield

Five rice cultivars with different architectures and heading timings were used in this study and
grown at different fertilizer levels to ensure diversity in the data. The AGB, LAIl, and grain yields
differed between the five rice cultivars on a hill basis (Figures 3 and 4), suggesting that the grain yield
prediction model for each cultivar is reasonable. In 2020, there were no significant varietal differences
in AGB as observed from the high AGB variability within a cultivar while in 2021, varietal differences
in AGB were observed with less AGB variability within a cultivar. On the other hand, the AGB between
cultivars in the fertilizer trial showed similar AGB variability patterns in both years. AGB was also
higher in the fertilizer trial compared to the trial with no fertilizer, regardless of years.

The range of LAl values per growth stage was similar among cultivars in the fertilizer trial
except with Aichinokaori in 2020 and Nakate Shinsenbon in 2021 (Figure 3 e, f). Higher LAl values
were observed among cultivars in 2020 than in 2021. LAl measured from the fertilizer trial was also
higher than in the trial with no fertilizer. Higher LAI variability within a cultivar was also observed in
the fertilizer trial, especially, at later growth stages (Figure 3 g, h).

Grain yields across cultivars showed slight variation in the trial with no fertilizer compared to
grain yields in the fertilizer trial. In 2020, Aichinokaori had a lower grain yield than Hatsushimo and
Nikomaru while in 2021, Hatsushimo had a higher grain yield than Nakate Shinsenbon. Aichinokaori

had the lowest grain yield across trials and years (Figure 4 a—d).
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Figure 3. Aboveground biomass (ton/ha) of five cultivars grown in 2020 and 2021 in the (a, b) trial
with no fertilizer and (c, d) trial with fertilizer. Leaf area index (m?/m?) of five cultivars grown in 2020
and 2021 in the (e, f) trial with no fertilizer and (g, h) trial with fertilizer.
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Figure 4. Grain yield (ton/ha) of five rice cultivars grown in 2020 and 2021 in the (a, b) trial with no
fertilizer and (¢, d) trial with fertilizer.

Simple linear regression modeling between grain yield and the actual AGB and LAI was
conducted to determine the varietal difference and establish a baseline for predicting grain yield by
AGB and LAI. Grain yield could be predicted using the actual AGB and LAI by accounting for the 19.0
to 53.0% variation in the grain yield (Figure 5). In this study, grain yield could be optimally predicted
from the actual AGB and LAl at the stem elongation stage for all the cultivars used except Nikomaru
in this study. From these results, it may be possible to develop a model to estimate yield using LAI

and AGB at a particular timing.
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Figure 5. Model validation of the linear regression model between grain yield and actual AGB and
LAI of the five rice cultivars — (a) Aichinokaori, (b) Asahi, (¢) Hatsushimo, (d) Nakate Shinsenbon,
and (e) Nikomaru, at the optimum growth stage. The optimum growth stage was determined by
selecting the growth stage corresponding to the simple linear model that resulted in the lowest RMSE
in the model validation. Cultivars Aichinokaori, Asahi, Hatsushimo, and Nakate Shinsenbon were
optimally predicted at the stem elongation stage, while Nikomaru was optimally predicted at the
tillering stage.

3.2. AGB and LAl Estimation

Based on the results of the yield estimation model using the actual LAl and AGB, it was
thought that LAl and AGB could be used for yield estimation. For the estimation of LAl and AGB using
UAVs, a model was developed to estimate AGB and LAl from Vls obtained from the flights.

In this study, 24 VIs were calculated from reflectance images, but since there were too many
to include all of them in the XGBoost model to estimate LAl and AGB, Vls were selected to be used
as explanatory variables. To select the VIs for AGB and LAl estimation modeling, a correlation

analysis was performed between AGB, LAI, and VIs (Tables A2 and A3). The AGB of Nakate
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Shinsenbon had the highest range of the top ten (10) correlated VIs (R? 0.772-0.806), followed by
the AGB of cultivar Nikomaru (R% 0.679-0.752). Medium levels of correlation were found between
the VIs and AGB of cultivars Asahi (R? 0.538-0.698) and Aichinokaori (R?: 0.528-0.621). The AGB
of cultivar Hatsushimo showed the lowest correlation (R2: 0.447-0.631) (Table A2).

The LAl was positively correlated with the different Vis (Table A3). The correlation coefficient
of the top ten (10) VIs highly correlated with the LAI of Nakate Shinsenbon ranged from 0.772 t0 0.818
in R2. Medium levels of correlation were found for Asahi (R?: 0.681-0.805), Hatsushimo (R?: 0.665—
0.810), and Nikomaru (R?: 0.609-0.707). Aichinokaori had the lowest correlation (R?: 0.553-0.674).

Using the top ten (10) correlated Vls indicated in Tables A2 and A3, an AGB and LAI
estimation model was developed using XGBoost. The different hyperparameters of the XGBoost
model were tuned to obtain the optimum estimation for each cultivar (Tables A4 and A5). For some
select cultivars, the AGB and LAl estimation models tuned using the lowest RMSE selection method
showed decreased prediction performance when evaluated using the test data (Table 2, Figures 6,
and 7). The AGB estimation model for Hatsushimo and the LAl estimation models for Asahi,
Hatsushimo, and Nakate Shinsenbon showed a lower R? when estimating the target variables in the
test dataset. A higher number of feature variables per tree and depth of trees may result in an
estimation model that finds patterns particular to the sample used for building the prediction, resulting
in overfitting (Tables A4 and A5).

In contrast, LAl estimation models that used 50% of the feature variables, and regression tree
depths of five and three did not show overfitting: AGB estimation models for Aichinokaori, Asahi,

Nakate Shinsenbon, and Nikomaru, and LAI estimation models for Aichinokaori and Nikomaru.
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Table 2. R?and RMSE results of the cross-validated estimation model for aboveground biomass
(ton/ha) and leaf area index (m?/m?) using XGBoost models.

Aboveground Biomass (Ton/ha)

Leaf Area Index (m?/m?)

Cultivar Training Result Test Result Training Test Result
Result
Normalized Normalized
2 2 2 2
R RMSE R RMSE R RMSE R RMSE
Aichinokaori  0.66+0.07 143  0.78 0.26 064(?; 0.65 0.71 0.20
Asahi 067£007 150 066 0.29 068(‘;3; 0.48 0.57 0.29
Hatsushimo ~ 0.72+007 154 056 0.36 0683; 0.61 0.65 0.27
Nakate 0.82 +
Shinsenbon 0.85+0.09 1.24 0.83 0.29 0.08 0.56 0.63 0.39
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Figure 6. Model evaluation of AGB estimation model using the test dataset for cultivars (a)
Aichinokaori, (b) Asahi, (¢) Hatsushimo, (d) Nakate Shinsenbon, and (e) Nikomaru.
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Figure 7. Model evaluation of LAl estimation model using the test dataset for cultivars (a) Aichinokaori,
(b) Asanhi, (c¢) Hatsushimo, (d) Nakate Shinsenbon, and (e) Nikomaru.

The XGBoost model has a variable importance computation that summarizes the feature
variables’ level of influence on the training process to predict AGB and LAI based on the parameter
gain of a feature variable in the prediction process. The parameter gain measures the relative
contribution of a feature variable in a tree created in the model. A higher gain value of a feature close
to other features indicates that the former feature is more critical in the prediction. The relative
importance of the correlated Vls in the AGB estimation models for each cultivar was calculated (Figure
8). All of the feature variables used in the training of the XGBoost model were significantly correlated

with AGB, with varying correlations (Table A2).
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Figure 8. Variable importance in the AGB estimation model for cultivars (a) Aichinokaori, (b) Asahi,
(c) Hatsushimo, (d) Nakate Shinsenbon, and (e) Nikomaru.

Comparing the levels of correlation of Vs to the levels of importance in the XGBoost model

showed a difference in trend. There were Vls with a medium correlation with AGB, but they showed

the highest level of importance in the XGBoost model. In particular, the variable importance of the

AGB estimation model for Aichinokaori showed that EVI2.2 was the essential feature in the prediction

(Figure 8a). Likewise, the variable importance of the AGB estimation model for Nakate Shinsenbon

showed that ATSAVI was the most crucial feature in the prediction model (Figure 8d) but was the

least correlated VI with AGB among the ten Vs (Table A2) used in the training process. However, it

should be noted that this difference in feature ranking was compensated by making the most

correlated Vs the second most important feature in XGBoost, as seen in the variable importance of
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the AGB estimation models for Asahi, Hatsushimo, and Nikomaru. Nevertheless, the variable
importance of the AGB estimation models for other cultivars such as Asahi, Hatsushimo, and
Nikomaru showed that BWDRVI was the essential feature, which was also the VI most correlated with
AGB (Table A2). The SHAP values of the AGB estimation models show that at least four feature
variables per estimation model did not influence the prediction.

The variable importance in the LAl estimation model for each cultivar is shown in Figure 9a—
e. The topmost vital features in the training process of the LAl estimation models were the Vls in the
middle in the order of ascending correlation with LAI. The least correlated Vls also ranked the lowest
in variable importance, such as GRNDVI in the estimation model for Hatsushimo and NDVI in the
estimation model for Nikomaru. Similar to the AGB estimation models, the most correlated VIs were

the second most important feature in the variable importance for the LAl estimation model.
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Figure 9. Variable importance in the LAl estimation model for cultivars (a) Aichinokaori, (b) Asahi, (c)
Hatsushimo, (d) Nakate Shinsenbon, and (e) Nikomaru.

3.3. VI-Estimated AGB and LAl Fitted to the Gompertz Growth Curve

Aerial photography by UAV flights was conducted once a week until heading, and by using
the reflectance data and the estimation model described above, it is possible to estimate changes in
AGB and LAI for each rice cultivar over the growing season. The estimated AGB and LAl of each
flight day were fitted to the Gompertz growth curve (Figures 10 and 11). Although the pattern of growth
varied by year and fertilizer conditions, the relative growth trends for each cultivar were common. In
our study, Hatsushimo was the fastest growing cultivar, with relatively high AGB and LAI at 85 DAT.
At the same time, Nikomaru was the slowest growing cultivar, with a low AGB and LAI at the early

growth stage. To evaluate the accuracy of the estimation and curve fitting, the estimated AGB and
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LAl values for each cultivar, year, and trial were compared to the actual values of AGB at the heading
stage and LAl at the booting stage. Based on this comparison, the highest accuracy for AGB
estimation was observed in Nikomaru, while the lowest accuracy was observed in Asahi. The
estimation for LAl across years and trials showed that the highest accuracy was observed in Asahi,

and the lowest accuracy was observed in Hatsushimo (data not shown).
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trial with no fertilizer (a, b) and trial with fertilizer (c, d).
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Figure 11. Estimated leaf area index (m?/m?) of five cultivars grown in 2020 and 2021 in the trial with
no fertilizer (a, b) and trial with fertilizer (c, d).

3.4. Grain Yield Prediction Using VI-Estimated AGB and LAl

To identify the best time of year for UAV yield estimation, the linear regression between grain
yield and Vl-estimated AGB and LAl per day which fitted into the Gompertz growth curve was
established for each cultivar on daily basis. A repeated k-fold cross-validation was performed to
determine the regression function of the Vl-estimated AGB and LAI per day for grain yield (Figure
Ala—e, Figure 12). In the case of the linear regression with no parameter tuning, the mean R? values
were also the R? of the final model for each single-day regression.

Using the Vl-estimated AGB and LAI, the RMSE of grain yield prediction across cultivars
varied throughout the growth period, and the lowest RMSE values were observed at same DAT of
the highest R? peak (Figures 12 and A1 a-e). However, the strength of the grain yield prediction
differed between cultivars. The Vl-estimated AGB and LAI could explain only 10% and 30% of the
grain yield variation for cultivars Aichinokaori and Hatsushimo, and 40-50% for Asahi, Nakate

Shinsenbon, and Nikomaru. The optimum time window for UAV flights was 42—-87 DAT without
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referring to the actual growth stage dates observed in the study. Correspondingly, the RMSE values
in these periods (25, 35, and 85 DAT) were also relatively higher but the RMSE values did not
fluctuate strongly compared to the R? series, particularly in cultivars Aichinokaori and Asahi (Figure
A1 a, b). In contrast, Hatsushimo and Nikomaru had a wide range of RMSE values (0.74 — 1.66 ton/ha
and 0.46 — 1.16 ton/ha, respectively) which makes the determination of the optimum time window

necessary for accurate grain yield prediction.
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Figure 12. RMSE result of the training dataset of the single-day regression model between grain yield
and Vl-estimated AGB and LAl of the five rice cultivars. The red box indicates the optimum time
window for UAYV flights as determined from the AIC score comparison. The black line indicates the
mean RMSE values from the repeated k-fold cross-validation conducted for each single-day
regression. The darker blue line indicates the smoothed RMSE values that can be expected from the
plotted RMSE series derived from the repeated k-fold cross-validation. The smoothed RMSE values
were determined by using the LOESS (locally weighted scatterplot smoothing) method. The lighter
blue region indicates the range of smoothed RMSE values to be expected 95% of the time from each
single-day regression. (a) Aichinokaori; (b) Asahi; (c) Hatsushimo; (d) Nakate Shinsenbon; (e)
Nikomaru.

Using the AIC, the optimum single-day regression model can be determined for each cultivar
by calculating the AIC weights. The DAT values whose AIC weights are less than 1.0 units are
considered the optimum time window for the UAV flight (Figure 12). Concerning the growth stage
dates in the 2020 and 2021 rice seasons, the training process showed that the cultivars had different
optimum time windows. For Aichinokaori, the optimum time window was 57-87 DAT, corresponding
to the stem elongation to heading stages. The optimum time window was observed at 72—83 DAT for

Asahi, coinciding with the stem elongation to booting stages. For Hatsushimo, the optimum time
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window was 50-56 DAT, corresponding to the stem elongation stage. Nakate Shinsenbon’s optimum
time window was 42—45 DAT, coinciding with the stem elongation stage. For Nikomaru, the optimum
time window was 53-58 DAT, corresponding to the stem elongation stage.

The independent test dataset evaluated the prediction models corresponding to the optimum
time windows (Figure 13 a—e). The results show that prediction models corresponding to the optimum
time window for cultivars Asahi and Nikomaru did not generalize well on the unseen dataset in R2.
The grain yield prediction model for Nakate Shinsenbon performed better than the previous two
cultivars (RMSE = 0.52 ton/ha). On the other hand, a prediction model for cultivar Hatsushimo showed
a better performance compared to the other cultivars. The prediction model for Aichinokaori at a later
optimum time window showed a good prediction performance (RMSE = 0.61 ton/ha). Asahi was found
to have a higher RMSE in the independent test dataset and the prediction error (RMSE = 1.04 ton/ha)
was two times higher than the prediction error of the other cultivars.

The difference between the result of the training dataset and the independent test dataset in
the single-day regression model were attributed to the following factors: (1) the k-fold cross validation
method that we employed and (2) the prediction errors that were carried over by the AGB/LAI
estimation models and the Gompertz growth curve to the single-day regression model. The large
reduction of R? from the training dataset (optimum time graph) to the independent test dataset might

be due to the low sampling size of the independent test dataset
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Figure 13. Model evaluation of the optimum single-day regression model using the test dataset
between grain yield and Vl-estimated aboveground biomass and leaf area index of the five rice
cultivars, (a) Aichinokaori, (b) Asahi, (c) Hatsushimo, (d) Nakate Shinsenbon, and (e) Nikomaru.
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4. Discussion

Based on the research results, we developed a model to estimate AGB and LAl based on the
reflectance obtained from UAV flights (Figures 6 and 7) and to provide the optimal time window to fly
UAVs for yield prediction using the AGB and LAl for five rice cultivars based on the AIC weight of the
single-day regression models (Figures 12 and A1).

Although the relationship between the in-season AGB and grain yield is continuously studied
and can be generalized, a higher grain yield has been observed in rice cultivars that produce AGB
before the heading stage [47], while the opposite is true for other cultivars [48]. With this, the selection
of cultivars and the timing of UAV flights are critical concerns in grain yield prediction. Thus, a grain
yield prediction model for each tested cultivar was developed to determine if a similar optimum time
window relative to the growth stage for UAV flights can be obtained for different rice cultivars (Figures
5 and 12). In this study, UAVs were used to estimate AGB and LAI, and the estimated values were
used to search for suitable flight times for yield estimation.

To estimate the appropriate time for yield estimation using UAVs, we conducted yield
estimation on a hill basis. Because the spatial arrangement of the leaves is different from that of the
population as a plot, it is assumed that the reflectance obtained from the plant will be different from
that obtained from the community. However, it is quite possible that the reflectance obtained from
individual plants will show a similar trend to that of a community composed of plants of comparable
growth.

In a previous study [23], the grain yield prediction model determined the correlated multi-
temporal Vis calculated from the UAV-derived multispectral images and employed a multi-linear
regression model to predict grain yield. The same research also observed that Vis correlated with LAI
were good predictors of grain yield. However, an LAl estimation model from these correlated Vis was
not developed. The results from that study showed that the optimum times for UAV flights were as
follows: combined UAYV flights at the booting and heading stages, and combined UAV flights at the
jointing and booting stages. Another study [22] used the field estimated AGB and leaf chlorophyll
content (LCC) to predict grain yield. The results showed that destructive AGB sampling can predict
grain yield, with the R? ranging from 0.69 to 0.75. The same paper used VIs and UAV-derived canopy

structural information such as canopy height to predict the rice grain yield.
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The previous research above showed that actual plant parameters, such as AGB and LAI,
and the Vls derived from UAVs are feasible for grain yield prediction. This study investigated the
relationship between AGB, LAI, Vs, and grain yield, and AGB and LAl estimation models were
developed (Figures 6 and 7). Then, the AGB and LAI estimates were simulated using the Gompertz
growth curve to see the AGB and LAI dynamics (Figures 10 and 11). These dynamics were then
examined for their relationship with grain yield to determine the optimum time where these estimates
can predict grain yield.

Considering the linear relationship of the selected VIs with the AGB and LAl of the five
cultivars, several remarks about the model establishment were made (Tables A2 and A3). Using Vls
with a smaller range of correlation coefficient values at a high level of correlation with the target
variable can result in a better model accuracy than using VIs with a smaller range of correlation
coefficient values at a medium level of correlation with the target variable. This was shown by
comparing the AGB estimation model for Nakate Shinsenbon with that of Aichinokaori and Asahi, and
the LAI estimation for Nakate Shinsenbon with that of Aichinokaori. VIs with a broader range of
correlation values at medium to low levels of correlation with the target variable can result in a similar
or better model accuracy than VIs with a smaller range of correlation coefficient values. The LAl
estimation model for Hatsushimo was better than the LAl estimation model for Nikomaru.

Before the XGBoost model training for AGB and LAl estimation, feature selection was
conducted using correlation analysis to determine feature variables—VIs — that linearly correlated
with AGB and LAI (Tables A2 and A3). Even though some cultivars had similar correlated Vls, no two
had the same set of correlated ViIs. Among the Vls used in the AGB estimation models of the different
cultivars, BWDRVI was the most common highly correlated VI. In past research, BWDRVI has
provided good contrast between soybean soil and plant leaves at the maturity stage [49]. Other
correlated VIs observed in this study confirm the findings of previous research in rice AGB estimation,
where modified normalized vegetation indices showed a high correlation with AGB [50]. On the other
hand, the LAI of the five rice cultivars also showed a high correlation with the modified normalized
difference vegetation indices. A similar research result has been observed between the LAI of rice

and VIs such as GBNDVI and GNDVI [51]. Like the previous research, this study also shows that
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GBNDVI and GNDVI were more correlated with LAl than NDVI. The correlation analysis to select Vls
for AGB and LAl estimations seemed reliable and reasonable.

The AGB and LAI can be estimated with good model accuracy using XGBoost (Table 2).
Previous research on the estimation of aboveground forest biomass showed that the random forest
algorithm (R? = 0.71) works better than stochastic gradient boosting (R? = 0.60) [52]. In this study, the
model evaluation using test datasets of the XGBoost models for AGB estimation resulted in an R?
ranging from 0.565 to 0.827. For the LAl estimation models, this resulted in an R? ranging from 0.574
to 0.727. Comparing the model performances between the AGB estimation and LAI estimation in this
study shows that AGB estimation models had better accuracy than LAl estimation models. Using the
UAV-derived Vls, AGB estimation models showed less overfitting than LAl estimation models (Table
2).

XGBoost and stochastic gradient boosting utilize the gradient descent method to find the
minimum cost function for predicting the target. However, the XGBoost algorithm has regularization
as one of its booster parameters, which prevents the overfitting of prediction models (Tables A4 and
A5). The AGB estimation model for Hatsushimo used 90% of the feature variables to build regression
trees, as represented by the booster parameter colsample_bytree. On the other hand, LAI estimation
models for Asahi, Hatsushimo, and Nakate Shinsenbon had higher depths of regression trees at 10.
A higher number of feature variables per tree and depth of trees may result in an estimation model
that finds patterns particular to the sample used for building the prediction, resulting in overfitting.
Much earlier research conducted in remote sensing for AGB and LAI estimation demonstrated that
AGB estimation is more suited to remote sensing than LAI estimation [53]. Nevertheless, comparing
the NRMSE results of the test dataset showed that all the AGB and LAI estimation models of the five
cultivars had good levels of model accuracy (Table 2). Moreover, the variable importance shown
through the SHAP plots indicates that boosting the ensemble algorithm can be an excellent strategy
to predict AGB and LAl when variation in correlations between the Vs and target exists in the training
process (Figures 8 and 9).

After the AGB and LAl estimation, each cultivar’s grain yield prediction model was developed
using the Vl-estimated AGB and LAl fitted into the Gompertz growth curve (Figures 10 and 11).

Comparing the accurate estimations of the growth curve fitted, AGB and LAl estimates from the

127



NRMSE of the AGB and LAl estimation models showed a difference in varietal performance (data not
shown). Cultivars Aichinokaori and Nikomaru had higher accuracy in the test dataset than in the
datasets from the growth curve fitting. In contrast, cultivars Asahi and Nakate Shinsenbon had higher
accuracy in the dataset from the growth curve fitting than in the test dataset. The cultivar Hatsushimo
showed the lowest accuracy for both datasets.

Using the single-day Vl-estimated AGB and LAI simulated from the growth curve, a single-
day regression was conducted to predict grain yield. The optimum time window for UAV flights was
determined indicating good model accuracy based on the AIC weights (Figures 12 and A1 ). Cultivars
such as Asahi, Hatsushimo, and Nakate Shinsenbon had optimum time windows at the stem
elongation stage. Aichinokaori had an optimum time window at the initial heading stage, while
Nikomaru had an optimum time window at the tillering stage. A similar optimum growth stage was
observed in the grain yield prediction model using the actual AGB and LAl (Figure 5a—e), except for
Aichinokaori, which could be predicted at the stem elongation stage using the actual AGB and LAl,
or at the later growth stage using the Vl-estimated AGB and LAI.

By evaluating the performances of single-day regression models using the VI-estimated AGB
and LAI (Figures 13 a-e) and the grain yield prediction using the actual AGB and LAI (Figures 5 a-e)
on an independent test dataset, the following results were observed: (1). —the grain yields of cultivars
Hatsushimo and Nakate Shinsenbon were better predicted using the Vl-estimated AGB and LAI; (2)
the grain yield prediction of cultivars Aichinokaori and Nikomaru were better using the actual AGB
and LAI, and (3) the grain yield prediction of cultivar Asahi could not be predicted well by either VI-
estimated AGB and LAI or the actual AGB and LAI. These results show that using AGB and LAl was
not sufficient enough to accurately predict the rice grain yield for the all cultivar (e.g. Asahi).

Concerning each cultivar's AGB and LAl estimations (Table 2), the accurate time window for
UAV flights to predict grain yield could be determined. However, the percent variation in grain yield
that can be explained still depends on the correlation of the VIs with AGB and LAl and the robustness
of the machine learning algorithm. The optimum time windows determined in this study are consistent
with previous studies for the pre-heading to initial heading stages [22, 26], and our results suggest
that the lengths of the optimal time windows for each cultivar differed from 4 to 31 days (Figures 12

and A1). In practical terms, a longer optimum time window for UAV flights is an advantage as flight
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days will be flexible. A shorter time window will make UAV flights a time-constraint, especially in cases
where unfavorable weather conditions prevent UAV flights.

This study shows that a robust boosting ensemble machine learning algorithm—in this case,
XGBoost can be used to estimate agronomic traits, namely, AGB and LAI. Then, using the developed
estimation models, AGB and LAI can be calculated using the UAV-derived reflectance data gathered
during the entire growth period. The estimated AGB and LAI throughout the growth period determined
the optimum time window for the UAV flights. The simulated VI-estimated AGB and LAl dynamics
allowed for grain yield prediction at any point throughout the growth period. This method will enable
researchers to save resources and time for numerous UAV flights to predict grain yield from UAV-

derived reflectance data.
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5. Conclusion

The aims of this study were to (1) predict rice yield by using the estimated aboveground
biomass (AGB) and leaf area index (LAI) until the heading stage from vegetation indices (VIs), and
(2) determine the optimal sensing time in estimating AGB and LAl using Vs for yield prediction.

The AGB and LAI estimation models from the VIs using the XGBoost algorithm resulted in an
R?2 ranging from 0.565 to 0.827 and 0.574 to 0.727, respectively, and the VI-estimated AGB and LAl
predicted grain yield better than the actual AGB and VI for cultivars Hatsushimo and Nakate
Shinsenbon (RMSE: 0.69 ton/ha and 0.52 ton/ha, respectively). The actual AGB and LAl predicted
grain yields of Aichinokaori and Nikomaru (RMSE: 0.75 ton/ha and 0.7 ton/ha, respectively) better
than the Vl-estimated AGB and LAI while the grain yield of Asahi could not be predicted well by both
methods. The optimum time window for UAV flights was at the stem elongation stage for cultivars
Asahi, Hatsushimo, and Nakate Shinsenbon and at the initial heading stage for Aichinokaori ranging
from 4 to 31 days.

These results indicate that the accuracy of rice grain yield estimation using the VI-s estimated
AGB and LAI and the suitable period for yield estimation are cultivar dependent. On the other hand,
due to the small number of cultivars tested in this study, it is not clear whether this model specificity
is due to differences in plant architecture and panicle traits. Further research should be conducted on
multiple cultivars using these UAV-derived features to develop a generalized yield estimation model

that is tolerant of differences among rice cultivars.
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5. Appendix

Table A1. List of vegetation indices used in the study.

Vegetation Index Formula References

Atmospherically Resistant Vegetation Index 2 -0.18 + 1.17[(NIR - R) /
(ARVI2) (NIR + R)] [54]
Adjusted Transformed Soil Adjusted VI (ATSAVI) NIR +a|£(’l“§x ;:;{(1 _,_bLi)()? g [55]
Blue-Wide Dynamic Range Vegetation Index (0.INIR-B)/ (0.1NIR +
(BWDRVI) B) [54]
Chlorophyll Vegetation Index (CVI) NIR x (R/G?) [56]
Difference Vegetation Index (DVI) NIR-R [23]

. 2.5[(NIR - R) / ((NIR +
Enhanced Vegetation Index (EVI) 6R—[(7.SB) + 1))] ( 57]
Enhanced Vegetation Index 2 (EVI2) 2'4[(N|R1 1 R)J(NIR+ R+ 58]
Enhanced Vegetation Index 2-2 (EVI2-2) 2-%’}‘{'5 1)?) / (NIR + 560
Green-Blue Normalized Difference Vegetation [NIR-(G+B)]/[NIR+ (G
Index (GBNDVI) + B)] [60]
Green Difference Vegetation Index (GDVI) NIR-G [61]
Green Normalized Difference Vegetation Index _
(GNDVI) (NIR-G)/(NIR + G) [62]
Green Optimal Soil Adjusted Vegetation Index (1+0.16) x (NIR-G)/
(GOSAVI) (NIR+ G +0.16) [63]
Green-Red Normalized Difference Vegetation [NIR-(G+R)]/INIR+ (G
Index (GRNDVI) +R)] [61]
Green Soil Adjusted Vegetation Index (GSAVI) 1'5(N”3 5)]G) F(NR+G+ [64]
Normalized Difference Red-Edge (NDRE) (NIR - RE)/ (NIR + RE) [65]
Normalized Difference Vegetation Index (NDVI) (NIR-R)/(NIR + R) [51]
Pan Normalized Difference Vegetation Index [NIR-(G+R+B)]/[NIR
(PNDVI) +(G+R +B)] [66]
Red-Blue Normalized Difference Vegetation Index [NIR-(R+B)]/[NIR+ (R
(RBNDVI) + B)] [67]
Red Edge Difference Vegetation Index (REDVI) NIR - RE [68]
Red Edge Soil Adjusted Vegetation Index 1.5(NIR - RE)/ (NIR + RE
(RESAVI) +0.5)] [69]
Red Edge Wide Dynamic Range Vegetation Index (@x NIR-RE)/(ax NIR
(REWDRVI) + RE) (a=0.12) [70]
Ratio Vegetation Index (RVI) NIR/R [71]
Soil and Atmospherically Resistant Vegetation 25(NIR-R)/(1+NIR + [72]
Index 2 (SARVI2) 6R - 7.5B)]
Wide Dynamic Range Vegetation Index (WDRVI) (@xNIR-R)/(axNIR+ (73]

R) (a = 0.12)

R = red reflectance; G = green reflectance; B = blue reflectance; NIR = near infrared reflectance;

RE = red-edge reflectance.
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Table A2. Pearson correlation coefficient between aboveground biomass (ton/ha) and vegetation
indices across growth stages.

Nakate Nikomaru
Aichinokaori Asahi Hatsushimo Shinsenbon

ARVI2 0.569 *** 0.538 *** 0.531 *** 0.641 *** 0.586 ***
ATSAVI 0.499 *** 0.413 *** 0.319 *** 0.779 *** 0.605 ***
BWDRVI 0.621 *** 0.698 *** 0.631 *** 0.789 *** 0.752 ***
CVI 0.049 0.087 0.447 *** 0.136 0.486 ***
DVI 0.535 *** 0.427 *** 0.345 *** 0.788 *** 0.665 ***
EVI 0.516 *** 0.413 *** 0.308 *** 0.800 *** 0.629 ***
EVI2 0.532 *** 0.419 *** 0.319 *** 0.807 *** 0.650 ***
EVI2.2 0.539 *** 0.431 *** 0.330 *** 0.818 *** 0.658 ***
GBNDVI 0.435 *** 0.578 *** 0.625 *** 0.714 *** 0.700 ***
GDVI 0.527 *** 0.433 *** 0.369 *** 0.787 *** 0.682 ***
GNDVI 0.343 *** 0.524 *** 0.619 *** 0.660 *** 0.680 ***
GOSAVI 0.472 *** 0.445 *** 0.404 *** 0.772 *** 0.679 ***
GRNDVI 0.436 *** 0.550 *** 0.592 *** 0.690 *** 0.668 ***
GSAVI 0.508 *** 0.428 *** 0.358 *** 0.798 *** 0.680 ***
NDRE 0.260 *** 0.327 *** 0.306 *** 0.582 *** 0.551 ***
NDVI 0.569 *** 0.538 *** 0.531 *** 0.641 *** 0.586 ***
PNDVI 0.484 *** 0.581 *** 0.603 *** 0.721 *** 0.690 ***
RBNDVI 0.603 *** 0.590 *** 0.565 *** 0.692 *** 0.638 ***
REDVI 0.508 *** 0.437 *** 0.351 *** 0.806 *** 0.684 ***
RESAVI 0.447 *** 0.393 *** 0.292 *** 0.758 *** 0.634 ***
REWDRVI 0.276 *** 0.327 *** 0.295 *** 0.595 *** 0.577 ***
RVI 0.528*** 0.518*** 0.446*** 0.691*** 0.683***
SARVI2 0.516*** 0.413*** 0.308*** 0.800*** 0.629***
WDRVI 0.575*** 0.569*** 0.529*** 0.717*** 0.676***

*** Significant at the 0.01 level of significance. VIs in bold character were used in the XGBoost model
training.
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Table A3. Pearson correlation coefficient between leaf area index (m?/m?) and vegetation indices
across growth stages.

Nakate

Aichinokaori Asahi Hatsushimo . Nikomaru
Shinsenbon

ARVI2 0.562*** 0.616*** 0.607*** 0.717*** 0.609***
ATSAVI 0.396*** 0.636*** 0.581*** 0.706*** 0.516***
BWDRVI 0.535*** 0.736*** 0.760*** 0.777*** 0.707***
CVi 0.582*** 0.645*** 0.499*** 0.394*** 0.417***
DVI 0.362*** 0.605*** 0.572*** 0.683*** 0.429***
EVI 0.376*** 0.626*** 0.567*** 0.695*** 0.436***
EVI2 0.376*** 0.623*** 0.577*** 0.689*** 0.455***
EVI2.2 0.385*** 0.640*** 0.589*** 0.710*** 0.472***
GBNDVI 0.571*** 0.797*** 0.727*** 0.782*** 0.688***
GDVI 0.393*** 0.648*** 0.592*** 0.717*** 0.467***
GNDVI 0.553*** 0.805*** 0.724*** 0.754*** 0.677***
GOSAVI 0.484*** 0.762*** 0.665*** 0.752*** 0.589***
GRNDVI 0.586*** 0.768*** 0.706*** 0.782*** 0.666***
GSAVI 0.443*** 0.715*** 0.627*** 0.732*** 0.527***
NDRE 0.286*** 0.619*** 0.658*** 0.621*** 0.562***
NDVI 0.562*** 0.616*** 0.607*** 0.717*** 0.609***
PNDVI 0.593*** 0.770*** 0.720*** 0.795*** 0.680***
RBNDVI 0.563*** 0.654*** 0.649*** 0.738*** 0.645***
REDVI 0.379*** 0.671*** 0.622*** 0.691*** 0.480***
RESAVI 0.385*** 0.697*** 0.639*** 0.662*** 0.511***
REWDRVI 0.345%** 0.652*** 0.718*** 0.652*** 0.586***
RVI 0.674*** 0.718*** 0.810*** 0.849*** 0.649***
SARVI2 0.376*** 0.626*** 0.567*** 0.695*** 0.436***
WDRVI 0.628*** 0.681*** 0.732*** 0.817*** 0.675***

*** Significant at the 0.01 level of significance. VIs in bold character were used in the XGBoost model
training.
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Figure A1. R? result of the training dataset of the single-day regression model between grain yield
and Vl-estimated AGB and LAl of the five rice cultivars. The red box indicates the optimum time
window for UAV flights as determined from the AIC score comparison. The black line indicates the
mean R? values from the repeated k-fold cross-validation conducted for each single-day regression.
The darker blue line indicates the smoothed R? values that can be expected from the plotted R? series
derived from the repeated k-fold cross-validation. The smoothed R? values were determined by using
the LOESS (locally weighted scatterplot smoothing) method. The lighter blue region indicates the
range of smoothed R? values to be expected 95% of the time from each single-day regression. (a)
Aichinokaori; (b) Asahi; (c) Hatsushimo; (d) Nakate Shinsenbon; (e) Nikomaru.
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Table A4. Tuned booster parameters for optimizing the XGBoost model for the AGB estimation of five
rice cultivars using the lowest RMSE as the selection criterion.

. max_ colsample_ min_ sub
Cultivar Eta depth Gamma bytree child_weight sample N rounds
Aichinokaori 0.1 5 0.1 0.8 1 1 100
Asahi 0.1 5 0.1 0.5 1 1 100
Hatsushimo 0.1 3 0.1 0.9 1 1 100
Nakate 0.1 3
Shinsenbon ) 0.1 0.5 1 1 100
Nikomaru 0.1 5 0.1 0.5 1 1 100

Table A5. Tuned booster parameters for optimizing the XGBoost model for the LAI estimation of five
rice cultivars using the lowest RMSE as the selection criterion.

Cultivar Eta Zjneap)f[ﬁ Gamma COE;TGFQG— chil(;n_lv?/gigh t subsample N rounds
Aichinokaori 0.1 3 0.1 0.6 1 1 100
Asahi 0.1 10 0.1 0.8 1 1 100
Hatsushimo 0.1 10 0.1 0.6 1 1 100
Nakate
Shinsenbon 0.1 10 0.1 0.8 1 1 100
Nikomaru 0.1 5 0.1 0.5 1 1 100
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Chapter VI: General Discussion

Abstract: Spectral and textural features of UAV-derived multispectral images were utilized to
estimate rice AGB, LAI, and grain yield. The study attempted to associate AGB and LAl estimates in
predicting rice grain yield, including determining the optimum time window of UAYV flight for predicting
grain yield. This chapter aimed to summarize the improvement in AGB, and LAI estimation models
and the grain yield prediction model established in the study. Results show that a reasonable estimate
of rice AGB can be achieved using Random Forest and adding vegetation fraction cover to Vls. Rice
LAl was best estimated using Random Forest and Type | texture index. The optimum time window
for UAV flight varied, with cultivars ranging from 4 to 31 days between the tillering and the initial
heading stages. Grain yield prediction using cumulative VIs taken at booting and heading stages
resulted in comparable predictions from Vl-estimated AGB and LAI, depending on the cultivars.
Results of the entire study suggest that model algorithm and feature construction are important in

improving the estimation of crop parameters, AGB and LAI, and grain yield prediction.

1. Introduction

The agricultural production system requires crop data derived from fast and reliable
techniques. The main goal of rice crop production is to produce a sustainable and profitable grain
yield and attaining such a goal must involve integrated crop management. Generally, crop producers
would select agricultural inputs such as seeds, fertilizers, and water management strategies that are
proven to provide high grain yield returns. However, such claims were tested on rice field trials whose
conditions may differ from a prospective farm, despite multi-location trials conducted for such
agricultural inputs or techniques. Thus, site-specific rice crop management was promoted to ensure
the applicability of agricultural innovations to a particular rice production area.

The site-specific crop management further improved with the introduction of precision
agriculture, which promotes the precise application of fertilizers and pesticides by characterizing the
farm at the small plot and hill levels. Doing so requires methods that are fast and provide accurate

and precise data. The remote sensing method is one approach to acquiring such crop data. Even with
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remote sensing methods, optimization of the method is required to ensure the reliability of the data
and applicability for crop management use.

Moreover, regular crop field data collection using remote sensors is an alternative, time-
saving method but will be more profitable if it can be utilized in forecasting field crop conditions. Crop
prediction will allow a more proactive way of managing crops. If significant yield losses can be
predicted at a particular time of the crop growth duration, necessary mitigating measures can be
implemented. However, considering crop has its physiological mechanism, it is necessary to
determine when and to what extent crop prediction is feasible.

Crop prediction of grain yield and non-yield components requires understanding the cultivars,
environment, and interaction between the two. It means that crop and environmental variables are
essential components of crop prediction. However, environmental variables such as weather data can
only be meaningful if crop prediction is developed at regional and national levels.

Developing crop prediction models complementary to site-specific crop management is thus
challenging. The potential of using remote sensing methods in crop prediction should be evaluated,
as it can provide a higher temporal and spatial resolution than the traditional sampling method.
Introducing the Unmanned Aerial Vehicle (UAV) in the market provided a better opportunity to gather
crop data that seems to suit farm-level crop management. Multispectral cameras onboard UAVs
provide a vegetation index that highlights vegetation that can be used for crop estimation.

Crop estimation estimates grain yield and other crop parameters such as leaf area index and
aboveground biomass. Including sources of variation for the crop, parameters are also essential for
an effective crop estimation model.

The study established model workflows to improve estimation models of yield-related traits
such as leaf area index (LAI) and aboveground biomass (AGB) and prediction model of grain yield to
determine if crop prediction using remote sensing methods alone can give reliable and reasonable
estimates for crop management. Improvement of the models was established by examining other
UAV-derived variables, feature selection methods, and machine learning methods. In addition, the
optimum time window for UAV flight to predict rice grain yield was determined. The entire dataset
utilized to develop the estimation models in the study was derived from two-year rice experimental

trials in 2020 and 2021, involving two fertility levels and five rice cultivars.
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This chapter aimed to describe the effect of remote sensing variables in estimating AGB and
LAl estimates and predicting grain yield. Also, the chapter aimed to discuss the merit of determining

the optimum time window for UAV flight in grain yield prediction.

2. Leaf Area Index

The effect of combining the texture and spectral features of UAV-derived multispectral images
using different feature selections and machine learning methods in rice LAl estimation was evaluated.
Two types of texture indices were developed from the GLCM-based texture metrics. These were 1).
Type I: texture indices derived from the transformation of the optimized bands, and 2). Type II: texture
indices derived from the transformation of texture metrics with each metric optimized according to
band and angle. Results have shown that combining texture and the spectral index could improve LAl
estimation when the Type | texture index is used. However, the Type Il texture index was a poor LAI
estimator. All the feature selection methods did not significantly influence the estimation performance.
In research done by [4], rice LAl estimation using Vls derived from multispectral images was improved
by adding a textural index calculated from the GLCM-based textures. The random forest (RF)
algorithm best estimates rice LAl using NIR and red edge-based vegetation indices [5]. Feature
selection using RF was also found to give reliable LAl estimates compared to other feature selection
methods [6].
However, the feature selection method and machine learning models in this study had comparable
rice LAl estimation performances. The difference in the estimation model between Type | and Type Il
was due to the optimization performed in the texture indices. VIs and Type | texture indices had similar
performance because of almost similar transformation between VIs and Type | texture index. The
difference in the estimation model was due to the optimization performed in the texture indices. Vs
and Type | texture indices had similar performance because of almost similar transformation between

Vs and Type | texture index.

3. Aboveground biomass estimation

Rice AGB is an essential indicator of crop productivity. The rice AGB estimation model was
improved by adding Vegetation Fraction Cover (VF) as a feature variable to the AGB- estimation
model using Vegetation Index (VI). Its effect on the rice AGB estimation was evaluated. AGB was
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sampling at different growth stages from tillering to heading stage following UAV flights, involving two
fertility trials and five rice cultivars. VIs were generated from raw reflectance from the multispectral
cameras on board the UAV. VF was extracted using the threshold-based segmentation method to
classify the plant from the non-plant components in the multispectral images. Feature selection and
machine learning were also applied in the estimation model. Feature selection such as Recursive
Feature Elimination (RFE), z-test, and M-statistic while machine learning models were Random
Forest (RF), Support Vector Regression (SVR), and Extreme Gradient Boost (XGBoost). Results
demonstrated that combining Vls with VF slightly improved the AGB estimation model, regardless of
feature selection methods. AGB estimation model using RFE and z-test selected feature variables
performed better than M-statistic selected features. Likewise, RF and XGBoost showed comparable
performance in estimating AGB, while SVR had poor estimation performance regardless of the feature

selection method.

3.1. Effect of Feature Variables

In a review article published by [2], AGB estimation using UAV systems was reported that Vs
could estimate AGB with good performance when structural variables and variables regarding volume
were included in the model. It is because the growth stage indicated by changes in the structure highly
affects the performance of AGB estimation. In this study, VI was combined with the Vegetation
Fraction Cover. Ideally, one threshold value should be set for each VIs between non-plant and plant
areas in the ROI. However, the difference in the illumination over the whole area made it difficult to
discriminate between plant and non-plant areas through VI values.

Regardless, only one threshold value for each field trial for all the UAV flights conducted. It is
practical to set only one threshold value for each field trial to apply it throughout the crop growth period.
VF was generated from a single threshold method, ExG-ExR or the Excess Green Index. Previous
research showed that Excess Green performs well in binarizing plant images [3]. Instead of
generating VF from each VI, only one VI was used to adjust the VI values at the tillering stage to
improve its correlation with AGB. As the results in Chapter 2 suggest, VI taken at tillering stage had
a lower correlation with AGB. Also, results show that combining VF with VI slightly improved AGB

estimation across growth stages.
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3.2. Effect of Feature Selection

Image analyses can deal with the differences in brightness in one image. A local adaptive
threshold is a technique that considers brightness variation in a field image. The technique relies on
the standard deviation of the binary image, and it binarizes images on a set window size or region in
a raster image rather than the whole image. However, instead of focusing on the brightness variation
of one field trial, given a definite ROI in the field, the study focused on the ability of the VI to have
mean values distinct for different treatment factors. In the study, the treatment factor considered for
separability of VI was the fertility trials, No fertilizer, and Fertilizer trials. It is assumed that the AGB
variation observed was due to the fertility level and was accounted for in the separability values of
VIs. Atmospheric and soil-insensitive VIs were found to have good separability at tillering and heading
stages. However, when these VIs were used in estimating AGB, the model evaluation was relatively
poor compared to the model with VI selected from correlation analysis and the RFE method. These

results suggest that the separability of VI is not a good estimator of LAl in rice.

3.3. Comparison of Machine Learning

The machine learning methods, MLR, SVR, RF, and XGBoost, were employed to estimate
AGB. The results suggest that XGBoost and RF had a comparative model performance. Both ML
develop regression trees as part of the training process. Their difference is the regularization function
that can be optimized in the XGBoost. Moreover, RF has fewer tuning parameters than XGBoost,
which makes a shorter running time for RF.

The study on rice AGB estimation concentrated on the following: (1) difference between
groups of Vls in terms of correlation with AGB and separability of treatment. The results showed that
atmospheric and soil-insensitive VIs did not improve AGB estimation compared to VIs known for
saturation, such as NDVI. Vs separability varies with the growth stage, with tillering stage showing
the best separability score. There was decreased separability of Normalized VI as the crop reached
canopy closure, while atmospheric and soil-insensitive VIs had good separability at tillering and
heading stages.

The results show that RFE did not select atmospheric and soil-insensitive Vs, while M-statistic
and z-test methods selected those VIs. This indicates that the M-statistic and z-test select features
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are distinctly different based on the separability of treatment factors and correlation with the target
variable, AGB. On the other hand, RFE selected VIs based on the set of features that resulted in the
lowest RMSE, disregarding the multicollinearity of feature variables. Multicollinearity of variables
results in unstable estimation models as the value of one feature variable is affected by another.
However, the results suggest that multicollinearity does not necessarily result in an unstable

estimation model.

4. Grain Yield Prediction Model

The prediction model predicted rice grain yield by directly using multitemporal Vis. The
correlation of grain yield to numerous VIs was examined in the study. Across growth stages,
correlations were low. Recursive feature elimination was performed to select Vls that can potentially
achieve low RMSE values. Random Forest performed better than Multiple Linear, Support Vector,
and Ridge regressions. It was observed that different numbers of Vs are required for each growth
stage, with the heading stage requiring more than 15 VIs to achieve low RMSE values. However,
comparing the prediction model with five VIs and the model with 14 Vls selected from the recursive
elimination method (RFE) performed using multitemporal VIs showed comparable results.

The selected VIs are GARI, CVI, GRNDVI, NDRE, and REWDRYVI. GARI and GRNDVI have
normalized Vs with an additional one band that minimizes the saturation effect of the red band in the
VI. These are the blue band for GARI and the green band for GRNDVI. The canopy does not highly
absorb in blue and green regions compared to the red band, thus avoiding the narrow VI values at
later growth stages, indicating a non-saturation effect. On the other hand, NDRE and REWDRVI have
normalized Vls with red and red-edge bands in their transformations, respectively. The normalization
of the band reflectance prevents the NDRE from having a wide variation of values compared to ratio-
based Vls. On the other hand, the normalization and the red-edge component of the REWDRVI make
it less sensitive to differences in canopy LAI. Thus, its values can represent the optimal variation in
the grain yield with less noise in the dataset.

Transformation of Vs or VI variables as cumulative VI values at four and two growth stages
did not substantially increase grain yield prediction. However, the cumulative VI values taken at the

booting and heading stage showed relatively better prediction among the VI variables.
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5. Relation of Grain Yield to AGB and LAI Estimation

Using Vl-estimated vyield-related traits such as AGB and LAl to predict rice grain yield was
evaluated. AGB and LAl were estimated using Vls correlated to them at different growth stages. The
estimation models were trained using XGBoost, and hyperparameters were optimized to achieve the
lowest RMSE result. The study aimed to determine the optimum time window of UAV flight, and the
optimum DAT determined from the single-day regression models was evaluated for their performance
in predicting grain yield. Our result suggests that grain yield can be predicted by VlI-estimated AGB
and LAI depending on the cultivar. Some cultivars can be predicted well, but others cannot be
predicted well by both actual and Vl-estimated AGB and LAI, such as Asahi.

Low prediction performance indicates the high residuals between predicted and actual values.
If the difference between the two is high, the predictors employed have no relationship with the target
variable, for it does not reflect the variation of the target variable. Although low prediction performance
is also considered dependent on the data splitting between training and test dataset, cross-validation
helped in allowing the model to train with as much data variation as possible. However, overfitting is
a possible drawback. Nevertheless, when a training process has controlled the possible drawbacks,
an underfit model would only mean that the predictors are not enough to predict the grain yield.
However, recall, the predictors in the grain yield prediction model were Vl-estimated crop estimates
whose prediction errors from the crop estimation models were carried on to the grain yield prediction
model.

When the optimum time window for UAV flight was determined, the AIC scores were
calculated from the single-regression models developed for each variety. Only presented was the
model evaluation of the single regression models whose DAT (days after transplanting) was included
in the identified time window. Different cultivars had different grain yield prediction performances.
Some cultivars were predicted poorly using actual Vis, VI-estimated AGB and LAI, and actual AGB
and LAl values.

The low prediction in some cultivars such as Asahi and Nakate Shinsenbon can be explained
by the Analysis of Variance and F-test between the categorical variables, fertility level, discrete
variable, year and continuous variables, actual LAl, AGB, and grain yield. The actual AGB and LAI

were discretized to compare their variances with grain yield.
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When random data splitting is applied to select the training dataset, it is assumed that the
variation in the training and test dataset is representative of the whole dataset and has the same
variance. The F-test's significance would determine if the variation in the grain yield is related to the
variation of the predictor. If the F-test for a categorical variable is not significant, then the categorical
variable does not explain the variation of the grain yield. Thus, discretization of the continuous
variables, LAl and AGB, was done to establish a probability distribution to detect better the
relationship between LAI, AGB, and grain yield.

ANOVA and F-Test using the actual AGB and LAI showed that different cultivars had different
significant F-tests (Tables A1-5). Results show that cultivars with a more significant F-test had better
prediction performance. However, the high number of F-tests was reduced when a high number of
significant interactions was observed. This is because the interactions were not considered in the
single-regression model. Aichinokaori had a significant difference in grain yield according to
discretized LAl and AGB, while Hatsushimo had few significant variations but had only one significant
interaction. On the other hand, Asahi had a lower number of significant F-tests. When the variation of
the dependent variable, grain yield, according to the levels of an independent categorical variable, is
insignificant, it implies that the independent variable cannot explain the variations observed in the
grain yield.

The significance of grain yield in terms of AGB variation indicates that AGB is a good predictor
of grain yield. The comparison between cultivars also shows that the significance of grain yield at LAl
variation cannot compensate for the lack of significance at AGB variation. Although the reported R?
of rice grain yield prediction in other research was less than 0.50, an R? of less than 0.60 is still low.
Studies conducted by [7,8] concluded that higher grain yield is attributed to the harvest index than
biomass production, indicating that AGB production may not be enough predictor for rice grain yield.
An underestimation of grain yield is more likely to decrease prediction performance than
overestimation, as shown between Nakate Shinsenbon and Hatsushimo. A yield-LAl model
developed by [9] demonstrated that rice grain yield could be predicted with an R? = 0.945. However,

our study suggests that LAl may not predict grain yield at a similarly high R2.
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6. Conclusion

Crop estimation models using UAV-derived variables were examined for their potential to aid
rice crop management. The study consisted of four components: (1) AGB estimation model, (2) LAI
estimation model, (3) grain yield prediction model and (4) determination of the optimum time window
of UAV flights to predict grain yield with the use of AGB and LAl estimates from UAV-derived variables.

The results of the entire study suggest that AGB estimation was improved by including
vegetation fraction cover (VF) estimated using a color index and threshold-based image segmentation
method. Random forest and XGBoost had comparable AGB estimation performance. Type | texture
index improved LAl estimation compared to Vls. VF was not used to improve LAI estimation as VF is
equivalent to LAI. Texture index was not used in improving the AGB estimation model because AGB
estimation focused only on two spectra, plant and the non-plant component of the UAV image, that
the threshold-based segmentation method can manage.

The optimum time window for UAV flight varies with the cultivars used in the study. The
optimum time window ranged from 4 to 31 days between tillering to the initial heading stages. Cultivars
such as Asahi cannot be predicted using actual and Vl-estimated AGB and LAI. The determined
optimum time window for UAV flights can be applied in remote sensing using satellites for a more
accurate and cost-efficient grain yield prediction. This approach is different from other crop prediction
models utilizing remote sensing data. With this approach, data collection is reduced without lowering
the accuracy of the prediction, instead optimizing the data collection for UAV-based remote sensing.

The results from directly predicting grain yield using multiple VIs selected from recursive
feature elimination show that a low correlation between grain yield and Vs still resulted in prediction
performance comparable to the grain yield prediction model developed from VlI-estimated AGB and
LAI. This was observed when the prediction model was developed for each cultivar, and some
cultivars performed better when grain yield was directly predicted from cumulative VI values. The
results indicate the following (1) prediction performance highly depends on the model algorithm used
even with low correlations between the variables; a robust algorithm can detect data patterns that are
beyond the simple correlation between variables, and (2) feature selection method is an important aid
in improving prediction by reducing prediction time by removing redundant features that would likely

result in similar performance with a model having lower dimensions, (3) the use of estimated values
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for another prediction model may result in higher prediction error as the estimated values transfer the
error to the next prediction model but can be improved by removing sources of variations that can
lead to overfitting.

The study observed this by developing prediction models for each cultivar, as some cultivars
performed better than others. Given these results, grain yield may be predicted using Vls directly or
by using Vl-estimated AGB and LAI, provided that the significant source of variations is optimally
represented and minimized in the model. Failure in doing so requires a reduction in the complexity of
the model by developing a prediction model without the apparent source of variation. In the case of
this study, it was the varietal effect in the model. Nevertheless, both prediction models, grain yield-VI
and grain yield-VI, estimated AGB & LAI resulted in optimally predicting grain yield between tillering
to initial heading stages, depending on the cultivars. It is better than predicting grain yield at ripening
stages where changes in crop management would not likely bring grain yield improvement.

The entire study's results can be considered during rice crop management. The improved
AGB and LAI estimate from UAV-derived variables across growth stages can be used to evaluate if
the current nutrient management is effective. Field evaluation time of rice crop breeding for better LAI
might be shortened by utilizing the LAI estimation model using UAV-derived spectral and texture
variables. Moreover, the AGB estimation model using VI and Vegetation Fraction Cover (VF) can
guide breeders to identify nutrient-use efficient cultivars without AGB sampling at mid-season,

wherein the need for topdressing is evaluated.
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7. Appendix

Table A1. Analysis of variance for the grain yield of Aichinokaori as affected by year, fertility level, and growth stage.

Df Sum Sq Mean Sq F value Pr(>F)
lai_disc 2 4.31 2.156 4.09 0.01954
trial 1 11.57 11.571 21.95 8.58E-06
Year 1 24.28 24.282 46.064 7.47E-10
agb_disc 5 2.74 0.548 1.04 0.398105
Growth_stage 2 9.74 4.871 9.24 0.000204
lai_disc:trial 1 0.29 0.291 0.552 0.459311
lai_disc:year 2 4.26 2131 4.043 0.020403
trial:year 1 1.04 1.041 1.976 0.162851
lai_disc:agb_disc 9 8.45 0.939 1.781 0.080712
trial:agb_disc 4 1.2 0.3 0.569 0.685362
year:agb_disc 4 5.34 1.335 2.532 0.044792
lai_disc:Growth_stage 1 0.81 0.807 1.53 0.218873
trial:Growth_stage 2 3.52 1.762 3.342 0.039234
year:Growth_stage 2 5.26 2.63 4.989 0.008548
agb_disc:Growth_stage 1 0.04 0.041 0.077 0.781916
lai_disc:trial:year 1 0.12 0.116 0.219 0.640455
trial:year:agb_disc 1 1.13 1.128 2.141 0.1465
Residuals 103 54.3 0.527

Table A2. Analysis of variance for the grain yield of Asahi as affected by year, fertility level, and growth stage.

Df Sum Sq Mean Sq F value Pr(>F)

lai_disc 2 6.38 3.19 6.24 0.00278
trial 1 27.72 27.722 54.226 4.94E-11
year 1 5.81 5.805 11.355 0.00107
agb_disc 5 1.39 0.277 0.542 0.74382
Growth_stage 2 2.02 1.008 1.972 0.14448
lai_disc:trial 1 0.01 0.007 0.013 0.9093
lai_disc:year 2 1.79 0.895 1.751 0.17877
trial:year 1 0.51 0.508 0.993 0.32128
lai_disc:agb_disc 6 4.4 0.733 1.434 0.2092
trial:agb_disc 4 1.75 0.438 0.856 0.49298
year:agb_disc 5 1.41 0.282 0.552 0.73613
lai_disc:Growth_stage 3 1.49 0.496 0.97 0.41022
trial:Growth_stage 2 0.56 0.28 0.547 0.58034
year:Growth_stage 2 0.7 0.349 0.683 0.50737
agb_disc:Growth_stage 2 0.96 0.478 0.935 0.39578
lai_disc:trial:year 1 0.4 0.403 0.789 0.37646
lai_disc:trial:agb_disc 1 0 0 0 0.98448
trial:year:agb_disc 1 0.32 0.325 0.635 0.42747
Residuals 101 51.63 0.511
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Table A3. Analysis of variance for the grain yield of Hatsushimo as affected by year, fertility level, and growth stage.

Df Sum Sq Mean Sq F value Pr(>F)

lai_disc 2 6.68 3.34 4.421 0.014347
trial 1 79.84 79.84 105.743 2.00E-16
year 1 10.02 10.02 13.267 0.000421
agb_disc 5 4.54 0.91 1.203 0.312822
Growth_stage 2 3.19 1.59 2112 0.126066
lai_disc:trial 1 0 0 0.001 0.974748
lai_disc:year 1 0.07 0.07 0.094 0.760365
trial:year 1 4.62 4.62 6.123 0.014941
lai_disc:agb_disc 6 4.76 0.79 1.05 0.397323
trial:agb_disc 4 2.29 0.57 0.757 0.555702
year:agb_disc 4 1.51 0.38 0.501 0.734742
lai_disc:Growth_stage 2 0.01 0 0.006 0.993532
trial:Growth_stage 2 1.38 0.69 0.916 0.403325
year:Growth_stage 1 0.53 0.53 0.699 0.405008
agb_disc:Growth_stage 2 1 0.5 0.661 0.518608
lai_disc:trial:year 1 0.21 0.21 0.273 0.602471
lai_disc:year:agb_disc 1 1.39 1.39 1.835 0.178461
trial:year:agb_disc 1 0.05 0.05 0.061 0.804924
Residuals 105 79.28 0.76

Table A4. Analysis of variance for the grain yield of Nakate Shinsenbon as affected by year, fertility level, and growth
stage.

Df Sum Sq Mean Sq F value Pr(>F)

lai_disc 2 18.1 9.05 11.277 3.69E-05
trial 1 0.02 0.016 0.02 0.888277
year 1 8.5 8.501 10.593 0.001532
agb_disc 5 1.84 0.367 0.457 0.807037
Growth_stage 2 31.22 15.608 19.45 6.67E-08
lai_disc:trial 2 11.61 5.806 7.235 0.001143
lai_disc:year 1 0.02 0.018 0.022 0.881664
trial:year 1 2.71 2.712 3.379 0.068881
lai_disc:agb_disc 5 6.74 1.348 1.679 0.146108
trial:agb_disc 5 6.24 1.248 1.555 0.17941
year:agb_disc 3 1.16 0.387 0.482 0.695493
lai_disc:Growth_stage 3 3.5 1.166 1.453 0.231818
trial:Growth_stage 2 13.48 6.739 8.397 0.000416
year:Growth_stage 1 0.04 0.039 0.049 0.825678
agb_disc:Growth_stage 3 0.31 0.102 0.127 0.943819
lai_disc:trial:year 1 1.62 1.619 2.017 0.158535
lai_disc:trial:agb_disc 1 0.16 0.165 0.205 0.651585
Residuals 104 83.46 0.803
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Table A5. Analysis of variance for the grain yield of Nikomaru as affected by year, fertility level, and growth stage.

Df Sum Sq Mean Sq F value Pr(>F)

lai_disc 2 8.45 4.226 9.368 0.000191
trial 1 20.84 20.836 46.185 8.74E-10
year 1 7.52 7.517 16.662 9.18E-05
agb_disc 5 5.41 1.082 2.399 0.042608
Growth_stage 2 3.8 1.902 4.216 0.017549
lai_disc:trial 2 1.98 0.991 2.196 0.116724
lai_disc:year 2 5.03 2.515 5.575 0.005108
trial:year 1 0.24 0.237 0.525 0.470545
lai_disc:agb_disc 6 8.54 1.423 3.155 0.007194
trial:agb_disc 4 2.51 0.628 1.392 0.242503
year:agb_disc 4 0.24 0.059 0.132 0.970389
lai_disc:Growth_stage 3 0.05 0.017 0.037 0.990235
trial:Growth_stage 2 2.02 1.011 2.24 0.111939
year:Growth_stage 1 0.25 0.254 0.562 0.455296
agb_disc:Growth_stage 3 0.59 0.198 0.439 0.725453
lai_disc:trial:year 1 0.01 0.009 0.021 0.8854
lai_disc:trial:agb_disc 2 1.71 0.856 1.896 0.155621
trial:year:agb_disc 2 0.53 0.267 0.592 0.55532
trial:year:Growth_stage 1 117 1.172 2.597 0.110314
lai_disc:agb_disc:Growth_stage 1 3.19 3.186 7.062 0.009207
Residuals 97 43.76 0.451

152



. References

Zhang, Z.-H.; Li, P.; Wang, L.-X.; Hu, Z.-L.; Zhu, L.-H.; Zhu, Y.-G. Genetic Dissection of the
Relationships of Biomass Production and Partitioning with Yield and Yield Related Traits in Rice.
Plant Science. 2004, 167(1), 1-8, doi:10.1016/j.plantsci.2004.01.007.

G. Poley, L.; J. McDermid, G. A Systematic Review of the Factors Influencing the Estimation of
Vegetation Aboveground Biomass Using Unmanned Aerial Systems. Remote Sensing. 2020,
12(7), 1052, doi:10.3390/rs12071052.

Zhang, D.; Mansaray, L.R.; Jin, H.; Sun, H.; Kuang, Z.; Huang, J. A Universal Estimation Model
of Fractional Vegetation Cover for Different Crops Based on Time Series Digital Photographs.
Computers and Electronics in Agriculture. 2018, 151, 93—-103, doi:10.1016/j.compag.2018.05.030.
Yang, K.; Gong, Y.; Fang, S.; Duan, B.; Yuan, N.; Peng, Y.; Wu, X.; Zhu, R. Combining Spectral
and Texture Features of UAV Images for the Remote Estimation of Rice LAl throughout the Entire
Growing Season. Remote Sensing. 2021, 13(15), 3001, doi:10.3390/rs13153001.

Wang, L.; Chang, Q.; Yang, J.; Zhang, X.; Li, F. Estimation of Paddy Rice Leaf Area Index Using
Machine Learning Methods Based on Hyperspectral Data from Multi-Year Experiments. PlosS
one. 2018, 13(12), e0207624, doi:10.1371/journal.pone.0207624.

Chen, Z.; Jia, K.; Xiao, C.; Wei, D.; Zhao, X.; Lan, J.; Wei, X.; Yao, Y.; Wang, B.; Sun, Y.; et al.
Leaf Area Index Estimation Algorithm for GF-5 Hyperspectral Data Based on Different Feature
Selection and Machine Learning Methods. Remote Sensing. 2020, 12(13), 2110,
doi:10.3390/rs12132110.

Yang, W.; Peng, S.; Laza, R.C.; Visperas, R.M.; Dionisio-Sese, M.L. Grain Yield and Yield
Attributes of New Plant Type and Hybrid Rice. Crop Science. 2007, 47(4), 1393-1400,
doi:10.2135/cropsci2006.07.0457.

Mohamad, O.; Suhaimi, O.; Abdullah, M. Z. The relationships between harvest index, grain yield
and biomass in rice. MARDI  Research  Journal. 1994, 22(1), 29-3,
https://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.1045.1417 &rep=rep1 &type=pdf
Aboelghar, M.; Arafat, S.; Abo Yousef, M.; EI-Shirbeny, M.; Naeem, S.; Massoud, A.; Saleh, N.
Using SPOT Data and Leaf Area Index for Rice Yield Estimation in Egyptian Nile Delta. Egyptian
Journal  of Remote Sensing and Space Science. 2011, 14(2), 81-89,
doi:10.1016/j.ejrs.2011.09.002.

153



Acknowledgement
| would like to express my deepest appreciation and gratitude to the following people who have greatly
helped through this.

To my adviser, Dr. Shunsaku Nishiuchi, for the advices, encouragements, and guidances that he provided
to me. Thank you so much sensei.

To the members of my guidance committee, Dr. Kazuyuki Doi, Dr. Yoshiaki Inukai, Dr. Mikio Nakazono,
and Dr. Jun Murase for their time, effort, and suggestions to improve the manuscript.

To the Ministry of Education, Culture, Sports, Science and Technology (MEXT) through the Japanese
Government (Monbukagakusho: MEXT) Scholarship for the generosity in providing scholarship that

allowed me to pursue my graduate studies.

To all the Graduate School of Bioagricultural Sciences staff for the accommodation, guidance and
assistance for the completion of all the requirements of my graduate study.

To all my groupmates in the laboratory, Ms. Kobayashi, Mr. Kato, Mr. Inoue, Mr. Nakata, Mr. Takata, and
Mr. Shibata and to all the students in the laboratory, Information Sciences in Agricultural Lands, for all the

support and company, thank you.

To Mr. Mizuno, Ms. Kuwahata, and all the staff of the Meidai Nojo for all the administrative and fieldwork
support they provided.

To all my fellow Filipino and foreign students in Nagoya University, for all the support and advices.

To my family, Mommy, Daddy and ate Mariz for their unwavering support. Thank you for supporting me all
these years.

And above all, to God who made everything possible. To God be the glory.

154



