
© C
OPYRIG

HT U
PMPREDICTION OF RICE BIOMASS USING MACHINE LEARNING

ALGORITHMS

By

DERRAZ RADHWANE 

Thesis Submitted to the School of Graduate Studies, Universiti Putra 
Malaysia, in Fulfilment of the Requirements for the Degree of Doctor of

Philosophy

December 2022 

       FP 2022 70



© C
OPYRIG

HT U
PM

 

All material contained within the thesis, including without limitation text, logos, 
icons, photographs and all other artwork, is copyright material of Universiti Putra 
Malaysia unless otherwise stated. Use may be made of any material contained 
within the thesis for non-commercial purposes from the copyright holder. 
Commercial use of material may only be made with the express, prior, written 
permission of Universiti Putra Malaysia. 
 
Copyright © Universiti Putra Malaysia 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



© C
OPYRIG

HT U
PM

 

DEDICATION 
 

To my lovely parents, who always kept praying for me day and night to achieve 
my goal. To my family members and all my friends who supported me all these 
years. 



© C
OPYRIG

HT U
PM

i 
 

Abstract of thesis presented to the Senate of Universiti Putra Malaysia in 
fulfilment of the requirement for the degree of Doctor of Philosophy 

 

PREDICTION OF RICE BIOMASS USING MACHINE LEARNING 
ALGORITHMS 

 

By 
 

DERRAZ RADHWANE  
 

December 2022 
 
 

Chair  : Farrah Melissa Muharam, PhD 
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Conventional rice sampling methods are effective. However, they are 
destructive, laborious, time-consuming, impractical for large fields, and subject 
to human error. Unmanned aerial vehicles (UAVs) may address these issues. 
Machine learning algorithms (MLs) can predict rice biomass from UAV-based 
vegetation indices (VIs). Nevertheless, VIs are highly collinear, noisy, and their 
large dataset collection is expensive. These issues affect the MLs' model 
performance, stability (under/overfitting), variance, and confidence. This study 
aims to: (i) compare the base and ensemble MLs’ model performance, variance, 
stability, and confidence for predicting rice biomass using collinear 
(multicollinearity context (MCC)) and non-collinear (non-multicollinearity context 
(NMCC)) VIs; (ii) compare the rice above ground biomass (TAGB) predictability 
from noised and Kalman filter’ denoised VIs using histogram gradient boosting 
regressor (HGBR); (iii) develop a trigonometric-Euclidean-smoother interpolator 
(TESI), including linear (LN-TESI), cubic (C-TESI), quadratic (Q-TESI), and 
logarithmic (L-TESI) interpolators, for continuous time-series and non-time-
series VIs data augmentation, and compare them to the tabular variational 
autoencoder (TVAE) and the conditional tabular generative adversarial network 
(CTGAN) for preventing DNN’s under/overfitting. A split-plot randomised 
complete block design (RCBD) experiment was conducted in a rice granary at 
Terengganu, Malaysia, with 120 quadrants. Each quadrant provides five rice 
biomass traits during the tillering, booting, and milking stages. A MicaSense Red-
Edge multispectral camera mounted on a DJI quadcopter drone was used to 
acquire the blue, green, red, red-edge, and NIR bands to extract the VIs values 
corresponding to each quadrant. Besides the biomass dataset, the non-time-
series fertiliser dataset and the time-series oil palm and rice datasets were also 
collected to validate the TESI, TVAE, and CTGAN results. For the first objective, 
the MLs model performance and stability were better in MCC than in NMCC for 
predicting all rice biomass traits. The ensemble MLs outperformed the base MLs 
for predicting all rice biomass traits in MCC and NMCC. All base and ensemble 
MLs achieved inconsistent patterns of coefficient of determination (R2) and root 
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mean squared error (RMSE) variances in MCC and NMCC. Multicollinearity and 
the base-ensemble MLs concept did not affect the model confidence; rather, the 
latter was subject to the cross-effects of the ML and dataset characteristics. For 
the second objective, the denoised VIs (R2 = 0.74-0.95, RMSE = 2.43–13.94 g 
q-1) outperformed the noised VIs (R2 = 0.63-0.90, RMSE = 3.28–17.91 g q-1) for 
the TAGB prediction. The denoised VIs achieved the highest R2 and lowest 
RMSE values at the booting stage (R2 = 0.93-0.95, RMSE = 8.22-9.30 g q-1), 
then tillering (R2 = 0.75-0.84, RMSE = 2.43-2.96 g q-1), and then milking stages 
(R2 = 0.74-0.80, RMSE = 13.34-13.94 g q-1). The HGBR achieved the lowest 
overfitting on the denoised VIs at the booting stage with a training-testing R2’s 
change (ΔR2) of 0.02-0.09 and a training-testing RMSE’s change (ΔRMSE) of 
1.93-6.54 q-1, tillering (ΔR2 = 0.08-0.21, ΔRMSE = 1.23-2.36 g q-1), and then 
milking stages (ΔR2 = 0.14-0.25, ΔRMSE = 5.57-10.02 g q-1). For the third 
objective, the TESI, TVAE, and CTGAN were applied to increase the four 
datasets’ sizes. The TESI retained the features’ original probability distribution in 
the four datasets. The C-TESI achieved the lowest mean squared error mean 
percentage (MAEP) on the oil palm (0.60–2.85%), rice (0.77–1.72%), and 
fertiliser datasets (2.04–2.21%). The TESI retained the variance inflation factor 
(VIF) ranges less than 10 on the four datasets; the TESI retained a VIF range of 
1.99–10.06 or reduced the VIF range to 1.55–6.66. Furthermore, the TESI 
retained the Spearman's r (rs) range of 0.79–0.97 or increased it to 0.81-0.99 on 
the four datasets. The DNN achieved the highest R2 (0.77–0.99) and lowest 
RMSE ranges (2.8E+01–8.1E+05) on the four datasets augmented with the 
TESI. The Q-TESI, C-TESI, and L-TESI overcame the LN-TESI in retaining the 
features’ original probability distribution, minimising the augmentation loss, 
reducing the VIF, increasing the rs, and decreasing the DNN under- and 
overfitting. Overall, as most of the agronomic research is conducted based on a 
few sensors’ bands, vegetation indices are highly collinear. Therefore, exploring 
the multilevel sensitivity of different MLs to multicollinearity may address the 
methodological choices of several future agronomic studies. Additionally, stable 
VI-biomass models accurately reflect rice yield potential, which may be 
significantly improved by VIs' denoising. Further, the Q-TESI, C-TESI, and L-
TESI minimise the proportionality of interpolation error to the square of the 
distance between the data points compared to the LN-TESI. Consequently, the 
Q-TESI, C-TESI, and L-TESI may approximate the nonlinear changes of crop 
phenology in time-spaced sampling, thereby reducing the cost of sampling for 
scientists. Furthermore, they intensify non-time series zonal, synthetic sampling, 
which reduces sampling labour. 
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Kaedah persampelan padi secara konvensional adalah berkesan. Namun, 
kaedah ini merosakkan, melelahkan, mengambil masa, tidak praktikal untuk 
kawasan yang besar, serta terdedah kepada ralat manusia. Kenderaan udara 
tanpa pemandu (UAV) mungkin dapat mengatasi masalah-masalah ini. 
Algoritma pembelajaran mesin (ML) boleh memprediksi biojisim padi melalui 
indeks-indeks vegetasi (VIs) yang berdasarkan UAV. Walau bagaimanapun, VIs 
bersifat sangat kolinear, hingar, dan pengumpulan data yang besar adalah 
mahal. Masalah-masalah ini mempengaruhi prestasi, kestabilan 
(underfitting/overfitting), varians, dan keyakinan model ML. Tujuan kajian ini 
adalah untuk: (i) membandingkan prestasi, varians, kestabilan, dan keyakinan 
model ML asas dan model ML gabungan dalam memprediksi biojisim padi 
menggunakan VIs yang kolinear (konteks multikolinearan (MCC)) dan tidak 
kolinear (konteks bukan multikolinearan (NMCC)); (ii) membandingkan 
kebolehprediksian biojisim padi di atas tanah (TAGB) daripada VIs yang hingar 
dan dinyahhingar dengan penapis Kalman melalui histogram gradient boosting 
regressor (HGBR); (iii) membangunkan sebuah interpolator yang bersifat 
trigonometric-Euclidean-lancar (TESI), termasuk interpolator linear (LN-TESI), 
interpolator kubik (C-TESI), interpolator kuadratik (Q-TESI), dan interpolator 
logaritmik (L-TESI), bagi kelangsungan augmentasi data VIs secara siri masa 
dan bukan siri masa, serta membandingkannya dengan pengekod automatik 
bervariasi jadual (TVAE) dan jaringan pengadversarial generatif jadual bersyarat 
(CTGAN) bagi mencegah DNN daripada underfitting/overfitting. Eksperimen 
dengan rekabentuk rawak lengkap (RCBD) split-plot dijalankan dalam kawasan 
jelapang padi di Terengganu, Malaysia, dengan 120 kuadran. Setiap kuadran 
memberikan lima ciri-ciri biojisim padi pada peringkat vegetatif, bunting, dan 
pengisian susu. Kamera multispektral MicaSense Red-Edge yang dipasang 
pada dron DJI quadcopter digunakan untuk mendapatkan jalur biru, hijau, 
merah, pinggir merah, dan NIR bagi mengekstrak nilai VIs setiap kuadran. Selain 
set data biojisim, data baja bukan siri masa dan data siri masa kelapa sawit dan 
padi juga diambil untuk verifikasi keputusan TESI, TVAE, dan CTGAN. Bagi 
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objektif pertama, prestasi dan kestabilan model ML adalah lebih baik dalam 
konteks MCC berbanding daripada NMCC dalam meramal semua ciri-ciri 
biojisim padi. Model ML gabungan mengungguli model ML asas dalam 
memprediksi semua ciri-ciri biojisim padi di MCC dan NMCC. Semua ML asas 
dan ML gabungan menunjukkan trend pekali penentuan (R2) yang tidak 
konsisten dan ralat punca min kuasa dua (RMSE) yang bervariasi pada MCC 
dan NMCC. Multikolinearan dan konsep ML asas-gabungan tidak 
mempengaruhi keyakinan model; sebaliknya, yang terakhir terikat dengan kesan 
silang dari ciri-ciri ML dan set data. Manakala, untuk objektif kedua, VIs yang 
dinyahhingar (R2 = 0.74-0.95, RMSE = 2.43-13.94 g q-1) mendominasi VIs yang 
hingar (R2 = 0.63-0.90, RMSE = 3.28-17.91 g q-1) dalam ramalan TAGB. VIs 
yang dinyahhingar memperoleh nilai R2 tertinggi dan RMSE yang terendah yang 
pada peringkat bunting (R2 = 0.93-0.95, RMSE = 8.22-9.30 g q-1), kemudian 
pada peringkat vegetatif (R2 = 0.75-0.84, RMSE = 2.43-2.96 g q-1), dan kemudian 
tahap pengisian susu (R2 = 0.74-0.80, RMSE = 13.34-13.94 g q-1). Model HGBR 
mencapai overfitting yang paling rendah pada VIs yang dinyahhingar pada 
peringkat bunting dengan perubahan R2 data latihan-ujian (ΔR2) sebesar 0.02-
0.09 dan perubahan RMSE latihan-ujian (ΔRMSE) sebanyak 1.93-6.54 q-1, 
peringkat vegetatif (ΔR2 = 0.08-0.21, ΔRMSE = 1.23-2.36 g q-1), dan seterusnya 
peringkat pengisisan susu (ΔR2 = 0.14-0.25, ΔRMSE = 5.57-10.02 g q-1). Pada 
objektif ketiga, TESI, TVAE, dan CTGAN diaplikasikan untuk meningkatkan saiz 
empat set data. TESI mengekalkan ciri taburan kebarangkalian asal dalam 
empat set data. C-TESI mencapai purata ralat min kuasa dua (MAEP) yang 
terendah pada data kelapa sawit (0.60-2.85%), padi (0.77-1.72%), dan baja 
(2.04-2.21%). TESI mengekalkan faktor inflasi varians (VIF) kurang dari 10 bagi 
empat set data; TESI juga memelihara VIF dengan julat 1.99-10.06 atau 
mengurangkan julat VIF kepada 1.55-6.66. Selain itu, TESI memelihara r 
Spearman (rs) dengan julat 0.79-0.97 atau meningkatkannya kepada 0.81-0.99 
dalam semua set data. DNN mencapai R2 yang paling tinggi (0.77-0.99) dan 
RMSE yang paling rendah (2.8E+01-8.1E+05) dalam empat set data yang 
diaugmentasikan dengan TESI. Model Q-TESI, C-TESI, dan L-TESI mengatasi 
LN-TESI dalam mengekalkan ciri taburan kebarangkalian asal, meminimalkan 
kehilangan augmentasi, mengurangkan VIF, meningkatkan rs, dan 
mengurangkan underfitting dan overfitting DNN. Secara keseluruhan, kerana 
kebanyakan penyelidikan agronomi dilakukan berdasarkan beberapa jalur 
spektral sensor, indeks vegetasi adalah sangat kolinear. Justeru, penerokaan 
kepekaan ML di pelbagai peringkat terhadap multikolineran berupaya membantu 
dalam pemilihan metodologi kajian agronomi di masa hadapan. Selain itu, model 
VI-biojisim yang stabil mempresentasikan potensi hasil padi dengan tepat, dan 
boleh ditambah baik secara signifikan dengan penyahhingaran VIs. Seterusnya, 
Q-TESI, C-TESI, dan L-TESI meminimumkan kadar ralat interpolasi dengan 
kuasa dua jarak di antara titik-titik data berbanding LN-TESI. Oleh itu, Q-TESI, 
C-TESI, dan L-TESI berupaya menganggarkan perubahan tidak linear fenologi 
tanaman dalam persampelan berselang, di mana hal ini dapat mengurangkan 
kos persampelan bagi para saintis. Maka, mereka dapat memperbanyakkan zon 
bukan siri masa dan persampelan sintetik, yang dapat mengurangkan tenaga 
kerja bagi persampelan.   
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INTRODUCTION 
 
 

 Study Background 
 

Rice is a staple food for half of the world’s population, including Malaysia (Prasad 
et al., 2017). Whereas, Malaysia’s rice production reached 1.8 million mega 
tonnes (MMT) in 2016 with an average annual growth of 1.62% in 2000–2016, 
while Malaysia’s rice consumption reached 2.7 MT in the same year with an 
average annual growth of 1.75% in 2000–2016 (Omar et al., 2019). Furthermore, 
the gap between rice production and consumption is expected to widen around 
2026; Malaysia’s rice production is expected to reach 2.2 MMT, while Malaysia’s 
rice consumption is expected to reach 3.5 MMT, and Malaysia’s rice import 
volume is expected to reach 1.3 MMT. Additionally, Malaysia’s rice self-
sufficiency level (SSL) may reach 70% in 2026, compared to 80% in 1990 (Omar 
et al., 2019). Furthermore, Malaysia’s population is expected to exceed 32.8 
million in 2020, increasing to 41.1 million in mid-2050 (PRB, 2021). Thus, the 
growing population rate is expected to aggravate Malaysia’s rice dilemma. Given 
Malaysia's growing rice production-consumption gap, increasing rice yield 
production is urgently needed to meet rice food security demands. Therefore, 
according to the 2011–2020 National Agrofood Policy (NAFP), Malaysia’s 
domestic rice production became the priority for the country's staple food security 
(Nodin et al., 2022).  
 

Crop yield is a function of the dry matter (biomass) partitioning amount in the 
source-sink system (Marcelis, 1996; Smith et al., 2018). Consequently, rice crop 
biomass reflects crop yield potential (Li et al., 2020; Mansaray, Zhang, et al., 
2020). Thus, estimating rice crop biomass allows the prediction of rice yield 
(Gouranga and Kumar, 2014). The sampling of rice crop biomass traits, such as 
green leaf (GL) biomass, dead leaf (DL) biomass, stem (STEM) biomass, 
storage organ (SO) biomass, and the total above ground (TAGB), allows for the 
accurate estimation of rice biomass. 
 

 Problem Statement 
 

Conventional rice sampling methods are effective. However, they are 
destructive, laborious, time-consuming, expensive, impractical for large fields, 
and subject to human error (Catchpole and Wheelert, 1992; Daughtry, 1990). 
Instead, remote sensing tools, such as satellites, ground-platform sensors, and 
unmanned aerial vehicles (UAVs), are novel methods to address these issues 
(Wójtowicz et al., 2016; Zheng & Moskal, 2009). However, on the one hand, 
satellites are limited by the low-resolution of acquired imagery, cloud cover, and 
revisit times for on-nadir data. Ground-platform sensors, on the other hand, are 
time-consuming, tedious, and have a limited spectrum (Rudd et al., 2017). UAVs 
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may address the issues of satellites and ground-platform sensors (Barbedo, 
2019). UAVs provide accurate rice biomass estimation (Devia et al., 2019); they 
provide rice biomass estimative spectral and hyperspectral data, such as 
vegetation indices (VIs) (Ndikumana et al., 2018b; Tilly et al., 2013; Tubaña et 
al., 2011).   
 

However, VIs are sensitive to multicollinearity (Grüner et al., 2020); VIs are 
calculated from the same spectral bands (Fiorillo et al., 2020). Multicollinearity 
causes several statistical and numerical issues for machine learning algorithms 
(MLs). The former consists of the difficulties in testing individual regression 
coefficients due to inflated standard errors, resulting in a poor determination of 
significant features. The latter consists of difficulties in the computer's 
calculations due to numerical instability (Siegel, 2016). Further, VIs are noisy. 
VIs' noise increases the MLs' model complexity, which may cause model under- 
or overfitting (Atzberger et al., 2011; Broge and Leblanc, 2001; Quan et al., 
2015). Furthermore, large VI data collection is expensive, while the MLs' 
expected generalisation error is inversely proportional to their training dataset 
size (Demir et al., 2021). For instance, connectionism-based MLs, such as deep 
neural networks (DNNs), are data-greedy MLs, and their training requires large 
datasets (Adadi, 2021; Antoniou et al., 2018). 
 

 Hypotheses Justification 
 

Currently, accurate rice biomass estimation practises are leaning toward novel 
alternative methods. Methods that are inexpensive, time-effective, less 
laborious, less subject to human error, and efficient for large fields, such as UAVs 
(Lu et al., 2021). The latter provides descriptive multispectral data on rice 
biomass, such as VIs. The VI maximises sensitivity to the rice crop's vegetation-
based physiological and phenological traits, including the green leaf, dead leaf, 
stem, storage organ, and total above-ground biomass (Friedl, 2018). Therefore, 
using machine learning algorithms (MLs), VIs are reliable predictors of rice 
biomass. The latter reflects rice yield potential and allows for the selection of 
high-yielding rice cultivars (Mansaray et al., 2020b). Nevertheless, the VIs are 
collinear and noisy (Atzberger et al., 2011; Grüner et al., 2020), and their large 
data collection is expensive (Taylor and Nitschke, 2018). The VIs' 
multicollinearity causes the MLs’ computational and statistical errors, the model's 
performance, stability, variance, and confidence (Siegel, 2016). The noise in the 
VIs may cause the MLs to develop a complex but unstable model. Additionally, 
training MLs, such as deep neural networks (DNNs), requires large datasets. 
Small and noisy VIs datasets can cause the model to underfit or overfit 
(Saseendran et al, 2019). Multicollinearity handling, denoising, and size 
augmentation of VIs' datasets are the expected solutions to improve the MLs 
model's performance, minimise its under- or overfitting, reduce its variance, and 
increase its confidence.  
 

MLs, such as the guided regularised random forest (GRRF) (Fiorillo et al., 2020), 
the normal random forest (RF) (Triscowati et al., 2019), and the Bayesian 
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algorithms (Jaya et al., 2020), were successfully applied to handle 
multicollinearity in other research domains. Likewise, denoising MLs filters, such 
as the fast Fourier transform (Choudhary and Gautam, 2022), wavelet transform 
(Fernandas et al., 2003), and the Kalman filter (Peesapati et al., 2013), were also 
successfully applied for spectral and spectral-like data denoising. Additionally, 
MLs, such as variational autoencoders and generative adversarial neural 
networks, were effective for spectral and spectral-like data augmentation (Miao 
et al., 2016; Xu et al., 2019).    
 

 Objectives 
The current study focuses on the multicollinearity handling, denoising, and 
augmentation of UAV-based VIs using machine learning algorithms to address 
the three VIs issues, filling the revealed gap for accurately predicting rice 
biomass. In this regard, this study aims to: 

1. Compare the base and ensemble MLs’ model performance, variance, 
stability, and confidence for predicting rice biomass using collinear 
(multicollinearity context (MCC)) and non-collinear (non-multicollinearity 
context (NMCC)) VIs. 

2. Compare the rice above ground biomass (TAGB) predictability from noised 
and Kalman filter’ denoised VIs using histogram gradient boosting regressor 
(HGBR). 

3. Develop a trigonometric-Euclidean-smoother interpolator (TESI), including 
linear (LN-TESI), cubic (C-TESI), quadratic (Q-TESI), and logarithmic (L-
TESI) interpolators, for continuous time-series and non-time-series VIs data 
augmentation, and compare them to the tabular variational autoencoder 
(TVAE) and the conditional tabular generative adversarial network (CTGAN) 
for preventing DNN’s under- or overfitting. 

 

 The study’s scope and limitations  
 

The current study considers rice biomass as a direct indicator of rice yield 
potential. Therefore, it explores new methods for rice biomass sampling. Along 
this line, the current study examines conventional rice sampling methods, 
revealing their drawbacks. Further, it promotes the use of remote sensing 
technologies as an alternative for rice sampling. Furthermore, it reveals the 
limitations of satellites and ground-based sensors and suggests UAVs as more 
potential tools for rice biomass sampling. Considering this, the study explores 
the use of UAV-based VIs and revolves around their issues (i.e., multicollinearity, 
noise, and data size) in predicting rice biomass. To fill the VI gap, the study 
proposes three possible solutions to the VI issues. Therefore, the current study 
aims to handle the multicollinearity, noise, and data size of UAV-based VIs using 
machine learning algorithms for accurately predicting rice biomass. To that end, 
the study proposed the objectives stated in Section 1.4. To achieve these 
objectives, the study conducted a split-plot randomised complete block design 
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(RCBD) experiment for rice biomass collection. Additionally, it used a UAV for 
spectral data acquisition. The spectral data was processed to extract the VIs. 
The study applied different concept based MLs to handle the three VI issues and 
then used them to predict rice biomass. At this point, handling the three VI issues 
was expected to help accurately predict rice biomass. 
 

However, the study scope focuses on: (i) sampling biomass in a single field in a 
single granary (i.e., IADA KETARA) in Malaysia; (ii) sampling biomass in an 
experimental field of only 3.3 km2 of area; (iiii) sampling biomass only in the off-
season; (iv) sampling biomass only during three growth stages (ie., tillering, 
booting, and milking); (v) limiting rice biomass sampling to 120 samples per 
growth stage; (vi) experimenting only on five Oryza sativa cultivars (i.e., including 
MR269, MR297, UPUTRA, MR219, and MR220CL2); (vii) limiting the imagery's 
spectral resolution to five bands (i.e., blue, green, red, RedEdge, and NIR) within 
the 450–880 spectrum; (viii) limiting the imagery's spatial resolution to 3 cm/pixel; 
(ix)  and studying only VIs to predict rice biomass.  
 

The above-mentioned scope boundaries may limit the generalisations in the 
conclusions. The spatial invariability of the field may mask the effects of soil 
variability on the biomass production of each cultivar. Additionally, rice cultivation 
in the off-season requires suitable irrigation conditions, which may affect rice 
biomass production; rising temperatures and changes in rainfall patterns have 
direct effects on rice biomass and yield, as well as indirect effects through 
changes in irrigation water availability in most regions. Moreover, the number of 
rice cultivars is limited, and different gene cultivars may produce different 
amounts of biomass per quadrant. Additionally, they may perform differently 
under different soil conditions because biomass production is influenced by (i) 
soil humidity, (ii) soil and air temperature, (iii) air humidity, (iv) photoperiod, (v) 
light intensity, (vi) soil fertility, i.e., soil nutrient availability, and (vii) genotype. 
Sampling biomass only in three growth stages lowers the quality of spectral 
imagery because different days may examine different climatic conditions. 
Consequently, densifying the UAV flights may cover such an issue and give 
insightful results regarding the rice crop phenology. Additionally, increasing the 
spectral and spatial resolutions of bands may better describe the vegetative 
dynamism of rice biomass. Finally, studying only VIs to predict rice biomass is 
not the only option; texture features and colour spaces may also be appropriate 
for this purpose and suffer from the same VI issues. Overall, insufficient funding 
justifies the limitations of the current study. 
 

 Thesis Outline 
 

The present study highlights rice biomass as a direct indicator of rice yield 
potential. The latter's determination enables the selection of the most productive 
rice cultivars. To that end, this study uses an UAV as a non-destructive, time-
efficient, inexpensive, less laborious, and large-field practical tool for sampling 
rice biomass. Further, it harnesses different concept MLs for UAV-based VIs 
analysis and rice biomass prediction. In accordance with that, the present study 
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comprises five chapters. In Chapter 1, it revealed the three VI issues—the VI 
sensitivity to multicollinearity, the VI noise, and the VI small data size—that 
cause the MLs several computational and statistical issues, weakening the 
prediction of rice biomass. Further, it hypothesises three expected solutions to 
resolve the three VI issues, filling the VI gap: using MLs for VI multicollinearity 
handling, an ML filter for VI denoising, and MLs for VI data augmentation. To that 
end, the study established three objectives to achieve: (i) compare the base and 
ensemble MLs’ model performance, variance, stability, and confidence for 
predicting rice biomass using collinear (multicollinearity context (MCC)) and non-
collinear (non-multicollinearity context (NMCC)) VIs; (ii) compare the rice above 
ground biomass (TAGB) predictability from noised and Kalman filter’ denoised 
VIs using histogram gradient boosting regressor (HGBR); (iii) develop a 
trigonometric-Euclidean-smoother interpolator (TESI), including linear (LN-
TESI), cubic (C-TESI), quadratic (Q-TESI), and logarithmic (L-TESI) 
interpolators, for continuous time-series and non-time-series VIs data 
augmentation, and compare them to the tabular variational autoencoder (TVAE) 
and the conditional tabular generative adversarial network (CTGAN) for 
preventing DNN’s under- or overfitting. In Chapter 2, it classified rice sampling 
methods as destructive and non-destructive, highlighted UAV-VIs as alternative 
non-destructive tools for rice biomass sampling and reviewed the use of MLs for 
VI multicollinearity handling, denoising, and data augmentation. In Chapter 3, it 
described the study field, the split-plot randomised complete block design 
(RCBD) experiment for rice biomass data collection, the MicaSense Red-Edge 
multispectral camera and DJI quadcopter UAV flight, UAV spectral data 
acquisition, UAV spectral data processing, UAV-VIs extraction, the use of MLS 
for VI multicollinearity handling, denoising, and data augmentation, the use of 
MLs and VIs for rice biomass prediction, and the MLs model's performance, 
stability, variance, and confidence evaluation. In Chapter 4, the study analyses 
the multicollinearity, denoising, and augmentation results, extracts and interprets 
their key findings, concludes the general hypotheses, and links them to the 
literature (findings generalisation). In Chapter 5, the study draws the general 
conclusion, highlights each objective significance and limitations, and set the 
future recommendations. 
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