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ABSTRACT 

Remote measurement of rice crop parameters; Leaf-
Chlorophyll, Above-ground biomass, Plant Height, Leaf 
Moisture and Rice Yield of rice plants before the actual 
harvest are vital for the early management of rice crops. This 
study was conducted in controlled rice fields and extended 
to farmer rice fields in the Maha season in Sri Lanka. The 
multispectral aerial images of the field were acquired by an 
Unmanned Ariel Vehicle (UAV) and processed. Vegetation 
indices (VIs) were then derived and selected the best 
combination of VIs explaining the respective ground-
measured parameters. The combination of selected VIs 
showed significant association (R2=0.84, RMSE=0.28; 
R2=0.81, RMSE=0.06 kg/m2; R2=0.63, RMSE=0.11 cm; 
R2=0.57, RMSE= 0.16% and R2=0.98, RMSE=128.5 kg/ha, 
Leaf-Chlorophyll, Above-ground biomass, Plant height, Leaf 
moisture, and Rice yield respectively) with the ground data 
in the controlled rice field experiment conducted at the Rice 
Research and Development Institute (RRDI), Bathalagoda, 
Sri Lanka. When these selected vegetation indices were 
transferred to a farmer rice field they showed a relationship 
as R2=0.57, RMSE=1.35; R2=0.60, RMSE=1.23 kg/m2; 
R2=0.41, RMSE= 9.95 cm; R2=0.36, RMSE= 34.4% and 
R2=0.53, RMSE=563.04 kg/ha respectively., The vegetation 
indices derived from UAV-multispectral images were able to 
associate and estimate the rice crop parameters like Leaf-
Chlorophyll, Above-ground biomass and Rice Yield at 
booting stage and 25 m flying height. Therefore, VIs 
developed using UAV multispectral imagery to measure 
Leaf-Chl, AGB, PHt, LM and RY behave differently across rice 
fields in different soils, rice varieties, weedy conditions and 
agronomic practices. 
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INTRODUCTION 
 

Rice is generally grown in two cropping 
seasons, the Yala and the Maha which are 
related to the dry and wet seasons of Sri Lanka. 
Agro-climatically, the year is divided into two 
seasons coinciding with the monsoons as 
Maha and Yala and rice lands are cultivated in 
these distinct two seasons (Gitelson and 
Merzlyak, 1996). The major cultivation season 
Maha, which is from late September to 
February is fed with inter-monsoon rain and 
with the North-east monsoon, which is well 
distributed all over the island (Agudo et al., 
2018; Gong et al., 2021).  
 
Regular monitoring of the rice crop allows 
farmers to assess its growth and development, 
enabling them to make timely decisions to 
optimize yield. Monitoring of crop 
performance helps to identify potential issues 
such as nutrient deficiencies, pest and disease 
outbreaks, water stress, or weed infestations 
(Shafi et al., 2019).  By addressing these 
problems promptly, farmers can minimize 
yield losses and maximize the productivity of 
their rice crop (Bendig et al., 2015; Genc et al., 
2013; Wang et al., 2012). This ensures that the 
rice plants receive adequate nutrients for 
healthy growth, minimizing nutrient 
deficiencies or excesses that can affect yield 
and crop quality. Ongoing monitoring of the 
rice crop provides farmers with essential data 
for making informed decisions and managing 
risks. By having real-time information on crop 
health, growth, and environmental conditions, 
farmers can adjust their management 
practices, allocate resources effectively, and 
make informed choices about pest control, 
fertilization, irrigation, and other critical 
aspects (Garcia and Barbedo, 2019). This 
enables proactive management and helps 
mitigate potential risks and uncertainties 
associated with rice farming (Candiago et al., 
2015; Wang et al., 2019). 
 
Crop vigor and performance monitoring, 
including plant crop parameters like leaf 
chlorophyll, above ground biomass, Plant 
height, Leaf area Index, Leaf moisture, and 
yield aids in early stress detection (Bendig et 
al., 2015). Changes in plant vigor can indicate 
environmental stresses, such as drought, 
excessive heat, or disease pressure. Timely 

identification of stress allows for prompt 
intervention and mitigation measures. By 
monitoring crop performance, growers can 
implement appropriate stress management 
strategies, including adjusting irrigation, 
modifying cultural practices, or applying 
treatments to mitigate the stress impact on 
crop vigor and performance.  Assessing crop 
vigor and performance, contributes to yield 
estimation and forecasting. Healthy plants 
with optimal levels are more likely to achieve 
higher yields. But farmers do not have 
sufficient methods to monitor the crop 
performance quickly and easily other than 
traditional time consuming and labor 
intensive methods (Mandal et al., 2008).  
 
Several conventional methods are available 
for estimating Leaf chlorophyll content (Leaf-
Chl), such as Soil Plant Analysis Development 
(SPAD) chlorophyll meters which are 
handheld devices that measure the relative 
chlorophyll content in leaves. Also, there are 
laboratory methods involves extracting 
chlorophyll from leaf samples (Slam et al., 
2009). But requires sample collection, 
preparation, and access to a laboratory with 
spectrophotometric equipment 
(Chithranayana and Punyawardena, 2014) 
And sometimes these methods may difficult 
when it come to a huge rice field as it is a time 
consuming and labor intensive method. 
 
Above ground biomass (AGB)is closely 
associated with the harvestable yield where a 
higher AGB generally indicates a healthier and 
more vigorous plant (Clevers and Gitelson, 
2014; Swain and Zaman, 2012). It is also an 
important indicator of the health of crop 
ecosystem (Casey, 2020; Dammalage et al., 
2017;) Traditionally, a variety of destructive 
methods have been used for estimating AGB. 
Popular method is the destructive or harvest 
method which involves cutting down all 
aboveground biomass within a defined area, 
drying it to constant weight, and then 
weighing it to determine biomass(Gabriel et 
al., 2017). Destructive sampling methods 
require field sampling, meaning that a portion 
of the crop or vegetation must be physically 
removed from the field for analysis. A major 
drawback is the challenge of conducting large 
number of sampling in a field that may require 
removal of considerable amount of productive 
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plants in field and also result in data 
interpolation and poor representation of the 
real variability of AGB in the complete rice 
field (Dammalage et al., 2017, Ling et al., 2011; 
Yuan et al., 2016).  
 
The PHt (Plant height) is a physiological 
measurement which has a strong positive 
correlation with plant biomass. Using a ruler 
or measuring tape, the traditional method of 
measuring PHt in rice entails taking a direct 
measurement from the plant's base to its 
highest point (Jackson and Somers, 1989; Yang 
et al., 2015). The disc pasture method (DPM) 
is indeed a tool used for estimating 
aboveground standing grass height 
(Confalonieri et al., 2009; Harmse et al., 2019). 
 
The traditional PHt methods typically require 
physical samples to be collected from the field, 
which limits the spatial coverage of the 
analysis. This means that it may not be 
possible to assess the entire field, and only a 
small portion of the field may be analyzed, 
leading to potential errors (Devia et al., 2019).  
 
LM content is important for understanding the 
hydration status and overall health of plants. 
While direct measurement of LM can be 
challenging, several methods involve directly 
measuring LM by weighing a fresh leaf sample, 
followed by drying the sample to remove all 
moisture and reweighing it to determine the 
dry weight. Leaf conductance, also known as 
stomatal conductance, is a measure of the 
ability of leaves to transpire water vapor 
(Tang et al., 2022). It is influenced by LM 
content, and by measuring leaf conductance 
using specialized instruments such as 
porometers, one can indirectly infer the LM 
status. Those methods are destructive and 
time-consuming methods. 
 
Traditionally, crop growth parameter 
estimation is based upon data collection 
technique from ground-based field visits. Such 
technique is often subjective, costly and is 
prone to large errors, leading to poor crop 
assessment and crop area estimation (Filella 
et al., 1995). Also, the obtained data may 
become available too late for appropriate 
action. At the same time, no yield estimation 
tools unless developed or tested locally are 
suitable for local use. Remote sensing 

techniques have the potential to provide 
information on agricultural crops 
quantitatively, instantaneously, and 
nondestructively over large areas (Easterday 
et al., 2019; Tsouros et al., 2019). In precision 
agriculture, crop condition can be monitored 
based on the crop parameter. In general, 
remote sensing is a means of obtaining and 
interpreting information of an object from a 
distance, an area phenomenon by acquiring 
the data using sensors or devices without 
physical touch (Duan et al., 2019; Esposito et 
al., 2021). In today's technological era, 
agricultural crop conditions such as rice can 
be monitored rapidly from the air. The 
methods can be observed using camera or 
sensor which is platformed on helicopter, 
aircraft, Unmanned Aerial Vehicle (UAV) and 
satellite (Dammalage et al., 2017). 
 
Crop monitoring has traditionally involved 
applying various direct and indirect measures 
of plant features, soil parameters, and 
environmental conditions. Previous studies 
highlighted some VIs which can use to monitor 
the crop performance, and those were derived 
using satellite and UAV data. Compared to 
satellite images, UAVs are emerging as new, 
viable platforms for collecting spatial data at a 
lower cost. Contrarily, there are few studies 
have been conducted (Dammalage and 
Shanmugam, 2018; Garcia and Barbedo, 2019) 
for UAV derived VIs to monitor the rice crop 
performance in relation  different rice farming 
ecosystems, rice varieties and climatic 
conditions. Furthermore, previous research 
has only used widely a single VIs to estimate 
rice crop parameters, without comparing the 
performances of these combinations in 
various rice growing ecosystems. 
Nevertheless, there is insufficient studies on 
the application of UAV multispectral imaging 
for estimating rice yield and parameters that 
have been published in Sri Lanka. Therefore, 
there is a significant research gap to be filled 
in order to examine the accuracy of 
combinations of VIs produced from UAV 
multispectral imaging over the rice ecosystem 
of Sri Lanka with rice types that are used 
locally. On the other hand there are some 
researches to monitor the crop leaf water 
stress and mapping crop water status with 
multispectral UAV imagery but there is no 
evidence of past research work reported on 
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identifying specific VIs which measure leaf 
moisture of the rice crop. 
 
Therefore, this study was designed based on 
the two hypothesis, Leaf-Chl, LM, AGB, PHt and 
RY can estimate using VIs derived from UAV-
multispectral imagery and  VIs developed to 
estimate Leaf-Chl, LM, AGB, PHt and RY can 
perform similar manner across rice fields in 
different soils, rice varieties, weedy conditions 
and agronomic practices.  
 
Thus, this study aims to evaluate the potential 
of monitoring Leaf-Chl, LM, AGB, PHt and RY, 
using a UAV based remote sensing protocol, so 
that the farmers and researchers can monitor 
the crop response during management 
activities real-time before the harvest. In this 
study the generated relationship from the data 
of an initial experimental field was used to find 
the applicability of using UAV based technique 
to monitor the crop performance of an 
ongoing farmer field. 
 
METHODOLOGY 
 
The experiment was conducted in two steps 
with ground truth data and acquired UAV 
imagery data, a) at a controlled rice field of 
variety Bg 300 to test the first hypothesis and 
then b) at a farmer field of rice variety Bg 374 
to test the second hypothesis. Both 
experiments were conducted during the Maha 
season.  
 
Field Experimental design 
 
Initial experiment in Controlled Field 
 
In order to test the first hypothesis that UAV-
multispectral imagery can measure Leaf-Chl, 
AGB, PHt, LM, and RY (Figure 1) a controlled 
field experiment was conducted at the rice 
fields maintained by the Rice Research and 
Development Institute, Bathalagoda, Sri Lanka 
(7°31′53.49″N, 80°26′7.29″E). Rice variety Bg 
300 was established by transplanting 
seedlings at a spacing (4.5 m x 3 m and 49 
plants/m2 plant density) during Maha season 
2021/2022. The rice field had a soil type of 
Red-Yellow Podzolic, supplied with abundant 
water through cannel irrigation, and 
agronomic practices conducted as 

recommended by the Department of 
Agriculture (DOA, Sri Lanka). Experimental 
layout was adopted in the field by blocking it 
into four blocks of artificially created 
controlled fertilizer application rates to 
simulate variability among the rice plants in 
the experiment. Blocks were physically 
separated during land preparation by ridges of 
soil to avoid any surface water being 
contaminated from the adjoining. Then four 
blocks were treated with four variable 
nitrogen (N) fertilizer rates; 0% (0 kg/ha), 
50% (112.5 kg/ha), 100% (225 kg/ha), and 
150% (337.5 kg/ha), respectively of 
recommendation for N fertilizer for rice 
(Sirisena, 2013) by the Department of 
Agriculture (DOA), Sri Lanka. Each block was 
contained 640 rice plants transplanted on the 
same day, and for easy management, plants 
were arranged as subplots in a block allotting 
a total of 16 subplots in the total field (4 
subplots x 4 blocks) (Figure 2). Ground-truth 
measurements were taken from quadrants (1 
m2) randomly laid over each block at panicle 
initiation (4 WAP), booting (6WAP), and 
milking stage (8 WAP). 
 
Farmer field 
 
This study was done to test the second 
hypothesis that best selected combination of 
VIs in the controlled field remain similar at 
different soil type (fine loamy to clayey, 
kaolinitic, and isohyperthermic), agronomic 
practices and rice variety or otherwise 
selection of VIs is influenced. Hence, the 
farmer fields were maintained by the farmers 
(from November to March 2023) located at 
Kinigama, Gampaha district, Western 
Province, in Sri Lanka (7°03'25.2"N 
80°02'02.5" E). Maha Season was used for 
collecting data with Bg 374 (3 1/2 month) rice 
variety. The data collection was conducted at 
the booting stage of the rice plant as it was 
selected which is the optimum reproductive 
stage (Panday et al., 2020) and shows the 
significant association with the growth 
parameters (eg. Leaf-Chl, AGB, PHt, LM, and 
RY) and selected VIs of the initial experimental 
data. The experiment was carried out in a 
completely randomized design (Figure 3). 
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Figure 1. Measured physiological parameters of the rice crop  
 

 
Figure 2. A sample of orthomosaic UAV captured image of the experimental rice field; showing 
regiform frames (marking ground sampling locations) and created known variation in the field 
 
Ground-truth data collection 
 
Data collection for Leaf-Chl 
 
Leaf-Chl was measured using the SPAD–502 
Chlorophyll meter (Minolta Co. Ltd., Osaka, 
Japan) at booting stage. Five plants were 
randomly selected and data was recorded on 
the flag leaf of each plant. Finally, the average 

value was recorded as the final SPAD value of 
the sample point (Figure 4). 
 
Data collection for AGB 
 
Further, destructive sampling was conducted 
for the calculation of AGB followed by the leaf 
chlorophyll measurement. Six rice plant 
bushes from each quadrant were uprooted 
and sealed in polythene bags for 
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transportation to the laboratory within 30 
min. At the laboratory soil and root parts were 
removed and remaining components (stem, 
leaves and panicle) were dried at 70 °C for 72 
h, until a consistent weight was obtained (W1) 
(Prabhakara et al., 2015). Finally, AGB was 
calculated as weight per unit area (kg/m2) 
using Eq.1 (Casey, 2020). 
 
AGB= (W1/n1) × (n2/A)                      (Eq.1) 
where,  
W1=dry weight of the sample (stem, leaves 
and panicle of the plant), n1= No of samples 
taken within a 1m2 quadrant area, n2=Total no 

of plants within a 1m2 quadrant area and A= 
destructive above-ground biomass sampling 
area (1m2). 
 
Data collection of PHt 
 
The disc pasture meter method was used to 
measure the average PHt of the rice bushes 
(Harmse et al., 2019). The meter was placed at 
the base of the rice plant and the disc was 
allowed to freely settle on the leaves as shown 
in Figure 5. Six readings were recorded per 
quadrant for the PHt (Figure 5). 

 

 
Figure 3. Flow diagram of the steps carried out in the farmer field 
 

 
Figure 4. SPAD meter method used to measure Leaf Chlorophyll of the rice crop (used the fully 
expanded top leaf including the flag leaf from each sampling regiform quadrant) 
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Data collection of leaf moisture 
 
LM measurements of rice leaves from 3 plants 
per quadrant were taken. The fresh mass of 
the sample was measured. Samples were 
oven-dried for 72 h at 60 °C and measured 
again for dry mass (Easterday et al., 2019). The 
fresh and dry mass of each sample was then 
used to calculate LM as (Eq. 2),(Easterday et 
al., 2019). 
 
LM= [(Fresh mass–Dry mass)/ (Dry mass)] × 
100                             (Eq. 2) 
 
Measuring actual Rice yield (RY) 
 
Then the actual rice yield was obtained from 
the field before harvest using the same 
sampling quadrants (1m2 quadrants). Then 
panicles were collected in sacks and weighed 
(fresh weight) and it was recorded per sample 
unit area (1m2) as the actual yield for this 
study.  
 
UAV aerial data collection 
 
UAV image acquisition 
 
Figure 6 shows the way how acquire the aerial 
multispectral images of the rice field using a 
P4 Multispectral (DJI Technology) and real 
time kinetic (RTK) enabled UAV (Figure 7). 
There are six camera sensors are mounted for 
capturing reflected wavebands 

simultaneously in blue (B): 465–485 nm, 
green (G): 550–570 nm, red(R): 663–673 nm, 
red edge (RE): 712–722 nm, and near-infrared 
(NIR): 820–860 nm. DJI GS Pro app was used 
for the mission planning by drawing a zig-zag 
pattern flight grid over the field with 
attributes; shooting angle parallel to main 
path, capture at equal time interval, front 
overlap ratio 80% and side overlap 70%. 
Flying height was set to 25 m with a 2 cm/px 
ground sampling distance (GSD). 25 m flying 
height was decided as the best height because 
an initial sensitivity test was conducted and it 
was found 25 m produce best results for most 
of the remotely measured parameters for rice 
(Dharmaratne et al., 2024). The aerial imagery 
was acquired between 10:00 h to 12:00 h 
during sunny days when no rain. 
 
Image processing 
 
A single field reflectance image was generated 
with P4 Multispectral UAV produced multiple 
images using the professional 
photogrammetry software Pix4D mapper 
(Switzerland, Version 4.6.4, Perpetual 
licensed) software. The process included point 
cloud densification, orthomosaic and 
reflectance raster image (with correction for 
irradiance). Consequent B, G, R, RE, and NIR 
reflectance maps of the rice field were 
generated through this process. 
 

 
Figure 5. Disc pasture method used to measure average rice plant height 
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Figure 6. Capturing multispectral images using 
the P4 Multispectral UAV over the rice field 
during 1.5 month before the harvest 

Figure 7. Real-time kinematic (RTK) GPS 

guidance system 

 

 
Geo-referencing 
 
The images were geo-referenced with the RTK 
(Figure 7) mode enabled in the P4 
Multispectral UAV. 
 
Image segmentation 
 
The pixels associated with non-targeted bare 
soil or water surfaces were removed from 
each raster image by segmentation, 
thresholding the image using its own average 
reflectance values from bare soil or water 
surfaces. This step was performed in QGIS 
software (Desktop 3.16.0) by following; drawn 
polygons on soil or water surfaces, calculated 
average value from the Zonal Statistics toolkit, 
and thresholded using Raster Calculator 
toolkit.  
 
Calculation of Vis 
 
VIs were calculated from rice crop reflectance 
values extracted from each sampling 
quadrant. The QGIS software was used to draw 
polygons within the quadrants in the 
segmented raster images to extract the 
average reflectance of B, G, R, RE and NIR by 
the Zonal Statistics toolkit. Once the extraction 
is completed the attribute tables were 

exported in MS EXCEL format to compute 20 
VIs as listed in table 1.  
 
Data analysis 
 
The UAV derived VI responses retrieved at 
booting stage of rice plant were associated 
with ground measured rice Leaf-Chl, AGB, PHt, 
LM, and RY. It was evident through the 
Shapiro-Wilk's test that a distinct normalized 
variability was achievable among the rice 
plant growth at each growth stage during the 
experiment by applying different levels of N. 
As there were 20 indices dimension reduction 
was performed using partial-least-squares 
regression (PLS-R) in R-Studio (version 4.1.3 
(2022-03-10)) analytical software to select 
the best fit VI or combination of VIs. The 
coefficient of determination (R2) and root 
mean square error (RMSE) were used to 
assess the performances of the regression 
based on 20 VIs. Then the accuracy was 
determined with the coefficient determination 
values of the best fitted VIs generated by 
multiple linear regression analysis. Likewise, 
identified relationships were further extended 
to farmer rice fields and also new 
relationships were produced using farmer rice 
field data to compare the correlation results 
with controlled field results.   
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Table 1. Computed VIs used for this study 

*Corresponding wavebands derived from DJI P4 Multispectral are Blue(B, R430, R445):430-495 nm, Green (G, R550): 550-

580 nm, Red (R, R600, R670, R680): 600-680 nm, Red edge (RE, R700, R750): 700-750 nm, Near-Infrared (NIR, R800): 800-
860 nm

 
Table 2. Selected VIs from PLS-R analysis and accuracies for the estimation of Leaf-Chl by 
UAV 

The mark (*) indicated the selected VI/ combination of VIs 

 
 
  

Index Index ID Formula * Reference 

Structural Indices    

Normalized Difference 

Vegetation Index 

NDVI (NIR- Red)/(NIR+Red) Peng and Gitelson., (2012) 

Green Normalized Difference 

Vegetation Index 

GNDVI (NIR-Green)/(NIR+Green) Gitelson et al.,(1996) 

Simple Ratio SR NIR/Red Birth and McVey (1968) 

Renormalized   Difference 

Vegetation Index 

RDVI (R800- R 670)/(R800 +R670)
0.5 Roujean and Breon (1995) 

Modified Simple Ratio MSR 
(
𝑁𝐼𝑅

𝑅𝐸𝐷
− 1)/(√

𝑁𝐼𝑅

𝑅𝐸𝐷
+ 1) 

Haboudane et al. (2004) 

Soil Adjusted Vegetation 

Index 

SAVI (NIR-RED)(1+0.5)/(NIR+RED+0.5) Huete and Naglar (1998) 

Enhanced  Vegetative Index EVI 2.5(NIR-Red)/(NIR+2.4Red+1) Birth and McVey (1968) 

Normalized Green Red 

Vegetation Index 

NGRVI (Green-Red)/(Green+Red) Huete and Nagler (1998) 

Optimized soil-adjusted 

vegetation index 

OSAVI (NIR-Red)/ (NIR + Red+ 0.16) Rondeaux et al. (1996) 

Modified soil-adjusted 

vegetation index 

MSAVI (2NIR+1−[(2NIR+1)2−8(NIR−Red)]0.5)/2 Qi et al., (1994) 

Difference vegetation index  DVI (NIR - Red) Roujean and Breon (1995) 

Transformed Difference  

Vegetation Index 

TDVI (0.5+(NIR-Red)/(NIR+Red)) 0.5 Xue and Su, (2017) 

Pigment Indices    

Normalized Pigment 

Chlorophyll Index 

NPCI (R680−R430) / (R680+R430) Zarco-Tejada et al., (2013) 

Structure Insensitive Pigment 

Index 

SIPI (R800−R445)/(R800+R680) Peñuelas et al., (1995) 

Modified chlorophyll 

absorption in reflectance 

Index 

MCARI [(R 700- R 600) -0.2(R 700- R 600)](R 700/ R 

670) 

Borge and Leblanc (2000) 

Transformed chlorophyll 

absorption in the reflectance 

index 

TCARI 3[(R 700- R 670) -2.0(R 700- R 550)](R 700/ R 

670) 

Gitelson et al.,(1996) 

Triangular Vegetation Index TVI 0.5[120(R750-R550)-200(R670-R550)] Borge and Leblanc (2000) 

Chlorophyll Index Red edge CI red edge (R785/R705) -1 Daghutry et al., (2000) 

Normalized Difference Red 

edge index 

NDRE (NIR-Red edge)/ (NIR+ Red edge) Easterday et al., (2019) 

Green-ratio Vegetation Index GRVI (NIR/Green) Sripada et al., (2006) 

Growth 

stage 

15 m 25 m 45 m 65 m 

VIs R2 VIs R2 VIs R2 VIs R2 

Panicle 

initiation 

stage 

SIPI, 

GNDVI, 

NGRVI 

0.46 NPCI, CI 

red edge 

0.44 TVI, SR, MSR 0.78 GRVI, TVI 0.79 

Booting 

stage 

MSR, CI 

red edge 

0.82 

 

CI red edge, 

TCARI 

0.84* CI red edge, TCARI, 

NPCI, NDRE, 

MSR, NDVI 

0.83 MSR, NPCI, 

NDVI, 

NGRVI 

0.82 

Milking 

stage 

SR 0.68 SR 0.66 SR 0.70 SR 0.69 
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RESULTS AND DISCUSSION 
 
Table 2 depicted that VIs were associated with 
high correlation coefficient accuracy (R2) with 
the booting growth stage of rice with each 
growth parameter. Shows a peak fit at 25 m 
UAV flying height whilst gradually declining 
when flown lower or beyond 25 m (Table 2).   
 
Performance of growth parameters 
 
The measured ground truth data of rice plants 
at controlled field, as rice crop parameters; 
Leaf-Chl, AGB, PHt, LM, and RY at Maha season 
were analyzed by visualizing the behavior 
within the artificially induced variable N levels 
and the normal distribution by Shapiro-Wilk's 
test (Confalonieri et al., 2009). The normal 
distribution that measured Leaf-Chl, AGB, PHt, 
LM and rice yield values were normally 
distributed throughout the experiment. 
 
Selection of VIs for Rice at controlled rice 
field  
 
The results of the initial experiment carried 
out at the controlled rice field to test the first 
hypothesis are shown in following sections. 
 
Selection of VIs for the estimation of rice 
Leaf-Chl, AGB, PHt, LM, RY by UAV 
 
The selected VIs for the estimation of rice Leaf-
Chl and their accuracies are listed in Table 3. 
Accordingly, the highest accuracy (R2 = 0.84, 
RMSE= 0.28) was reported in the Booting 
stage (BS). Most contributed VIs were CI red edge 
and TCARI. When comparing the selected VIs 
associated with AGB of rice, the highest 

accuracy (R2 = 0.81, RMSE= 0.06 kg/m2) was 
reported for the regression model as TVI and 
SR.  The selected VIs for the measurement of 
PHt and their accuracies are listed in Table 3. 
It shows (R2= 0.63, RMSE= 0.11 cm) by UAV P4 
multispectral images captured at 25 m. The 
most contributed VIs were; TVI, GRVI, and SR. 
The selected VIs associated with LM and their 
accuracies are listed in Table 3. It shows (R2= 
0.57, RMSE= 0.16%) by UAV P4 multispectral 
images captured at 25 m. The most 
contributed VIs were; TVI, and NPCI. The 
actual RY, harvested end of the cropping 
period was able to be estimated prior in the BS 
strongly (R2= 0.98, RMSE= 128.5 kg/ha) by 
UAV P4 multispectral images captured at 25 
m. The most contributed VIs were; NDVI, SIPI, 
GRVI, NGRVI, TCARI, CI red edge, OSAVI, and 
NPCI.  
 
Validation of selected VIs to farmer rice 
field   
 
In order to test the transferability of the VIs 
selected from the controlled field experiment, 
VIs were applied over the farmer rice field 
with fresh ground-truth data. This was done in 
order to test the second hypothesis that the 
derived VIs from UAV multispectral images 
can perform similar manner across rice fields 
in different soils, rice varieties, weedy 
conditions, agronomic practices, and cropping 
seasons. The selected optimum VIs at the 
controlled rice field during Maha were 
extracted from the images acquired from 
farmer rice fields at 25 m flying height and 
correlated with the freshly sampled ground-
truth data from the farmer rice field itself.  
 

 
Table 3. Linear regression generated for rice Leaf-Chl, AGB, PHt, LM, and RY 

 
 

 

 

 

 

 

 

 

 

 

Growth 
parameter/RY 

R2 RMSE 
Mean Standard 

deviation 
Leaf-Chl 0.84 0.28 36.52 2.79 
AGB 0.81 0.06 kg/m2 0.98  kg/m2 0.13 
PHt 0.63 0.11 cm 51.01 cm 3.22 
LM 0.57 0.16% 44.06 % 2.89 
RY 0.98 128.5 kg/ha 4622.9  kg/ha 701.89 
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Figure 8. Scatter plots showing the associations produced by transferring optimum VIs over farmer 

field: (A) Estimated Leaf-Chl vs observed Leaf-Chl, (B) Estimated AGB vs observed AGB, (C) 

Estimated PHt vs observed PH, (D) Estimated LM vs observed LM, and (E) Estimated RY vs Actual RY 

at farmer rice field   

 
The accuracy of the correlation between 
observed and estimated Leaf-Chl is R2=0.57 
and RMSE=1.35 (Figure 8A). However, the 
results show a drop in the accuracies from R2 
=0.84 to R2 =0.57 due to the varying field/soil 
conditions, crop variety, and weedy conditions 
that existed in the farmer rice field.  
 

The best performing VI or combination of VIs 
(TVI and SR) show cumulative adjusted 
R2=0.81 at the initial experiment (Table 3). 
Next, the derived correlation using that VIs 
were used to estimate the AGB content in the 
farmer rice field. The accuracy of the 
correlation between observed and estimated 
AGB is R2=0.60 and RMSE=1.23 kg/m2 (Figure 
8B). 
 

When the PHt was estimated in the farmer 
field using VIs selected from the controlled 
field also showed a decrease in accuracy as 
R2=0.63 to R2=0.41 (Figure 8C). 
 
When the LM was estimated in farmer field 
conditions using VIs selected from the 
controlled field, show adjusted R2=0.57 at the 
initial experiment. Next, the derived 
relationship using VIs was used to estimate 
the LM of the rice leaves of the farmer field. 

The accuracy of the correlation between 
observed and estimated LM is R2=0.36 and 
RMSE=34.4% (Figure 8D). It also shows a low 
correlation at the farmer field level data 
 
When the AGB was estimated in farmer field 
conditions using VIs selected from the 
controlled field, shows adjusted R2=0.98 in the 
initial experiment. Next, the derived 
relationship using VIs was used to estimate 
the RY of the farmer field. The correlation 
between observed and estimated RY is 
R2=0.53 and RMSE=563.04 kg/ha (NDVI, SIPI, 
GRVI, NGRVI, TCARI, CI red edge, OSAVI, and 
NPCI) (Figure 8E). 
 
Re-applying PLS-R analysis over farmer 
rice fields 
 
In order to select the optimum VIs associated 
with farmer rice field condition, the PLS-R 
analysis was performed again over the 
ground-truth data and UAV-derived VIs from 
farmer rice field. The VIs selected for rice crop 
parameters using PLS-R analysis over farmer 
rice fields during Maha season. The results 
depicted that VIs selected for rice crop 
parameters at farmer field are different from  
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the VIs selected for rice crop parameters from 

controlled field during Maha season (Table 4). 

 

The spectral data such as VIs derived from 
UAV-based images can be used for rice yield 
estimation (Shafian et al., 2018).The 
association of SPAD value and AGB and UAV-
based VIs values during the middle of the 
reproductive period suggested that UAV-
based VIs can be a good alternative for field 
measured physiological parameters, which 
was stable with aforementioned studies 
(Bendig et al., 2015). 
 
In addition, the close associations between 
UAV-based VIs and Leaf-Chl have been 
highlighted in many studies. Clevers and 
Gitelson, (2014)found that CI red edge index is an 
accurate and linear estimator of Leaf-Chl using 
satellite. TCARI was identified as the pigment 
index (Haboudane et al., 2002)which is 
positively correlate with the Leaf-Chl. 
Consequently, in this study, highlighted the 
cumulative adjusted R2 of the CI red edge and 
TCARI at booting stage using UAV data. 
However, the developed relationship for Leaf-
Chl (Table 1) was used to estimate Leaf-Chl 
against the Leaf-Chl measurement from 
commercial farmer field. However, when 
applying the VIs to the farmer field the drop of 
the accuracies from R2 =0.84 to R2 =0.57 is due 
to the varying field condition and crop variety 
existed in the commercial farmer field. On the 
other hand, results proved that the 
combination of VIs selected for the estimation 
of rice Leaf-Chl was possible to estimate the 
rice Leaf-Chl across different field/soil 

conditions, rice varieties and weedy 
conditions at reasonable accuracy.   
 
Prabhakara et al., (2015) highlighted in their 
study that VIs was not applicable to estimate 
AGB of the barley and rye when there is high 
vegetation but in this study combination of 
TVI and SR was identified as the positively 
correlated for estimation of AGB of the rice 
crop at the booting stage (R2>0.8). For 
instance, the correlation between observed 
and estimated AGB shows R2=0.60 in this 
study, so the low accuracy may due to the 
varying field condition, for instance, under 
high-density planting and weedy condition at 
the farmer field level, rice plants may have 
lower AGB due to competition for resources 
and crop variety existed in the commercial 
farmer field. 
 
The estimated PHt is in good agreement with 
the measured PHt over the booting stage 
(R2=0.63, RMSE=0.11 cm, TCARI). In this 
study, the correlation between observed and 
estimated PHt and the spectral indices from 
multispectral images were studied at booting 
stages based on images taken by a UAV. 
Results showed that the spectral indices of the 
booting stage had low significant correlation 
(R2>0.4). However, in this study the 
correlation between PHt estimations and 
ground measurements was weak may be due 
to lack of structural or height specific 
information containing in the VIs. Therefore, it 
would be useful to check on alternative 
possibility of relating the plant height specific 
data maybe derived from the Plant Height 
Model (PHM) developed from the 
Multispectral images (Hassan et al., 2019). 

 
Table 4. The R2 and RMSE values obtained for selected optimum VIs by re-applying PLS-R 
analysis over famer rice field during Maha season 

 
  

 

 

 
 
 

Rice crop 
parameters 

VI/Combination of 
VIs 

R2 RMSE 

Leaf-Chl GNDVI, MSAVI, CI red 

edge, EVI 
0.52 2.28 

AGB NDRE 0.58 1.99 kg/m2 

PHt MSAVI 0.40 8.82 cm 

LM GRVI, TVI 0.18 4.81% 

RY SR, GRVI, MSR, NPCI 0.97 228.5 kg/ha 
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Reuben et al., (2021) depicted the feasibility of 
UAV-based multispectral imaging for canopy 
water status assessment of African eggplant 
(Solanum aethopicum L.). They have shown 
that the single VI which correlated with LM 
(NDVI or OSAVI). Therefore, in this study there 
are combination of VIs which has shown 
significant correlation at the initial 
experiment (R2>0.5), but when it comes to the 
comparison with the farmer field data it has 
shown low accuracy (R2=0.36, RMSE= 3.44%) 
between observed and estimated LM at the 
field level experiment. It may due to the 
uncertainty of farmer level (e.g., soil moisture 
profile), and the varying field condition and 
crop variety existed in the commercial farmer 
field. 
 
It has to be mentioned that relationship 
between grain yield and VIs shown higher 
accuracy at booting stage (R2= 0.98). 
Therefore, this study shows that the 
combination of NDVI, SIPI, GRVI, NGRVI, 
TCARI, CI red edge, OSAVI, and NPCI can be used 
to estimate the rice grain yield (6 weeks prior 
to harvest) 1.5 month before the harvest. It 
means in this combination there are 2 
structural indices (NDVI and OSAVI), and 6 
pigment indices (SIPI, GRVI, NGRVI, TCARI, CI 

red edge, and NPCI) which represent  the 
absorption spectra of the most important leaf 
pigments (Gabriel et al., 2017). Previously 
published results indicated that the booting 
stage could provide higher estimation 
accuracy when using VIs to estimate rice yield 
(Zhou et al., 2017),  Duan et al., (2019) also 
successfully estimated rice yield using 
reflectance measured at booting stage, which 
is consistent with the results from this study. 
Thus, the booting stage (1 ½ month before the 
harvest) may be the best period and the 
boundary point for the estimation of grain 
yield in rice.  
 
The coefficient of determination of the 
relationship between the observed and 
estimated RY was R2=0.53 and RMSE=563.04 
kg/ha which is a low estimation accuracy. 
However, drop of the accuracies from R2 =0.98 
to R2 =0.53 is due to the variation across rice 
fields in different soils, rice varieties, weedy 
conditions, agronomic practices existed in the 
commercial farmer field. On the other hand, 
accuracies proved that the relationship was 

possible to estimate the RY across different 
field/soil conditions, rice varieties and weedy 
conditions (Kaivosoja et al., 2021). 
 
Additionally, this study was used PLS-R 
analysis to extract VIs from the farmer field 
data to generate the field specific VIs. It has 
shown significant accuracy for each parameter 
as it was applied PLS-R individually for the 
each growth parameter to extract VIs 
(R2=0.52, R2=0.58, R2=0.40, R2=0.31, R2=0.18, 
and R2=0.97 during Maha season). So there are 
different VIs selected when the analysis 
applied to the farmer field individually. 
Controlled fields are often carefully controlled 
environments that can manipulate various 
factors, such as water availability, nutrient 
levels, and pest control (Genc et al., 2013). In 
contrast, farmer fields may exhibit greater 
variability due to differences in management 
practices, soil types, and local conditions. 
Farmers may employ diverse management 
practices based on their local knowledge, 
resources, and preferences. These practices 
can influence vegetation growth, health, and 
responses to environmental conditions. 
 
One of the challenges encountered in this 
research was the possibility that the 
multispectral imagery's field reflectance was 
impacted by weeds leaf overlapping on farmer 
fields. Using extended image analysis 
techniques, such as leaf texture-based 
techniques, to separate the rice and weed 
leaves from the image could be one approach 
to get around issue (Gitelson and Merzlyak, 
1996; Gong et al., 2021). Also there is another 
barrier in this study was the lack of easy access 
to the laboratory facilities to analyze the 
ground truth measurement of rice leaf 
moisture at commercial farmer field samples 
as they need to analyze quickly before the 
changes of leaf moisture content. 
 
The study should be expanded further to 
include a large number of sample points from 
commercial farmer fields in a variety of 
ecosystems and climatic situations. These will 
be used for data testing and training purposes, 
and the best VIs will be chosen for use in future 
model development work.  
 
Moreover, this study suggested that UAV-
based remote sensing can acquire a huge 
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dataset at the same time, which affords a more 
complete outline of rice growth by joining 
diverse image parameters. Reported studies 
has established that spectral VIs extracted 
from UAV based multispectral images were 
connected to crop productivity (Stavrakoudis 
et al., 2019). 
 
In general, the tendency of NDVI, GRVI, NGRVI, 
and NPCI (Filella et al., 1995; Nebiker et al., 
2016) SIPI, TCARI, CI red edge and OSAVI (Devia 
et al., 2019; Panday et al., 2020)extracted from 
the multispectral camera in this study was 
reliable with that in past studies which have 
explained that these VIs individually can be 
used to estimate actual rice grain yield. 
 
CONCLUSION 
 
The findings from this study suggest that crop 
remote sensing technology can be used as a 
surrogate for traditional subjective crop 
monitoring methods in rice fields. According 
to the results, we can show that the VIs derived 
from UAV-multispectral imagery depict a 
significant correlation with observed Leaf-Chl, 
AGB, PHt, and RY data though there is an low 
accuracy for estimation of LM and VIs LM 
estimation may effect with rice fields in 
different soils, rice varieties, weedy conditions 
and agronomic practices.  
 
Though low accuracies tend to be achieved 
when a common set of Vis are used for 
measuring Leaf-Chl, AGB, and RY, respectively, 
across different fields, the accuracies can 
improve when Vis are derived field-specific/ 
Vis by re-applying PLS-R analysis over famer 
rice field. Where specially RY can be improved 
up to R2 > 0.90, with combinations of SR, GRVI, 
MSR, and NPCI in highly variable farmer field 
conditions. UAV-based multispectral imagery 
were capable of estimate rice crop growth 
parameters and rice yield with high accuracy 
and can be used to estimate those parameters 
1 ½ month before the harvest encouraging 
more environmental sustainable agriculture.  
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