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ABSTRACT: Accurate and timely estimation of above-ground biomass is crucial for understanding crop growth
dynamics, optimizing agricultural input management, and assessing productivity in sustainable farming practices.
However, conventional biomass assessments are destructive and resource-intensive. In contrast, remote sensing
techniques, particularly those utilizing low-altitude unmanned aerial vehicles, provide a non-destructive approach to
collect imagery data on plant canopy features, including spectral reflectance and structural details at any stage of the
crop life cycle. This study explores the potential visible-light-derived vegetative indices to improve biomass prediction
during the flowering period of buckwheat (Fagopyrum tataricum). Red, green, and blue (RGB) images of buckwheat
were acquired during peak flowering, using a DJI P4 multispectral Drone. From the analysis of those images, four
vegetative indices were calculated. Aboveground fresh biomass was harvested and measured on 14 September 2024.
The results showed negative correlations between the green-band based excess green (ExG), excess green minus excess
red (ExGR), and green leaf index (GLI) indices and the fresh above-ground biomass of buckwheat, while the red
band-based excess red (ExR) index showed an insignificant positive correlation at p < 0.10. An investigation into green-
band-based vegetation indices (VIs) for estimating fresh biomass revealed significant negative correlations during
the experimental period. This unexpected inverse relationship is attributed to spectral interference from abundant
white flowers during the flowering stage, where the high reflectance of white petals masked the green vegetation
signal. Consequently, these green-band VIs demonstrated limited predictive power for biomass under such conditions,
indicating that their utility is compromised when floral reflectance is dominant. Therefore, we suggest that further
experiments are required to validate this relationship and improve the estimation of fresh above-ground biomass in
white-flowered buckwheat plants.

KEYWORDS: UAV-based remote sensing; RGB-derived vegetative indices; biomass prediction; buckwheat; white
flowers
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1 Introduction

In the context of sustainable agriculture, estimating aboveground biomass (AGB) of plants is critical
for understanding crop growth, optimizing field management, and assessing productivity [1]. AGB is an
essential agroecological trait employed to evaluate crop development and measure biomass carbon reserves
in agricultural environments [2]. Traditional methods of biomass estimation are labor-intensive and time-
consuming, often limiting their feasibility for large-scale monitoring [3,4]. Remote and proximal sensing
approaches enable non-destructive data collecting on plant canopy features, such as spectral reflectance and
architecture details [5]. Hence, these methods have the potential to estimate AGB dynamics in field settings.

Unmanned aerial vehicles (UAVs), commonly known as drones, serve as versatile remote sensing tools
that can be programmed to fly over agricultural fields at designated times, providing frequent and systematic
monitoring of crops and environmental conditions. These UAV's are equipped with high-resolution cameras
and multispectral sensors that capture detailed imagery, facilitating the collection of data on crop health,
growth patterns, and stress factors over time. The ability to perform repeated surveys allows farmers
and researchers to track changes and make timely management decisions, enhancing productivity and
sustainability [6].

One of the key advantages of UAV-based remote sensing is its high spatial resolution, which exceeds
that of traditional satellite imagery, enabling precise identification of individual plant stress and variability
within fields. Additionally, their relative affordability and ease of deployment make UAVs an attractive
option for small to large-scale agricultural operations, significantly reducing costs associated with traditional
aerial surveying or ground-based inspections. Recent advancements in UAV technology and remote sensing
sensors have further expanded their capabilities. Notably, the integration of multispectral and hyperspectral
sensors has enabled more accurate and efficient estimation of biomass and crop yield potential. Vegetation
indices (VIs), derived from multi-band imagery—such as the NDVI (Normalized Difference Vegetation
Index)—are now widely used to assess plant vigor, chlorophyll content, and biomass. These indices facilitate
early detection of diseases, nutrient deficiencies, and water stress, ultimately supporting precision agriculture
practices [7].

VIs leverage spectral bands from either the visible spectrum or extended regions, including the red-
edge, near-infrared, and short-wave infrared, to assess plant health and chlorophyll content. This capability
makes them indispensable tools for biomass estimation [8-10]. VIs, derived from spectral reflectance data,
capture information about canopy structure, vegetation health, and photosynthetic activity, which provides
insights for non-invasive biomass evaluation [11,12]. In 2016, Wang Li and his group emphasizes the role
of VIs derived from UAV imagery in estimating maize AGB. Their outcome concluded that spectral Vs,
calculated from high-resolution UAV images, can effectively reflect biomass variability when integral into
the AGB estimation models [13]. They highlighted the importance of integrating spectral data with structural
features to enhance the accuracy of biomass estimation.

UAV-captured RGB imagery is reliable in biomass estimations and provides valuable guidance for pre-
cision agriculture practices. Several scholars have discussed the potential of UAV-based RGB image data in
constructing accurate and efficient biomass estimation models. By integrating VIs based on visual spectrum
and texture features, UAV-derived models offer a significant improvement over traditional methods, enabling
real-time and scalable monitoring of crop growth. Mian et al. [2] used UAV-mounted RGB images to estimate
wheat biomass across different growth stages, developing models that combined vegetation indices (VIs) and
texture features, which showed the strongest correlation with biomass. Similarly, Biswal et al. [14] demon-
strated that integrating spectral and texture data from UAV multispectral images significantly improves
aboveground biomass (AGB) estimation in paddy crops, effectively addressing challenges like dense canopies
and background interference for more reliable crop monitoring.
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RGB-based vegetation indices (VIs) offer a cost-effective, accessible, and less complex alternative to
multispectral VIs for biomass estimation. Unlike multispectral sensors, which entail costly equipment and
specialized data processing, RGB sensors are widely available and easier to operate [15,16]. Previous research
has demonstrated the potential of RGB-derived VIs in estimating biomass across various crops, with studies
showing high correlations between RGB-based indices and crop biomass—for example, R* values between
0.62 and 0.73 for maize and other crops [17]. Other studies have shown the effectiveness of UAV-based RGB
imagery in estimating crop height through digital surface models (DSM), illustrating its potential for biomass
assessment. Furthermore, research has demonstrated that RGB-derived vegetation indices, such as RGBVI,
GLI, VARIL and NGRDI, can reliably predict forage yield, with significant correlations observed [18,19]. These
findings underscore the value of RGB imaging as a practical and cost-effective tool for biomass estimation
and crop monitoring in precision agriculture [20].

VIs have been extensively applied in major crops such as wheat and maize; however, the potential
of RGB based VIs to predict biomass in crops like buckwheat remains underexplored. As a multi food-
use pseudo-cereal crop with exceptional nutritional, medicinal, and functional properties, buckwheat gains
significant popularity among common cereals [21-23]. It offers distinct agronomic advantages due to its
short life cycle of approximately 90 days, rapid growth, and nutrient-conserving characteristics [24,25].
Buckwheat’s versatile traits allow it to be cultivated not only as a staple grain but also as a cover crop,
smother crop, fertility-restoring crop, and stubble crop, promoting sustainable agriculture [24,26]. Its above-
ground biomass (AGB) is valued beyond its seeds, which are a popular gluten-free food source—its foliage
is consumed as a leafy vegetable or dried as tea [27,28]. The biomass is also used for various purposes
such as forage, green manure, land reclamation, and mulch. Additionally, buckwheat leaves and seeds are
rich in bioactive compounds like fagopyrin and rutin, making them valuable for extraction processes. Due
to its multifunctionality and economic significance, buckwheat has attracted increased research interest.
Current studies aim to enhance its agronomic traits, increase yield, improve stress resistance, and optimize
cultivation practices [29]. Thus, estimating buckwheat biomass is crucial for informed crop management
decisions, because multiple factors, including sowing time, irrigation, nutrient supply, growth stage, and
plant density, which influence biomass production, should be monitored [28,30-32]. Previous studies have
identified the critical period for yield determination in common buckwheat as spanning from the first
open flowers to the first brown fruit stages [33]. Despite the importance of accurately estimating buckwheat
biomass, research on non-destructive methods during its flowering stage remains scarce. This study aims
to evaluate the effectiveness of four UAV-derived RGB vegetation indices—Excess Green (ExG), Excess
Red (ExR), Excess Green-Red (ExGR), and Green Leaf Index (GLI)—for predicting above-ground biomass
(AGB) in buckwheat during flowering. Due to limited understanding of reflectance patterns at this stage,
the focus is on identifying potential trends and limitations rather than testing a specific hypothesis. These
indices enhance vegetation contrast by emphasizing green reflectance and suppressing red and blue, making
them valuable for remote sensing applications [34]. Although not universally standardized, previous studies
have shown that such indices are effective for biomass estimation, highlighting their potential in low-cost
remote sensing techniques used in precision agriculture and high-throughput phenotyping [16,35]. The
goal is to improve our understanding of canopy dynamics and biomass accumulation during this critical
growth phase, providing insights to optimize buckwheat cultivation and management strategies. We also
assess whether these indices sustain their predictive power under flowering conditions, contributing to more
reliable biomass estimation methods.
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2 Materials and Methods
2.1 Acquisition of Aerial Images

Tartary buckwheat (Fagopyrum tataricum) was cultivated in the open field located at 126.33° E longitude
and 33.72° N Latitude within Jeju National University, Aradong, Jeju City, Jeju Self-Governing Province,
Republic of Korea during the growing season in 2024 (June to July) (Fig. ). As the study aimed to explore
vegetation index responses during the flowering phase, the experiment was designed to capture canopy-level
variation under natural field conditions without imposing controlled treatments. During the peak flowering
period of buckwheat, UAV images were collected on 13 August 2024, using a DJI Phantom 4 Multispectral
drone equipped with six 1/2.9" CMOS sensors, including an RGB sensor (model FC6360_5.7_1600x1300,
DJI, Germany). The drone operated automatically, following predefined waypoints via the DJI GO Pro app
(SZ DJI Technology Co., Ltd., Shenzhen, China), with settings set to an ISO value of 400 and automatic white
balance [36,37]. The flights took place between 11:30 a.m. and 12:30 p.m. under sunny, low-wind conditions.
The drone flew at a height of 10 m, with a speed of 2.0 m/s, and maintained a forward overlap of 60% and a
side overlap of 50%. A radiation correction target plate (Type 882 Synthetic Tarpulin woven polyester fabric,
Group 8 Technology, Provo, UT, USA) was included in the images for radiometric calibration. To ensure
accurate geo-referencing, 21 ground control points (GCPs), consisting of 21.0 cm by 14.8 cm white paper
sheets, were strategically placed across the study area (see Iig. 2). The RGB images obtained from the sensor
were saved in JPG format for subsequent analysis.

126.5637°E 126.5640°E

—_ — =

o

-

o)

wv

-

l

el
= =
S )
S (=3
S oS
v wn
™ Ll
™ o™
z z
o o
bl ™!
bl bl
bl ™
™ o™
o3 o3
™ ™
= =
o o
[ [
el 0
0 0
] 2]
™ Ll
™ o™

127.0000°E

334588°N
33.4588°N

126.5637°E 126.5640°E

Figure 1: The location of the experimental site and the overview of the buckwheat field created using images obtained
by a UAV remote sensing platform
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Figure 2: Orthomosaic image with ground control points and the corresponding sparse digital surface model (DSM)

2.2 Image Processing

The collected UAV images were processed using a semi-automated workflow in Pix4Dmapper Pro
version 3.0.17 (Pix4D SA, Lausanne, Switzerland), which facilitated the generation of orthomosaics and
digital surface models (DSM) (see Fig. 2). The orthomosaics provided detailed RGB color data, while the
DSMs contained elevation information crucial for analyses such as biomass estimation and canopy structure
assessment. The processing workflow commenced with the ‘Initial Processing’ phase, during which key
points across the overlapping images were identified based on geometric similarities. This step enabled the
software to align the images accurately and estimate the positions and orientations of the camera at the time
of capture (illustrated in Fig. 3). To improve the precision of georeferencing, ground control points (GCPs)
collected using real-time kinematic (RTK) GPS were imported into Pix4D. These GCPs were manually
located within the images and matched with their exact physical locations, allowing for better spatial accuracy
and correction of lens distortions.
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Figure 3: Three major steps of image analysis used in the study: (1) Image acquisition using a DJI Phantom 4
Multispectral UAV during peak flowering of buckwheat; (2) Image processing in Pix4Dmapper software; and (3) Region
of interest (ROI) computation for Vegetation index (VI) calculation using ENVI software to extract plot-level spectral
information

Following this, the ‘Point Cloud and Mesh’ step involved constructing a dense three-dimensional point
cloud through a structure-from-motion (SfM) algorithm, which integrated the key points extracted from the
aligned images. This dense point cloud represented the 3D structure of the terrain and vegetation. The point
cloud was then interpolated to produce a detailed 3D mesh, providing a continuous surface model. In the final
‘DSM, Orthomosaic, and Index’ phase, the 3D mesh was accurately placed within the real-world coordinate
system, with the Image Coordinate System specified as WGS84 (egm2008) and the output coordinate system
as WGS84/UTM zone 52N (egm2008). This step involved calculating elevation data to produce the DSM,
which serves as a foundational layer for further spatial analysis.

The orthomosaic was generated by orthorectifying and resampling the aerial imagery onto the three-
dimensional surface model, with RGB pixel values incorporated to produce a georeferenced, geometrically
corrected, and visually accurate representation of the study field. Both the digital surface model (DSM) and
orthomosaic were exported in GeoTIFF format, preserving essential geographic metadata for precise spatial
referencing. To correct for radiometric variations caused by fluctuations in illumination and atmospheric
conditions during image acquisition, radiometric calibration was conducted utilizing the empirical line
method [20,38]. A calibration target, consisting of four surfaces with known reflectance values (3%, 12%,
36%, and 56%), was positioned within the UAV flight path to be captured concurrently with the imagery.
The digital number (DN) values originating from the respective red, green, and blue spectral bands of these
targets were extracted from the orthomosaic using ENVI software (L3 HARRIS Geospatial, USA). These DN
readings were modeled against the known reflectance values—obtained from the sensor’s calibration data
provided by the manufacturer [39]—via an exponential regression equation (Eq. (1)), enabling the conversion
of DN values to surface reflectance for all image pixels.

re = Ak X eBk.DN, (1)
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where ry represents the reflectance values of the acquired images, DN represents the digital number for
each band, and A and By are the coefficients of the exponential regression model [36,38]. Calibration was
performed for all three RGB bands. The model fit was assessed using the coefficient of determination (R?),
which was 0.99 for each of the RGB bands, indicating an excellent fit.

Vegetation indices (VIs) were computed from the spectral band raster data, including metrics such as
Excess Green (ExG), Excess Green minus Excess Red (ExGR), Excess Red (ExR), and Green Leaf Index (GLI)
(see Table 1). These indices were selected based on their proven effectiveness in biomass estimation in prior
studies. The region of interest (ROI) for each plot was delineated, and the VI values within each ROI were
segmented accordingly. The mean pixel values of the indices were then calculated for each plot to provide
representative measurements for subsequent analysis.

Table 1: Formulae of vegetative indices

Index Formula™® References
ExG 2g-r-b [2]
ExR l.4r-g [36]

ExGR 3g-2.4r-b [40]
GLI (2g-r-b)/(2g +r + b) [38]

Note: *R = red band, G = green band, B = blue band;®r=R/(R+ G + B),
g=G/(R+G+B),b=B/(R+G+B).

2.3 Measuring Fresh Biomass

Buckwheat has a short life cycle of approximately 70 to 90 days, making it a fast-growing crop.
Flowering begins 30-40 days after sowing, with the highest biomass accumulation occurring at 35-45 days
of growth [25,41,42]. Therefore, based on the VI maps, 14 sampling plots (50 cm x 50 cm) representing high,
moderate and low VI values were selected from the sampling area (Fig. 4) and on 14 September 2024, the
buckwheat plants in these plots were harvested by cutting the entire above-ground portion of the plant as
close to the soil surface as possible. Their fresh AGB was measured as fresh weight, without drying or moisture
correction, using a precision balance (Kern PCB precision balance, Model Z674710-1EA: Kern PCB-200-2,
weighing capacity: 200 g, resolution: 0.01 g, linearity: +0.02 g). While this approach provided a practical basis
for validation, we acknowledge that the sample size (n = 14) was limited, which may constrain the statistical
power of the findings. Future studies should incorporate replicated plots and expanded sampling to improve
statistical robustness.

2.4 Statistical Analysis

Statistical analysis was performed using R software (Version 4.3.1, R Foundation for Statistical Com-
puting, Vienna, Austria). The Shapiro-Wilk test was applied to assess the normality of the data. As all data
sets meet normality assumptions at p-value < 0.10 [43], Pearson’s correlation analysis was used to evaluate
statistically significant relationships between VI values and AGB. Given the small sample size and the
exploratory nature of the study, Pearson’s correlation analysis was used as an initial assessment of linear
relationships between VIs and AGB. In addition, 90% confidence intervals for the correlation coefficients
were calculated and reported to better reflect the uncertainty in the estimates.
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Figure 4: Demarcated sampling area and the selected 14 sampling plots based on RGB and EXG VI maps

3 Results and Discussion

Among the 14 plots originally selected for biomass sampling, 5 plots were excluded from the final
analysis due to their values being identified as statistical outliers. The remaining 9 plots were used for
correlation analysis. Although the final sample size is limited, the selected plots were intentionally chosen
to represent a broad range of vegetation index values, ensuring sufficient heterogeneity for exploratory
analysis. The correlations between vegetation indices (VIs) that emphasize green reflectance and fresh AGB
of buckwheat are significant (p < 0.10). In contrast, the red band-based VI (ExR) shows no significant
correlation with fresh AGB. Although a p-value threshold of 0.10 is relatively lenient, it was used due
to the exploratory nature of the study and the small sample size (Table 2). The results should thus be
interpreted with attention. The regression plots in Fig. 5 depict inverse linear relationships between green-
band-based vegetation indices (VIs) and biomass, indicating that higher VI values are generally associated
with lower fresh above-ground biomass (AGB). The statistically significant negative correlations imply that
ExG, ExGR, and GLI may not reliably estimate biomass at the flowering stage. Their applicability is potentially
compromised by the influence of floral pigmentation, which affects green reflectance and diminishes their
effectiveness as biomass indicators. On the other hand, Higher densities of white flowers resulted in lower
VI values due to increased canopy reflectance in non-vegetative bands, which reduces the contrast typically
captured by green band-based vegetation indices.
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Table 2: Pearson’s correlation coeflicients (r), 90% confidence intervals (CI), p-values, sample size (n), coefficient of
determination (R?), adjusted R?, root mean square error (RMSE) for vegetation indices (VIs) with fresh above-ground
biomass (AGB) (n = 9 plots after excluding 5 outliers from initial sampling of 14 plots)

VIs Fresh AGB
p Value r CI (90%) n R Adjusted R® RMSE
ExG 0.04* -0.70 (-0.91,-0.19) 9 0.49 0.42 8.36
ExR 017" 050 (-012,0.84) 9 025 0.14 10.15
ExGR  0.05* -0.66 (-0.90,-0.12) 9 0.44 0.36 8.79
GLI 0.03* -0.71 (-0.91,-0.21) 9 0.50 0.43 8.29
Note: *Correlation is significant at 0.10 level; NSCorrelation is not significant at
0.10 level.
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Figure 5: Simple linear regression analysis between RGB-derived vegetation indices (VIs) (ExG, ExR, ExGR, and GLI)
and fresh above-ground biomass (AGB) of buckwheat at the flowering stage. Each plot shows the fitted regression line,
equation, coefficient of determination (R?), adjusted R?, root mean square error (RMSE), and sample size (1 = 9)

Digital imaging offers an important new method to accurately analyze flower colors, helping us
understand the complexity of these signals as perceived by pollinators. Since white objects reflect light
from all parts of the visible spectrum, white flowers also reflect all visible wavelengths of light [44,45]. The
observed correlations between RGB vegetation indices (VIs) at the flowering stage and fresh AGB suggest
that GLI and ExG are heavily influenced by the floral display (Fig. 5), with the green reflectance signal being
overshadowed by the flowers. These findings highlight the disruptive effect of white flowers on biomass
estimation when using green band-based indices. Meanwhile, ExR shows a moderate positive correlation
(r = 0.505), but this relationship is not statistically significant (p = 0.17). This indicates that ExR may have
some potential for biomass estimation during flowering, but further research is necessary to confirm its
reliability and consistency.

The flowering stage introduces confounding spectral signatures to canopy reflectance due to the
influence of flower color, texture, floral density, and their reflectance characteristics [46]. During flowering,



2224 Phyton-Int ] Exp Bot. 2025;94(7)

the increased visibility of flowers, which typically have distinct spectral and textural characteristics compared
to leaves, impacts the canopy-level reflectance signal. Bloomed flowers mask the green canopies, particularly
when flowers obscure the underlying green vegetation (Fig. 6). This alters the visible reflectance patterns,
disrupting the indices’ ability to accurately estimate biomass during this phenological stage [10]. As a result,
indices like ExG, ExGR, and GLI, which rely heavily on green reflectance, exhibit the strongest negative
correlations with biomass due to their inability to separate floral reflectance from vegetative signals.

Surrounding Vegetation Flowering Buckwheat Canopy Surrounding Vegetation Flowering Buckwheat Canopy

Figure 6: UAV-captured images illustrating buckwheat flowers obscuring the green foliage: (a) Image captured at an
altitude of 10 m; (b) Image captured at an altitude of 6 m

A forward-looking estimation approach is common in crop monitoring studies [46,47]. The objective
of the study was to evaluate the predictive power of flowering-stage vegetation indices for final biomass,
we selected four RGB based VIs because they have shown strong positive correlations between AGB and
VIs derived from UAV imagery [17,48,49]. As the flowering period is critical for canopy development and
photosynthetic activity, which influences final yield and biomass, the indices derived from this stage can
serve as valuable indicators despite the temporal gap.

Our findings during the flowering stage reveal an opposing trend, indicating that flower coloration sig-
nificantly interferes with the relationships typically observed. As shown in Fig. 5, the statistically significant
negative correlations for ExG, GLI, and ExGR suggest that RGB indices produce lower VI values as AGB
increases during blooming. These results underscore the possibility of developing new relationships between
RGB VIs and fresh AGB in plants with white flowers, which could enhance biomass estimation accuracy at
the flowering stage. Consequently, there is a clear need for more advanced methodologies to improve biomass
predictions during this period. This knowledge has the potential to inform the development of more reliable
biomass estimation models for buckwheat and other crops that produce white flowers, particularly at early
growth stages.

4 Conclusions

This study aimed to evaluate the effectiveness of four UAV-derived RGB vegetation indices (ExG, ExGR,
GLI, and ExR) in estimating the fresh above-ground biomass (AGB) of buckwheat during the flowering
stage. While green-band-based indices like ExG, ExGR, and GLI may hold potential for biomass estimation
during this period, the consistent negative correlations observed highlight a key limitation: the spectral
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signature of abundant white flowers acts as significant ‘spectral noise, fundamentally disrupting the expected
relationship between greenness indices and biomass. This indicates that the application of standard RGB
green-band indices for biomass estimation is hindered when species have highly reflective floral parts. Future
research should focus on adapting or correcting these indices to mitigate floral spectral interference, possibly
through flower masking techniques, the development of new indices less affected by floral reflectance, or by
integrating other spectral regions unaffected by flower albedo. Understanding and addressing this challenge
is vital for enhancing remote sensing accuracy in phenologically diverse crops and natural vegetation.
Consequently, further studies are necessary to validate and refine these approaches, ensuring reliable biomass
estimation across different growth stages of buckwheat and similar species.
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