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M This study presents a quantitative methodology to extract the estimated flowering area of
the black locust (Robinia pseudoacacia), a primary nectar source in South Korea, utilizing
vegetation indices derived from Unmanned Aerial Vehicle (UAV) RGB imagery. High-resolution
UAV orthomosaics were constructed across three survey plots (500 m radius each) surrounding
a domestic apiary. First, the Excess Green (ExG) index was employed to isolate green forest
canopy from non-vegetated backgrounds by establishing a site-optimized threshold. To delineate
the apparent blooming footprint, the Enhanced Bloom Index (EBI) was modified and optimized to
align with the specific flowering traits of R. pseudoacacia. Subsequently, the Segment Anything
Model Geospatial (SAMGeo) deep learning architecture automatically segmented the flowering
areas into vector polygons at individual and cluster levels. Our analysis revealed that out of a
total forest area of 263,315 m?, the net black locust flowering area accounted for 23,980 m? (an
average ratio of 9.1%), with individual site ratios ranging between 7.2% and 11.9%. These findings
highlight that evaluating the gross forest area within a foraging radius as a uniform nectar
resource introduces critical discrepancies regarding estimated available forage. Consequently,
this integrated framework provides crucial baseline data to accurately estimate single-source
honey yields and optimize national nectar resource management strategies.
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INTRODUCTION

Quantitative monitoring of the flowering of the black
locust (Robinia pseudoacacia), a primary nectar source
for honeybees in South Korea, has emerged as a critical
means to ensure the sustainability of the apiculture in-
dustry amid recent climate change. Because South Ko-
rean apiculture relies heavily on R. pseudoacacia, shifts
in flowering phenology and periods directly fluctuate
the annual income of beekeeping households. However,
increasing climate variability, such as recent abnormal
high temperatures and irregular precipitation, exacer-
bates prediction errors for flowering onset and shortens
the overall flowering period. Consequently, convention-
al predictive models based solely on accumulated grow-
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ing degree-days (GDD) now show clear limitations in
accurately estimating potential harvestable honey yields
(Kim and Jung, 2025).

In this context, ultra-high-resolution remote sensing
using Unmanned Aerial Vehicles (UAVs) is rapidly ex-
panding as a viable alternative for the non-destructive
observation of vegetation structures and growth status at
the individual tree canopy level (Maes and Steppe, 2019;
Zha et al., 2020; Istiak et al., 2023; Zhang et al., 2024).
Providing relatively higher spatial resolution and more
flexible spatiotemporal observation capabilities than
satellites, UAVs have become a core tool in precision
agriculture for quantitatively estimating crop growth,
nitrogen status, pest damage, biomass, and yield (Maes
and Steppe, 2019; Olson and Anderson, 2021). Exten-

Received 31 May 2026; Revised 19 June 2026; Accepted 21 June 2026
*Corresponding author. E-mail: sgiantm(@korea.kr



Yun Gon Son, Soon Ok Woo, Se Gun Kim, Hyo Young Kim, Mun Seon Lee and Hong Min Choi

sive literature demonstrates that researchers widely
apply UAV-based remote sensing to crop growth mon-
itoring, nitrogen use efficiency, pest surveillance, and
phenology tracking; moreover, integrating these sys-
tems with machine learning or deep learning techniques
further enhances predictive accuracy (D’Odorico et al.,
2020; Istiak et al., 2023; Raniga et al., 2024; Zhang et
al., 2024). In forestry, practitioners also widely utilize
UAVs to estimate structural parameters, biomass, and
health status at the individual tree level (Lu et al., 2020;
Cheng et al., 2024; Rosen et al., 2024). For instance, in
studies of oilseed rape (Brassica napus), a major nectar
crop, researchers have extensively combined UAV im-
agery with the Normalized Difference Yellowness Index
(NDYI) to extract floral cover area, effectively demon-
strating its practicality in predicting seed yield and po-
tential honey production (Sulik and Long, 2016).
Although previous UAV studies on R. pseudoacacia
have primarily focused on distribution, health status,
and biomass estimation from the perspective of invasive
species or protected forest management (Gary et al.,
1975; Miillerova et al., 2017; Lu et al., 2020; Cheng
et al., 2024), attempts to quantify flowering intensity
directly linked to honey productivity remain limited.
Carl et al.(2017) demonstrated the efficacy of UAV-de-
rived flowering information for apicultural productiv-
ity evaluation by combining UAV RGB imagery with
ground-based flower counts and weight measurements
to estimate the number of flowers per unit area, flow-
ering area, and potential honey yield (approximately
5.3 million flowers and 69 kg of honey per hectare).
Furthermore, researchers have recently developed spe-
cialized algorithms to automatically detect white flow-
ers, such as those of the black locust, using UAV RGB/
multispectral imagery, which improves classification
accuracy and reduces false positives (Atanasov et al.,
2024). Some studies have even proposed methodologies
to evaluate potential nectar resources alongside hive
placement by simultaneously detecting white-flower
areas and the distribution of surrounding honeybee col-
onies (Atanasov et al., 2024). Meanwhile, deep learn-
ing-based object detection and segmentation techniques,
combined with transfer learning, have proven the fea-
sibility of individual- and flower-level quantification;
examples include automatically recognizing flower in-
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dividuals and fractional cover in flower-rich grasslands
from UAV imagery (Ding et al., 2023; Schnalke et al.,
2025) and quantitatively estimating the abundance and
yield of alpine medicinal plants using Mask R-CNN
(Ding et al., 2023).

As described above, UAV remote sensing and ar-
tificial intelligence technologies already exhibit high
potential for quantifying the distribution and abundance
of floral resources in crops, forests, and grasslands at
a high resolution (Woebbecke et al., 1995; Zhu et al.,
2024). Nevertheless, research that directly calculates
the flowering area of R. pseudoacacia reflecting the
domestic beekeeping situation in South Korea, and links
it to harvestable nectar biomass for migratory beekeep-
ing planning or nectar resource management, remains
scarce. Therefore, this study establishes a technical
framework to quantify the practical flowering area at the
individual canopy level by integrating ultra-high-res-
olution UAV imagery, vegetation and flower-specific
indices—such as Excess Green (ExG) and a modified
Excess Blue Index (EBI)—and deep learning-based ob-
ject segmentation techniques. Moving beyond conven-
tional remote sensing research centered on distribution
and biomass, our approach directly numericalizes the
available nectar resources for honeybees. Consequently,
these findings will serve as baseline data and provide a
new scientific foundation for determining optimal col-
ony sizes in apicultural management and establishing
national nectar resource conservation strategies.

MATERIALS AND METHODS

1. Study site selection and spatial bounds

To analyze the flowering characteristics of the black
locust and calculate the estimated harvestable flowering
area, we selected the apiary grounds of the National
Institute of Agricultural Sciences (NIAS) in Wanju-gun,
Jeonbuk State, South Korea (35°49'29" N, 127°02'46"
E) as the study site. The topography of the study site
features an alternating landscape of gentle plains and
rolling hills, where the target species, R. pseudoacacia,
forms localized forest stands primarily along forest
edges and low hilltops. We monitored the flowering
stages of the black locust flowers from the initial corolla
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exposure stage through full bloom. Upon reaching peak
bloom, we selected three identical survey plots (Site A,
Site B, and Site C) to perform simultaneous aerial imag-
ing.

2. UAV and sensor specifications

To capture the subtle spectral characteristics of black
locust flowers alongside high-resolution spatial data, we
utilized an enterprise-grade Unmanned Aerial Vehicle
(UAV), the Matrice 300 RTK (DJI, Shenzhen, China).
For data acquisition, we equipped the platform with a
Zenmuse P1, a full-frame aerial photogrammetry cam-
era. The Zenmuse P1 delivers detailed canopy-layer im-
agery via its high-resolution sensor, while its integrated
Real-Time Kinematic (RTK) functionality ensures high
positioning accuracy, thereby minimizing spatial error
rates between observation points during flowering mon-
itoring.

3. UAV Data acquisition and preprocessing

UAV imagery was acquired using a DJI enterprise
drone platform equipped with a DJI Zenmuse P1 cam-
era sensor. The aerial imaging missions were executed
at a flight altitude of 120 m above ground level (AGL).
The Zenmuse P1 sensor features a high-performance
full-frame format (35.9#24.0 mm) delivering an image
resolution of 8,192 #5460 pixels, totaling approximate-
ly 45 megapixels. We conducted the aerial imagery data
acquisition in early May, aligning with the peak flow-
ering period of R. pseudoacacia in the Wanju region.
Flight missions took place between 11:00 and 14 : 00 lo-
cal time when the solar altitude is highest, to minimize
the confounding effects of canopy shadows. To generate
rigorous orthomosaics, we set both the forward and
side overlap of the images to 70%. We then aligned the
acquired individual images and generated point clouds
using Pix4Dmapper software (Pix4D SA, Prilly, Swit-
zerland), converting the outputs into the final orthomo-
saics.

4. Forest area extraction using excess green
index

Prior to extracting the spatial boundaries of the black
locust flowering zones from the high-resolution RGB

orthomosaics, we removed non-vegetated areas such as
roads and buildings. To isolate pure vegetation zones,
we calculated the Excess Green Index (ExG), a visi-
ble-band vegetation index. The ExG accentuates the
green reflectance properties of plants to effectively sep-
arate vegetation from background elements (Woebbecke
et al., 1995). We derived the index based on the digital
numbers (DN) of the red, green, and blue channels for
each pixel using the following equation:

2G—-R-B

E=2——=
XG=28r=b="p o

5. Flowering zone extraction using enhanced
bloom index

To segment the estimated area occupied by black lo-
cust flowers within the green vegetation regions masked
by ExG, we applied the Enhanced Bloom Index (EBI).
Chen et al.(2019) originally designed the EBI to max-
imize the spectral signatures of flowers using UAV-
based RGB and multispectral imagery. In this study,
rather than adopting the original formula verbatim, we
modified and optimized the equation to fit the specific
characteristics of our high-resolution visible-band UAV
sensor. To mitigate the impacts of uneven illumination
caused by intra-canopy shadows or topography, we
calculated the visible-band optimized Enhanced Bloom
Index (EBI) based on the original spectral framework of
Chen et al.(2019). While Chen et al. (2019) incorporat-
ed multi-scale indices, we adjusted the index to lever-
age the absolute brightness and spectral bounds of ul-
tra-high-resolution RGB sensors without losing albedo
data. The explicit equation applied to our orthomosaics
is defined as follows:

R+G+B

(g)x(R—B+1)

EBI=

where R, G, and B denote the raw digital numbers (DN)
of the red, green, and blue channels for each individual
pixel, respectively. In this framework, the numerator in-
corporates the total visible light reflectance, which nat-
urally scales upward for white floral targets, while the
green-to-blue ratio (G/B) in the denominator structurally
suppresses the non-flowering green forest background.
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6. SAMGeo-based deep learning object
segmentation and flowering area calculation

To calculate the projected canopy area of individual
black locust trees based on the flowering candidates
identified through vegetation index analysis, we em-
ployed the deep learning-based Segment Anything
Model Geospatial (SAMGeo) algorithm. SAMGeo is
an open-source package designed to optimize Meta
Al's foundational Segment Anything Model (SAM) for
geospatial applications. Unlike conventional supervised
learning models, SAMGeo leverages zero-shot infer-
ence capabilities pre-trained on massive datasets, allow-
ing it to delineate canopy boundaries with high accuracy
without requiring additional training (Wu et al., 2023).
To eliminate human subjectivity and ensure complete
experimental reproducibility, the generation of input
polygon prompts for the SAMGeo model followed a
rigid, three-tiered objective decision framework. First,
candidate blooming pixels were primary-filtered based
on the strict spectral constraint of EBI>0.7 alongside a
brightness albedo cutoff (R +G +B >500) to eliminate
shaded background components. Second, a spatial con-
nectivity constraint was applied: only contiguous pixel
clusters forming a continuous spatial area 2.0 m*> were
recognized as true flowering tree objects, effectively
filtering out minor canopy glints or isolated understory
weeds. Third, to construct the model prompts, stan-
dardized vector polygons were automatically generated
by applying a uniform spatial dilation buffer of 0.5
m around the outer perimeter of each qualified EBI
cluster. This programmatic buffer guaranteed that the
prompt shapes consistently captured both the target
blooming crown and a minimal amount of surrounding
non-blooming background forest. This standardization
allowed the SAMGeo zero-shot inference engine to in-
dependently and algorithmically execute edge-segmen-
tation, preventing any manual tracing bias or variation
between individual operators. Using the input polygon
layers as prompts, the SAMGeo model segmented the
boundaries between the background and tree canopies
via deep learning. For spatial analysis, we converted the
extracted raster-format canopy zones into vector poly-
gon layers, which automatically computed the estimated
projected canopy area of R. pseudoacacia for each sur-
vey plot.
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RESULTS AND DISCUSSION

1. Selection of UAV flight sites

Generally, the primary foraging radius of honeybees
tightly concentrates within a 1 km range; although for-
aging can extend up to 2.5 km, such instances remain
extremely rare (Ochumgo et al., 2021). Corroborating
this, Gary et al. (1975) reported that more than 50% of
honeybees forage within 305 m of their hive, with the
vast majority of nectar-gathering activities concentrated
under 1 km. Reflecting these ecological characteristics,
we established the spatial coverage for our UAV flight
missions. We captured aerial imagery across three dis-
tinct sampling locations, subsequently processing the
individual images using Pix4Dmapper software to exe-
cute alignment, generate point clouds, and produce the
final orthomosaics (Fig. 1).

2. Threshold optimization and forest area
extraction via ExG

To isolate the green vegetation areas corresponding
to forest cover, we extracted pixels satisfying the con-
dition of ExG>0.1 by establishing a strict threshold of
0.1. While conventional methods frequently employ a
baseline threshold of O to separate general vegetation
in RGB imagery (Meyer and Neto, 2008; Rosen et al.,
2024), we applied a more stringent criterion to selec-
tively isolate the green canopy of R. pseudoacacia. The-
oretically, perfectly white objects yield uniform RGB
channels, causing their ExG values to converge toward
0. However, the target species, R. pseudoacacia, exhib-
its a distinct biological trait where leaf development and
flowering occur simultaneously. Consequently, even
within high-resolution UAV imagery, pixels covering
blooming flowers do not appear as pure white; instead,
they display a mixed spectral signature heavily influ-
enced by light reflectance from the surrounding dense
green foliage. Rather than extracting the white flowers
prematurely, maintaining a green reflectance threshold
of ExG>0.1 served as a crucial primary criterion to
effectively eliminate non-vegetated areas and isolate
the entire forest canopy layer where flowers and leaves
coexist. Applying this optimized threshold effectively
filtered out soil layers with yellowish or light-green
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Fig. 1. (A) Aerial view illustrating the landscape context and locations of the three sampling sites (Sites A, B, and C) situated in forest-rich
areas surrounding the apiary. (B—D) Representative drone images of each site: (B) site A, (C) Site B, and (D) site C, showing surrounding

vegetation conditions.

Fig. 2. Extraction images applying the Excess Green Index (ExG). (A) ExG-derived image for Site A, (B) ExG-derived image for Site B, and (C)

ExG-derived image for Site C.

hues and peripheral road-boundary vegetation, thereby
enabling the selective extraction of high-density forest
zones. Based on this ExG threshold, we effectively de-
lineated the forest vegetation areas for each site (Fig. 2).
The analyzed forest area reached 91,462 m? for Site A,
37,602 m? for Site B, and 134,251 m? for Site C (Table

1).

3. EBI application and deep learning-based
flowering area segmentation

To quantify the apparent flowering segments of R.
pseudoacacia within the ExG-masked forest zones, we

computed the EBI based on RGB digital numbers (DN)
and subsequently performed a pixel-level threshold
analysis. To optimize the quantification of flowering
intensity, we compared and analyzed multi-temporal
datasets captured before and after the onset of bloom,
which led us to establish a value of EBI>0.7 as the val-
id flowering zone. Despite the high EBI threshold, we
implemented an additional data-filtering step—exclud-
ing pixels with an RGB DN sum of less than 500—to
mitigate the confounding effects of gray tones and shad-
ows, thereby isolating the estimated blooming canopy.
We derived this optimal threshold (EBI>0.7) through
a rigorous process combining histogram analysis of
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randomly sampled plots and visual cross-verification.
Setting the threshold below 0.7 introduced false pos-
itives, where leaves with high solar reflectance were
misidentified as flowers; thus, the 0.7 baseline served as
the optimal cutoff to prevent such misclassifications.

At Site A, applying the EBI partitioned the black
locust flowering zones into five distinct classes; zones
with concentrated, intense blooming (EBI>0.7) were
visually distinct, represented in blue hues (Fig. 3A).
After removing dark regions with an RGB sum under
500, we extracted the corresponding pixels to establish
polygon layers for bounded area estimations (Fig. 3B).
Finally, the deep learning framework effectively seg-

Table 1. Quantitative summary of extracted forest areas, net flow-
ering areas, and flowered-to-forest ratios across the three study
sites

Site Forest Flowering Flowered/
area (m?) area (m?) Forest ratio (%)
A 91,462 10,924 119
B 37,602 3,379 9.0
C 134251 9,677 72
Total 263,315 23,980 9.1

mented the true effective flowering area of R. pseudoa-
cacia (Fig. 3C).

We replicated this pipeline for Site B; the blooming
zones appeared clearly in blue hues (Fig. 4A), from
which we systematically extracted the pixels using our
threshold criteria to establish the spatial bounds (Fig.
4B) and compute the deep learning-based flowering
area (Fig. 4C). Similarly, for Site C, applying the EBI
pipeline isolated the flowering canopy, filtered out
non-target areas via thresholding, and automatically cal-
culated the estimated flowering footprint using the deep
learning model (Fig. 5).

Considering the nectar source distribution and honey-
bee foraging dynamics, this comprehensive extraction
framework effectively mapped the total effective flow-
ering area of R. pseudoacacia across all three study
plots (Fig. 6).

4. UAV-EBI based flowering area calculation

Utilizing the deep learning-driven outputs across the
three apiary-adjacent plots, we computed the estimated
flowering areas within a QGIS software environment
using the Raster Calculator tool. Our analysis revealed
that the black locust flowering area at Site A spanned

EBI
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[]0.6~0.8
[]0.4~0.6
[ 0.2~0.4
W -o2

Fig. 3. Extraction of R. pseudoacacia flowering area using the Enhanced Bloom Index (EBI) at Site A. (A) EBI-derived spectral image, (B)
Binary image after applying the threshold, and (C) Valid area extraction based on deep learning segmentation.
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EBI
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Fig. 4. Extraction of R. pseudoacacia flowering area using the Enhanced Bloom Index (EBI) at Site B. (A) EBI-derived spectral image, (B)
Binary image after applying the threshold, and (C) Valid area extraction based on deep learning segmentation.

EBI
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Fig. 5. Extraction of R. pseudoacacia flowering area using the Enhanced Bloom Index (EBI) at Site C. (A) EBI-derived spectral image, (B)
Binary image after applying the threshold, and (C) Valid area extraction based on deep learning segmentation.

10,924 m?, accounting for 11.9% of the total green for- its corresponding forest zone. For Site C, the flowering
est canopy isolated by the ExG index. At Site B, the footprint was 9,677 m?, which constituted a mere 7.2%
flowering area reached 3,379 m?, representing 9.0% of of the local forest area. Collectively, across the three
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= 100 200 m (C)

Fig. 6. Total effective flowering Robinia pseudoacacia at the three study sites. (A) Representative image of Site A, (B) Representative im-

age of Site B, and (C) Representative image of Site C.

sites encompassing the honeybee foraging radius, the
total forest area spanned 263,315 m2, whereas the appar-
ent blooming area of R. pseudoacacia amounted to only
23,980 m?, yielding an overall average flowered-to-for-
est ratio of just 9.1% (Table 1).

These findings underscore that the apparent area of
blooming R. pseudoacacia within a honeybee’s active
foraging radius can be substantially smaller than the
total geographical area of the foraging zone itself. Al-
though the surrounding environment of the NIAS in
Wanju-gun represents a peri-urban landscape rather than
a deep, dense mountainous forest, estimated forest cover
comprised only a fraction of the region, and the appar-
ent blooming portion within that forest was limited to
9.1%.

Therefore, to accurately estimate potential honey
yields, researchers and practitioners must transition
away from simply calculating the gross area of the for-
aging radius; instead, they must extract and apply the
net effective flowering area. By utilizing high-resolution
UAV imagery to quantify the net available nectar re-
sources within a foraging bounds, this study provides a
more quantitative, systematic foundation for predicting
single-source honey production and optimizing colony
stocking densities in future apicultural management.

However, despite these methodological advance-
ments, this study has several limitations that should be
acknowledged in the interpretation of results. Primarily,
relying exclusively on aerial visible-band imagery pres-
ents an inherent challenge in distinguishing R. pseudo-
acacia from co-occurring tree species that also produce
while flowers (Atanasova et al., 2024). Furthermore, the
absence of ground-truth validation means that the aeri-
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ally observed bloom remains an estimation. It has not
yet been verified how the UAV-classified areas correlate
with the number of inflorescences at the ground levels.
Therefore, a necessary direction for future research is
to conduct filed validation studies to verify these aerial
estimations. Additionally, predicting realistic nectar
potential from these spatial estimates will require con-
sidering the broader ecological context (Kim and Jung,
2025). Ecological studies demonstrate that nectar se-
cretion is not highly static. Plants can adaptively adjust
their nectar production in response to environmental
cues and the floral density of neighboring vegetation.
For instance, plants often increase nectar rewards to
compete for pollinators when the surrounding bloom
is abundant (Parachnowitsch ef al., 2019; Veits et al.,
2019). Future validation models must therefore integrate
rigorous ground-truth data with the ecological dynamics
of surrounding plant communities to refine the spatial
estimation framework established in this study.

CONCLUSIONS

In this study, we developed a technical pipeline that
integrates UAV-based visible-band vegetation indices
with a geospatial deep learning segmentation model
(SAMGeo) to quantitatively estimate the individual can-
opy-level flowering area of R. pseudoacacia. Our exper-
imental results demonstrated that the apparent blooming
footprint accounted for a mere 9.1% (23,980 m?) of the
total forest canopy (263,315 m?) across the investigated
honeybee foraging zones, exhibiting substantial spatial
variations between 7.2% and 11.9%.
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The primary scholarly and practical contribution of
this research is the transition from conventional remote
sensing centered on gross forest distribution to the sys-
tematic estimation of net effective nectar resources. Our
findings provide valuable scientific evidence that eval-
uating honeybee carrying capacities or potential honey
yields based on gross geographical area leads to con-
siderable overestimations. Ultimately, the framework
established in this study offers a practical, reproducible
tool for the apiculture industry. We anticipate that these
baseline data will serve as a foundational cornerstone
for optimizing apiary site selection, determining optimal
colony stocking densities, and formulating data-driven
national strategies for nectar resource conservation and
management.
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