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Efficient monitoring of rare and protected plant species is essential for biodiversity conservation. This study
evaluates a cost-effective and non-invasive UAV-based method using RGB vegetation indices derived from the
red, green and blue image channels to enhance vegetation colour contrast to detect Sedum urvillei subsp. hill-
ebrandtii, a protected Pannonian subendemic species. A fixed-wing drone equipped with an RGB camera surveyed
an 8.5-ha open sandy grassland within the Kiskunsag National Park, Hungary, during the species' peak flowering
period. Three RGB-based vegetation indices — Triangular Greenness Index (TGI), Colour Index of Vegetation
Extraction (CIVE), and Red-Green Ratio (RGR) — were applied to an orthophoto mosaic to classify flowering
individuals. Negative masking using RGR significantly improved the classification accuracy of both TGI and
CIVE. Statistical analysis revealed high overall accuracy (up to 99.3%) and specificity (>99%) for the CIVE-RGR
and TGI-RGR combinations, while sensitivity increased from 79.1% to 89.0% after applying RGR-based masking.
Automated thresholding using the Otsu method increased sensitivity but resulted in reduced specificity and
overall classification stability due to increased false positive detections. These results demonstrate that spectral
differentiation based on floral coloration can enable reliable species-level detection using low-cost RGB imagery
under favorable flowering and illumination. Compared to complex multispectral and hyperspectral approaches,
this method offers a reproducible, rapid, and scalable solution for conservation monitoring. However, its
applicability remains restricted to the flowering period. The methodology may be transferable to other visually
distinctive flowering species, provided that species-specific threshold validation is performed, and may support
habitat monitoring and pollinator-related ecological studies in Pannonian steppe habitats.

researchers to identify and monitor plant species with high precision
(Cruzan et al., 2016; Nowak et al., 2018).

1. Introduction

Recent advances in drone or UAV (Unmanned Aerial Vehicle) tech-
nology and remote sensing have led to a revolution in the field of
ecological monitoring, providing new tools for accurate and efficient
data collection (Nowak et al., 2018; Bako, 2013). The use of drones
equipped with high-resolution cameras enables the conducting of large-
scale vegetation surveys with minimal habitat disturbance. Further-
more, this method provides a cost-effective and rapid assessment
approach for a comprehensive survey of a given area. The ability to
capture detailed images and apply vegetation indices enables
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It is imperative to recognize the significance of species that are
indicative of grassland degradation in facilitating our comprehension of
ecological succession and the provision of early warnings concerning
ecosystem decline. These species are highly valuable for examining how
grasslands react to pressures such as grazing, anthropogenic impacts,
and other degradation-inducing factors (Liu et al., 2011; Wang et al.,
2024). The tracking of variations in key attributes of these species,
including their relative importance and dominance, has become a crit-
ical method for evaluating the extent of grassland degradation (Zhang
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et al., 2020). The monitoring and conservation of rare and endemic plant
species is essential for maintaining the biodiversity and ecological bal-
ance of grassland environments (Wang et al., 2022; Bako et al., 2024).
Accurate and timely data on the distribution and health of rare or
endemic plant populations can inform conservation actions such as
habitat protection, restoration efforts, and climate adaptation strategies
(Rominger and Meyer, 2019; Reckling et al., 2021; Bates et al., 2022). By
utilizing drone technology and advanced analytical methods, these
studies contribute to the broader goal of conserving several threatened
ecosystems and their unique biodiversity (Jiménez Lopez and Mulero-
Pazmany, 2019).

RGB indices derived from the red, green, and blue spectral bands are
commonly used in agriculture and forestry to assess plant health, den-
sity, and distribution (Arok et al., 2025; Bako, 2013; Sun et al., 2025). By
combining the RGB colour channels, a variety of vegetation indices can
be calculated that are sensitive to the spectral characteristics and con-
dition of plants. This spectral discrimination is beneficial for identifying
and mapping individual species, especially in heterogeneous habitats
where multiple plant species coexist (Chaity et al., 2024). Using drones
equipped with high-resolution RGB cameras; researchers can conduct
large-scale surveys quickly and efficiently; producing detailed images
that enable the application of various RGB-based vegetation indices;
such as the Excess Green Index (ExG); the Simple Blue-Green Ratio
(BGR); and the Visible Atmospherically Resistant Index (VARI). These
indices can help to isolate the spectral signatures of target species;
facilitating accurate detection and population estimation (Borah et al.,
2025). In the present study; three RGB-based vegetation indices widely
used in vegetation analysis — the Triangular Greenness Index (TGI); the
Colour Index of Vegetation Extraction (CIVE); and the Red-Green Ratio
(RGR) — were selected to detect flowering individuals of the target
species. This method is not only non-invasive but also cost-effective (no
need for expensive camera-equipped drones); reducing the need for
labour-intensive ground surveys; while providing high spatial resolution
data essential for monitoring biodiversity and guiding conservation ef-
forts; although its effectiveness may depend on species visibility;
phenological stage; and environmental conditions (Arok et al., 2025;
Sun et al., 2025).

The flowers of plant species during their flowering season present a
distinctive opportunity for the use of RGB indices for species detection
by drones (Cruzan et al., 2016; Nowak et al., 2018; Bakacsy et al., 2023).
The bright colors of flowers, particularly during the flowering season,
provide excellent contrast against the background vegetation, enabling
accurate and effective species detection. RGB indices, derived from the
specific wavelengths of light captured by the drone's cameras, can be
fine-tuned, and good results can be achieved even by using simple
indices or methods (Bakacsy et al., 2023). Machine learning algorithms
have shown potential in flower classification tasks in other studies;
however; this study focuses exclusively on RGB index-based approaches
(Groschler and Oppelt, 2022). The flower-based monitoring not only
provides insight into the population size and health of the species but
also helps to evaluate the effectiveness of conservation efforts. Conse-
quently; species identification based on flowers or inflorescences has
already been successfully applied to numerous invasive plant species
(Bakacsy et al., 2023). Furthermore; the data obtained can be utilized to
ascertain the sufficiency of both the quality and quantity of available
food for pollinators; including bees and butterflies (Tabor, 2022). It is
notable that; except for a few studies; there is a paucity of information
on the monitoring of rare; protected plant species based on flowers using
drones (Groschler and Oppelt, 2022). Additionally; there is a lack of
research on the use of RGB-based monitoring. Such an approach would
contribute significantly to our understanding and conservation of rare
species and flowers. These approaches facilitate the identification of the
most reliable and efficient method for monitoring populations of rare or
endemic plant species; thereby providing valuable insights for future
ecological research. Sedum urvillei subsp. hillebrandtii (Fenzl) D.A.
Webb (Crassulaceae) is a Pannonian subendemic perennial species
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characteristic of open sandy grasslands in the Danube Basin and adja-
cent regions (Simon, 2000; Kiraly, 2009; ICN, 2025). The species forms
compact; low-growing clumps composed of short shoots that produce
dense cymose inflorescences with bright yellow flowers (Fig. 1) during
early to mid-summer (June-July). During this flowering period the
clustered inflorescences create visually distinct patches that contrast
strongly with the surrounding gray-green grassland matrix; making the
species particularly suitable for detection using high-resolution RGB
imagery. Such strong chromatic contrast between flowers and back-
ground vegetation has been shown to facilitate UAV-based identification
of plant species using simple colour-derived indices (Cruzan et al., 2016;
Bakacsy et al.,, 2023; Groschler and Oppelt, 2022; Tabor, 2022).
Ecologically, S. urvillei subsp. hillebrandtii is typically associated with
well-preserved open sand grasslands of the Pannonian steppe (Natura
2000 habitat type 6260), where it occurs in sparsely vegetated micro-
sites with high light availability and limited competition. Because its
populations are primarily restricted to structurally intact sandy grass-
land patches, the species is considered a useful indicator of high-quality
habitat conditions in these ecosystems (Simon, 2000; Kiraly, 2009; Biro,
2023). Monitoring the spatial distribution and abundance of this species
can therefore provide indirect information about habitat status and
vegetation dynamics in conservation areas. UAV-based mapping of
flowering plants has also been used to quantify floral resources and to
relate floral availability to pollinator community structure, highlighting
the broader ecological relevance of flower-based remote sensing ap-
proaches (Tabor, 2022). Although the method presented here focuses on
a single target species, the underlying approach is not restricted to
Sedum. UAV-based detection using RGB indices can be transferable to
other plant species that exhibit similarly distinctive flowering
phenology, compact patch structure, and strong colour contrast against
surrounding vegetation. Consequently, the species serves as a suitable
model organism for testing cost-effective RGB-based workflows for
species-level monitoring in heterogeneous grassland communities.

For this study, a fixed-wing drone was used, equipped with RGB
cameras to survey populations of Sedum urvillei subsp. hillebrandtii,
which can provide critical information for nature conservation. The
bright yellow flowers of the species make it easier to identify during
blooming periods. Therefore, we aimed to determine which RGB indices
can identify the species with high efficiency during flowering, in order to
develop a cost-effective population estimation workflow for conserva-
tion monitoring. Although the present analysis focuses on a single target
species, the methodological framework may also be applicable to other
flowering plant species with similarly distinctive spectral
characteristics.

2. Materials and methods
2.1. Study site

A survey of the protected species was conducted on 27th July 2023
using a drone in the open sandy grasslands situated in the vicinity of
Lake Kolon, which forms part of the Kiskunsagi National Park. Lake
Kolon represents a significant feature within the Kiskunsag National
Park in Hungary, forming part of the Pannonian biogeographical region,
and includes extensive wetland habitats. The area is characterized by a
mosaic of diverse habitats, each supporting a unique assemblage of plant
species. Lake Kolon is in a late successional phase, with artificial open
water surfaces. Consequently, although the lake is frequently described
as a marsh due to its shallow waters and extensive reed beds, it serves as
a vital hydrological entity in the region. The mean depth is 1 m,
although former peat mining pits have created areas with depths of 2-3
m. The dominant vegetation type comprises extensive areas of common
reed (Phragmites australis (Cav.) Trin. ex Steud.) and sedge (Carex spp.)
beds, which play a pivotal role in water purification and provide habitat
for a multitude of bird species, particularly during migration periods.
While Nymphaea alba L. (white water lily), Stratiotes aloides L. (water
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Fig. 1. A blooming Sedum urvillei subsp. hillebrandtii patch, approximately the size of a palm, viewed from (a) above and (b) side.

soldier), and Utricularia vulgaris L. (common bladderwort) are found in
the open water (Toth, 1996; Sipos et al., 2014).

The transition zones adjacent to the reed beds host a variety of wet
meadow communities. Lake Kolon's diverse habitats render it a valuable
ecosystem within the Kiskunsdg National Park. These meadows are
interspersed with patches of alkaline fens and tussock sedges, which
contribute to the high biodiversity of the area. In the surrounding
terrestrial zones, one can find remnants of steppe grasslands, charac-
terized by various drought-resistant endemic species (Toth, 1996; Boloni
et al., 2011). The surveyed area's habitat is part of the endemic open
sand grasslands, also known as Pannonian steppes, which hold signifi-
cant importance under the European Union Habitat Directive (Natura
2000 code: 6260) (Boloni et al., 2011). The surveyed stand covered an
area of 8.5 ha (Fig. 2). In addition to the target species, the stand
exhibited a notable prevalence of other native plant species that are
characteristic of open sandy grasslands, including Euphorbia seguieriana
Neck. (Seguier's spurge), Festuca vaginata Waldst. et Kit. (Hungarian
fescue), Fumana procumbens (Dun.) Gren et Godr. (trailing fumana),
Stipa borysthenica Klokov (Pontic feather grass), Koeleria glauca (Sperg.)
DC. (blue hair grass) and Alkanna tinctoria (L.) Tausch (dyer's alkanet).
Furthermore, the lichen community of the habitat is of considerable
significance. The location of this stand is illustrated in Fig. 2.

2.2. Drone survey

A larger population of Sedum urvillei subsp. hillebrandtii was surveyed
in the vicinity of Lake Kolon using a senseFly eBee X fixed-wing drone.
This drone has a wingspan of 116 cm, a weight range of 1.1-1.4 kg
depending on the payload, and a maximum flight duration of 45 min.
The drone is capable of maintaining a radio connection at a distance of
up to 3 km. The RGB camera employed during the flights was a senseFly
S.0.D.A., which supports RTK/PPK, has a resolution of 5472 x 3648
pixels, a global shutter speed ranging from 1/30 to 1/2000 s, and cap-
tures images in JPEG or DNG format. The central wavelengths of the
RGB bands were 660 nm (red), 520 nm (green), and 450 nm (blue).

A single flight was conducted over the vegetation stand using the
drone-mounted senseFly S.0.D.A. camera, following predefined flight
paths. The average speed during the flights was 13 m/s. In order to
maximize image overlap and thus enhance data accuracy for the sample
area, the length of the flight paths was extended, thereby increasing the
photographed area. The flight parameters for the vegetation stand were
as follows: the flight altitude was 53 m AGL (above ground level), the

flight duration was 15 min, and a total of 476 images were captured.
These images had a resolution of 5 cm/pixel and featured 60% longi-
tudinal and 80% transverse overlap. The weather during the flights and
the preceding week was sunny and dry.

2.3. Data processing methods

An orthophoto mosaic of the stand was created from the aerial
photographs using Agisoft Metashape Professional 1.5.4 (Agisoft, 2020).
In the Agisoft programme, no ground reference points were used during
the working process, but the so-called onboard references (OtF stands
for on-the-fly reference method) were used. The X, Y, and Z coordinates
of the image centres were measured with geodetic accuracy using on-
board GNSS, with correction signals applied via post-processing steps.

We selected 10 sample areas of 10 m x 10 m on the orthophotos of
the stand. The main consideration for selecting the sample areas was
that they should be randomly and spatially distributed (Fig. 2). In these
sample areas, the representation of Sedum patches was variable. The
workflow was carried out in the QGIS environment (QGIS Development
Team, 2021).

2.4. Application of RGB indices and validation of classification

Vegetation indices commonly used in agriculture and forestry,
calculated from the RGB image bands, were used to identify patches of
the protected species. To detect vegetation patches and to identify
S. urvillei subsp. hillebrandtii with maximum efficacy, three RGB-based
vegetation indices known from the literature were selected and calcu-
lated: the Triangular Greenness Index (TGI), the Colour Index of Vege-
tation Extraction (CIVE), and the Red-Green Ratio (RGR). The indices
were computed separately for each sample area using the Raster
Calculator tool of QGIS 3.40.7.

The CIVE index, which is primarily employed to enhance the colour
intensity of vegetation (Kawashima and Nakatani, 1998), was calculated
using the following formula (Eq. 1):

CIVE = 0.441R - 0.811G +0.385B +18.787 (€D)]

The TGI index, which relies on a triangulation-based approach to
capture the greenness of vegetation (Hunt et al., 2011), was computed as
follows (Eq. 2):

TGI = —0.5[(4 — ) (Rr —Rg) — (A — 4g) (R-—Ry) | )
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where 1, 4¢, 4 are central wavelength of red, green, and blue bands,
respectively, Ry, Ry, and R are the reflectances for red, green, and blue
bands, respectively.

The third index applied was the Red-Green Ratio (RGR), a metric
frequently employed for the assessment of plant stress and physiological
status (Gamon and Surfus, 1999). The formula for the RGR is as follows
(Eq. 3):

R
RGR = G 3

Based on the index values, the generation of grayscale raster maps
was undertaken for each sample area. Subsequently, an optimal
threshold range was defined for each index through visual assessment.
This range was determined to optimise the distinction between flower-
ing individuals of the target species and the background. These thresh-
olds were then applied to reclassify the raster layers into binary format,
where the patches of the target species were consistently represented as
1 (and the background as 0 or NoData). In cases where the thresholding
of a given index resulted in an inverse classification (i.e. lower values
indicating the presence of the species), the binary map was inverted to
ensure consistency. The resulting binary rasters were then vectorised
using the GDAL Polygonize tool in QGIS.

The threshold values were initially determined by visual inspection
of the vegetation index rasters within the sample areas. To support the
objectivity of the threshold selection, histogram distributions of vege-
tation index values were analyzed for each sample area. In both indices,
vegetation pixels formed a dominant peak in the histogram distribu-
tions, while background pixels occurred mainly in the lower (CIVE) or
higher (TGI) value ranges. The selected thresholds correspond to the
transition zone between these distributions, where the frequency of
background pixels rapidly declines and vegetation pixels begin to
dominate. To further evaluate the robustness of threshold selection,
automated threshold estimation was performed using the Otsu algo-
rithm (Otsu, 1979) for all sample areas. The Otsu-derived thresholds
were used for comparison with the visually determined threshold values
and to assess the consistency between manual and automated threshold
selection approaches. The RGR index was used as a negative mask var-
iable to remove potential false positive pixels from the CIVE — TGI based
classification. Therefore, its threshold was applied as a conservative
filtering criterion rather than being derived from vegetation-background
separation.

The polygons generated by RGR index were used to exclude non-
target vegetation features. However, these features were sometimes
falsely identified by other indices (CIVE, TGI) as positives. Conse-
quently, the final prediction layers were created by subtracting the RGR-
based polygons from the CIVE and TGI-derived polygon layers (QGIS
“Geoprocessing Tools—Difference”), thereby enhancing classification
specificity or accuracy. For the purpose of validation, all flowering
patches of the target species were manually delineated at each sample
area and used as independent reference layers for calculating the
confusion matrix elements. The validation was carried out on samples
that were not used to determine the threshold values for slicing the
different indices, ensuring that accuracy metrics were derived from in-
dependent data. The following logical operations were applied using
QGIS “Geoprocessing Tools™: True Positive (TP): The intersection be-
tween the predicted (index-based) and actual (manual) polygon layers.
A ‘false positive’ (FP) is characterized by a discrepancy between the
predicted layer and the overlay, with the overlay being the actual
(manual) layer. False Negative (FN): The reverse difference method in-
volves the use of the actual layer as the input, with the predicted layer
(overlay) serving as the reference. True Negative (TN): Initially, a
symmetrical difference was created between the total sample area
polygon and the manual delineation to define the real background
patches. These patches were then intersected with the index-based layer.
Subsequently, the resulting values were utilized to calculate accuracy,
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sensitivity (recall), and specificity for each sample area. The complete
workflow of index calculation, thresholding, and post-processing is
illustrated in Fig. 3.

2.5. Statistical analysis

To compare the classification performance of the RGB-based vege-
tation indices (CIVE, TGI, CIVE-RGR, and TGI-RGR) under different
thresholding approaches (visual and Otsu-based), statistical analyses
were conducted using accuracy, sensitivity, specificity, and Intersection
over Union (IoU) metrics calculated for each of the ten sample areas. As
all index-threshold combinations were evaluated across the same sam-
ple areas, the data represented repeated measurements. Given the
relatively small sample size and to avoid assumptions of normality,
differences among methods were assessed using the non-parametric
Friedman test, followed by Dunn's multiple comparisons post hoc test
to identify pairwise differences between index—threshold combinations.
Statistical evaluation was conducted using GraphPad Prism version
8.0.1.244 for Windows (GraphPad Software, La Jolla, CA, USA). The
level of significance was set to 0.05, and p-values above this threshold
were considered non-significant.

3. Results

The value ranges of the index maps generated from the orthophoto
mosaic showed significant differences among the applied RGB-based
vegetation indices. The CIVE values ranged between —28.92 + 4.473
and 32.32 + 16.289 across the examined sample areas, while the TGI
varied between —764 4+ 1347.4 and 8211.5 4 707.216. In contrast, the
Red-Green Ratio (RGR) covered a narrower interval, ranging between
0.887 +0.03 and 1.473 + 0.635 (Table 1). The distribution of values for
each index is indicative of their differing spectral sensitivities, which
facilitates the effective distinction of the flowering patches of the target
species from the background vegetation. Representative classification
outputs are shown in Fig. 3.

Threshold values were determined for each sample area using both
visual interpretation and an automated Otsu-based approach (Table 2).
For the visually defined thresholds, relatively consistent values were
obtained across sample areas, with mean thresholds of 6.5 + 1.27 for
CIVE and 2450 + 250.55 for TGI (Table 2). The RGR index was applied
as a fixed upper threshold (1.207 + 0.016) and used exclusively as a
negative mask to exclude non-target vegetation. In contrast, Otsu-
derived thresholds showed greater variability among sample areas,
particularly for the TGI index (1500 + 579.2), while CIVE thresholds
were moderately variable (14.36 + 3.54; Table 2). The Otsu thresholds
generally differed from the visually selected values, reflecting the data-
driven and distribution-dependent nature of the automated method.
Importantly, both visual and Otsu-derived thresholds were located
within the transition zone of the histogram distributions separating
vegetation and background pixels (Fig. 4), indicating that the visual
threshold selection was consistent with objective, histogram-based
criteria. While the Otsu method provided an objective and reproduc-
ible thresholding approach, the visually defined thresholds were inten-
tionally more conservative, retaining only pixels with strong vegetation
signals. Otsu-based thresholding consistently increased sensitivity, but
this improvement was accompanied by reduced specificity, indicating a
trade-off between detection rate and false positive errors. The quanti-
tative performance evaluation of the four RGB-based index combina-
tions (CIVE, TGI, CIVE-RGR, TGI-RGR) and thresholds (visual and Otsu)
were based on three key metrics — accuracy, sensitivity, and specificity —
calculated from confusion matrices for each of the ten sample areas. The
findings demonstrated that the subtraction of the RGR index enhanced
the accuracy and reliability of classification in both CIVE and TGI sce-
narios. The spatial patterns of classification outputs derived from the
different index-threshold combinations are illustrated in Fig. 5. Visual
inspection confirms that RGR-based masking reduces false positive
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Fig. 3. A section of the third sample area shown on the orthophoto (a), and complemented with manually digitized polygons (b). Binary maps generated by
thresholding the applied RGB-based vegetation indices (c, e, g), and the same areas with the contours of the manual polygons overlaid (d, f, h). The examples present
the results of the CIVE (c-d), TGI (e-f), and RGR (g-h) indices, respectively. In the CIVE and TGI binary maps, black indicates patches of the target species (Sedum
urvillei subsp. hillebrandtii), while white represents background vegetation. The RGR index is not directly sensitive to the target species but was used to filter out
patches incorrectly classified as target species by CIVE or TGIL. Panels (i-j and k-1) show the final classification outputs obtained after applying RGR-based negative
masking to the CIVE (i—j) and TGI (k-1) maps, respectively. Yellow contours represent the manually digitized polygons in all cases. The presented classification results
are based on visually defined thresholds; Otsu-based thresholding results are not shown here for clarity but are quantitatively evaluated in Figs. 4-8. (For inter-

pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
Basic statistics (min, max, mean + SD) of the three RGB-based vegetation indices.
Sample area CIVE TGI RGR
min max min max min max
S1 —25.848 24.908 —140 7650 0.923 1.224
S2 —26.906 28.671 —510 7880 0.859 1.46
S3 —33.808 28.289 —365 9045 0.911 1.317
S4 —32.837 78.508 —4580 8930 0.844 3.266
S5 —30.266 28.902 —545 7670 0.87 1.285
S6 —24.57 27.858 —450 8075 0.885 1.226
S7 —26.542 26.495 -215 7645 0.895 1.201
S8 —37.636 25.427 —205 9595 0.893 1.173
S9 —25.743 27.007 —295 7810 0.934 1.313
S10 —25.063 26.931 -335 7815 0.856 1.26
Mean —28.92 + 4.473 32.3 £ 16.289 —764 + 1347.4 8211.5 + 707.216 0.887 £+ 0.03 1.473 £+ 0.635
Total index range 61.22 8975.5 0.585
Table 2
Threshold values applied for RGB-based vegetation indices across the ten sample areas using visual and Otsu-based thresholding approaches.
Study area Visual threshold Otsu threshold
CIVE > TGI < RGR < CIVE > TGI <
S1 6 2200 1.02 13.08 1805
S2 7 2700 1.02 9.362 2250
S3 5 2600 1.03 20.247 650
S4 6 2700 1.02 9.247 2195
S5 7 2500 1.04 14.654 1835
S6 8 1900 1.05 13.055 1835
S7 5 2500 1 16.794 950
S8 6 2600 1.01 17.82 780
S9 9 2300 1.05 16.294 1165
S10 6 2500 1.03 13.049 1530
Mean + SD 6.5 + 1.269 2450 + 250.554 1.207 £+ 0.016 14.36 £+ 3.537 1500 + 579.2

For each method, threshold values are reported for the CIVE and TGI indices, while the RGR index was used exclusively as a negative masking variable. Mean values are

presented with + standard deviations (SD).

detections, while Otsu-based thresholding results in a higher number of
detected patches, including non-target areas.

Accuracy values were consistently high for all index combinations
when visually defined thresholds were applied, with median values
exceeding 97% across all sample areas (Fig. 6, Supplementary Table S1).
No statistically significant differences were detected among the visual
threshold-based methods (CIVE, TGI, CIVE-RGR, and TGI-RGR; Fried-
man test with Dunn's post hoc comparisons). In contrast, the use of Otsu-
based thresholds resulted in lower and more variable accuracy values.
Statistical comparisons revealed that several visual threshold-based
approaches significantly outperformed their Otsu-based counterparts.
In particular, TGI-based classification using visual thresholds showed
significantly higher accuracy than TGI with Otsu thresholding (97.51%
+1.00%, 89.69% +8.09%, p = 0.0284). Similarly, both CIVE-RGR and
TGI-RGR approaches with visual thresholds (99.29% +0.31% and
98.98% +0.487%) achieved significantly higher accuracy compared to
their Otsu-based equivalents (92.78% +6.36% and 92% +7.64%) (p <
0.0001 in both cases; Fig. 6, Supplementary Table S1). No significant
differences were observed between CIVE-RGR and TGI-RGR within
either thresholding approach, indicating comparable performance be-
tween the two index combinations.

Sensitivity values varied more substantially among methods

compared to accuracy (Fig. 7, Supplementary Table S2). Under visually
defined thresholds, TGI-based approaches generally achieved higher
sensitivity values than CIVE-based methods. In particular, visual
TGI-RGR showed the highest sensitivity (90.23% +5.41%), and a sta-
tistically significant difference was observed between visual CIVE and
visual TGI-RGR (79.1% +5.71% and 90.23% =+5.41%; p = 0.0391).
Additionally, visual CIVE-RGR exhibited significantly lower sensitivity
compared to Otsu based TGI (88.99% +5.75%, 97.53% +2.52%; p =
0.0146), indicating a consistent advantage of TGI-based indices under
visual thresholding. In contrast, Otsu-based thresholding resulted in
generally high sensitivity values across all index combinations, with
reduced variability among methods. A significant difference was
detected between TGI and CIVE-RGR (97.53% =+2.52%, 87.87% =+
5.81%; p = 0.0017), while other pairwise comparisons were not statis-
tically significant (Fig. 7, Supplementary Table S2).

Specificity values were consistently high under visually defined
thresholds, with all index combinations exceeding 97% and showing low
variability among sample areas (Fig. 8, Supplementary Table S3). The
application of the RGR-based masking significantly improved specificity
for both indices with visual thresholding, as CIVE-RGR (99.39%
+0.29%) and TGI-RGR (99.08% =+0.5%) achieved significantly higher
values compared to their respective base indices (both p < 0.0001;
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Fig. 4. Histogram-based threshold determination for vegetation indices. Histogram distributions of (a) CIVE and (b) TGI values derived from RGB imagery for three
representative sample areas (S1, S5, S10). The dashed red lines indicate the automatically determined thresholds calculated using the Otsu algorithm. The dashed
blue lines indicate the visually selected thresholds, used in the classification correspond to the same transition zone of the histogram distributions separating
vegetation and background pixels. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 8, Supplementary Table S3). While, Otsu-based thresholding
resulted in a noticeable decrease in specificity, accompanied by
increased variability across sample areas. Significant differences were
observed between visual and Otsu-based thresholding for both CIVE and
TGI (p = 0.0284 and p = 0.0391; Fig. 8, Supplementary Table S3),
indicating that the automatic thresholding approach led to a less reliable
exclusion of non-target areas. For visual thresholding CIVE, this pro-
portion increased from 97.91% =+ 0.95%, for visual TGI, it improved
from 97.65% + 1.01%. While for Otsu based CIVE and TGI specificity
were 89.43% +6.95% and 89.57% +8.24% (Fig. 8, Supplementary
Table S3). No statistically significant differences were detected among
the index combinations under Otsu thresholding (Fig. 8, Supplementary
Table S3), suggesting that the choice of index had a reduced influence on
specificity when automatic thresholding was applied.

The comparison of classification performance based on Intersection
over Union (IoU) revealed substantial differences among thresholding
approaches. Visual thresholding combined with RGR masking resulted
in the highest IoU values across all sample areas. In contrast, Otsu-based
thresholding produced significantly lower IoU values. Statistical anal-
ysis using the Friedman test with Dunn's post hoc comparisons
confirmed that both CIVE-RGR and TGI-RGR visual thresholds (0.729 +
0.197 and 0.687 + 0.214) significantly outperformed Otsu-based
thresholds (0.201 + 0.122 and 0.215 + 0.154) (p < 0.0001-0.0024;
Fig. 9, Supplementary Table S4). No significant differences were
observed between certain method pairs, indicating that the application
of RGR masking alone did not consistently improve classification per-
formance when combined with Otsu thresholding (Fig. 9 and Supple-
mentary Table S4).

The negative masking approach, utilizing the RGR index to filter out
non-target vegetation patches, improved classification performance,
particularly in terms of sensitivity and specificity. When combined with
visually defined thresholds, this approach yielded the highest accuracy
and IoU values across all sample areas. These results indicate that RGR-
based masking is an effective post-classification refinement step for

improving the performance of RGB-based vegetation indices in UAV-
assisted monitoring of protected plant species, such as Sedum urvillei
subsp. hillebrandtii.

4. Discussion

This study demonstrates that RGB-based UAV imagery combined
with vegetation indices can effectively detect populations of Sedum
urvillei subsp. hillebrandtii during peak flowering. The combination of
CIVE, TGI, and RGR masking achieved high classification performance
(accuracy >99%), indicating that floral spectral contrast enables reli-
able species-level detection using RGB data.

To facilitate a direct comparison with previously published UAV-
based plant monitoring studies cited in this manuscript, the main
methodological characteristics and reported performance metrics of
these approaches are summarized in Table 3. The comparison shows that
UAV-based plant monitoring ranges from simple RGB index workflows
to more complex multispectral or machine-learning approaches. The
method presented in this study is positioned at the low-cost, low-
complexity end of this spectrum, relying on a standard RGB sensor and a
limited set of visible-band vegetation indices (CIVE and TGI) combined
with an RGR-based negative mask and straightforward GIS operations.
Under the tested conditions, this approach achieved very high classifi-
cation performance, with overall accuracy exceeding 99% and high
spatial agreement with manually delineated patches. At the same time,
Table 3 also illustrates that methodological complexity and sensor so-
phistication are often determined by ecological context. For example,
Groschler and Oppelt (2022) achieved an F1-score of 0.99 using multi-
spectral imagery and random forest classification; while Tabor (2022)
employed multiple spectral indices and texture features to map floral
resources. In contrast; manual approaches such as that used by Bako
et al. (2024) can achieve good detection accuracy but require consid-
erable human effort. These comparisons indicate that RGB-based ap-
proaches can provide reliable and scalable solutions when target species
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Fig. 5. Spatial comparison of classification outputs obtained using different vegetation index—threshold combinations for a representative sample area (S3). Red
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Fig. 6. Overall classification accuracy (%) of the four RGB index combinations
(CIVE, TGI, CIVE-RGR, and TGI-RGR) under visual and Otsu-based thresh-
olding across the ten sample areas. Different letters above the boxes indicate
statistically significant differences among groups (Dunn's test, p < 0.05); groups
sharing the same letter are not significantly different. Boxes represent the
median and interquartile range, with whiskers indicating the minimum and
maximum values across the ten sample areas (n = 10).
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Fig. 7. Sensitivity (true positive rate, %) of the RGB index-based classification
methods under visual and Otsu-based thresholding. Different letters above the
boxes indicate statistically significant differences among groups (Dunn's test, p
< 0.05); groups sharing the same letter are not significantly different. Boxes
represent the median and interquartile range, with whiskers indicating the
minimum and maximum values across the ten sample areas (n = 10).

exhibit strong spectral contrast during flowering. However; method se-
lection should remain context-dependent and closely linked to species
morphology; habitat structure; and monitoring objectives.The CIVE
index; although originally developed under general conditions; per-
formed reliably in the studied environment; indicating that strong floral
contrast can compensate for the lack of local calibration. The consistent
performance of all indices further supports the applicability of simple
RGB-based metrics for detecting visually distinct flowering species.
Previous work (Bakacsy et al., 2023) demonstrated that RGB indices
such as TGI can be applied in a species-specific manner through
threshold adjustment. In the present study; substantially higher accu-
racy (>99%; Tables 1 and 3) was achieved; likely due to the uniform
yellow coloration and strong contrast of Sedum inflorescences compared
to more heterogeneous species. Tabor (2022) applied UAV imagery
combined with a random forest model using multiple indices and texture
features; achieving high specificity (0.99) but lower sensitivity (0.77). In
comparison; the present study achieved comparable performance using
a simpler index-based approach; suggesting that complex models may
not be necessary when target species exhibit strong spectral contrast.
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Fig. 8. Specificity (true negative rate, %) of the RGB index-based classification
methods under visual and Otsu-based thresholding. Different letters above the
boxes indicate statistically significant differences among groups (Dunn's test, p
< 0.05); groups sharing the same letter are not significantly different. Boxes
represent the median and interquartile range, with whiskers indicating the
minimum and maximum values across the ten sample areas (n = 10).
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Fig. 9. Intersection over Union (IoU) values of the RGB index-based classifi-
cation methods (CIVE, TGI, CIVE-RGR, and TGI-RGR) under visual and Otsu-
based thresholding. Different letters above the boxes indicate statistically sig-
nificant differences among groups (Dunn's test, p < 0.05); groups sharing the
same letter are not significantly different. Boxes represent the median and
interquartile range, with whiskers indicating the minimum and maximum
values across the ten sample areas (n = 10).

Similarly; de Sa et al. (2018) demonstrated the potential of UAV-based
flower mapping; although their results were limited by species hetero-
geneity. In contrast; the compact structure and uniform coloration of
S. urvillei subsp. hillebrandtii enabled more reliable detection using RGB
indices. This is particularly relevant; as previous automated plant-
counting approaches have typically relied on multispectral or hyper-
spectral sensors; which involve higher costs and more complex work-
flows (Jiménez Lopez and Mulero-Pazmany, 2019; Reckling et al.,
2021). This study contributes to the development of UAV-based moni-
toring methods for visually distinct flowering plant species, showing
that simple, low-cost approaches can achieve comparable accuracy
when the target species is spectrally distinct.

A key methodological insight of this study concerns the comparison
between visually defined and automatically derived (Otsu-based)
thresholds. While Otsu thresholding provides an objective and repro-
ducible approach (Otsu, 1979); our results demonstrate that it does not
necessarily lead to improved classification performance under all con-
ditions. In particular; Otsu-based thresholding consistently increased
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Table 3
Comparison of UAV-based plant monitoring studies using RGB or multispectral imagery for flowering plant detection and conservation monitoring.
Study Target species Sensor type Methodological approach Reported performance Relative Cost level
metric methodological
complexity
Overall accuracy up to
Sedum urvillei subsp. RGB indices (CIVE, TGI) + negative 99.3%, specificity >99%;
hillebrandtii (flowering masking (RGR); thresholding + GIS IoU (CIVE-RGR) 0.730 +
Present study patches) RGB polygon operations 0.198 Low Low
RGB vegetation indices (incl. TGI);
species-specific thresholding; for Spatial overlap reported as
Bakacsy et al. Asclepias syriaca; G. pulchella inflorescences: shape- ~60% (noted as lower than
(2023) Gaillardia pulchella RGB based index (IF) present study) Moderate Low
Fritillaria meleagris Manual evaluation at very high spatial High (labour-
Bako et al. (2024) (flowering individuals) RGB resolution Detection accuracy 91-97% intensive) Moderate
Vegetation index (MaVI) + random
forest classification (incl. Feature-
Groschler and selection workflow as described in
Oppelt (2022) Dactylorhiza majalis Multispectral manuscript) Fl-score 0.99 High High
Floral cover (resource RGB (UAV Random forest using 13 indices + Sensitivity 0.77, specificity
Tabor (2022) mapping for pollinators) imagery) texture features 0.99 High Moderate
Flower mapping from UAV imagery Weak correlation between
Acacia longifolia RGB (UAV (workflow details not expanded in field-observed and mapped
deSaetal. (2018)  (flowering) imagery) manuscript) flower counts Moderate Moderate
Rare plant monitoring
Reckling et al. (species not specified in Not specified in Species distribution model + Al-based
(2021) manuscript text) manuscript object detection Not specified in manuscript High High
Endangered plant census
Rominger and (species not specified in Not specified in UAV-based census methodology
Meyer (2019) manuscript text) manuscript (details not expanded in manuscript) Not specified in manuscript Moderate Moderate
Jiménez Lopez
and Mulero-
Pazmany Review (drones for
(2019) conservation) N/A Review N/A Low Low

Table 3. summarizes selected UAV-based plant monitoring studies cited in this manuscript, highlighting differences in target species, sensor type, analytical workflow,
reported performance metrics, methodological complexity, and approximate cost requirements.

sensitivity; indicating a higher detection rate of true Sedum patches; but
at the cost of reduced specificity; reflecting an increase in false positive
detections. This trade-off can be explained by the characteristics of the
vegetation index histograms. In the present study; the distributions were
often unimodal or weakly bimodal due to the relatively small spatial
extent of Sedum patches within the sample areas. Under such conditions;
Otsu's method; which assumes separable class distributions; may fail to
identify an optimal threshold and instead place it within overlapping
value ranges (Xing et al., 2022; Mardanisamani and Eramian, 2022).
This limitation of Otsu-based thresholding in unimodal histograms has
been widely reported in remote sensing applications (Duarte et al.,
2020; Rosin and Hervas, 2005), often resulting in increased misclassi-
fication and false positives. In contrast, visually defined thresholds were
more conservative and better aligned with the biologically relevant
spectral characteristics of the target species. This resulted in lower
sensitivity but substantially higher specificity and overall classification
reliability. This highlights that automated thresholding should be
applied with caution in cases where class imbalance is pronounced.
Despite the high classification performance achieved under the
tested conditions, several methodological limitations must be explicitly
acknowledged. The survey was conducted on a single date during peak
flowering under optimal illumination conditions. While this ensured
strong chromatic contrast and image clarity, it limits the temporal
robustness of the proposed thresholds. RGB-based vegetation indices are
known to be sensitive to illumination angle, shadowing, and brightness
variability (Hunt et al., 2011; Bendig et al., 2015; Zhou et al., 2008), and
the absence of multi-date replication prevents evaluation of inter-annual
or seasonal stability. The workflow was explicitly optimized for peak
flowering. Consequently, only flowering individuals were detectable,
whereas vegetative shoots were not captured by the RGB-based
thresholds. The method therefore estimates flowering patch abun-
dance rather than total population size. In years characterized by
reduced or asynchronous flowering, detectability may decline
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substantially (Reckling et al., 2021). The temporal applicability of the
approach is thus phenology-dependent and inherently narrow. The
study also represents a single-species case within a relatively homoge-
neous open sandy grassland stand. The exceptionally high accuracy re-
flects the strong spectral distinctiveness of the uniformly yellow
inflorescences. However; generalization to multispecies communities
should be made cautiously. In habitats with simultaneous flowering taxa
of similar chromatic properties; spectral overlap may increase the risk of
misclassification (de Sa et al., 2018; Groschler and Oppelt, 2022).
Although RGR-based negative masking reduced false positives, it cannot
fully eliminate confusion in spectrally complex communities. Environ-
mental sensitivity further constrains transferability. Soil reflectance,
heterogeneous background vegetation, mixed pixels, and cast shadows
may alter index values, particularly for linear combinations such as CIVE
and TGI (Caturegli et al., 2016; Bendig et al., 2015). Moreover, no
radiometric calibration using reflectance panels was applied, and the
workflow relied on relative digital numbers derived from the ortho-
mosaic. While this enhances operational simplicity and cost-efficiency,
it limits cross-site comparability and radiometric standardization.
Taken together, the proposed method should be considered species-
specific and context-dependent. Nevertheless, the conceptual frame-
work — combining simple RGB indices with negative masking — may be
transferable to other taxa characterized by compact growth form and
strong chromatic contrast during flowering, provided that species-
specific threshold validation is conducted.

In future research, this method could be combined with low-
complexity but more advanced algorithms, such as object-based image
analysis (OBIA), to enhance the integration of morphological filters
(Blaschke et al., 2014). Subsequent investigations could encompass the
adaptation of this technique to monitor invasive species (e.g.; for the
purpose of early detection) or for the assessment of pollinator diversity
and habitat conditions; as proposed by Tabor (2022). These results
suggest that fully automated thresholding should be applied with
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caution in ecological applications where class imbalance and spatial
heterogeneity are pronounced.

5. Conclusion

S. urvillei subsp. hillebrandtii represents a characteristic species of
well-preserved Pannonian sand steppe habitats. Because its populations
are typically associated with structurally intact sandy grasslands,
monitoring its spatial distribution can provide useful information on
habitat quality and vegetation dynamics in these ecosystems. This study
demonstrated that RGB-based UAV imagery combined with simple
vegetation indices can reliably detect flowering individuals of Sedum
urvillei subsp. hillebrandtii under favorable conditions. The application of
RGR-based negative masking substantially improved classification per-
formance, particularly by increasing specificity and reducing false pos-
itive detections. While automated Otsu thresholding increased
sensitivity, it resulted in reduced classification stability compared to
visually defined thresholds, highlighting a trade-off between detection
rate and reliability. These findings indicate that expert-driven threshold
selection may be more suitable in cases where the target species oc-
cupies a small proportion of the scene. The proposed workflow provides
a cost-effective and operationally simple approach for conservation
monitoring, particularly for species with strong spectral contrast during
flowering. However, its applicability is limited by phenological con-
straints and environmental conditions, and therefore requires species-
specific validation before broader application.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.ecolind.2026.114888.
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