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Abstract: Phyllanthus rufuschaneyi is a recently identified nickel hyperaccumulator with promising
potential for agromining in ultramafic regions of Sabah, Malaysia. This study reports preliminary
findings from a field campaign aimed at: a) understanding the relationship between biomass and
selected biophysical parameters, and b) exploring the potential detection of the spatial distribution of
individual biomass using UAV images. The study site is located at the degraded ultramafic soil area in
Garas Hill of Ranau district. A total of 36 destructive treelet samples and one plot of 10x10 meters field
measurements, consisting of 90 readings, were conducted to quantify fresh biomass and record plant
characteristics. Samples were selected based on height, ranging from 103 to 620 cm at approximately
1-meter intervals. The dataset consists of measurements such as plant height, canopy size, and various
biomass weights of components: leaves, rachises, trunk and roots. Initial analysis shows the power
function demonstrated the highest predictive capacity, with an R’ value of 0.913-0.927 for height,
followed by trunk diameter (R’ of 0.823-0.892), canopy size (R’ of 0.552-0.655) and root length (R of
0.417-0.614), suggesting potential for predictive modeling. Concurrently, aerial data were captured at
a flying altitude of 130 meters using a DJI Phantom 4 Pro UAV to assess the plot-level spatial patterns.
Based on early manual observations, ideal dimensions for the detection of individuals or clumping trees
are exhibiting a height of at least 300 cm, a crown diameter of 100 cm or greater, and an estimated
biomass equal to or exceeding 3000 grams. Although complete biomass modeling is still underway,
these early results demonstrate the feasibility of integrating ground measurements with aerial data for
biomass estimation of Phyllanthus rufuschaneyi, laying the foundation for non-destructive monitoring
and sustainable metal cropping systems.

Keywords: Biomass estimation, hyperaccumulator plant, Phyllanthus rufuschaneyi,
ultramatfic soils, UAV remote sensing

Introduction
Accurate biomass estimation is essential for ecological research, sustainable land
management, and emerging agromining practices. Biomass quantification informs plant

productivity, carbon sequestration, and nutrient cycling (Brown, 1997; Chave et al., 2005).
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In the case of hyperaccumulator species, biomass estimation provides insight into metal
uptake and accumulation dynamics that are critical for bio-ore recovery (van der Ent et al.,
2013). Traditional destructive sampling remains the benchmark for precise biomass
measurement; however, it is time-consuming, costly, and unsuitable for rare or threatened
species (Henry et al., 2011). As a practical alternative, allometric equations—Iinking
measurable plant traits such as height, trunk diameter, or canopy size to biomass—offer a
non-destructive approach for estimating aboveground biomass (Basuki et al., 2009).
Phyllanthus rufuschaneyi—recently reclassified as Emblica rufuschaneyi (Bouman et al.,
2022)—is a nickel (Ni) hyperaccumulator endemic to Sabah, Malaysia. This small treelet,
less than 10 meters in height, can accumulate up to 2—3% Ni in its aboveground biomass,
making it one of the most promising candidates for agromining (van der Ent et al., 2015a).
With global demand for critical metals such as Ni and cobalt (Co) rising due to green
technologies, agromining has emerged as a sustainable alternative to conventional mining,
particularly in ultramafic soils where metal-rich ores are abundant but conventional
extraction is economically and environmentally challenging (Nkrumabh et al., 2016; Rabbani
et al., 2024; van der Ent et al., 2015b). The cultivation of Phyllanthus rufuschaneyi as a
perennial “metal crop” offers dual benefits: recovery of bio-ore and rehabilitation of
degraded ultramafic landscapes. Despite this potential, little progress has been made in
developing robust allometric equations to estimate biomass and bio-ore yield for this newly
identified species.

Advances in remote sensing provide new opportunities for addressing this knowledge gap.
Unmanned Aerial Vehicles (UAVs), equipped with high-resolution cameras and
multispectral sensors, have been widely used in forestry and agricultural studies to extract
plant characteristics such as canopy size, height, and vegetation indices (Chong et al., 2017;
Gonzalez et al., 2010; Mareya et al., 2018). The Structure-from-Motion (SfM) technique
enables three-dimensional reconstruction of plant canopies, making UAV-derived imagery
a cost-effective tool for biomass estimation (Dandois and Ellis, 2013). While UAV
applications in biomass modeling are well established in forestry and plantation crops, their
use for hyperaccumulator plants is still limited (Eltaher et al., 2019; Ma et al., 2024; Purwadi
et al., 2023).

This study addresses these gaps by exploring the relationship between field-measured
biomass and biophysical traits of Phyllanthus rufuschaneyi while assessing UAV imagery
for spatial mapping. Specifically, it aims to evaluate the feasibility of integrating destructive

sampling with UAV-based observations to derive preliminary biomass estimation models.
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Furthermore, the study investigates the potential of UAV data for detecting individual plants
and clumped growth formations in situ. These findings contribute to the development of
non-destructive biomass monitoring tools, which are critical for scaling up sustainable

agromining and ecological restoration in ultramafic landscapes of Sabah.

Literature Review

a. Biomass Estimation and Allometric Equation

Accurate biomass estimation is central to ecological monitoring, carbon accounting, and
sustainable resource management. Traditionally, biomass is measured using destructive
sampling, which involves harvesting plant tissues and weighing their components. While
highly accurate, this method is impractical for large-scale monitoring and unsuitable for
endangered or endemic species (Daba and Soromessa, 2019). To address this, allometric
equations have been developed to predict biomass from easily measurable plant parameters
such as diameter, height, and canopy size (Basuki et al., 2022; Goodman et al., 2014). These
equations reduce the need for destructive sampling and allow for efficient estimation across
broad landscapes. However, species-specific equations are often required since plant
architecture and growth dynamics vary significantly between taxa and ecosystems (Aabeyir
et al., 2020).

For hyperaccumulator plants, such as Phyllanthus rufuschaneyi, there remains a lack of
established allometric models. As highlighted in previous studies, most biomass models
focus on timber or agroforestry species, leaving knowledge gaps in specialized plants of
economic and ecological significance, especially in agromining contexts (Han and Park,
2020; Korom et al., 2016). Establishing robust biomass—canopy diameter relationships for
Phyllanthus rufuschaneyi is thus vital for its effective management and utilization in metal

cropping systems.

b. UAY Remote Sensing for Plant Biophysical Analysis

Advancements in UAV remote sensing have transformed biomass estimation by enabling
high-resolution and spatially explicit monitoring. UAV-mounted RGB and multispectral
cameras allow the extraction of plant biophysical parameters such as canopy height, crown
diameter, and vegetation indices (Avtar et al., 2020; Hu et al., 2018). SfM photogrammetry
techniques have been widely applied for reconstructing 3D canopy structures, offering

accurate measurements comparable to ground surveys (Mlambo et al., 2017; Sedrati et al.,

2022).
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Although UAV applications in forestry and agriculture are well-established, their integration
into agromining remains underexplored. For ultramafic ecosystems, where
hyperaccumulator plants like Phyllanthus rufuschaneyi thrive, UAV-based monitoring
provides an opportunity to quantify biomass and growth patterns non-destructively. This
integration would support both ecological conservation and metal recovery industries by
reducing field effort, improving scalability, and offering precise temporal monitoring. To
date, no published research has reported UAV-based biomass modeling specifically for
Phyllanthus rufuschaneyi, highlighting a significant research gap.

Materials and Methods

a. Study Site

The study was conducted at Bukit Garas, Ranau, Sabah, Malaysia, an ultramafic site
characterized by soils enriched with heavy metals, particularly nickel, chromium, and
cobalt. The site lies within the coordinates 116°47'59.0" E, 6°05'20.0” N and forms part of
the Kinabalu National Geopark, which was recently recognized as a UNESCO Global
Geopark (Fig. 1a). This location is of particular interest due to its serpentine parent material,
which has long been associated with high concentrations of heavy metals and unique soil
chemistry that restricts plant diversity while favouring metal-tolerant and hyperaccumulator
species (Tashakor et al., 2011).

The area represents a degraded forest ecosystem that was severely impacted by the 1997 El
Nifio-induced fire, but has since naturally regenerated, providing an in-situ environment
where wild populations of Phyllanthus rufuschaneyi thrive. This endemic nickel
hyperaccumulator species is listed under the [IUCN Red List but holds promise as a future
metal crop for sustainable agromining initiatives in Sabah (Tsen et al., 2021). The unique
ecological conditions of ultramafic soils in Bukit Garas make it an ideal natural laboratory

to study biomass dynamics and remote sensing applications for hyperaccumulator plants.

b. Field Data Collection

A targeted sampling strategy was adopted to capture the variability of Phyllanthus
rufuschaneyi individuals across different growth stages within the predefined site area of
interest (AOI) (Fig. 1b). Tree selection was primarily based on plant height, which served
as a practical indicator to represent individuals from diverse age groups, canopy sizes, and
growth stages, ensuring comprehensive coverage of population variability (Hu et al., 2018;

Poorter et al., 2015). Samples were destructively collected within a 10 m x 10 m field plot
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and selected based on plant height at approximately 1 m intervals to provide plot-scale

biomass reference data.
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site AOI at Bukit Garas, Ranau, with UAV image in the background, (c) Careful uprooting
of the selected sampling plant during field data collection, (d) Illustration of canopy
diameter of the plant

Given the species’ endemic status, sampling was carried out with minimal disturbance and
strict adherence to restrictions. Each selected treelet was carefully uprooted to preserve the
root system (Fig. 1c), enabling precise measurement of root length and biomass (Rossi et
al., 2022). Plant components—including trunk, roots, leaves, and rachises—were separated,

measured, and weighed (Picard et al., 2012). Complementing the destructive sampling, one
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10 x 10 m plot was established, where individual plant measurements were done. Heights
were recorded from the plant base to the shoot apical meristem using measuring tapes, while
canopy diameter and perimeter were measured from a top-view projection (Interagency
Technical Reference, 1996). Trunk diameter was recorded at basal and upper sections using
callipers to account for variability in stem taper. The biomass at the individual level was
estimated using a species-specific allometric equation registered under Malaysian copyright
(MyIPO, 2025), formulated based on a power model as below:

Individual biomass = 0.043 x Canopy Diameter?>’

Egn. 1
The integration of both destructive measurements and field plot readings provided robust
ground-truth data for developing biomass estimation models and validating UAV-derived

observations.

c. UAYV Data Acquisition

UAYV surveys were conducted using a DJI Phantom 4 Pro platform equipped with an
integrated 20-megapixel RGB camera featuring a 1-inch CMOS sensor and real-time
kinematic referencing was deployed during data acquisition to improve spatial accuracy.
This platform was selected for its proven reliability in ecological monitoring and its capacity
to capture high-resolution imagery suitable for object-based image analysis and vegetation
mapping (Hu et al., 2018; Husson et al., 2016).

The UAYV flights were performed over the Bukit Garas undulating topography under stable
weather conditions to minimize the influence of cloud cover, wind, and shadowing on image
quality. A safe flight altitude of 130 m above ground level was maintained from the base
point elevation, which produced a ground sampling distance (GSD) of approximately 3.6
cm per pixel, enabling the detection of small crown structures typical of Phyllanthus
rufuschaneyi treelets (Mauya et al., 2015). The flight mission ensures complete coverage
and minimizes gaps by imposing 80% forward and 75% side overlap of the imagery.

A pre-programmed flight path was executed using DJI GS Pro software, which allowed for
consistent flight lines and uniform image capture across the survey area. All imagery was
stored in TIF format and later converted into orthomosaics and digital surface models
(DSMs) using Agisoft software. This UAV-based dataset provided the spatially explicit
imagery necessary for correlating crown attributes with field-based biomass measurements

and for exploring automated detection approaches for Phyllanthus rufuschaneyi individuals.
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d. Data Analysis

The data analysis involved integrating field-derived biomass measurements with UAV-
based imagery to explore relationships between biophysical parameters and aboveground
biomass of Phyllanthus rufuschaneyi. Field data collected through destructive sampling and
plot-based measurements were first compiled to establish a reference dataset of plant height,
canopy dimensions, basal diameter, and biomass components (leaves, rachises, trunk, and
roots). Statistical preprocessing was conducted to ensure consistency, remove outliers, and
normalize measurements where appropriate (Poorter et al., 2015).

For biomass modeling, regression analyses were employed to assess the relationships
between biomass and plant variables. Several functional forms, including linear,
exponential, and power models, were tested to determine the best-fitting model. Goodness-
of-fit was evaluated using the coefficient of determination (R?*) and the statistical
significance of the regression coefficients, with F-statistics used to test overall model
validity (Chave et al., 2014; Ketterings et al., 2001).

UAV-derived imagery was carefully examined to match the plant spatial distribution
patterns with the field data within the study plot. The vegetation features were compared
manually to gain insight into the implementation of segmentation techniques in object-
based image analysis (OBIA). These canopy parameters were cross-referenced with field
measurements to evaluate the feasibility of non-destructive biomass estimation. Visual
assessment was performed to identify spectral and spatial features that correlated strongly
with biomass accumulation (Biswal et al., 2024; Lu et al., 2012).

The integration of field data with UAV imagery provided a preliminary framework for
developing species-specific allometric equations and spatial biomass models. Although full
predictive modeling is ongoing, this step laid the groundwork for testing UAV-assisted

monitoring systems in sustainable agromining practices.

Results

a. Statistical Analysis

A total of 36 individual Phyllanthus rufuschaneyi treelet samples were destructively
harvested to quantify the biomass components, including leaves, rachises, trunk, and roots.
The summary of fieldwork data collection is presented in Table 1. The minimum and
maximum heights recorded during the fieldwork were 103 cm and 620 cm, covering a broad
spectrum of growth stages representative of natural ultramafic stands. The mean plant

height was 335.8 cm (£25.75 SE), with a standard deviation of 154.49 cm, reflecting

Page | 7



“The 46" Asian C

substantial structural variability among individuals. Canopy dimensions also varied widely,
with crown diameters ranging from below 100 cm in younger individuals to above 300 cm

in mature treelets, suggesting a diverse architecture influenced by microhabitat conditions.

Table 1. Statistical descriptive for fresh components weight of Phyllanthus rufuschaneyi
hyperaccumulator plant for n=36 destructive samples

Component biomass
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Mean 335. 23 8. 166 38 1094 315 1883
8 7
SE 257 01 62 277 203 2038 510 3487
5 9 7
Med 345 22 78, 965 43 636 231 1017
5 0
Mode 345 13 47, 20 10 40 20 90
7
SD 154, 11 37. 166,  121.  1223.  306.  2092.
49 5 62 15 99 05 10 47
Skew 0.17 07 05 144 351 1659 106 1672
9 23 90 7 0 7
Min 103 08 24 10 5 40 20 90
4
Max 620 50 164 626 680 5188 101 9139
9 4

Note: SE standard error, Med median, SD standard deviation, Skew skewness, Min
minimum, and Max maximum

The statistical results above indicate that biomass distribution across plant components was
heterogeneous, with trunks generally contributing the largest proportion of total dry mass,
followed by leaves and rachises, while roots accounted for smaller but significant fractions.
Such allocation patterns are consistent with other hyperaccumulator species reported in
ultramafic ecosystems, where investment in shoot biomass supports enhanced uptake and

translocation of metals (Bouman et al., 2018; Peer et al., 2005).
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At the plot level, 90 individual plant measurements were recorded, which were summarized
in Table 2. Plot-based data provided insight into stand-level variation, capturing density
patterns, crown overlap, and clumping behaviour commonly observed in situ. This dataset
highlighted the challenge of distinguishing individual crowns in dense clusters, a factor with

implications for UAV-based biomass detection.

Table 2: Statistical summary of individual plant measurements in the 10 m X 10 m plot

Height Basal trunk Canopy Biomass
(cm) diameter diameter (gm)
(cm) (cm)
Mean 256.022 1.541 86.206 1812.462
SE 16.98 0.14 5.23 257.48
Min 36.0 0.3 27.0 83.4
Max 705.0 6.8 243.0 12977.9
Skew 0.702 1.947 1.096 2.410

Note: SE standard error, Min minimum, Max maximum, and Skew skewness

The dataset established an empirical baseline for developing allometric models. The
variation observed in height, basal trunk diameter, crown dimensions, and biomass
components highlights the need to incorporate multiple predictors for accurate biomass
estimation. Furthermore, the inclusion of plot-level data enables a more realistic assessment
of biomass distribution in natural stands, thereby supporting the integration of UAV-based

imagery with field-based models.

b. Biomass Allometric Relationships and Model Fit

The analysis of field measurements revealed strong correlations between biomass and
selected biophysical parameters of Phyllanthus rufuschaneyi. Regression models were
developed to examine the predictive capacity of height, trunk diameter, canopy size, and
root length against the observed biomass. Among the tested models (linear, exponential,
and power functions), the power function consistently provided the best fit, in line with
established patterns in tree biomass modeling (Chave et al., 2014; Picard et al., 2012). A

summary of the best model regression is presented in Table 3.
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Table 3. Model summary and parameter estimate for regression estimation analysis
between the dependent variable Biomass and various independent plant biophysical

variables
Plant Equation Model Summary Parameter Estimates |
biophysic R? F a b
al
Height Exponentia 0.91 358.5 59.912 0.008
(cm) 1 3 87
Power* 0.92 433.0 0.001 2.407
7 40
Trunk Linear 0.84 181.8 - 3202.6
diameter 2 65 2831.9 72
(cm) 05
Exponentia 0.82 158.0 49.161 2.002
1 3 00
Power* 0.89 279.7 363.70 3.081
2 46 9
Canopy Exponentia 0.56 44.88 288.68 .000
area 1 9 8 0
2
(em’) Power* 0.65 64.65 0.056 1.148
5 6
Canopy Linear 0.55 41.93 - 41.328
diameter 2 2 1659.4
(cm) 64
Power* 0.65 64.65 0.043 2.297
5 6
Exponentia 0.65 64.54 81.638 0.028
1* 5 9
Root Linear 0.41 24.31 - 71.571
length 7 6 1298.3
(cm) 92
Power* 0.61 54.16 0.198 2.286
4 3

Notes: R? is the coefficient of determination of the equation function, F stands for F-
statistic is a measure of the ratio of the variance explained by the model to the variance
that cannot be explained by the model (residual variance), dfl is the number of groups
minus one, df2 is the total number of observations minus the number of groups, and a
and b is the parameter estimates which relate to the equation functions. All the models

have dfl = 1 and df2 = 34, with significance at p < 0.01. The symbol * represents the

best model for each variable.

Page | 10



"'Fhe 46" Asian C

The results indicated that plant height was the strongest predictor of aboveground biomass,
with coefficients of determination (R? = 0.913—-0.927) across models. Trunk diameter also
demonstrated high predictive capacity (R? = 0.823—0.892), confirming its role as a reliable
variable in allometric relationships. In contrast, canopy size showed moderate correlations
(R? = 0.552-0.655), while root length exhibited weaker associations (R* = 0.417-0.614).
These findings suggest that the morphological traits, particularly height and trunk diameter,
can serve as effective proxies for estimating biomass in this hyperaccumulator species.

Model validation through F-statistics confirmed that the power-based regressions were
statistically significant (p < 0.01), indicating robustness in the derived equations. However,
variability observed in canopy and root parameters highlights the influence of ecological
factors such as clumping growth forms, crown overlap, and heterogeneous soil conditions
typical of ultramafic environments (van der Ent et al., 2015a). These findings highlight the
importance of refining species-specific equations to reduce uncertainty in biomass
estimation, particularly in agromining applications where accurate predictions of bio-ore

yield are critical.

c. UAY Image Exploration

UAV-based image acquisition provided high-resolution orthomosaics that enabled
preliminary spatial exploration of Phyllanthus rufuschaneyi distribution within the study
plot. A clear distinction between canopy structures and vegetation cover is easily observed
in the image of 3.6 cm per pixel resolution. The orthorectified images were processed to
identify spatial patterns of crown distribution, canopy overlap, and potential clumping of
individuals, which are the key features influencing biomass estimation.

Manual visual interpretation revealed that individuals or clumped stands of Phyllanthus
rufuschaneyi were most readily detectable when their dimensions exceeded certain
thresholds, namely height > 300 cm, crown diameter > 100 ¢cm, and biomass > 3000 gm
(Fig. 2). These thresholds correspond to the results from field-based measurements and
serve as practical benchmarks for OBIA approaches. The spatial distribution of the
Phyllanthus rufuschaneyi plants is likely detectable based on the spectral white colour.
Canopies smaller than these thresholds exhibited poor separability from surrounding
vegetation, highlighting the challenge of detecting younger or smaller individuals from

aerial images.
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Figure 2. The pink-coloured round shape represents the average canopy diameter of
individual tree crowns. Query selection was performed based on the mentioned threshold,
which displayed a corresponding distribution of the selected species Phyllanthus
rufuschaneyi (blue-coloured round shape).

Furthermore, UAV-derived imagery facilitated the visualization of spatial heterogeneity in
canopy density within the ultramafic site. Areas with higher crown overlap suggested
potential over- or underestimation of biomass if traditional allometric equations are applied
without adjustments for crown clumping effects. This underscores the necessity of refining
species-specific allometric models by integrating remote sensing indicators with field-based
measurements, as suggested by prior studies in biomass estimation and precision forestry

(Dandois and Ellis, 2013; Korom et al., 2016; Lu et al., 2016).

Discussion

This study highlights the importance of biomass estimation in advancing agromining
practices, particularly for Phyllanthus rufuschaneyi, a nickel hyperaccumulator native to
Sabah’s ultramafic soils. The strong predictive relationships observed, especially with
power functions, demonstrate that plant height and trunk diameter serve as reliable proxies
for biomass, consistent with global findings in biomass allometry (Chave et al., 2014). The
feasibility of UAV-derived imagery further strengthens the monitoring framework by
offering spatially explicit data on canopy structure and distribution, thus reducing reliance

on destructive sampling. Detection thresholds identified in this study (=300 cm height, >100
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cm crown diameter, >3000 gm biomass) provide operational benchmarks for UAV
monitoring, ensuring reliable detection of individuals or clumped trees that are most
relevant to biomass yield in agromining (Gini et al., 2014). These insights establish a
foundation for precision monitoring of bio-ore crops while supporting sustainable
harvesting strategies.

Despite these encouraging results, several challenges remain. Crown overlap among
clumped individuals complicates object-based image analysis, potentially inflating or
underestimating biomass when canopy boundaries are indistinct. Image resolution
limitations further affect the accuracy of segmentation, particularly for smaller individuals
that fall below the established detection thresholds. These constraints underscore the need
for refined methods, such as advanced segmentation algorithms that integrate artificial
intelligence techniques and incorporate 3D canopy metrics from UAV photogrammetry, to
enhance prediction accuracy (Puliti et al., 2015). Compared with prior work in forestry and
agriculture, this study provides an early example of the adaptation of remote sensing tools
to the emerging agromining sector (van der Ent et al., 2015b). While global applications of
UAVs in biomass monitoring focus primarily on carbon storage, the adaptation here
emphasizes nickel yield, positioning this work at the frontier of sustainable bio-ore

production.

Conclusions

This study presents preliminary findings on biomass estimation and UAV image exploration
of Phyllanthus rufuschaneyi in Sabah’s ultramafic soils, demonstrating that power functions
based on plant height and trunk diameter provide the strongest predictive capacity, while
UAV-derived imagery enables spatial assessment of canopy distribution with reliable
detection thresholds (=300 cm height, >100 cm crown diameter, >3000 g biomass). These
results confirm the feasibility of integrating ground-based allometric equations with aerial
data for non-destructive biomass monitoring, supporting the advancement of agromining
and sustainable land-use practices in degraded ultramafic environments. Looking ahead,
further refinement of allometric models through larger and more diverse datasets, combined
with advanced UAV-based object-based image analysis and machine learning integration,
will enhance crown delineation, reduce errors from canopy overlap and image resolution
limits, and strengthen predictive modeling for bio-ore yield estimation, positioning
Phyllanthus rufuschaneyi as a cornerstone species for sustainable agromining in Malaysia

and beyond.
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