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Utilising RGB drone imagery and vegetation indices for 
accurate above-ground biomass estimation: a case study 
of the cradle nature reserve, Gauteng Province, 
South Africa

Charles Matyukira and Paidamwoyo Mhangara 

School of Geography, Archaeological & Environmental Studies, Faculty of Science, University of the 
Witwatersrand, Johannesburg, South Africa 

ABSTRACT 
Accurate estimation of above-ground biomass (AGB) is a crucial 
aspect of ecosystem management, particularly in game reserves 
like the Cradle Nature Reserve. This study utilises 2018 AGB at a 
50 m resolution to estimate AGB by integrating RGB drone 
imagery vegetation indices, normalised digital surface model 
(nDSM), and field-measured chlorophyll concentrations. Principal 
Component Analysis (PCA) and stepwise regression were 
employed to identify significant predictors of AGB. The final 
model for non-riparian forest area explained 66% (R2 ¼ 0.66), 
with nDSM and red-blue vegetation index (RBVI) as key predic
tors. In contrast, the riparian model explained 42% (R2 ¼ 0.42), 
with chlorophyll content and blue-green vegetation index (BGVI) 
as significant predictors. Our findings highlight the significant 
influence of nDSM and chlorophyll content on AGB. Vegetation 
indices such as the green-blue vegetation index (GBVI), green-red 
vegetation index (GRBI), and RBVI showed diverse correlations 
with chlorophyll levels, capturing plant greenness and vitality and 
directly influencing biomass. Comparative analyses of riparian and 
non-riparian vegetation models revealed that chlorophyll content 
and BGVI were significant predictors in riparian zones, reflecting 
interactions between water availability, nutrient flow, and vegeta
tion health. In non-riparian areas dominated by tall trees, nDSM 
and RBVI were key predictors, underscoring the importance of 
plant height and stress indicators. This study underscores the 
effectiveness of drones in remote sensing applications for forest 
management. These findings contribute to the growing body of 
knowledge on drone-based biomass estimation, offering valuable 
insights for managing and conserving ecosystems such as the 
Cradle Nature Reserve, thereby providing practical implications for 
ecosystem management and conservation.
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1. Introduction

Precisely assessing the amount of biomass present above the ground (AGB) is crucial for 
efficient management of ecosystems (Flores et al. 2019; Song et al. 2024), especially in 
protected areas like game reserves and nature reserves such as the Cradle Nature Reserve. 
AGB provides critical data on plant health, carbon storage, and habitat quality, all of 
which are necessary for biodiversity conservation and sustainable management techniques 
(Numata et al. 2010; Gao et al. 2018; Bazzo et al. 2023; Song et al. 2024). Conventional 
techniques for estimating biomass, such as conducting field surveys and observations, are 
often characterised by their need for extensive manual effort, significant time investment, 
and potential negative impact on the environment (Bazzo et al. 2023; Nyamukuru et al. 
2023; Song et al. 2024). As a result, remote sensing technologies have become a cost- 
effective and dependable option for monitoring plant biomass across large areas (Wang 
et al. 2023; Rapiya et al. 2023; Khumalo et al. 2024). Recent advancements in drone tech
nology have transformed the discipline of remote sensing, providing high-resolution pic
tures and intricate 3D models of plant structures (Bazzo et al. 2023; Wang et al. 2023; 
Song et al. 2024). Researchers have demonstrated the usefulness of drone imaging using 
the RGB (Red, Green, and Blue) colour model in evaluating plant features (Yue et al. 
2017; Agapiou 2020; Wang et al. 2023; Song et al. 2024). Methods such as photogrammet
ric imaging and structure from motion (SfM) can generate digital surface models (DSMs) 
and digital terrain models (DTMs) (Turner et al. 2012; Holata et al. 2018). These models 
can then be used to construct normalised digital surface models (nDSM), which are 
obtained by subtracting the DTM from the DSM Equation (1) (Rose 2021). The nDSM 
provide precise measurements of plant height, a critical component for determining 
aboveground biomass (AGB) (Viljanen et al. 2018; Rose 2021).

nDSM ¼ DSM − DTMð Þ (1) 

Multiple studies have shown that using drone-based RGB images and vegetation indi
ces is useful for estimating biomass (Bazzo et al. 2023; Wang et al. 2023). For example, 
Bareth et al. (2015) used drone-based canopy height models (CHMs) to quantify grass 
height and biomass. They discovered that photogrammetric CHMs provided precise esti
mates of height throughout the advanced phases of plant growth. Nevertheless, these 
models exhibited lower precision in the first phases of development when the canopy was 
less dense. Possoch et al. (2016) also used, a low-cost RGB drone system to calculate can
opy height models (CHMs) and RGB vegetation indices (RGBVIs) to estimate grassland 
biomass. The study emphasises the promise of using drones for remote sensing to meas
ure aboveground biomass (AGB) (Possoch et al. 2016). However, they also emphasise the 
need for more studies to enhance accuracy across various development phases and kinds 
of vegetation (Possoch et al. 2016). Vegetation indices obtained from RGB drone footage 
are crucial for assessing vegetation characteristics and states. Indices such as BGVI, excess 
green index (ExG), GBVI, GRBI, normalised green-red difference index (NGRDI), and 
RBVI provide useful insights into the distribution and health of vegetation (Kazemi and 
Parmehr 2023; L�or�ant et al. 2024). These indices use the spectral characteristics of vegeta
tion to increase the difference between different vegetation types and emphasise vegeta
tion’s presence (Bareth et al. 2015; Possoch et al. 2016; Kazemi and Parmehr 2023). This 
makes them valuable for applications such as remote sensing and environmental monitor
ing. However, RGB imagery lacks the spectral richness of hyperspectral data, which can 
capture a broader range of wavelengths and provide more detailed spectral information 
for AGB estimation. Hyperspectral data can mitigate issues like spectral saturation and 

2 C. MATYUKIRA AND P. MHANGARA



provide more accurate AGB estimates across different growth stages due to its ability to 
capture subtle variations in reflectance (Liu, Fan, Feng, et al. 2024; Liu, Feng, Fan, et al. 
2024; Liu, Feng, Yue, et al. 2024). Nonetheless, hyperspectral sensors are often more 
expensive, require more complex data processing, and have higher computational 
demands, which can hinder their widespread adoption. The hyperspectral approach also 
faces challenges in achieving robustness across various growth stages and environmental 
conditions due to the dynamic nature of spectral features (Liu, Feng, Yue, et al. 2024).

While texture feature extraction from RGB images presents an alternative method that 
can capture detailed spatial patterns and structures of vegetation, research often empha
sises height and spectral features due to their significant effectiveness in biomass estima
tion (Liu, Feng, Yue, Li, et al. 2022). Texture features, such as those derived from the 
Gray Level Co-occurrence Matrix (GLCM) and Gabor filters, can provide detailed infor
mation about vegetation characteristics, but they add complexity to the data processing 
pipeline and require additional computational resources and time (Mirzapour and 
Ghassemian 2015; Azeez et al. 2018; Liu, Feng, Yue, Jin et al. 2022; Liu, Feng, Yue, 
Li, et al. 2022; Liu et al. 2023). Previous research has shown that crop height directly 
correlates with the vertical structure of vegetation, making it a crucial indicator of above- 
ground biomass (AGB), while spectral indices derived from UAV images effectively cap
ture vegetation health and vigor (Liu, Feng, Yue, et al. 2022; Cui et al. 2023; Liu et al. 
2023). Studies have demonstrated that combining crop height with texture features such 
as GLCM-based and Gabor-based textures significantly improves the accuracy of biomass 
estimation models (Liu, Feng, Yue, et al. 2022; Liu et al. 2023). However, focusing on 
height and spectral features simplifies data processing and analysis, making it more effi
cient while maintaining high accuracy (Poley and McDermid 2020). Thus, while texture 
features offer some advantages, the increased complexity and resource demands often lead 
researchers to leverage the effectiveness and efficiency of height and spectral features in 
biomass estimation (Poley and McDermid 2020).

Principal component analysis (PCA) is a robust statistical method that reduces the 
number of variables in complex datasets while maintaining essential information, making 
it valuable for investigating correlations between above-ground biomass (AGB) and vari
ous vegetation indices, calculated nDSM, and chlorophyll content (Abonyi et al. 2022; 
Marukatat 2023). By identifying the primary components that explain the highest vari
ation, PCA simplifies analysis and highlights the most relevant factors impacting AGB, 
which can be further refined through stepwise regression to pinpoint the most influential 
predictors for accurate biomass estimation (Ruengvirayudh and Brooks 2016). Stepwise 
regression, a process of adding and removing variables based on their statistical signifi
cance, has been shown in various studies to select the most predictive subset for the final 
model, balancing complexity and forecasting accuracy (Yamashita et al. 2007; Wagner and 
Shimshak 2007; Yuan et al. 2021). Research has demonstrated that stepwise regression 
produces a clear, comprehensible model suitable for biomass estimation and can achieve 
similar accuracy to other regression techniques like support vector machines (SVM) and 
partial least squares regression (PLSR) (Marabel and Alvarez-Taboada 2013; Shi et al. 
2013; Ruengvirayudh and Brooks 2016; Kiala et al. 2016). By combining PCA with step
wise regression, researchers can leverage the strengths of both methods: PCA’s ability to 
condense and summarise complex data and stepwise regression’s capability to fine-tune 
the model by selecting the most pertinent predictors. This hybrid approach results in a 
more robust, parsimonious, and accurate model for estimating above-ground biomass, as 
it integrates comprehensive data representation with statistical rigour in variable selection 
(Shukla et al. 2004; Li et al. 2008; Liu, Feng, Yue, Li, et al. 2022).
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The precise assessment of aboveground biomass (AGB) in the Cradle Nature Reserve 
is a scientific endeavour crucial for efficient ecosystem administration. Understanding the 
distribution of AGB is critical to effectively monitoring plant health, controlling the graz
ing patterns of wild animals, and preserving ecological equilibrium. This research aims to 
provide essential data to the reserve’s management, enabling well-informed decisions 
about conservation policies, sustainable tourism, and habitat restoration initiatives. 
Additionally, precise AGB assessments will significantly evaluate carbon stocks, contribu
ting to broader environmental and climate change mitigation objectives. To achieve this, 
we will utilise data from southern Africa’s 2018 AGB at 50 m resolution, RGB drone- 
derived vegetation indices, vegetation heights obtained from nDSM, and field-measured 
chlorophyll concentration. We will employ PCA to condense and summarise complex 
data and stepwise regression to fine-tune the model by selecting the most pertinent pre
dictors, providing a robust, parsimonious, and accurate model for estimating AGB. Given 
the complexity and resource demands associated with texture-based methods, we have 
chosen to focus on height and spectral features, which have proven to be highly effective 
and efficient in previous research.

2. Materials and method

2.1. Study area

The Cradle Nature Reserve is located in the Sterkfontein Valley, about 50 km northwest 
of Johannesburg, South Africa, and about 10 kilometres north of Krugersdorp (Lelliott 
2016; Rogerson and van der Merwe 2016). The site occupies an estimated 8000 hectares 
within the Cradle of Humankind World Heritage Site (COHWHS) (Lelliott 2016). The 
reserve is located within the geographical coordinates of 27�42’58" and 27�52’57" longi
tude and 25�51’13" and 25�51’19" latitude (see Figure 1). In 1999, UNESCO designated 
this location as a world heritage site because of its profound significance in the study of 
paleoanthropology (Rogerson and van der Merwe 2016). The COHWHS covers a total 
area of 47,000 hectares in South Africa’s Gauteng and North-West regions. The average 
annual rainfall in the nature reserve ranges from 650 to 750 mm, while temperatures may 
reach a maximum of 39 �C during summer and drop as low as −12 �C in winter (SA- 
Venues.com 2022).

In the Cradle Nature Reserve, the chemical weathering of limestone and dolomitic 
rocks forms karst landforms, resulting in a denudated pattern of rocky elements (Bradley 
et al. 2010). The distinctive landscape, shaped by a gradual process of disintegration, 
enhances the environmental diversity and promotes a high concentration of plant species 
in the area (Eloff 2010). The karst environment supports various plant life, such as grass
lands and wooded regions along ravines and dolomitic sinkholes (FLOW 
Communications 2022). These places provide natural fire protection for trees, like white 
stinkwood and other plants (FLOW Communications 2022). We chose two plots for this 
study: a non-riparian forest region and a riparian forest area.

Plots 1 and 2, Figure 1, located within the rolling plains of the study area and part of 
the Magaliesberg Biosphere (designated an international Biosphere Reserve by UNESCO 
on June 9, 2015), showcase the diverse landscape of the savanna biome known as Moot 
Plains Bushveld (Magaliesberg Biosphere Home Page – Magaliesberg Biosphere 2024). 
Characterised by stony clay-loam soils, Plot 1 gently slopes to the northeast and features a 
mix of open to closed low-growing thorn savannas dominated by Acacia species, particu
larly in the bottomlands and plains. Open areas intersperse dense clusters of green 
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vegetation, with higher tree concentrations in the central and lower parts of the plot tran
sitioning to more open spaces towards the edges. Plot 2, with a northwest slope, includes 
a stream tributary of the Crocodile River, lined with tall trees reflecting riparian vegeta
tion. The rest of Plot 2 features a varied vegetation density typical of savanna ecosystems. 
Both locations boast dense stands of native tall trees, making them ideal for accurately 
measuring aboveground biomass (AGB) and comparing various developed models. These 
plots provide a wide range of climatic variables for evaluating and confirming techniques 
for estimating AGB, highlighting the distinct bands of vegetation adapted to local soil and 
topographic conditions and emphasising the environmental gradients created by slope 
and water availability.

2.2. Procedure for doing random field measurements of chlorophyll using the 
Apogee MC-100 chlorophyll concentration meter and N3 IMU GNSS receiver

The aim of this approach was to quantify and document the chlorophyll levels in different 
species of plants at randomly selected field sites using the Apogee MC-100 Chlorophyll 
Concentration Meter and to establish the XY coordinates using the N3 IMU GNSS 
Receiver. This procedure’s necessary equipment and supplies consisted of an Apogee MC- 
100 Chlorophyll Concentration Meter, an N3 IMU GNSS Receiver, a pole pruner, a moist 
towel, and a field notebook. Before conducting any tests, the Apogee MC-100 Chlorophyll 
Concentration Meter underwent calibration in accordance with the manufacturer’s 
instructions to guarantee precise results (Apogee Instruments 2024). The data collection 
was conducted randomly in several field areas consisting of grass, bushes, and trees. This 
approach ensured an impartial sampling process. A pole pruner was used to reach the 
uppermost foliage of the towering trees. Before measuring the chlorophyll content, the 

Figure 1. Study area-cradle nature reserve in South Africa, Gauteng Province.
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gathered leaves were delicately wiped with a moist cloth to eliminate soil or debris. The 
chlorophyll concentration in the field was determined by putting the Apogee MC-100 sen
sor on a representative leaf, establishing proper contact, and waiting for the reading to 
reach a stable state. Each plot was considered as one field, with several measurements of 
chlorophyll concentration collected from various leaves to ensure accurate and representa
tive outcomes. Plot 1 included 34 trees, 13 shrubs, and 15 grass samples, while Plot 2 
included 45 trees, 12 shrubs, and 13 grass samples. The XY coordinates of the location 
were recorded using the N3 IMU GNSS Receiver, which was positioned to have an unob
structed view of the sky (ComNav Technology Ltd 2024). The vegetation types, tree (TR), 
shrub (SH), and grass (GR), were recorded as "Code" on the GPS controller, while the 
chlorophyll content was recorded as ‘Tag’. To assure accuracy, all data inputs on the GPS 
controller were cross-verified with the field notebook.

2.3. Construction of 3D models using the techniques of photogrammetry and UAV 
imaging

The process of creating a very precise 3D model using photogrammetry entails a series of 
crucial phases, beginning with the development of Ground Control Points (GCPs). 
Georeferenced Control Points (GCPs) are very accurate geographical markers that 
improve the spatial precision of the model. In this research, strategically positioned 
Ground Control Points (GCPs) were set inside the surveyed area covered by the DJI 
Mavic 3T drone. The DJI Mavic 3 T drone features a 48 MP wide-angle camera with a 
1/2-inch CMOS sensor, a tele camera, and a thermal imaging camera to provide high- 
resolution RGB and thermal images. The camera has an equivalent focal length of 24 mm, 
ensuring a wide field of view for capturing large areas. The drone offers a maximum flight 
time of up to 46 min and a transmission range of up to 15 km, allowing extensive area 
coverage. Its omnidirectional obstacle sensing and avoidance systems ensure safe oper
ation, while the foldable design provides portability and quick deployment. In this study, 
the flying height was set to 60 meters, resulting in a spatial resolution of approximately 
3.5 cm per pixel. Each image had a resolution of 4000� 3000 pixels, which confirms high- 
resolution data capture suitable for detailed analysis. These advanced characteristics make 
the DJI Mavic 3 T an ideal tool for detailed and precise data collection in environmental 
monitoring (MapperX.com 2023)).

To get precise coordinates, the GCPs were surveyed using high-precision GPS (N3 
IMU RTK GNSS Receiver [34]) technology. During the aerial survey, the drone flew in 
altitude mode at 60metres above ground level and took pictures of the regions that over
lapped with each other. This ensured that Ground Control Points (GCPs) were visible in 
numerous pictures. This would help align the photos accurately during the processing 
step in Agisoft Metashape Professional version 2.1.1 (St€ocker et al. 2017; Agisoft 2024). 
After aligning the photos, Agisoft Metashape’s Build Dense Cloud function produced a 
dense point cloud. The function was set to the maximum quality and was compatible 
with the hardware being used. This process greatly enhances the amount of 3D informa
tion compared to the original point cloud, effectively capturing the surface characteristics 
with high precision (Westoby et al. 2012). The compact point cloud was thereafter care
fully refined to eliminate anomalies and incorrect points that do not adequately depict the 
surface. To maintain the accuracy of the dataset, any points that were found to be above 
the vegetation or below the real topography were detected and removed.

This is an important step, especially in places with diverse surface characteristics, such 
as forests and urban contexts (James and Robson 2012). After refining the point cloud, 
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Digital Surface Models (DSM) and Digital Terrain Models (DTM) were generated. The 
DSM, including all visible structures such as buildings and plants, was immediately pro
duced from the high-density point cloud (Remondino et al. 2014; Oliveira et al. 2024) 
and vehicles captured were manually removed from the DSM. Superfluous features were 
eliminated so the DTM could reflect the naked ground surface. Ultimately, an orthomo
saic was produced by merging the georeferenced aerial photos into a smooth and accurate 
map that considers differences in topography and distortions caused by perspective 
(Dandois and Ellis 2010; Dandois and Ellis 2013). The orthomosaic underwent raster 
modification to extract distinct red, green, and blue bands, which accurately depict the 
colour information of the scene. The DTM, DSM, and RGB bands were exported as final 
outputs for viewing, analysis, and integration using Quantum GIS version 3.28.3-Firenze. 
This export ensured precise texture rendering and interoperability with 3D viewers 
(Verhoeven 2011).

2.4. Use of AGB 50 m resolution for Southern Africa (Bouvet et al. 2018)

The 2018 AGB dataset from the Theia African Biomass Map was chosen for this study 
mainly because of the Cradle Nature Reserve’s consistent land use and plant cover. In 
recent years, the Cradle Nature Reserve has consistently maintained land use patterns that 
mostly revolve around animal grazing and browsing, with no notable changes in agricul
tural or urban growth. Research has shown that regions characterised by consistent land 
use often have limited fluctuations in biomass over a period of time (Numata et al. 2010; 
Bessou 2018; Erb et al. 2018; Baldocchi and Penuelas 2019). In addition, the plant cover, 
which includes forests and riparian landscapes, has remained mostly unaltered, save for 
isolated- occurrences of invasive weed incursions, which have had no substantial influence 
on the main study region. Historical AGB data, consistent with plant cover, is a reliable 
reference point for estimating current biomass levels (Zianis et al. 2005). We obtained the 
50-meter-resolution map from Theia and cropped it using the research area shapefile in 
QGIS (QGIS Documentation documentation 2024).

In 2012, nine French government institutes specialising in earth observation and envir
onmental sciences founded Theia, which focuses on the study of continental surfaces 
(Bouvet et al. 2018). Theia offers the scientific community and public policy a diverse 
array of pictures, goods, methodologies, and training pertaining to monitoring land surfa
ces from space (Bouvet et al. 2018). Theia also provides a dataset that estimates woody 
AGB at a resolution of 50 m � 50 m for savannahs and woods in continental Africa and 
Madagascar (Bouvet et al. 2018). These estimates are made by using 144 reference plots 
and are obtained through a Bayesian inversion of an L-band synthetic aperture radar 
(SAR) mosaic from ALOS PALSAR (horizontal transmit, horizontal receive (HH), and 
horizontal transmit vertical receive (HV) polarisations) (Bouvet et al. 2018). The mosaic 
has a resolution of 50 m x 50 m. In utilising the 2018 above-ground biomass map, this 
study recognises the constraints associated with using the information from 2018. The 
time difference between the data collection and the current research period creates uncer
tainty because environmental variables such as changes in climate might have influenced 
biomass quantities (Xiao et al. 2019; Bhan et al. 2021). Furthermore, the dataset’s 50 m 
resolution may not be sufficient to capture small-scale changes that drone data with a 
higher resolution could detect. Although there are limits, historical AGB data may provide 
useful insights and act as a benchmark for identifying patterns and changes compared to 
more current, higher-resolution data (Zianis et al. 2005; Goetz et al. 2009). By recognising 
and considering these limitations, the research guarantees a fair and scientifically rigorous 
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examination of the amount of biomass above the ground in the two Plots studied in the 
Cradle Nature Reserve.

2.5. Analysis of vegetation using QGIS and UAV imaging

The essential datasets for each plot, consisting of Red, Green, and Blue (RGB) photos, a 
Digital Surface Model (DSM), and a Digital Terrain Model (DTM), were imported into 
QGIS, an open-source Geographic Information System. As stated, these datasets were 
processed from drone photographs using Agisoft Metashape Professional. In addition, 
chlorophyll data obtained from field surveys utilising an N3 IMU GNSS Receiver were 
prepared for integration. The data layers were imported into QGIS as raster layers for ras
ter data analysis (QGIS Documentation documentation 2024). The RGB pictures gener
ated several vegetation indices, while the DSM and DTM were utilised to produce the 
nDSM.

The QGIS raster calculator tool was used to calculate several vegetation indices that 
are crucial for vegetation study (QGIS Documentation documentation 2024; L�or�ant et al. 
2024). The indices included the BGVI, ExG, BVI, GRBI, NGRDI, and RBVI. Table 1 pro
vides the precise calculations applied to the RGB bands to derivate each index (Agapiou 
2020; Kazemi and Parmehr 2023; L�or�ant et al. 2024).

The vegetation indices in Table 1 were selected due to their effectiveness in various 
vegetation monitoring and biomass estimation applications. BGVI and BVI are sensitive 
to chlorophyll content, indicating plant health, while ExG differentiates green vegetation 
from other land cover types. GRBI and NGRDI assess vegetation vigour and are less 
affected by soil background effects, and RBVI enhances the contrast between vegetation 
and non-vegetation areas. These indices collectively provide a comprehensive assessment 
of vegetation condition, enhancing the accuracy of aboveground biomass estimation (Xue 
and Su 2017).

Next, we determined the nDSM by subtracting the DTM from the DSM (Turner et al. 
2012; Holman et al. 2016). This stage was crucial in comprehending the structure and 
height of vegetation. The calculated indices and nDSM provided comprehensive informa
tion on vegetation attributes, which is crucial for further spatial analysis. To combine the 
chlorophyll data collected during field surveys with the calculated vegetation indices and 
nDSM, we imported the field data, consisting of XY coordinates, into QGIS as a point 
layer. Subsequently, the ‘Sample Raster Values’ tool (QGIS Documentation documentation 
2024) was used to get the associated raster values (vegetation indices and nDSM) for 
every field data point. This integration facilitated the creation of a complete dataset by 
merging data collected in the field with data obtained via remote sensing. The obtained 
data was exported in CSV format, including chlorophyll readings, vegetation indices, and 
nDSM values. The CSV data were then used in Minitab version 18 for the Principal 
Component examination (PCA) and regression modelling. This allowed for a comprehen
sive statistical examination of the correlation between chlorophyll content, several 

Table 1. Vegetation index equations using an RGB drone image.

Equations Formula

1 BGVI¼(Blue-Green)/(BlueþGreen) (Yu et al. 2018)
2 ExG ¼ 2�Green − Red − Blue (Meyer and Neto 2008)
3 GBVI¼(Green-Blue)/(Greenþ Blue) (Mehrotra and Srinivasan 2022)
4 GRBI¼(Green-Red)/(Greenþ Blue)
5 NGRDI¼(Green-Red)/(Greenþ Red) (Tucker 1979)
6 RBVI¼(Red-Blue)/(Redþ Blue) (Kawashima and Nakatani 1998)
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vegetative factors, and vegetation heights (nDSM) (Wagner and Shimshak 2007; 
Ruengvirayudh and Brooks 2016).

2.6. Performing principal component analysis (PCA) and stepwise regression 
analysis using Minitab version 18

This approach utilised Minitab Version 18 to conduct PCA and Stepwise Regression 
Analysis on a dataset comprising variables such as AGB, normalised digital surface model 
(nDSM), chlorophyll concentration (Chloro), and vegetation indices derived from the RGB 
DJI Mavic 3 T for Plot 1 and Plot 2. First, the datasets are imported into Minitab, and 
PCA is performed to minimise the dimensionality of the data by finding the principal 
components that account for the bulk of the variation. This stage included selecting rele
vant factors, adjusting the number of principal components based on cumulative explained 
variance, and interpreting the outcomes to comprehend the contributions of each variable.

Afterwards, a stepwise regression analysis was conducted to determine the most accur
ate prediction model for AGB using nDSM, chloro, and vegetation indicators as predic
tors. This procedure involves putting up sequential configurations, executing the 
regression, and assessing the model’s performance using R-squared values and Variance 
Inflation Factor (VIF) to tackle multicollinearity. Variables exhibiting high VIF values 
were eliminated, and the model was then rerun to check its trustworthiness. The com
pleted model is verified by identifying relevant predictors and ensuring low VIF values. 
The validation process includes detailed recording and reporting of the results, which 
includes regression equations and insights into the dependability of the model.

3. Results and analysis

3.1. Comparison of variable statistics between non-riparian and riparian areas

The results in Table 1, non-riparian area, and Table 2, riparian area, show that, in gen
eral, the mean values for variables in Plot 2 (riparian area) with 70 observations are 
slightly lower than those in Plot 1 (non-riparian area) with 80 observations. For instance, 
the mean AGB decreases from 44.33 in Plot 1 to 23.63 in Plot 2, and the mean nDSM 
decreases from 7.21 in Plot 1 to 5.41 in Plot 2. Additionally, the standard deviations are 
generally lower in Plot 2, indicating less variability in the riparian area dataset. Notably, 
the mean chlorophyll (Chloro), field-observed, decreases from 314.52 in Plot 1 to 287.22 
in Plot 2. The standard deviation of chlorophyll is also lower in Plot 2 (165.14) compared 
to Plot 1 (205.97), suggesting less variability in chlorophyll levels within the riparian area 
compared to the non-riparian area (Table 3).

Table 2. Summary statistics plot 1 (non-riparian).

Variable Observations
Obs. with  

missing data
Obs. without  
missing data Minimum Maximum Mean Std. deviation

Ndsm 80 0 80 0.00 19.00 7.21 5.91
Chloro 80 0 80 24.30 877.80 314.52 205.97
AGB 80 0 80 2.00 85.00 44.33 32.16
BGVI 80 0 80 −0.35 −0.01 −0.16 0.08
ExG 80 0 80 −17.00 71.00 20.06 17.25
GBVI 80 0 80 0.01 0.37 0.17 0.08
GRBI 80 0 80 0.45 0.75 0.56 0.06
NGRDI 80 0 80 −0.15 0.09 −0.03 0.05
RBVI 80 0 80 0.05 0.35 0.19 0.07
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3.2. Comparison of principal components analysis (PCA) results

Tables A1 (a) and A2 (a), Appendix A both present the eigenvalues, variability percen
tages, and cumulative percentages obtained from principal components analysis (PCA), 
highlighting their importance in explaining the variability of the data. In Table A1 (a), a 
non-riparian area, F1 explains 68.07% of the overall variance, with F1 alone accounting 
for the highest proportion, followed by F2 and F3. The combination of F1 and F3 con
tributes to 96.35% of the variability. Similarly, Table A2(a), riparian area, shows that F1 
has the greatest eigenvalue, explaining 39.27% of the total variance. The cumulative per
centages indicate that F1 alone contributes 39.27%, with the combined impact of F1, F2, 
and F3 accounting for 70.62%. In both cases, most of the variability stems from the F1 
factor, and we should disregard eigenvalues with smaller significance.

Furthermore, the eigenvectors in Tables A1 (b) and A2 (b), Appendix A, both reveal 
the individual impacts of several variables on Factor 1 (F1). In the non-riparian area, 
Table A1 (b), the significant contributors to F1 include nDSM (0.34), Chloro (0.34), AGB 
(0.30), ExG (0.38), GBVI (0.36), GRBI (0.38), and RBVI (0.23), with ExG, Chloro, and 
GRBI making notably significant contributions. Similarly, in the riparian area, Table A2
(b) shows that nDSM (0.39), AGB (0.38), ExG (0.38), GBVI (0.38), and Chloro (0.37) are 
significant contributors, indicating that F1 is a combination of these variables.

Finally, Tables A1(d) and A2(d), Appendix A, both show the variable percentage con
tributions to Factor 1 (F1). In the non-riparian area, plot 1, the significant contributors to 
F1 are nDSM (11.81%), Chloro (11.84%), AGB (9.10%), BGVI (13.42%), ExG (14.40%), 
GBVI (13.02%), GRBI (14.24%), NGRDI (7.08%), and RBVI (5.12%), with GRBI, ExG, 
BGVI, GBVI, and Chloro having notable impacts. AGB and NGRDI have less significant 
impacts, and RBVI has a limited influence. Similarly, Table A2 (b), riparian area, plot 2, 
indicates that the significant contributors to F1 are nDSM (15.29%), Chloro (13.42%), 
AGB (14.50%), BGVI (12.42%), ExG (14.46%), GBVI (14.58%), NGRDI (7.47%), and 
RBVI (7.40%), with GBVI, ExG, AGB, Chloro, and BGVI making significant contribu
tions. While RBVI and NGRDI also play roles, their contributions are comparatively 
smaller, and GRBI makes very little contribution to F1.

3.3. Pairwise comparison of regression models for non-riparian and riparian plots 
in the Cradle Nature Reserve

The regression analysis for non-riparian (Plot 1) and riparian (Plot 2) areas in the Cradle 
Nature Reserve reveals distinct differences in model performance and predictor signifi
cance (Tables 4 and 5). The non-riparian model exhibits a strong correlation (R¼ 0.81) 
and explains 66% of the variance in Above Ground Biomass (AGB) (R Square ¼ 0.66), 

Table 3. Summary statistics plot 2 (riparian).

Variable Observations
Obs. with  

missing data
Obs. without  
missing data Minimum Maximum Mean Std. deviation

nDSM 70 0 70 0.00 16.00 5.41 4.38
Chloro 70 0 70 19.10 693.60 287.22 165.14
AGB 70 0 70 6.00 44.00 23.63 9.35
BGVI 70 0 70 −0.56 −0.03 −0.18 0.12
ExG 70 0 70 −10.00 54.00 17.49 15.70
GBVI 70 0 70 0.03 0.39 0.15 0.09
GRBI 70 0 70 −0.21 0.06 −0.05 0.05
NGRDI 70 0 70 −0.12 0.04 −0.03 0.04
RBVI 70 0 70 0.00 0.47 0.20 0.09
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compared to the riparian model’s moderate correlation (R¼ 0.57) and 33% variance 
explanation (R Square ¼ 0.33). The standard error of the estimate is higher for the non- 
riparian model (19.38) versus the riparian model (7.77), indicating greater variability in 
predictions in the non-riparian area. Additionally, both models show some positive 
autocorrelation in residuals, with the non-riparian model having a slightly higher Durbin- 
Watson value (1.22) than the riparian model (1.15). The critical predictor, nDSM, signifi
cantly influences AGB in both models, showing a more substantial impact in the 
non-riparian area (Beta ¼ 0.76, p< 0.001) compared to the riparian area (Beta ¼ 0.35, 
p¼ 0.02). In contrast, GBVI, GRBI, and RBVI are not significant predictors in either 
model, with GBVI showing high multicollinearity in the non-riparian model (VIF 
¼ 9.28).

The residual statistics further emphasise the differences between the two models. The 
non-riparian model displays a broader range of predicted values (1.06–97.73) and 

Table 4. Stepwise regression modelling Plot 1(non-riparian).

Model summary

Model R R Square
Adjusted  
R Square

Std. Error of  
the Estimate Durbin-Watson

1 0.81 0.66 0.64 19.38 1.22
a. Predictors: (Constant), RBVI, nDSM, GRBI, GBVI
b. Dependent Variable: AGB

Coefficients

Model

Unstandardised coefficients Standardised  
ntercoefficients

t Sig.

Collinearity  
statistics

Collinearity  
statistics

B Std. Error Beta Tolerance VIF

1 (Constant) 17.66 46.38 0.38 0.71
nDSM 4.20 0.61 0.76 6.88 <.001 0.49 2.06
GBVI 69.78 97.90 0.17 0.71 0.48 0.11 9.28
GRBI 24.02 91.90 0.04 0.26 0.80 0.23 4.40
RBVI −141.32 69.38 −0.31 −2.04 0.05 0.26 3.79

Collinearity diagnostics

Model Dimension Eigenvalue Condition Index

Variance proportions

(Constant) nDSM GBVI GRBI RBVI

1 1 4.58 1.00 0.00 0.01 0.00 0.00 0.00
2 0.30 3.91 0.00 0.48 0.00 0.00 0.00
3 0.09 6.99 0.01 0.19 0.06 0.00 0.09
4 0.03 13.48 0.00 0.29 0.34 0.01 0.54
5 0.00 61.79 0.99 0.04 0.60 0.99 0.36

Residuals statistics

Minimum Maximum Mean Std. deviation N

Predicted Value 1.06 97.73 43.68 26.12 62.00
Residual −43.19 35.98 0.00 18.73 62.00
Std. Predicted Value −1.63 2.07 0.00 1.00 62.00
Std. Residual 22.23 1.86 0.00 0.97 62.00

Descriptive Statistics

N Minimum Maximum Mean Std. Deviation

AGB 18 2 84 46.56 33.06
Predicted _AGB 18 6.70 90.20 52.55 27.04
Valid N (listwise) 18
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residuals (−43.19 to 35.98), reflecting more significant prediction variability. In compari
son, the riparian model shows a narrower range of predicted values (13.50–33.37) and 
residuals (−12.37 to 17.01). The descriptive statistics indicate that AGB in the non-ripar
ian area has a higher mean (46.56) and greater variability (Std. Deviation ¼ 33.06) com
pared to the riparian area, which has a lower mean AGB (25.65) and less variability (Std. 
Deviation ¼ 9.80). The predicted AGB values are close to the actual values in both areas 
but show a slight overestimation in the non-riparian area. The non-riparian model dem
onstrates a stronger fit but faces significant multicollinearity and greater prediction vari
ability. In contrast, despite explaining less variability in AGB, the riparian model benefits 
from lower multicollinearity and more consistent predictions. These findings highlight the 
different dynamics in AGB prediction for non-riparian and riparian plots, underscoring 
the importance of considering local environmental characteristics in predictive modelling.

Table 5. Stepwise regression modelling Plot 2 (riparian).

Model summary

Model R R square Adjusted R square Std. error of the estimate Durbin-Watson

1 0.57 0.33 0.27 7.77 1.15
a. Predictors: (Constant). nDSM. RBVI. GRBI. GBVI
b. Dependent Variable: AGB

Coefficients

Model

Unstandardised coefficients Standardised  
coefficients

t Sig.

Collinearity  
Statistics

Collinearity  
Statistics

B Std. Error Beta Tolerance VIF

1 (Constant) 15.51 3.30 4.70 <.001
GBVI 20.02 17.48 0.20 1.15 0.26 0.50 1.99
GRBI 37.13 24.82 0.19 1.50 0.14 0.95 1.05
RBVI 13.16 17.30 0.12 0.76 0.45 0.61 1.65
nDSM 0.74 0.31 0.35 2.42 0.02 0.76 1.32

Collinearity diagnostics

Model Dimension Eigenvalue Condition Index

Variance proportions Variance  
proportions

(Constant) GBVI GRBI RBVI nDSM

1 1 4.06 1.00 0.01 0.01 0.02 0.01 0.01
2 0.51 2.82 0.00 0.01 0.42 0.00 0.27
3 0.24 4.11 0.01 0.06 0.42 0.10 0.51
4 0.13 5.59 0.45 0.46 0.12 0.01 0.00
5 0.06 8.55 0.53 0.46 0.03 0.89 0.20

Residuals statistics

Minimum Maximum Mean Std. deviation N

Predicted value 13.50 33.37 22.64 5.20 47
Residual −12.37 17.01 0.00 7.43 47
Std. predicted value −1.76 2.07 0.00 1.00 47
Std. residual −1.59 2.19 0.00 0.96 47

Descriptive statistics

N Range Minimum Maximum Mean Std. Deviation Variance

AGB 23 31 13 44 25.65 9.80 95.96
Predicted_AGB 23 15.27 15.75 31.02 24.44 4.70 22.12
Valid N (listwise) 23
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3.4. Comparative performance of regression models for non-riparian and riparian 
plots in the Cradle Nature Reserve

The regression models for non-riparian and riparian plots in the Cradle Nature Reserve 
reveal distinct differences in their predictive performance and residual behaviour. The 
non-riparian model demonstrates a stronger correlation between predicted and observed 
AGB values (R¼ 0.81) and explains a higher proportion of variance (R Square ¼ 0.66) 
compared to the riparian model (R¼ 0.57, R Square ¼ 0.33). However, the non-riparian 
model exhibits more pronounced systematic bias, with residuals showing a discernible 
pattern where AGB is overestimated for predicted values around 60-80 and underesti
mated for values below 40 and above 80. This model also shows significant outliers, with 
residuals ranging from −60 to 40, indicating substantial prediction errors. Additionally, 
heteroscedasticity is more severe in the non-riparian model, with the spread of residuals 
increasing with higher predicted AGB values, suggesting that the model’s reliability 
decreases for higher biomass estimates (Figures 2 and 3).

In contrast, while explaining less variance, the riparian model displays a more random 
distribution of residuals with fewer pronounced biases. The residual range is narrower 
(−10 to 20), indicating smaller deviations between observed and predicted values. This 
model exhibits slight heteroscedasticity, with residuals clustering around predicted AGB 
values of 25–30, but the effect is less pronounced than in the non-riparian model. Despite 
the lower R Square value, the riparian model’s consistency and fewer significant outliers 
suggest better overall performance in terms of prediction accuracy. The significant 

Figure 2. Scatter plot of residuals versus predicted AGB for Plot1 (non-riparian).

Figure 3. Scatter plot of residuals versus predicted AGB for Plot 2 (riparian).
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predictors, such as nDSM, show a moderate impact on AGB in both models but with a 
stronger influence in the non-riparian area (Beta ¼ 0.76) compared to the riparian area 
(Beta ¼ 0.35). These differences highlight the need for tailored model refinements, such 
as addressing systematic biases and heteroscedasticity, to improve the robustness and reli
ability of AGB predictions in both non-riparian and riparian plots.

4. Discussion

4.1. Effectiveness of RGB drone imagery in estimating above-ground biomass

The study demonstrates mixed results regarding the effectiveness of RGB drone imagery 
in estimating above-ground biomass (AGB) for non-riparian and riparian forest areas. In 
the non-riparian area, Factor 1 (F1) explains 68.07% of the variance, with significant con
tributors including nDSM (0.34), Chloro (0.34), ExG (0.38), GBVI (0.36), and GRBI 
(0.38). In the riparian area, F1 explains 39.27% of the total variance, with significant con
tributors being nDSM (0.39), AGB (0.38), ExG (0.38), GBVI (0.38), and Chloro (0.37). 
Regression analysis reveals that the non-riparian model explains 66% of the variance in 
AGB (R2 ¼ 0.66) with a strong correlation (R¼ 0.81), while the riparian model explains 
only 33% of the variance (R2 ¼ 0.33) with a moderate correlation (R¼ 0.57). The critical 
predictor, nDSM, significantly influences AGB in both models, with a more substantial 
impact in the non-riparian area (Beta ¼ 0.76, p< 0.001) compared to the riparian area 
(Beta ¼ 0.35, p¼ 0.02). Despite the overall usefulness of RGB drone imagery, the lower 
R2 values in the riparian model indicate that the indices derived from RGB images were 
less effective in explaining AGB variance in these areas. The non-riparian model shows 
greater prediction variability, with a standard error of the estimate at 19.38, compared to 
7.77 in the riparian model. Additionally, the non-riparian model has a higher Durbin- 
Watson value (1.22) compared to the riparian model (1.15), suggesting more positive 
autocorrelation. Variance Inflation Factor (VIF) values for the non-riparian model are 
higher, especially for GBVI (9.28), indicating more severe multicollinearity. In contrast, 
the riparian model benefits from lower multicollinearity and more consistent predictions, 
as evidenced by the tighter clustering of residuals and lower VIF values (all below 5). 
These findings highlight that while RGB drone imagery can be effective, its indices may 
not always sufficiently capture the complexity of biomass in riparian zones, particularly 
where vegetation heights vary significantly from grass to tall trees (Nagler et al. 2018; 
Dormann et al. 2013; Richardson et al. 2001).

Similar studies have shown varying degrees of effectiveness when using RGB drone 
imagery for AGB estimation. Bareth et al. (2015) demonstrated the utility of drone-based 
canopy height models (CHMs) in accurately estimating biomass, particularly in advanced 
stages of plant growth. Possoch et al. (2016) found that low-cost RGB drones effectively 
estimate grassland biomass using CHMs and RGB vegetation indices. Further research by 
Bendig et al. (2014) confirmed the reliability of UAV-based RGB imaging for assessing 
crop biomass in uniform vegetation such as potatoes and rice, showing high accuracy 
where vegetation height is relatively consistent. A study by Lisein et al. (2013) also estab
lished the effectiveness of UAVs in forest biomass estimation, highlighting their ability to 
provide high-resolution data over large areas with uniform canopy. However, our study 
had varying vegetation heights from grass to tall trees, which might have contributed to 
the lower R2 values in riparian areas. Moreover, research by Wallace et al. (2012) under
scored the potential of UAVs in mapping and monitoring forest structure, supporting the 
current study’s findings.
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4.2. Differentiating predictive performance in riparian and non-riparian vegetation 
models

The riparian vegetation model has an R2 value of 0.33, explaining 33% of the AGB vari
ation. The standard error of the estimate is 7.77, indicating moderate prediction variabil
ity. Key predictors in this model include nDSM (Beta ¼ 0.35, p¼ 0.02), which has a 
moderate positive impact on AGB. The Durbin-Watson value is 1.15, showing slight posi
tive autocorrelation in residuals. The model indicates that significant predictors like 
nDSM, Chloro, and ExG contribute notably to AGB, while variables such as GBVI, GRBI, 
and RBVI do not show significant predictive power. The lower VIF values suggest min
imal multicollinearity issues. The residuals exhibit a relatively narrow range (−12.37 to 
17.01), indicating smaller prediction deviations. This model emphasises the importance of 
vegetation indices and height in biomass estimation in riparian zones, influenced by water 
availability and nutrient flow. Previous studies have similarly highlighted the role of vege
tation indices such as NDVI, ExG, and chlorophyll concentration in assessing biomass in 
riparian areas (Richardson et al. 2001; Nagler et al. 2018). Furthermore, the integration of 
nDSM in biomass estimation has been validated by research demonstrating its effective
ness in capturing vegetation structure and height, crucial factors in riparian ecosystems 
(Richardson et al. 2001; Gao et al. 2018).

Conversely, the vegetation model for non-riparian areas, which primarily consists of 
tall trees and does not grow near a river, demonstrates a stronger ability to explain the 
data, achieving an R-value of 0.81 and an R2 value of 0.66. This model finds nDSM and 
certain vegetation indices to be important predictors. The nDSM has a significant and 
favourable impact on AGB, with a beta coefficient of 0.76 and a p-value less than 0.001. 
High VIF values, particularly for GBVI (9.28), indicate significant multicollinearity in the 
model, necessitating careful interpretation of the coefficients. The Durbin–Watson statis
tic’s closeness to 1.22 suggests that there is a slight concern about positive autocorrelation 
compared to the riparian model. The findings emphasise the critical role of vegetation 
height and specific stress indicators in clarifying biomass in non-riparian, wooded regions. 
Previous studies have validated the use of nDSM in biomass estimation, highlighting its 
ability to capture vegetation structure and height, which are crucial factors in non-ripar
ian ecosystems (Gao et al. 2018; Tian et al. 2024). Additionally, research has shown that 
vegetation indices like GBVI, despite potential multicollinearity issues, can significantly 
contribute to biomass estimation in forested areas (Lu et al. 2016).

The contextual disparities between the two models illustrate the many environmental 
conditions and biological processes that affect biomass in riparian and non-riparian zones. 
Previous research has shown that Chloro has a beneficial effect and BGVI has a detrimen
tal effect in riparian environments (Nagler et al. 2018). These findings support the idea 
that chlorophyll concentration and stress indices are important factors in these dynamic 
ecosystems (Kancheva et al. 2014; Nagler et al. 2018; Raddi et al. 2022). On the other 
hand, nDSM is a good predictor of above-ground biomass in places without water, where 
tall trees are the main type of vegetation (Wilkes et al. 2018; Gao et al. 2018; Zhang et al. 
2024). This aligns with previous research in forest ecology that stresses how important 
plant height is (Andersen et al. 2006). Distinct stressors, separate from those in riparian 
zones, may exacerbate the adverse effects of RBVI in non-riparian regions, underscoring 
the intricate interaction of environmental elements in diverse biological settings (Nagler 
et al. 2018). These observations emphasise the need for customised remote sensing meth
ods to precisely evaluate and control biomass and vegetation well-being in various settings 
(Yuan et al. 2016; Fagua et al. 2019; Abbas et al. 2020).
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4.3. Limitations of RGB drone imagery, nDSM, and chlorophyll measurements in 
estimating above-ground biomass in riparian and non-riparian areas

Although there are important discoveries, there are various constraints that impact the 
effectiveness of RGB drone photography, nDSM, and chlorophyll measurements in pre
dicting above-ground biomass (AGB) in riparian and non-riparian environments. RGB 
cameras only record the wavelengths of light that are visible to the human eye, which 
range from around 0.4 to 0.7 mm. However, they do not catch the crucial near-infrared 
(NIR) and middle-infrared wavelengths that are required for the precise study of vegeta
tion and biomass determination (Jones and Vaughan 2010; Sweet et al. 2022; Alevizos 
et al. 2022). This constraint reduces the dependability of vegetation health assessments 
and the ability to identify the first indications of vegetation strain (Sweet et al. 2022; Feng 
et al. 2022). The presence of high reflectance saturation in places with thick vegetation 
might complicate the analysis and perhaps result in incorrect estimations of biomass 
(Gamon et al. 1995). The lack of NIR data makes it harder to accurately calculate com
monly used vegetation indices like the Normalized Difference Vegetation Index (NDVI), 
which limits the study’s ability to fully assess the health of the vegetation. In addition, the 
restricted range of spectral data limits the capacity to distinguish between various species 
of vegetation and precisely measure moisture content. These factors are crucial for effect
ively estimating biomass (Gamon et al. 1995; Sweet et al. 2022; Feng et al. 2022). The ana
lysis reveals that the nDSM has high VIF values, which suggests the presence of 
significant multicollinearity. This makes it challenging to acquire precise coefficient esti
mates, especially in riparian regions with intricate plant structures (Chave et al. 2014; 
Bazzo et al. 2023). Plant height, which fluctuates considerably due to environmental varia
bles like water availability and soil conditions, greatly influences the estimation of biomass 
in nDSM. This variability may lead to less reliable biomass estimations. Precise computa
tion of normalized Digital Surface Model (nDSM) necessitates accurate Digital Surface 
Model (DSM) and Digital Terrain Model (DTM) data. Any inaccuracies in these models 
may have a direct impact on the precision of the nDSM and, subsequently, biomass esti
mations (Lefsky et al. 2002; Abdullah et al. 2021; Feng et al. 2022; Bazzo et al. 2023). The 
chlorophyll content is an important factor in predicting aboveground biomass (AGB), but 
its correlation with biomass may vary depending on the plant species, health, and climatic 
circumstances. This variability introduces uncertainty in biomass predictions (Gitelson 
et al. 2003). The precision of chlorophyll measurements derived from Apogee MC-100 
sensor may be lower compared to measurements acquired from multispectral or hyper
spectral sensors. This difference in precision could have an impact on the accuracy of 
chlorophyll-related vegetation indices and their association with biomass. Plant and water 
levels are closely connected in riparian zones, which makes it harder to figure out which 
predictor variables have the most effect on biomass (Naiman and D�ecamps 1997; Zarco- 
Tejada et al. 2001; Gitelson et al. 2003). Significant multicollinearity complicates the 
regression analysis and reduces the interpretability of the model, especially for variables 
like nDSM and chlorophyll (Li et al. 2008; Dormann et al. 2013; Bazzo et al. 2023). In 
locations that are not next to a river, the predictors GBVI and GRBI have high VIF val
ues, which suggest the presence of strong multicollinearity. As a result, it is important to 
interpret the coefficients with caution. The negative impacts of RBVI in areas not near 
rivers, where tall trees are the dominant plant species, underscore the intricate interplay 
of environmental factors that the existing model may not adequately represent (Baldocchi 
2008; Li et al. 2008; Dormann et al. 2013). It is critical to deal with multicollinearity and 
ensure the stability of the regression model in order to get trustworthy estimates of bio
mass. Combining RGB data with extra spectral data from multispectral or hyperspectral 
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sensors can improve the accuracy of biomass estimates and get around the problems that 
come with using only RGB imaging (Li et al. 2008; Asner et al. 2012; Dormann et al. 
2013; Bazzo et al. 2023). To get around these problems, future research might focus on 
improving data collection methods, such as using different kinds of sensors, and analytical 
models to make above-ground biomass estimates more accurate and reliable in a range of 
ecological settings (Poley and McDermid 2020).

5. Conclusion

The comparative analysis of riparian and non-riparian vegetation models underscores the 
distinct ecological processes and environmental factors influencing above-ground biomass 
(AGB) in these different contexts. The study’s key findings can be summarised with quan
titative indicators to highlight the main conclusions. In riparian zones, the model 
explained 33% of the variance in AGB (R2 ¼ 0.33) with a standard error of 7.77. 
Significant predictors included normalised Digital Surface Model (nDSM, Beta ¼ 0.35, 
p¼ 0.02) and chlorophyll content, reflecting the dynamic interactions between water avail
ability, nutrient flow, and vegetation health. The lower multicollinearity issues in the 
riparian model, with all Variance Inflation Factor (VIF) values below 5, indicate the 
robustness of these predictors. These findings align with existing research emphasising 
the importance of chlorophyll and vegetation indices in assessing riparian vegetation 
health and productivity.

Conversely, the non-riparian vegetation model demonstrated a stronger explanatory 
power, explaining 66% of the variance in AGB (R2 ¼ 0.66) with a standard error of 19.38. 
Key predictors included nDSM (Beta ¼ 0.76, p< 0.001) and the red-blue vegetation index 
(RBVI). The model exhibited higher multicollinearity, particularly for GBVI (VIF ¼ 9.28), 
necessitating careful interpretation of the coefficients. The Durbin-Watson statistic for the 
non-riparian model was 1.22, suggesting slight positive autocorrelation. Despite these 
challenges, the significant predictors provided valuable insights into the factors driving 
biomass in non-riparian environments, consistent with studies on forest ecology that 
highlight the critical role of structural metrics like vegetation height.

Overall, these findings illustrate the necessity for tailored remote sensing approaches 
and specific ecological considerations when assessing and managing biomass and vegeta
tion health across varied landscapes. The study highlights that while RGB drone imagery 
can be effective, its indices may not always sufficiently capture the complexity of biomass 
in riparian zones, particularly where vegetation heights vary significantly. Future research 
should focus on improving data collection methods and incorporating additional spectral 
data to enhance the accuracy and reliability of biomass estimates in diverse ecological 
settings.
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Appendices 

Appendix A.

Table A1. Multicollinearity and principal component analysis plot 1.

Principal component analysis:
(a) Eigenvalues:

F1 F2 F3 F4 F5 F6 F7 F8 F9

Eigenvalue 6.13 1.55 1.00 0.24 0.07 0.01 0.00 0.00 0.00
Variability (%) 68.07 17.19 11.10 2.62 0.82 0.15 0.04 0.02 0.00
Cumulative % 68.07 85.26 96.35 98.97 99.79 99.94 99.98 100.00 100.00

(b) Eigenvectors:
F1 F2 F3 F4 F5 F6 F7 F8 F9

nDSM 0.34 −0.12 0.45 −0.45 −0.08 −0.67 −0.06 −0.03 0.00
Chloro 0.34 −0.16 0.45 −0.35 0.10 0.72 0.07 0.05 0.00
AGB 0.30 −0.28 0.41 0.81 −0.08 −0.05 0.01 −0.01 0.00
BGVI −0.37 −0.31 0.15 −0.02 0.24 −0.09 0.26 0.51 0.60
ExG 0.38 −0.08 −0.32 0.00 −0.16 0.03 −0.52 0.67 0.00
GBVI 0.36 0.29 −0.11 0.10 0.86 −0.11 0.05 0.02 0.00
GRBI 0.38 −0.06 −0.34 −0.02 −0.23 −0.05 0.79 0.18 −0.13
NGRDI 0.27 −0.51 −0.41 −0.06 0.04 0.03 −0.14 −0.51 0.47
RBVI 0.23 0.66 0.09 0.06 −0.31 0.05 0.02 −0.06 0.63

(c) Correlations between variables and factors:
F1 F2 F3 F4 F5 F6 F7 F8 F9

nDSM 0.85 −0.15 0.45 −0.22 −0.02 −0.08 0.00 0.00 0.00
Chloro 0.85 −0.20 0.45 −0.17 0.03 0.08 0.00 0.00 0.00
AGB 0.75 −0.34 0.41 0.39 −0.02 −0.01 0.00 0.00 0.00
BGVI −0.91 −0.39 0.15 −0.01 0.07 −0.01 0.02 0.02 0.00
ExG 0.94 −0.10 −0.32 0.00 −0.04 0.00 −0.03 0.03 0.00
GBVI 0.89 0.37 −0.11 0.05 0.23 −0.01 0.00 0.00 0.00
GRBI 0.93 −0.08 −0.34 −0.01 −0.06 −0.01 0.05 0.01 0.00
NGRDI 0.66 −0.63 −0.41 −0.03 0.01 0.00 −0.01 −0.02 0.00
RBVI 0.56 0.82 0.09 0.03 −0.08 0.01 0.00 0.00 0.00

(d) Contribution of the variables (%):
F1 F2 F3 F4 F5 F6 F7 F8 F9

nDSM 11.81 1.51 19.94 20.30 0.60 45.43 0.31 0.11 0.00
Chloro 11.84 2.47 19.99 12.54 0.92 51.51 0.49 0.24 0.00
AGB 9.10 7.62 17.07 65.24 0.67 0.28 0.01 0.01 0.00
BGVI 13.42 9.76 2.20 0.06 5.79 0.79 6.50 25.55 35.94
ExG 14.40 0.65 10.44 0.00 2.49 0.07 27.38 44.56 0.00
GBVI 13.02 8.62 1.18 1.02 74.61 1.28 0.22 0.06 0.00
GRBI 14.24 0.41 11.51 0.05 5.33 0.29 63.18 3.36 1.63
NGRDI 7.08 25.67 16.80 0.39 0.18 0.08 1.88 25.75 22.18
RBVI 5.12 43.28 0.88 0.40 9.41 0.27 0.03 0.36 40.25

(e) Squared cosines of the variables:
F1 F2 F3 F4 F5 F6 F7 F8 F9

nDSM 0.72 0.02 0.20 0.05 0.00 0.01 0.00 0.00 0.00
Chloro 0.73 0.04 0.20 0.03 0.00 0.01 0.00 0.00 0.00
AGB 0.56 0.12 0.17 0.15 0.00 0.00 0.00 0.00 0.00
BGVI 0.82 0.15 0.02 0.00 0.00 0.00 0.00 0.00 0.00
ExG 0.88 0.01 0.10 0.00 0.00 0.00 0.00 0.00 0.00
GBVI 0.80 0.13 0.01 0.00 0.05 0.00 0.00 0.00 0.00
GRBI 0.87 0.01 0.11 0.00 0.00 0.00 0.00 0.00 0.00
NGRDI 0.43 0.40 0.17 0.00 0.00 0.00 0.00 0.00 0.00
RBVI 0.31 0.67 0.01 0.00 0.01 0.00 0.00 0.00 0.00
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Table A2. Multicollinearity and principal component analysis Plot 2.

Principal component analysis:
(a) Eigenvalues:

F1 F2 F3 F4 F5 F6 F7 F8 F9

Eigenvalue 3.53 1.85 0.97 0.88 0.55 0.48 0.44 0.28 0.03
Variability (%) 39.27 20.55 10.80 9.73 6.08 5.32 4.86 3.11 0.28
Cumulative % 39.27 59.82 70.62 80.35 86.43 91.75 96.61 99.72 100.00

(b) Eigenvectors:
F1 F2 F3 F4 F5 F6 F7 F8 F9

nDSM 0.39 −0.39 −0.39 −0.06 −0.02 −0.04 −0.10 −0.07 0.72
Chloro 0.37 −0.42 −0.42 −0.09 0.00 −0.01 −0.09 −0.12 −0.69
AGB 0.38 −0.06 0.30 −0.18 0.76 0.06 0.19 0.34 −0.01
BGVI −0.35 −0.40 −0.21 0.15 −0.14 −0.01 0.36 0.71 −0.01
ExG 0.38 0.13 0.08 0.37 −0.25 0.77 −0.01 0.17 −0.02
GBVI 0.38 0.31 0.06 −0.04 −0.30 −0.45 −0.42 0.53 −0.05
GRBI 0.07 −0.40 0.55 −0.57 −0.44 0.11 0.07 −0.02 0.01
NGRDI 0.27 −0.24 0.38 0.62 −0.11 −0.42 0.32 −0.21 −0.02
RBVI 0.27 0.42 −0.27 −0.29 −0.22 −0.09 0.73 −0.06 0.00

(c) Correlations between variables and factors:
F1 F2 F3 F4 F5 F6 F7 F8 F9

nDSM 0.74 −0.53 −0.39 −0.05 −0.01 −0.02 −0.07 −0.04 0.11
Chloro 0.69 −0.57 −0.42 −0.09 0.00 −0.01 −0.06 −0.06 −0.11
AGB 0.72 −0.08 0.30 −0.17 0.56 0.04 0.12 0.18 0.00
BGVI −0.66 −0.54 −0.21 0.14 −0.10 −0.01 0.24 0.38 0.00
ExG 0.71 0.18 0.08 0.35 −0.19 0.54 −0.01 0.09 0.00
GBVI 0.72 0.42 0.05 −0.04 −0.22 −0.31 −0.28 0.28 −0.01
GRBI 0.13 −0.54 0.55 −0.53 −0.32 0.08 0.04 −0.01 0.00
NGRDI 0.51 −0.33 0.37 0.58 −0.08 −0.29 0.21 −0.11 0.00
RBVI 0.51 0.58 −0.26 −0.27 −0.16 −0.06 0.48 −0.03 0.00

(d) Contribution of the variables (%):
F1 F2 F3 F4 F5 F6 F7 F8 F9

nDSM 15.29 15.46 15.53 0.33 0.03 0.13 1.02 0.52 51.69
Chloro 13.42 17.57 17.83 0.87 0.00 0.01 0.84 1.46 48.01
AGB 14.50 0.35 9.07 3.37 57.48 0.31 3.55 11.37 0.00
BGVI 12.42 15.69 4.41 2.31 1.89 0.02 12.85 50.39 0.01
ExG 14.46 1.69 0.62 13.85 6.46 59.84 0.01 3.05 0.02
GBVI 14.58 9.63 0.31 0.15 8.93 20.46 17.42 28.30 0.21
GRBI 0.46 15.68 30.75 32.15 19.27 1.22 0.43 0.03 0.00
NGRDI 7.47 5.90 14.41 38.75 1.23 17.26 10.40 4.53 0.05
RBVI 7.40 18.04 7.08 8.21 4.70 0.76 53.47 0.34 0.00

(e) Squared cosines of the variables:
F1 F2 F3 F4 F5 F6 F7 F8 F9

nDSM 0.54 0.29 0.15 0.00 0.00 0.00 0.00 0.00 0.01
Chloro 0.47 0.33 0.17 0.01 0.00 0.00 0.00 0.00 0.01
AGB 0.51 0.01 0.09 0.03 0.31 0.00 0.02 0.03 0.00
BGVI 0.44 0.29 0.04 0.02 0.01 0.00 0.06 0.14 0.00
ExG 0.51 0.03 0.01 0.12 0.04 0.29 0.00 0.01 0.00
GBVI 0.52 0.18 0.00 0.00 0.05 0.10 0.08 0.08 0.00
GRBI 0.02 0.29 0.30 0.28 0.11 0.01 0.00 0.00 0.00
NGRDI 0.26 0.11 0.14 0.34 0.01 0.08 0.05 0.01 0.00
RBVI 0.26 0.33 0.07 0.07 0.03 0.00 0.23 0.00 0.00

(f) Correlation matrix:
Variables nDSM Chloro AGB BGVI ExG GBVI GRBI NGRDI RBVI

nDSM 1.00 0.97 0.44 −0.16 0.37 0.30 0.20 0.38 0.16
Chloro 0.97 1.00 0.41 −0.11 0.32 0.24 0.21 0.33 0.13
AGB 0.44 0.41 1.00 −0.48 0.39 0.38 0.21 0.35 0.25
BGVI −0.16 −0.11 −0.48 1.00 −0.49 −0.65 0.06 −0.14 −0.51
ExG 0.37 0.32 0.39 −0.49 1.00 0.48 −0.05 0.39 0.35
GBVI 0.30 0.24 0.38 −0.65 0.48 1.00 −0.05 0.25 0.52
GRBI 0.20 0.21 0.21 0.06 −0.05 −0.05 1.00 0.15 −0.18
NGRDI 0.38 0.33 0.35 −0.14 0.39 0.25 0.15 1.00 −0.05
RBVI 0.16 0.13 0.25 −0.51 0.35 0.52 −0.18 −0.05 1.00

(g) Multicollinearity statistics:
Statistic nDSM Chloro AGB BGVI ExG GBVI GRBI NGRDI RBVI

R2 0.95 0.95 0.42 0.57 0.41 0.54 0.14 0.31 0.38
Tolerance 0.05 0.05 0.58 0.43 0.59 0.46 0.86 0.69 0.62
VIF 20.66 19.28 1.72 2.32 1.70 2.18 1.16 1.45 1.62
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