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ABSTRACT 

Savanna ecosystems require precise monitoring tools for sustainable management. 

Traditional field methods are resource intensive and spatially limited, while satellites lack 

fine-scale resolution, and commercial high-resolution options are costly. Unoccupied 

Aerial Vehicles (UAVs) have become an established tool for fine-scale rangeland 

monitoring, offering a critical bridge between spatially limited field surveys and coarse-

resolution satellite data. However, there is underutilised potential for applying these 

approaches in African landscapes to yield useful management insights. This study 

evaluated UAV Structure from Motion photogrammetry (SfM) -derived canopy height and 

multispectral reflectance for estimating herbaceous aboveground biomass (AGB), a key 

indicator of rangeland condition and forage availability across grazing gradients in the 

Southwestern Kalahari, Botswana. Data from 90 harvest plots and three 50 m × 50 m 

sites were analysed using robust linear regression to assess (1) the relationship between 

UAV SfM-derived canopy height and spectral reflectance for estimating AGB, (2) the 

effectiveness of UAV observations in predicting herbaceous biomass of foraging 

importance, and (3) the transferability of these models by testing them across gradients 

of grazing intensity. Results showed canopy height strongly predicted AGB (R² = 0.72), 

while spectral reflectance as measured by NDVI showed no significant relationship, 

challenging vegetation greenness as a proxy for forage. The canopy height-AGB 

relationship remained consistent across forage importance categories (low, average, 

high) and grazing intensities, supporting ecosystem level allometric applications. This 

study contributes to the limited knowledge of UAV applications in African rangelands, 

demonstrating their utility in enhancing ecosystem monitoring and management. This 

research underscores the potential of UAVs in providing high-resolution data for 

rangeland monitoring, offering valuable tools to refine insight from wide-scale satellite 

observations and provide better insight for land managers and policymakers. 
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1 Introduction 

1.1 Background 

The Kalahari plateau is a distinctive and ecologically important region in Southern Africa, 

occupying a significant part of Botswana (Leistner, 1967; Perkins, 2018; Roodt, 2015). 

Up until the 1980s, the Kalahari was primarily a wildlife-dominated ecosystem (Mbaiwa & 

Thakadu, 2022). However, technological advances in borehole drilling led the Botswana 

government to implement a livestock expansion policy, prioritizing cattle production 

through proliferating water points (Moleele & Perkins, 1998a). Consequently, the 

dominant Kalahari thornveld now serves as a forage source for livestock and wildlife 

feeding on the Kalahari savanna vegetation (Dikgang & Muchapondwa, 2017). 

Herbaceous plants constitute the primary dietary choice for grazing animals (Al-bukhari 

et al., 2018). These plants grow during the rainy season (usually November to April) and 

are consumed by grazing animals in both rainy and dry seasons (Roodt, 2015). 

Herbaceous plants also offer benefits like water infiltration, dune stabilisation, biodiversity 

support, nutrient cycling, and carbon sequestration (Ahirwal et al., 2021; Oduor et al., 

2018). 

 

However, the transition to sedentary livestock production, through the establishment of 

stationary cattle posts facilitated by boreholes, has intensified the risk of grazing-induced 

degradation due to the increased concentration of livestock and prolonged grazing 

pressure on specific areas (Basupi et al., 2019; Perkins, 2018). This negatively impacts 

the livelihoods of those who directly rely on the ecosystem service of foraging that 

rangeland vegetation offers. Measurable indicators are thus important in inferring 

rangeland condition and improving rangeland management. Herbaceous above ground 

biomass (AGB) is a useful and common indicator of rangeland condition (Retallack et al., 

2023). 

 

The quantification of AGB provides a useful proxy for assessing rangeland condition and 

thus the amount of forage available for grazing animals (Hoppe et al., 2016; Jamsranjav 
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et al., 2018; Jhariya & Singh, 2021; Vahidi et al., 2023). Changes in AGB can be a useful 

indicator of disturbances, including overgrazing, and the resulting impacts on biodiversity 

and productivity (Piipponen et al., 2022). These changes may manifest as a reduction in 

vegetation cover, an increase in bare ground, alterations in species composition, or 

changes in nutrient cycling, among other effects (Dougill et al., 2016; Jhariya & Singh, 

2021). 

 

There are two primary approaches to evaluate the condition of rangelands, traditional plot 

level field measurements and remote sensing (Bazzo et al., 2023; Prabhakara et al., 

2015). Plot level field measurements of AGB are the widely used method for accurately 

monitoring changes in rangeland condition over time (Kendie et al., 2021; Myers-Smith 

et al., 2020a; Tokozwayo et al., 2021). However, this approach is limited in spatial scope 

and coverage due to its time and resource-intensive nature (Bjorkman et al., 2018). Since 

the advent of satellite-based imaging, satellite remote sensing has proven to be a 

valuable tool in overcoming various limitations of plot-level field measurements 

(Meshesha et al., 2020). Remote sensing from satellites can provide regional or global 

scale monitoring of vegetation communities but is typically conducted at moderate to 

coarse spatial resolution ranging from 15 m to 2 km (Retallack et al., 2023), which poses 

challenges in mapping across diverse landscapes and making informed decisions 

(Sankey et al., 2019). Fine-resolution satellite imagery remains costly and is limited in 

temporal resolution (Aplin et al., 2021; Fang et al., 2020). Furthermore, remote sensing 

from satellites often aggregates various herbaceous species when estimating AGB, which 

can obscure important details regarding rangeland condition (Fern et al., 2018a; 

Meshesha et al., 2020). 

 

Unoccupied aerial vehicles (UAVs) have emerged as a valuable tool for remote sensing, 

providing fine resolution imagery at landscape scales that bridges the gap between 

spatially sparse field measurements and coarse resolution satellite remote sensing 

(Amputu et al., 2023; Cunliffe et al., 2016; Eskandari et al., 2020; Gillan et al., 2020; 

Retallack et al., 2023). One method of detecting AGB involves using vegetation indices 

(VIs) to estimate AGB (Amputu et al., 2023; Cunliffe et al., 2020; Doughty & Cavanaugh, 
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2019; Fern et al., 2018a). This method is however limited in its ability to detect the 

biomass of dry vegetation because VIs are sensitive to chlorophyll (Doughty & 

Cavanaugh, 2019). Furthermore, estimating biomass from VIs can be challenging due to 

the asymptotic relationship between biomass and surface reflectance. As biomass 

increases, the amount of radiation absorbed by the vegetation approaches saturation, 

and changes in biomass may not result in proportional changes in reflectance (Colomina 

& Molina, 2014; Cunliffe et al., 2020; Myers-Smith et al., 2020b). This makes it difficult to 

accurately estimate biomass using spectral reflectance, especially at higher biomass 

levels (> 1500 kg/ha) (Amputu et al., 2023; Prabhakara et al., 2015; Théau et al., 2021). 

In addition, variable ground reflectance can also contribute to uncertainty in biomass 

estimates from spectral reflectance (Cunliffe et al., 2022; Myers-Smith et al., 2020).  

 

Another method involves using 3D point clouds to characterise the structural 

characteristics of vegetation (Cunliffe et al., 2016, 2020, 2022). UAVs can measure 

structural traits such as canopy height which can be used as an excellent predictor of 

aboveground biomass (Cunliffe et al., 2022; Poley & McDermid, 2020). Studies have 

utilized 3D models generated from UAV-acquired imagery, processed using structure-

from-motion (SfM) photogrammetry, to reconstruct vegetation. These models 

demonstrate strong correlations between predicted biomass values and field-measured 

biomass (Cunliffe et al., 2020, 2022; Shahbazi et al., 2015; Westoby et al., 2012). The 

number of publications on estimating AGB using UAVs has grown over time and is still 

on the rise (Figure 3), indicating scientific interest from the research community (Cunliffe 

et al., 2022; McIntire et al., 2022; Myers-Smith et al., 2020b; Slade et al., 2024). The 

growing body of literature on UAV-based AGB estimation (Cunliffe et al., 2022; McIntire 

et al., 2022; Slade et al., 2024) confirms the technology's maturity for general 

applications. As such, UAVs have become an established tool for fine-scale rangeland 

monitoring, offering a critical bridge between spatially limited field surveys and coarse-

resolution satellite data (Cunliffe et al., 2022; Retallack et al., 2023).  

 

While UAV remote sensing has matured as a tool for biomass estimation globally (Cunliffe 

et al., 2022; Slade et al., 2024), its application in African savannas must resolve a critical 
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ecological-management disconnect: current methods cannot reliably differentiate 

between total herbaceous biomass and forage-relevant biomass. This limitation is 

acutely evident in borehole-adjacent degradation zones, where rapid colonisation by 

prostrate-growing, non-palatable species such as Tribulus terrestris contributes 

substantially to AGB while offering negligible grazing value (Kashe et al., 2020; Perkins, 

2018). Conventional UAV approaches, whether spectral (VI-based) or structural (canopy 

height) were developed for ecosystems where biomass correlates consistently with 

forage quality, an assumption invalidated in Kalahari rangelands (Amputu et al., 2023). 

 

The present study therefore aims to assess how UAV fine-scale remote sensing could 

contribute to monitoring and mapping herbaceous biomass in Kalahari savanna 

ecosystems. Accurate assessment of AGB is an asset for land managers and policy 

makers, providing valuable information necessary for the sustainable utilisation of 

rangelands. Another possible contribution of this project is enhancing the capabilities of 

researchers and practitioners in using fine-scale remote sensing to understand 

rangelands and to help develop new approaches and insights that are appropriate for the 

unique challenges and contexts of African rangelands. 
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1.2 Problem statement 

The Kalahari savanna, crucial for both biodiversity and the livelihoods of local 

communities, is increasingly threatened by degradation due to intensive livestock grazing 

and unsustainable land use. The quantification of AGB provides a useful proxy for 

assessing rangeland condition and thus the amount of forage available for grazing 

animals. Traditional plot level rangeland monitoring techniques, like plot-level biomass 

field measurements, are limited by their spatial coverage and high resource demands, 

while satellite-based methods often fail to provide the necessary resolution to detect fine-

scale variations in rangeland condition. Although commercial high-resolution satellites 

exist, their operational costs typically preclude routine monitoring applications in 

resource-limited settings. 

 

UAVs have demonstrated significant potential to bridge the limited spatial scope and 

coverage of traditional plot level techniques and the course resolution of satellite remote 

sensing. While UAV remote sensing has proven effective for general rangeland 

assessment, its application in African savannas must address a critical ecological 

distinction: the capacity to differentiate between total herbaceous biomass and biomass 

of actual foraging value. This challenge is particularly pronounced in grazing zones near 

water points, where vegetation communities become dominated by prostrate growing, 

lush and green forbs such as Tribulus terrestris that are not of foraging importance. 

Conventional UAV-derived metrics often fail to capture this functional difference, creating 

significant limitations for pastoral systems where accurate assessment of palatable 

biomass determines sustainable stocking rates and grazing management decisions.  
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1.3 Research aim 

The aim of this study was to assess how UAV fine-scale remote sensing could contribute 

to monitoring and mapping AGB in Kalahari savanna ecosystems. AGB in the context of 

this study refers to the total amount of herbaceous vegetation (grasses and forbs) 

available to grazing animals, excluding woody vegetation. The specific research 

questions were: 

1. How well can aboveground biomass in Kalahari savanna ecosystems be predicted 

by fine-scale UAV observations of canopy height and spectral reflectance? 

2. How well can herbaceous biomass of foraging importance be predicted by fine-

scale UAV observations of canopy height and spectral reflectance? 

3. Do these relationships between biomass components and remotely sensed 

attributes differ across different levels of grazing intensity? 
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1.4 Justification 

The tools developed in this study could assist with precise AGB prediction in rangelands. 

The limited application of fine-scale remote sensing in African rangelands underscores 

the need for innovative techniques to enhance monitoring and management of these 

unique and important ecosystems. By developing and applying advanced fine scale 

remote sensing techniques, this research could improve our understanding of rangeland 

conditions for people, livestock, and wildlife. This work could also provide valuable insight 

that can be refined to help improve the quality of information provided to pastoralists, land 

managers, and policymakers, supporting evidence-based frameworks for rangeland 

utilisation and management. Additionally, it will strengthen the capacity of researchers 

and practitioners to utilise fine-scale remote sensing effectively, offering new insights and 

approaches tailored to the unique challenges of African rangelands. 
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2 Literature Review 

2.1 Introduction 

Rangelands play a crucial ecological and economic role, contributing significantly to the 

food security of millions of people (Niamir-Fuller & Huber-Sannwald, 2020). African 

rangelands are particularly vital in meeting the ecosystem requirements of more than 268 

million pastoralists and agro-pastoralists who rely on them (Liniger & Studer, 2019). When 

managed sustainably, these areas have the potential to actively contribute to carbon 

sequestration, enhance air and water quality, contribute to nutrient cycling, dune 

stabilisation, biodiversity support, food production, and to supply forage for grazing 

animals (Ahirwal et al., 2021; Lewis, 1936; Oduor et al., 2018). However, the arid Kalahari 

savanna rangelands are prone to desertification due to substantial climate variability and 

herbivory, resulting in inconsistent herbage availability for livestock both spatially and 

temporally (Lomax et al., 2024; Schmiedel et al., 2021). 

  

As such, suitable, accurate, repeatable, and easy to apply techniques to estimate 

herbaceous biomass are required for timely decision making and the sustainable use of 

rangelands (Al-bukhari et al., 2018; Amputu et al., 2023; Revermann et al., 2018). 

Conventional plot level field measurements have provided detailed information on the 

compositional, structural, and functional aspects of vegetation at a local scale but are 

limited in spatial scope and coverage (Al-bukhari et al., 2018; Bazzo et al., 2023; 

Bjorkman et al., 2018). Satellite remote sensing allows for regional or global-scale 

monitoring of vegetation communities at a moderate to coarse spatial resolution 

(Retallack et al., 2023). There is a need to bridge the limited spatial scope of field 

measurements, and the coarse resolution of satellites to provide land managers 

actionable and reliable information. 

 

This chapter critically analyses the potential of using UAV-based remote sensing in 

rangeland monitoring and management. First, it provides an assessment of the status of 

rangelands in Botswana. Following this, the specific challenges of assessing 

aboveground biomass (AGB) in the Kalahari savanna, are presented. The third part of 
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the review discusses the current status of plot-level field measurements and satellite 

remote sensing in rangeland monitoring, emphasising the need for integrating UAV 

remote sensing. The fourth and fifth sections detail the characteristics, procedures, 

current status, and areas for improvement in UAV-based rangeland monitoring. The final 

section identifies opportunities for integrating UAVs into monitoring forage and animal 

production. 

2.2 Current status of rangelands in Botswana 

Botswana's rangelands are characterised by a semi-arid to arid climate, with fluctuating 

rainfall patterns affecting the growth and distribution of vegetation (Maruatona & Moses, 

2022; Schmiedel et al., 2021; Vossen, 1990). The Kalahari Plateau, covering a large part 

of the country (Figure 1), has sandy soils and sparse vegetation primarily consisting of 

grasses, shrubs, and occasional woody species (Dougill et al., 2016; Lancaster, 1978; 

Lewis, 1936; Perkins, 2019). 

 

There is increasing concern about rangeland degradation, owing to anthropogenic and 

natural factors (Dougill et al., 2016; Kgosikoma, 2012). Research in Botswana has 

revealed an increase in bush encroachment, bare ground (Kgosikoma, 2012), heightened 

soil erosion (Webb et al., 2020), and a reduction in perennial grass species (Dougill et al., 

2016), aligning with other studies in the Kalahari Plateau (Geißler et al., 2024; Westhuizen 

et al., 2022; Zimmer et al., 2024). Herbaceous species loss and the increase in bush 

encroachment, particularly by Vachellia hebecladan, V. karroo, V. nilotica, V. tortilis, S. 

mellifera and Dichrostachys cinerea, and Rhigozum trichotomum have also been 

identified as an emerging problem in the late nineteenth and early twentieth century 

(Dougill et al., 2016; Lewis, 1936; O’Connor et al., 2014; Perkins, 2018; Thomas & Wiggs, 

2022; Webb et al., 2020). There is strong evidence that an increase in atmospheric CO2 

has an impact on increased woody growth in the setting of Southern Africa (Bond, 2008; 

Midgley & Bond, 2015). These changes are predicted to reduce biodiversity over the 

Kalahari, and also raise the risk of more frequent and severe fires because of the hotter 

and drier weather (Midgley & Bond, 2015).  
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There is also a consensus that land degradation is primarily caused by pressures from 

land use and livestock grazing, as evidenced by studies on the effects of land use change 

and grazing livestock as drivers of ecosystem change (Dougill et al., 2016; Perkins, 2018; 

Porporato et al., 2003; Thomas & Wiggs, 2022). Notably, the abundance of perennial 

species declines as borehole density and animal density rise (Akanyang, 2019; Dougill et 

al., 2016; Meyer et al., 2019; Moleele & Perkins, 1998b). Sacrifice zones, characterised 

by severe rangeland degradation and loss of biodiversity due to concentrated livestock 

activity, show significant ecological impact. However, the influence of piospheres can 

extend beyond these zones, affecting broader ecosystem functions and co-existence with 

wildlife by impeding their mobility (Perkins, 2018). To attempt to address these 

challenges, the Botswana Government has recently adopted a 'Herding for Health' 

approach in some areas, based on Holistic Rangeland Management (HRM) principles 

(Heermans et al., 2021). Additionally, the proliferation of invasive species such as 

Prosopis and poisonous plants further complicates rangeland management. Therefore, 

to ensure sustainable utilisation of rangelands, it is critical to monitor the condition of 

herbaceous species to enable timely decision-making to adapt stocking densities. 

2.3 Challenges of assessing aboveground biomass (AGB) in the 

Kalahari Savanna 

2.3.1 Spatial heterogeneity 

Recently, the value of heterogeneity as a constituent of ecological systems has grown 

(Fuhlendorf et al., 2017). Insights into the factors controlling rangeland heterogeneity can 

be drawn from findings across the Kalahari. Drylands exhibit significant intrinsic and 

disturbance-driven heterogeneity in the composition and productivity of their plant 

communities at both the landscape and regional levels (Dougill et al., 2016; Meyer et al., 

2019). Soil physical and chemical properties contribute to intrinsic variability, creating 

diverse microhabitats that support different plant species (Dougill & Thomas, 2004). 

Topographical features such as elevation, slope, and aspect affect microclimates within 

rangelands, leading to variations in plant communities (Breshears, 2006). Additionally, 



 

11 
 

genetic diversity within plant species results in different growth forms and stress 

tolerances, enhancing ecosystem resilience (Hughes et al., 2008; Vellend, 2006). 

 

Herbivory impacts plant community composition and productivity through selective 

grazing and overgrazing, which can alter species composition (Adler et al., 2001; Todd et 

al., 1998). Fire frequency and intensity also shapes vegetation types, with fire-adapted 

species benefiting from frequent fires (Archibald et al., 2009; Bond, 2008). Climate 

variability, including rainfall and temperature fluctuations, affects plant cover and 

biomass, interacting with other disturbances to create dynamic ecosystems (Craine et al., 

2012; Knapp et al., 2008). Moreover, anthropogenic activities, such as land use changes 

and agricultural practices, introduce additional heterogeneity by altering soil properties 

and plant communities (Dougill & Thomas, 2004). 

  

Several benefits of landscape heterogeneity have been shown in studies. For example, 

increasing spatial heterogeneity in rangeland biomass could reduce the temporal 

variance in forage production (McGranahan, 2008; Winter et al., 2012). This is a unique 

use of landscape heterogeneity, and in terms of ecological theory, it would add to our 

knowledge of the connections between biodiversity and ecosystem stability and 

variability. Ecosystem productivity and stability have been linked to a number of 

biodiversity metrics, including functional diversity, and species richness (Mori et al., 2013; 

Naeem & Li, 1997; Tilman et al., 2006). 

 

Because of the heterogeneity of rangelands driven by intrinsic and disturbance driven-

factors, field measurements across large areas are costly (Al-bukhari et al., 2018; Bareth 

& Schellberg, 2018). As a result, monitoring in other areas has focused on areas with 

observed or expected impacts (Karl et al., 2017). The principal limitation of this targeted 

approach is that it can introduce bias in data collection, as it may overlook areas that are 

currently unaffected but are critical for understanding broader ecological patterns and 

processes (Bennett, 2013). The lack of comprehensive baseline data from less impacted 

areas hampers accurate assessment of changes and the development of effective 

management strategies (Lindenmayer & Likens, 2018). Furthermore, it can cause missed 
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opportunities for early intervention by ignoring early warning signs of degradation in less 

monitored regions (Hobbs & Norton, 1996). This approach also limits the understanding 

of the natural variability and resilience of these ecosystems, which is essential for making 

generalisable conclusions about the health of rangelands (Wiens & Milne, 1989). 

Resource allocation might become inefficient, with concentrated efforts potentially 

neglecting emerging issues elsewhere (Turner, 2005). As a result, management 

decisions based on incomplete data may be inaccurate, underscoring the need for a more 

balanced and comprehensive monitoring strategy (Caughlan, 2001). 

2.3.2 Unique ecological conditions 

The unique ecological conditions of the Kalahari savanna further complicate AGB 

assessment. The region is characterised by its sandy soils, low and highly variable 

rainfall, and extreme temperatures. These conditions result in a dynamic and often 

stressed ecosystem, where vegetation growth can be rapid following rain but may quickly 

decline during dry periods. The adaptive strategies of the flora, such as deep-rooted 

plants accessing groundwater, fire adaptation, and ephemeral species that rapidly 

complete their life cycles, add layers of complexity to biomass measurement. The 

interplay between these factors means that biomass assessments must account for 

temporal variations and the phenological characteristics of the vegetation, which are not 

easily captured through traditional methods. 

 

2.3.3 Impact of climate variability and herbivory 

The two primary factors limiting vegetation growth in Botswana are the country's low 

sparse seasonal annual rainfall, and the low moisture-holding capacity of sandy soils 

(Millington & Townshend, 2009). The country's vegetation types range from sparsely 

distributed, highly productive riparian woodlands to bare salt pans (Lancaster, 1978; 

Millington & Townshend, 2009). Periodic droughts and irregular rainfall patterns, often 

intensified by El Niño-Southern Oscillation (ENSO)-induced events, lead to significant 

inter-annual differences in vegetation growth, while increasing heatwave frequencies, 

driven by persistent high-pressure systems such as the Botswana High, further reduce 
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available biomass during drought seasons (Mbokodo et al., 2023; Porporato et al., 2003). 

These fluctuations are compounded by the effects of herbivory, primarily from livestock, 

which is a prevalent land use in the region. Intensive grazing pressure can lead to 

degradation of vegetation, reducing biomass and altering plant community composition 

(Dougill & Thomas, 2004; Perkins, 2018). Overgrazing, in particular, can result in the 

dominance of less palatable species and the loss of key forage plants, thereby affecting 

overall biomass productivity. Assessing AGB in such a dynamic environment requires 

methods that can accurately reflect these variations and provide reliable data for 

sustainable rangeland management. 

 

In summary, the Kalahari savanna presents a challenging environment for AGB 

assessment due to its spatial heterogeneity, unique ecological conditions, and the 

compounded effects of climate variability and herbivory. These factors necessitate the 

development and application of reliable, repeatable, and cost-effective monitoring 

techniques, which can offer more precise and comprehensive data to inform rangeland 

management practices.  
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2.4 Methods of assessing AGB 

AGB assessment and estimation methods are categorised into traditional field methods 

and remote sensing techniques (Revermann et al., 2018). Traditional field methods 

include both destructive and non-destructive sampling. Destructive sampling considered 

the most accurate at a local level (Bjorkman et al., 2018; Kendie et al., 2021; Myers-Smith 

et al., 2020a; Tokozwayo et al., 2021), involves clipping and harvesting quadrats but is 

labour-intensive and limited in spatial scope and coverage. Non-destructive field methods 

involve calibration with harvested samples and include visual estimations, manual and 

rising plate metres, and capacitance probes (Karl et al., 2017). 

 

Remote sensing techniques, developed to address the labour intensity and limited spatial 

scope of traditional methods, include the use of hand-held spectroradiometers and 

various remote sensing technologies (Retallack et al., 2023). These methods offer a non-

destructive approach to AGB assessment, allowing for larger area coverage and repeated 

measurements over time. Both traditional plot level methods and remote sensing methods 

will be discussed. 

2.4.1 Traditional rangeland monitoring techniques 

Traditional assessment of AGB at local scales is typically conducted through destructive 

sampling, specifically by clipping all AGB within defined quadrats (Haydock & Shaw, 

1975). This method involves clipping the biomass directly to the ground, harvesting the 

cut sample, sorting it, and drying it in an oven at a specific temperature. The dry matter 

(DM) yield, which refers to the dry weight of both green and dead material after drying, is 

then calculated. Although clipping AGB within quadrats is considered accurate, provided 

enough quadrats are sampled to capture spatial heterogeneity (Lu, 2006), the process is 

labour-intensive and time-consuming, involving locating, cutting, sorting, drying, and 

weighing the samples (Marsett et al., 2006). The accuracy of estimation decreases as 

spatial heterogeneity increases (Catchpole & Wheeler, 1992; Jansen et al., 2022; 

Psomas et al., 2011).  
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In heterogeneous rangeland ecosystems, many destructive samples are required, even 

when using double-sampling techniques (Laca, 2009). While this method provides 

reasonably accurate AGB estimates at a local scale, it is impractical and challenging to 

extrapolate this information to a landscape level (Psomas et al., 2011). As a result, it is 

frequently employed in specialised research projects and in developing biomass 

equations for large scale biomass estimation (Harmse et al., 2019). In Kalahari savanna 

ecosystems, different researchers are using other traditional plot level non-destructive 

methods such as the disc pasture metre with accurate estimates (Harmse et al., 2019). 

However, despite the promising results, these methods remain limited in spatial scope 

and coverage. 

2.4.2 Rangeland monitoring with remote sensing 

Remote sensing involves the acquisition and interpretation of data about the environment 

and Earth's surface from a distance. This is achieved by detecting radiation that is 

naturally emitted or reflected by the Earth's surface or atmosphere (passive remote 

sensing), or by analysing backscattered signals from sensor-emitted pulses, as in the 

case of RADAR (active remote sensing) (ESRI, 2024). This definition includes various 

energy sources and mechanisms for measuring radiation or signals. Passive remote 

sensing captures electromagnetic radiation from the sun that is reflected or transmitted 

across the electromagnetic spectrum (EMS). In contrast, active remote sensing involves 

a sensor detecting a pulse of synthetic (non-solar) energy that is emitted from a device 

and then reflected back to it (Ph. D. Thenkabail, 2015). In both types, sensors can be 

mounted on the ground, UAV, aircraft or satellites. The predominant type of energy used 

in remote sensing is electromagnetic energy, which includes visible light, infrared, radio 

waves, heat, ultraviolet light, SONAR, and x-rays. 

 

Before the advent of digital remote sensing, photointerpretation was the primary method 

for analysing aerial photographs, relying on visual assessment of tone, texture, and 

context to classify vegetation and land cover (Lillesand et al., 2015). With the shift 

to digital image processing, techniques such as spectral unmixing, classification 

algorithms, and vegetation indices enabled more quantitative and reproducible analyses 
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(Schroeder et al., 2015). While photointerpretation remains valuable for historical 

comparisons and local-scale validation, digital methods now dominate due to their 

scalability and integration with multispectral and hyperspectral data (Campbell & Wynne, 

2011). 

 

The images produced by sensors vary based on their spatial, spectral, radiometric, and 

temporal resolutions. Spectral information is crucial for mapping and modelling the 

biophysical properties of vegetation. To accurately estimate herbaceous AGB, leaf area 

index (LAI), or cover, remote sensing must differentiate vegetation from soil features 

(Todd et al., 1998). Vegetation and soils must exhibit distinct spectral signatures. The 

typical spectral reflectance curve of green vegetation shows that leaf pigments 

(chlorophyll) absorb the visible portion of the EMS strongly (Figure 1). Green vegetation 

significantly absorbs electromagnetic radiation (EMR) in the red portion around 0.68 µm 

but reflects EMR strongly in the near-infrared portion between 0.76 and 0.90 µm. Factors 

like moisture and protein content, among others, influence reflectance from the NIR to the 

middle-IR portions of the EMS (Liang, 2003). This high NIR reflection makes images 

acquired at this wavelength attractive for vegetation studies. The characteristic features 

of green vegetation diminish during leaf senescence due to the loss of pigments, cell 

structure, and moisture content (Todd et al., 1998). 
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Figure 1. Vegetation's spectral reflectance curve. The major characteristics of absorption 
and reflectance are displayed (Miller et al., 1990). 

 

Satellite-based remote sensing has been instrumental in monitoring large areas, such as 

rangelands, providing objective, automated, and repeatable long-term data on vegetation 

condition and land cover changes (Bastin et al., 2024; Collado, 2002). The assessment 

of rangeland condition has been successfully conducted using both hyperspectral and 

multispectral remote sensing, though their applications differ due to sensor capabilities 

and platform availability. Hyperspectral data, with its narrow, contiguous spectral bands 

(such as 200+ bands), enables detailed biochemical and biophysical characterization of 

vegetation, making it ideal for detecting changes in rangeland health (P. S. Thenkabail et 

al., 2019). However, most hyperspectral systems are airborne (such as AVIRIS, HyMap), 

limiting spatial coverage and temporal frequency. In contrast, multispectral sensors (such 

as Landsat, Sentinel-2), though coarser in spectral resolution (that is, 4–15 broad bands), 

provide consistent, large-scale, and repeatable satellite-based monitoring, which is 

critical for long-term rangeland management (Chaves et al., 2020). 

 

This technology can track vegetation greenness and categorise broad surface types, 

offering valuable insights for management policies and decision-making on national and 

global scales (Tehrany et al., 2017; Xue & Su, 2017); for example, Namibia's rangeland 

early warning and monitoring system (http://www.namibiarangelands.com/). 

http://www.namibiarangelands.com/
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The assessment of rangeland condition has found success through the utilisation of 

hyperspectral and multispectral data obtained from satellite sources (Kumar & Mutanga, 

2017; Lehnert et al., 2014; Retallack et al., 2023). This is typically accomplished using 

empirical statistical methods, often employing vegetation structural characteristics 

(Joetzjer et al., 2017; Santi et al., 2014; X. Zhang et al., 2021) and vegetation indices 

(Fern et al., 2018a; Retallack et al., 2023; Tian et al., 2021). The procedure entails 

establishing the correlation between on-site measured indicators of rangeland condition, 

such as AGB, and vegetation structural traits and vegetation indices like the Normalised 

Difference Vegetation Index (NDVI), Generalised Difference Vegetation Index (GDVI), 

Transformed Difference Vegetation Index (TDVI), and Enhanced Vegetation Index (EVI), 

which are commonly recommended for dryland systems (Fern et al., 2018a; Kumar & 

Mutanga, 2017; Tian et al., 2021). 

 

However, semi-arid savanna rangelands pose unique challenges for satellite-based 

remote sensing due to cloud cover during the short growing season, high soil reflectance, 

low aboveground biomass, and a complex mosaic of bare ground, herbaceous, and 

woody plants (Collado, 2002). These factors often lead to inaccurate estimates of 

ecosystem parameters at the local scale (D. Lu, 2006). Moreover, the coarse resolution 

of freely available or affordable satellite data is generally insufficient for detailed 

rangeland management (Knox et al., 2013; Sankey et al., 2019). Fine-resolution satellite 

imagery, which can distinguish between different plant species, remains costly and is 

limited in temporal resolution (Aplin et al., 2021; Fang et al., 2020). Many studies use 

vegetation greenness as measured by the Normalised Difference Vegetation Index 

(NDVI) or Enhanced Vegetation Index (EVI) as indicators of 'ecosystem health' and 

available grass biomass. However, these indices can be fundamentally flawed when the 

biomass primarily consists of unpalatable vegetation (Fern et al., 2018a). As such, NDVI 

and EVI provide a crude measure of available forage, often failing to accurately represent 

the quality and usability of the biomass for grazing. To address these limitations, new 

approaches must be developed to improve the accuracy and applicability of remote 

sensing for rangeland management, enabling adaptive strategies for these dynamic 
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landscapes. UAVs have emerged as a promising source of information to help address 

these challenges. 

2.5 Brief history of UAVs 

The evolution of UAVs can be traced back to early innovations such as hot-air balloons, 

which marked the initial forays into UAV technology before the 1800s (Gülci et al., 2022). 

Throughout the 20th century, advancements in UAV technology and their associated 

equipment whether for military or civilian use have seen the integration of various 

payloads, including humans, sensors, and weapons (Palik & Nagy, 2019). The 

terminology surrounding UAVs has evolved, encompassing terms such as "remote-

controlled aerial vehicles (Klodt et al., 2015),  "remotely piloted systems (Frew & Brown, 

2008)," "unmanned air platforms," and more specific names like "unmanned combat 

aerial vehicles" and "drones," among others. These terms reflect the ongoing 

development and diverse applications of UAVs over time (Gupta et al., 2013; Newcome, 

2004). 

 

Today, UAVs have diversified into numerous types for civilian applications, leveraging 

advanced technologies such as inertial measurement units (IMUs), Global Navigation 

Satellite System (GNSS) receivers, various sensors (including cameras, radar, and laser 

detection systems), digital memory for data recording, and telemetry systems for 

transmitting data to ground control stations (González-Jorge et al., 2017). The 

proliferation of UAVs with varying features has made them popular for both fully automatic 

and semi-automatic uses. 

 

Modern UAVs, capable of both vertical and horizontal take-offs, are frequently employed 

in scientific research and social sciences, utilising commercial or open-source software 

and self-programmed applications (González-Jorge et al., 2017). These versatile UAVs, 

some as compact as a mobile phone, can execute photogrammetric flight plans with the 

onboard microprocessors (Gupta et al., 2013). Moreover, even amateur users can now 

operate UAVs equipped with advanced systems to facilitate safe autonomous flights with 

obstacle avoidance and assisted landing systems. 
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2.6 UAV technology in ecological research 

In recent years, there has been a growing interest in the application of UAV remote 

sensing for in ecological research (Anderson & Gaston, 2013; Cunliffe et al., 2022; Fern 

et al., 2018a; Lussem et al., 2019; Slade et al., 2024; X. Zhang et al., 2021). UAVs offer 

several advantages over traditional plot level field measurements and satellite-based 

remote sensing, including user defined temporal resolution, and centimetre to decimetre 

level spatial resolution (Gallacher, 2019), and the ability to operate under different 

illumination conditions (Arroyo-Mora et al., 2021). These capabilities make UAVs 

particularly suited for the complex and heterogeneous landscapes typical of dryland 

rangelands. 

 

To explore current peer-reviewed publications, Google Scholar, SCOPUS, PubMed, and 

Web of Science Core Collection were searched for current peer-reviewed publications 

using Boolean Operators (AND, OR) and a combination of keywords including: AGB, 

UAV, Fine-scale remote sensing, Structure from Motion photogrammetry, multispectral, 

hyperspectral, ecological monitoring, LIDAR, spectral reflectance, Canopy Height Model, 

drone, and High resolution. I used "snowballing" to gather additional studies, by searching 

for references within the bibliographies of published work. Relevant studies, articles, and 

reports focusing on advances in methods for assessing rangeland condition with UAVs 

were identified and organised into themes and topics. 

 

To further explore and visualise the scientific interest in UAV technology, the 

‘EuropePMC’ R package (Jahn, 2016) was utilised. This package provides easy access 

to a comprehensive database of life sciences literature. By querying the database with 

specific keywords related to UAV applications in ecological research, visualisations 

(Figure 3) of publication trends over time were generated., highlighting the increasing 

number of studies focusing on UAV technology in ecological contexts, demonstrating a 

clear upward trend in both the volume and diversity of research in this field. 
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Figure 2. There is an increasing interest in using UAVs to study rangelands.  

This figure shows the percentage of all published articles from 1995 to 2023 that include the specified keywords. Data was retrieved 

using the `europepmc` R package (Jahn, 2016) to query the Europe PubMed Central database. The plot indicates an increasing 

interest in the application of UAV technology in rangeland monitoring, with notable growth in publications focusing on UAV remote 

sensing and rangeland degradation.
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UAVs have proven to be useful tools for a wide range of ecological applications, including 

monitoring vegetation structure and composition, assessing plant health, and measuring 

biomass and productivity (Crutsinger et al., 2016). UAVs equipped with multispectral and 

hyperspectral sensors can capture detailed spectral information, enabling the 

differentiation of vegetation types and the detection of stress indicators such as 

chlorophyll content and water stress. 

 

In addition to AGB, UAVs have been employed in wildlife monitoring (Hartmann et al., 

2021; Mangewa et al., 2019), habitat mapping, and the assessment of ecological 

disturbances such as fire and invasive species (Baskaran et al., 2017). The ability to 

rapidly deploy UAVs and cover large areas with fine-resolution imagery makes them 

invaluable for ecological surveys and long-term monitoring programs (Gallacher, 2019). 

 

Overall, the integration of UAV technology into ecological research represents a 

significant advancement, offering new perspectives and capabilities for monitoring and 

managing rangeland ecosystems. By providing fine-resolution, timely, and accurate data, 

UAVs are transforming the way ecologists study and understand complex ecological 

processes. 
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2.7 UAVs in measuring AGB 

Recently, there has been a growing interest in using UAV remote sensing to estimate 

AGB in rangelands. Structural and spectral features of rangelands have been employed 

for estimating grassland height and AGB (Amputu et al., 2023; Cunliffe et al., 2020, 2022; 

Doughty & Cavanaugh, 2019; Lussem et al., 2019; Slade et al., 2024). However, research 

is not well distributed globally, with African rangelands underrepresented (Figure 3). 

Generally, studies have followed a similar workflow to AGB in grasslands using UAV data. 

Although not all studies follow every step, the standard process was widely adopted in 

the literature reviewed (Amputu et al., 2023; Bareth & Schellberg, 2018; Cunliffe et al., 

2020, 2022; Lussem et al., 2018; McIntire et al., 2022; Slade et al., 2023). Typically, the 

workflow included the following steps: 

 

1. Field data collection: This step involves setting up ground control points (GCP), 

capturing UAV imagery, and collecting ground-based field data. 

2. UAV data processing: This involves pre-processing steps such as creating 

photogrammetric 3D point clouds and orthomosaics, georeferencing these point 

clouds and orthomosaics, and generating canopy height models (CHM) using 

digital terrain models (DTM) and digital surface models (DSM). It also includes the 

derivation of spectral indices from multispectral UAV data. 

3. Data analysis: This involves creating predictive models for AGB and/or vegetation 

indices. 

The aim of the following sections is to provide a detailed description of this comprehensive 

workflow for AGB estimation in rangelands using UAVs, with a particular focus on the 

three main elements: field data collection, image pre-processing, and data analysis. 
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Figure 3. Geographic distribution of UAV-based AGB estimation studies (2012-2022). 
African rangelands are underrepresented in studies utilising UAV-based techniques to estimate aboveground biomass 
(AGB). This figure illustrates the geographic distribution of such studies included in a review, spanning the years 2012 
to 2022 (Bazzo et al., 2023). The studies were identified using specific search terms and criteria. 

2.7.1 Field data collection 

The first step in the process for estimating AGB with UAVs is gathering field data. This 

step entails setting up ground control points (GCPs), collecting UAV images, and 

gathering ground-based field data. The precision of GCPs, which are used to add spatial 

constraint to the UAV data, is a critical component in the accuracy of models created from 

UAVs (Villanueva & Blanco, 2019). Furthermore, gathering information from ground-

based measurements, such as biomass samples and vegetation height provides the data 

required for establishing the allometric relationship between AGB and drone 

measurements (Amputu et al., 2023; Cunliffe et al., 2020, 2022). 



 

25 
 

2.7.1.1 Setting up ground control points (GCPs) 

To effectively constrain UAV models to ground values, one of the critical aspects that can 

significantly improve the quality of data products is the use of accurate and evenly 

distributed Ground Control Points (GCPs) (Cunliffe et al., 2019; Villanueva & Blanco, 

2019; Yu et al., 2020). GCPs are distinct, visible markers (Figure 4) that are positioned at 

specific locations (Bazzo et al., 2023). These markers must be secured to prevent 

movement and geolocated using survey-grade GNSS equipment capable of sub-

centimetre accuracy. Their placement, distribution, quantity, and density within the area 

of interest (AOI) play an important role in achieving both local and global accuracy across 

datasets collected over various periods (Gindraux et al., 2017). For applications requiring 

accurate measurements, such vegetation monitoring, local precision is essential. 

 

 

Figure 4. Brightly coloured canvas GCPs with black backgrounds enhance visibility and 

precision. The GCPs, measuring 50 cm x 50 cm, were constructed using brightly coloured 

canvas material with a black-painted background for enhanced visibility. The centre of each 

GCP was precisely measured using a DJI Phantom 4 multispectral drone, maintaining a 1 m 

altitude from the ground. 
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Finding the best method for GCP establishment is thus crucial to ensure accurate and 

consistent data while minimising operational time and costs. Several studies have 

explored different strategies for GCP placement to enhance the accuracy of UAV-derived 

Digital Surface Models (DSMs) (Awasthi et al., 2020; Gašparović et al., 2017; Gomes 

Pessoa et al., 2021). For example, a higher density of GCPs significantly improves the 

vertical and horizontal accuracy of DSMs (Villanueva & Blanco, 2019). Similarly, Yu et 

al., (2020) emphasised the importance of even distribution of GCPs, suggesting that an 

optimal configuration can reduce errors and improve the accuracy of spatial data. These 

findings highlight the trade-off between the number of GCPs used and the accuracy 

achieved, pointing towards the need for a balanced approach to GCP deployment. 

 

Gindraux et al., (2017) provide a comprehensive analysis of how GCP density and 

distribution affect DSM accuracy. The study, conducted on glaciers in the Swiss Alps, 

found that DSM accuracy improves asymptotically with an increasing number of GCPs 

until an optimal density is reached. Beyond this point, additional GCPs do not significantly 

enhance accuracy. The research also noted that local accuracy decreases with 

increasing distance from the nearest GCP, approximately by 0.09 m per 100 m distance. 

These findings underscore the importance of strategic GCP placement, particularly in 

challenging environments such as the Kalahari savanna, where maintaining high 

accuracy is essential for monitoring changes in vegetation and dunes. 

 

Establishing GCPs involves technical, logistical, and financial considerations, so 

optimising their deployment is key to balancing accuracy and efficiency. A carefully 

planned GCP setup can achieve high accuracy without excessive use of resources. For 

example, (Cunliffe & Anderson, 2019) recommend a systematic approach to GCP 

placement that involves evenly spacing the GCPs throughout the survey site, ensuring 
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coverage of both the edges and the centre of the site with multiple markers (Figure 5).

 

Figure 5. Accurate and evenly distributed GCPs significantly improve UAV data 
quality. This figure highlights that to effectively constrain UAV models to ground values, one of the critical aspects 

that can significantly improve the quality of data products is the use of accurate and evenly distributed Ground Control 
Points (GCPs) (Cunliffe & Anderson, 2019). 

 

2.7.1.2 UAV surveys  

UAVs have the capability to fly closer to the ground compared to satellites or full-scale 

manned aircrafts, broadening the range of available sensors and enhancing spectral 

imaging capabilities (Bazzo et al., 2023; Eskandari et al., 2020). They can capture 

spectral data using simple RGB cameras or more specialised cameras such as 

multispectral, thermal, or hyperspectral cameras (Bazzo et al., 2023; Mangewa et al., 

2019; Vahidi et al., 2023). RGB sensors are the most frequently used, followed by 

multispectral, hyperspectral, and Light Detection and Ranging (LiDAR) sensors (Bazzo 

et al., 2023). In terms of resolution, sensors can be categorised as fine resolution (0 to 10 

cm), medium resolution (10 to 20 cm), and low resolution (more than 20 cm) (Eskandari 
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et al., 2020). The majority of research utilises fine-resolution data (0 to 10 cm), employing 

this level of spatial detail, primarily using visible and multispectral images (Amputu et al., 

2023; Cunliffe et al., 2020, 2022; Gašparović et al., 2017; McIntire et al., 2022). RGB are 

widely used because of their affordability and fine image resolution, which make them 

suitable for a wide range of applications. 

 

The increasing availability of UAVs equipped with commercial RGB cameras has 

facilitated research using these cost-effective sensors for rangeland monitoring (Bareth 

& Schellberg, 2018; Cunliffe et al., 2022; Gašparović et al., 2017; Lussem et al., 2018). 

While RGB sensors have lower spectral resolution compared to multispectral, 

hyperspectral, or thermal sensors, they offer higher spatial resolution and can be used to 

calculate vegetation indices (Lussem et al., 2018; Marcial-Pablo et al., 2019) and estimate 

plant height (Cunliffe et al., 2022) from the same set of images. This makes RGB sensors 

an economical choice, particularly beneficial for farm-level applications. Over the past 

decade, near-infrared (NIR) multispectral and hyperspectral sensors have also become 

more accessible for UAVs (Assmann et al., 2019; Manfreda et al., 2018). Multispectral 

cameras, such as the MicaSense RedEdge 3, provide more spectral bands (e.g., red 

edge: 760 nm; NIR: 810 nm), offering fine-resolution spectral information for vegetation 

applications (Amputu et al., 2023). 

 

Despite their limitations, LiDAR sensors outperform image-based techniques in terms of 

ground point capture and physical biomass parameter estimation, making them promising 

for AGB estimation in grasslands (Gašparović et al., 2017). However, commercial LiDAR 

sensors for UAVs remain significantly more expensive than spectral sensors, 

necessitating careful consideration of the most cost-effective sensor for each specific aim 

(Eskandari et al., 2020). UAV LiDAR collects data using a nadir view, which can be 

hindered by dense rangeland vegetation (Bazzo et al., 2023). LiDAR sensors tend to miss 

canopy data at the tops in grassland ecosystems, leading to underestimation of canopy 

height and fractional cover. Despite these challenges, LiDAR continues to show potential 

for accurate AGB estimation when calibrated with field data (Zhang et al., 2021). 
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Many interdependent factors during UAV flights have a substantial effect on the quality of 

UAV-based outputs and, as a result, the precision of AGB estimates (Mesas-Carrascosa 

et al., 2015). Flight altitude is one of the most important parameters as it influences the 

ground sampling distance (GSD) (Nagendran et al., 2018). The GSD, which determines 

the imagery's spatial resolution, is the distance between the centres of two adjacent pixels 

(DJI Enterprise, 2024). Higher altitudes result in a UAV's GSD to increase, which means 

that each pixel covers a greater ground area and reduces spatial resolution (Sanz-

Ablanedo et al., 2018). This is advantageous for scanning wide areas as it allows more 

coverage. In heterogeneous environments, reduced spatial detail obscures fine-scale 

vegetation patterns, leading to higher uncertainty in pixel-level AGB estimates due to 

mixed-signal effects. Conversely, a lower GSD ensures higher spatial resolution, where 

each pixel represents a smaller, more homogeneous ground area, thereby capturing 

critical vegetation detail and minimizing spectral mixing errors (DJI Enterprise, 2024) 

 

Studies have demonstrated that for UAV photogrammetry of vegetation structure, optimal 

results are achieved when flying at altitudes scaled to canopy height (typically 17-22 m 

above vegetation), yielding a ground sampling distance of approximately 0.005 m 

(Cunliffe et al., 2019). This approach has proven particularly valuable for aboveground 

biomass estimation across diverse ecosystems (Amputu et al., 2024; Cunliffe et al., 

2022). UAV flight altitudes range from <10 m to 140 m, with 50 m representing the median 

value (23% of cases). Lower altitudes (<50 m) are generally more frequent than higher 

ones (Figure 6; Bazzo et al., 2023). They also advised experimenting with different 

altitudes to better understand the relationship between pixel resolution and field data for 

AGB estimation. While a 25 m flight height delivered the best grassland AGB estimation 

model, UAV data collected at 100 m provides key benefits for farm-scale applications, 

including wider coverage, faster acquisition, and smaller file sizes that streamline data 

processing (Karunaratne et al., 2020). Therefore, to develop best practice guidelines for 

using UAVs in on-farm applications and to keep pace with technological advancements, 

it is essential to understand the effects of different flying altitudes on the quality of 

grassland AGB predictions. Researchers should also determine the necessary GSD for 

identifying features relevant to AGB estimation, considering the specifications of the 
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sensor used. To balance spatial resolution, acceptable error, and point cloud density with 

optimal coverage, we recommend flying where a GSD of 0.005 m is achievable. 

 

Figure 6. Fifty meters is the most frequently used UAV flight altitude among the 64 reviewed studies (Bazzo et 
al., 2023). Less commonly reported altitudes occurred in fewer than 10% of studies (Bazzo et al., 2023). 

 

 

 

 

The flight sequence of a UAV also influences data quality. Determining the forward and 

side image overlap is crucial in mission planning, particularly for SfM photogrammetric 
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reconstructions, which rely on features visible in multiple photos to create digital models, 

orthomosaics, and 3D models (Bazzo et al., 2023; Cunliffe & Anderson, 2019). The level 

of image overlap can affect the quality of the final SfM product, with higher overlap 

resulting in more accurate models. However, higher overlap requires capturing more 

photos, which increases data volumes and computing time (Tmušić et al., 2020). There 

is general consensus on the overlap thresholds for rangeland applications (Amputu et al., 

2023; Cunliffe et al., 2020, 2022; McIntire et al., 2022). Most studies have used significant 

front and side overlaps, typically 80% forward overlap (resulting in approximately 5-6 

photos per part of the scene) and 70% side overlap (resulting in around 4-5 photos per 

side). Research consistently shows that a forward overlap of 80% and a side overlap of 

60–75% produce high-quality orthomosaics. Cunliffe et al., (2022) reported that optimal 

overlaps for Structure from Motion (SfM) photogrammetry over grassy ecosystems are 

75% forward and 75% side. This results in a minimum of approximately 33 images per 

unobscured location (Cunliffe & Anderson, 2019).  

 

When measuring vegetation canopy height using SfM, it is crucial to consider the use of 

convergent flights flown at off-nadir angles. Employing off-nadir imagery and conducting 

flights at slightly higher altitudes are postulated to significantly enhance measurement 

accuracy (Cunliffe et al., 2016). Research indicates that capturing off-nadir images with 

angles between 20° and 35° during two convergent flights provides the optimal 

combination for achieving the highest accuracy and precision (Agüera-Vega et al., 2022; 

Cunliffe et al., 2022). 

2.7.1.3 Ground based field data 

Effective biomass estimation models derived from UAV data rely heavily on accurate and 

comprehensive ground-based field data collection. This is necessary so as to establish, 

train, and assess biomass estimation models obtained from UAV data (McIntire et al., 

2022). Typically, this process involves gathering quantitative data directly from the 

vegetation, which is then used as a reference for measurements derived from UAVs. 

Conventional ground-based techniques can be either destructive or non-destructive 

(Bazzo et al., 2023). Destructive techniques, like harvesting and weighing biomass 
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(Amputu et al., 2023; McIntire et al., 2022), yield precise measurements but are labour 

and time intensive. Among the non-destructive techniques with the most documented 

applications is the use of the point intercept method (Cunliffe et al., 2020) and the rising 

plate metres (RPM) (Borra‐Serrano et al., 2019; Lussem et al., 2018; Zambatis et al., 

2006). RPMs are commonly used because they are effective at producing accurate 

estimations of biomass. They measure compressed sward height, which integrates height 

and density across a given area. RPM techniques, however, are less successful in areas 

with non-uniform growth or rough terrain and might be impacted by operator variability 

(Amjad, 2014). Destructive approaches are still the preferred approach for establishing 

and training UAV-derived AGB models in spite of their drawbacks. 

 

In regions with heterogeneous vegetation and high dynamics, frequent sampling over 

extended periods and with large sample sizes is required to provide robust biomass 

estimates (Franceschini et al., 2022). Increasing dataset size is critical for improving AGB 

estimation models in grasslands, as larger and more representative field samples 

enhance model accuracy. Limitations such as small sample sizes and the complexity of 

field trial methodologies can hinder model performance. A review of UAV-based AGB 

estimation techniques found field sample sizes ranging from 13 to 1403, with an average 

of 90 (Bazzo et al., 2023; Capolupo et al., 2015; Lin et al., 2021; Morais et al., 2021). 

Thus, addressing the limitations of sample size and methodological complexity is vital for 

enhancing the robustness of AGB estimation models derived from UAV data in diverse 

and dynamic rangeland ecosystems. 

2.7.2 UAV data processing 

The UAV image preprocessing step is essential to ensure the data's suitability for further 

analysis. Images captured during a UAV flight are often converted into 3D data using SfM 

software. This 3D data enables the classification of various objects within the captured 

imagery. Several companies offer software solutions for processing UAV photographs, 

providing functionalities such as generating 3D spatial data for Geographic Information 

Systems (GIS) platforms, creating DTMs and DSMs, producing georeferenced 

orthomosaics, and performing area and volume measurements. 
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While there is a growing body of research on extracting canopy height from 3D point 

clouds generated by RGB photogrammetry, it remains less extensive compared to the 

more established body of work using LiDAR. However, as computer and photogrammetry 

technologies have advanced, the wider use of SfM has emerged as a significant trend. 

Different SfM software packages employ various algorithms and processing options, 

which can influence the final outputs. Among the commonly used software, Agisoft 

Metashape (Agisoft, 2024) and Pix4Dmapper (Pix4D, S.A., Lausanne, Switzerland) are 

frequently mentioned in literature for processing UAV imagery (Amputu et al., 2023; 

Balestra et al., 2024; Cunliffe et al., 2022; Gülci et al., 2022). Additionally, other software 

like QGIS, ArcMap, and TerraScan are also utilised in different studies (Duarte et al., 

2018; Parent et al., 2022). 

 

Despite the widespread use of these software solutions, few studies have compared their 

preprocessing capabilities directly. Experiments comparing Agisoft Metashape and 

Pix4Dmapper found that while Metashape produced clearer images, it had poorer 

displacement extraction, whereas Pix4Dmapper, despite z-value fluctuations, excelled in 

displacement extraction. A comparative study over a 235.2-hectare forested area showed 

that Agisoft Metashape generated more detailed results from UAV-SfM (Fraser & 

Congalton, 2018; Kitagawa et al., 2018). 

 

The first essential step in UAV data processing is the generation of a sparse point cloud. 

This step entails identifying and matching feature points across multiple images to 

reconstruct an initial 3D structure of the surveyed area (James et al., 2013; Westoby et 

al., 2012). The sparse cloud acts as the base framework for further densification and 3D 

modelling. During this process, the software detects distinct features in the images and 

triangulates their positions in three-dimensional space (Turner, 2005). The precision and 

quality of the sparse cloud are critical, as they significantly influence the accuracy of the 

dense point cloud and other derived products such as DTMs, DSMs, and Orthomosaics 

(Fonstad et al., 2013). This foundational stage is crucial to ensure that subsequent data 

processing steps produce precise and reliable spatial information. 
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Accurate georeferencing relies heavily on reliable ground reference data. By pinpointing 

GCPs with known coordinates visible in the imagery, a transformation can link the point 

cloud coordinate system to a real-world coordinate system, thus georeferencing the point 

cloud derived from SfM data (Bazzo et al., 2023). Numerous studies have underscored 

the importance of GCPs for the geometric correction of UAV images (Awasthi et al., 2020; 

Gallacher, 2019; Villanueva & Blanco, 2019). 

 

After geometric correction, the georeferenced sparse cloud is converted into a dense 

point cloud (Agisoft, 2024). The software aligns the images to compute depth information 

for all points. This dense point cloud can then be exported as a Digital Elevation Model 

(DEM), which is crucial for constructing a Canopy Height Model (CHM) of the vegetation. 

Typically, two types of DEMs are created, i.e, DTM, representing the ground, and (2) 

DSM, which includes the canopy. 

 

DEMs are raster representations of elevation data, encompassing both DTMs and 

DSMs (Höfle & Rutzinger, 2011). While DTMs depict the bare-earth surface, DSMs 

include all above-ground features such as vegetation canopy. In UAV-based surveys, 

DTMs are typically derived through ground-point classification of dense point clouds, 

while DSMs represent the highest surface returns (A. M. Cunliffe et al., 2022; Slade et 

al., 2024). 

 

There are two main methods for extracting CHM information from UAV data. The first 

involves generating both DSM and DTM in raster format, with CHM being the difference 

between DSM and DTM (Cunliffe et al., 2022; Grüner et al., 2019; Slade et al., 2024). 

Slade et al. (2024) calculated CHM for each point in the point cloud by using the difference 

between the interpolated DTM raster of the harvest plots. This method is straightforward 

and quick due to raster analysis, but it may cause unwanted data smoothing, particularly 

in heterogeneous ecosystems, leading to a loss of CHM variability (Viljanen et al., 2018). 

The second method uses the raw SfM point cloud dataset instead of an interpolated DSM 

raster (Tian et al., 2021). Evaluations have shown that both methods produce similar 
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DTMs and correlations to AGB in grasslands (Viljanen et al., 2018). However, Tian et al., 

(2021) argues that using raw SfM point cloud data is rapid and preserves the fine-scale 

variability of the canopy structure, making it a superior choice for vegetation analysis. 

 

Creating a high-quality DTM with precise and accurate terrain representation is essential 

for deriving reliable estimates of vegetation structure from UAV imagery, which in turn is 

critical for dependable AGB estimation (Tian et al., 2021). High vegetation density can 

impede the production of accurate DTMs due to insufficient ground points, while moderate 

density facilitates easier extraction of ground points (Zhang et al., 2021). When ground 

points can be identified to them from points above ground from a point cloud, manual 

GPS point collection for creating the DTM is an alternative but is too time-consuming for 

large sampling areas (El-Ashmawy, 2014). 

 

Exporting a multispectral orthomosaic allows for the calculation of various vegetation 

indices, including the Normalised Difference Vegetation Index (NDVI) and several indices 

specifically adapted for dryland ecosystems. Notably, the Generalised Difference 

Vegetation Index (GDVI), the Optimised Soil Adjusted Vegetation Index (OSAVI), with an 

optimum constant of 0.16 as determined by Fern et al., (2018b), and the Transformed 

Difference Vegetation Index (TDVI) have all been tested for their effectiveness in 

predicting plant biomass (Baghi & Oldeland, 2019; Fern et al., 2018b). These indices can 

be used for assessing vegetation health, biomass, and productivity, and are frequently 

used as proxies for estimating AGB. Studies indicate that using vegetation indices in 

ecological assessments improves the understanding of spatial patterns and temporal 

changes in vegetation, making them invaluable tools in remote sensing applications 

focused on AGB estimation (Anuar et al., 2023; Fern et al., 2018b). 

2.7.3 Predictive model generation 

The effectiveness of UAV-derived models in accurately predicting AGB is influenced by 

various factors related to the methodologies employed in the analysis. Studies using 

UAVs to estimate AGB were reviewed and the data analysis techniques and key findings 

are summarised (Table 1). A significant number of these studies utilised statistical 
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regression methods, including ordinary linear regression (OLR), random forest (RF), 

polynomial regression (PR), stepwise linear regression (SWL), multiple linear regression 

(MLR), and partial least squares regression (PLSR).  

 

Cunliffe et al., (2020) reported coefficients of determination of R² = 0.90 for canopy height 

and R² ranging from 0.14 to 0.23 for NDVI using OLS regression. Viljanen et al. (2018) 

achieved a high coefficient of determination (r² = 0.98) using MLR at a mixed grass 

experimental site with RGB and hyperspectral sensors. In a study by Maesano et al., 

(2022), utilising integrated UAV RGB images, LiDAR data, and ground truth data, two 

modelling techniques, SWL and RF were assessed for predicting above ground biomass 

in a wooded watershed in Southern Italy. When compared to the SWL model, the RF 

model showed better accuracy; its coefficient of determination, R² increased from 0.81 to 

0.86. Furthermore, the RF model decreased the mean absolute error (MAE) from 34.2 to 

22.1 Mg ha-1 and the root mean square error (RMSE) from 45.5 to 31.7 Mg ha-1. 

 

Villoslada et al., (2020) also noted high R² values using RF and MLR (0.981). RF has 

shown competitive accuracy in biomass estimation compared to other methods in 

agricultural contexts. Additionally, Morais et al., (2021) provided a review highlighting the 

application of machine learning for estimating biomass in grasslands, with RF being the 

most utilised method, followed by PLSR. However, the outcomes of these studies vary 

significantly, making comparisons challenging, due largely to differences in the study 

areas and the sensor technology used (RGB, multispectral, etc). 

To fully understand the predictive capabilities of UAV-derived data for estimating AGB, it 

is essential to explore two critical factors: structural information and spectral reflectance. 

2.7.3.1 Structural information as a proxy for AGB 

Structural features derived from UAV data, such as canopy height, volume, and density, 

have proven useful as proxies for estimating vegetation AGB (Table 1). These metrics 

provide valuable insights into biomass, with varying degrees of accuracy depending on 

the species studied, the structural features used, and the modelling approach. 



 

37 
 

 
Table 1.  UAV derived structural information used to model vegetation biomass. 

Type Variable used Reference 

 

 

 

 

 

 

 

 

 

 

 

 

 

Height 

Mean height (Cunliffe et al., 2016, 2020, 2022; Jing 

et al., 2017; Lu et al., 2019; 

Maimaitijiang et al., 2019; McIntire et 

al., 2022; Slade et al., 2024; 

Wijesingha et al., 2019) 

Maximum height (Jayathunga et al., 2019; Jiang et al., 

2019; Maimaitijiang et al., 2019; Niu et 

al., 2019) 

Minimum height (Domingo et al., 2019; Jayathunga et 

al., 2019; Maimaitijiang et al., 2019; 

Wijesingha et al., 2019; Zahawi et al., 

2015) 

Median height (Lu et al., 2019; Michez et al., 2018; 

Roth & Streit, 2018; Wijesingha et al., 

2019; Zahawi et al., 2015) 

Mode of height (Domingo et al., 2019) 

Count of height (Wijesingha et al., 2019) 

Standard deviation of height (Jayathunga et al., 2019; Jiang et al., 

2019; Jing et al., 2017; Lu et al., 2019; 

Maimaitijiang et al., 2019; Wijesingha 

et al., 2019; Zhang et al., 2021) 

Coefficient of variation of 

height 

(Jayathunga et al., 2019; Jing et al., 

2017; Lu et al., 2019; Maimaitijiang et 

al., 2019) 
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Variance of height (Domingo et al., 2019) 

Skewness of height (Domingo et al., 2019; Kachamba et 

al., 2016; Moeckel et al., 2017) 

Kurtosis of height (Domingo et al., 2019; Kachamba et 

al., 2016; Moeckel et al., 2017) 

Entropy of height (Jiang et al., 2019) 

Relief of height (Jiang et al., 2019; Moeckel et al., 

2017) 

Height percentile (Domingo et al., 2019; Jiang et al., 

2019; Kachamba et al., 2016; Moeckel 

et al., 2017; Niu et al., 2019; Ota et al., 

2019; Roth & Streit, 2018; Wijesingha 

et al., 2019) 

 

 

 

 

 

 

 

 

 

 

Canopy and 

density 

Canopy point density (Domingo et al., 2019; Jayathunga et 

al., 2019; Kachamba et al., 2016) 

Proportion of points > mean 

height relative to total 

number of points 

(Domingo et al., 2019; Jayathunga et 

al., 2019) 

Proportion of points > mode 

height relative to total 

number of points 

(Domingo et al., 2019) 

Crown/vegetation area 

(canopy cover) 

(Guerra-Hernández et al., 2017; 

Maimaitijiang et al., 2019; Roth & 

Streit, 2018) 

Canopy relief ratio (Domingo et al., 2019) 
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Crown isle- proportion of site 

where canopy has height 

greater than 2/3 of the 99th 

percentile of all heights 

(Zahawi et al., 2015) 

Canopy openness—

proportion of site area <2m in 

height 

(Zahawi et al., 2015) 

Canopy roughness—

average of SD of each pixel 

from mean CHM 

(Zahawi et al., 2015) 

 

Volume 

Canopy/crown volume (Alonzo et al., 2018; Ballesteros et al., 

2018; Guimarães et al., 2020; 

Maimaitijiang et al., 2019) 

VI-weighted canopy volume  

Change based Amount of change in DSM 

before and after plant 

removal 

(Ota et al., 2019) 

 

 

Other 

Height*Spectral (various 

spectral indices) 

(Bendig et al., 2014; Peña et al., 2018; 

Yue et al., 2017) 

GrassI (RGBVI+CHM (Possoch et al., 2016) 

TIN-based structure, area, 

slope 

(Jiang et al., 2019) 
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Height metrics: Canopy height is one of the most commonly used structural metrics, with 

studies reporting strong relationships between height measurements and AGB across 

different ecosystems. For example, maximum and median height are particularly effective 

for woody plants, including trees, where height strongly correlates with biomass (Guerra-

Hernández et al., 2017; Lin et al., 2018). Conversely, non-woody plants, such as grasses, 

show strong associations with mean canopy height (Bendig et al., 2015; Cunliffe et al., 

2022). However, height measurements alone may sometimes overestimate AGB, 

particularly in dense or heterogeneous canopies, where capturing the full vertical extent 

can be challenging (Bendig et al., 2015; Grüner et al., 2019). 

Volume and density metrics: Canopy volume and density are additional structural 

features that can enhance AGB estimation, particularly when used in conjunction with 

height data. Volume, for example, has been shown to perform well in predicting biomass, 

particularly in crop systems such as onion fields (Ballesteros et al., 2018). However, 

sparse and heterogeneous canopies remain difficult to model accurately, which can 

reduce the precision of biomass estimates in some ecosystems (Grüner et al., 2019). 

These challenges highlight the importance of selecting appropriate structural metrics 

based on canopy structure and vegetation type. 

Integrating structural features: Combining multiple structural metrics such as height, 

volume, and canopy density often leads to improved accuracy in AGB models. Studies 

have shown that integrating several height measures or combining height with spectral 

information can result in more reliable predictions. For example, random forest models 

that include both structural and spectral features have demonstrated high accuracy in 

estimating AGB for both tropical trees and crops like maize (Cen et al., 2019; Jayathunga 

et al., 2019). 

Challenges and limitations: Despite the potential of structural features, several factors 

can affect model accuracy. These include the quality of the geometric control used in SfM 

reconstructions (James et al., 2013), as well as environmental factors like shadows, sun 

angle, and wind-induced movement (Cunliffe et al., 2022). Additionally, variations in 

biomass accumulation patterns such as differences between tall-growing versus 
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sprawling species can complicate the use of structural features for AGB estimation 

(Grüner et al., 2019; Roth & Streit, 2018). 

In summary, structural metrics derived from UAV data, particularly canopy height, volume, 

and density, are valuable tools for estimating AGB in various ecosystems. While these 

metrics can provide moderate to excellent accuracy, their effectiveness depends on the 

specific vegetation type, the combination of metrics used, and the methodological 

approach. The integration of structural features with spectral data can further enhance 

model performance, though challenges related to canopy structure and environmental 

factors must be carefully considered. 

2.7.3.2 Spectral reflectance as a proxy for AGB 

The use of vegetation indices derived from UAV data has become crucial in monitoring 

and estimating AGB in rangelands. Indices such as the NDVI, Normalised Difference 

Weighted Index (NDWI), Weighted Difference Vegetation Index (WDVI), and Optimised 

Soil Adjusted Vegetation Index (OSAVI) are widely used due to their ability to utilise the 

near-infrared (NIR) and red wavebands (R) (Amputu et al., 2023; Bazzo et al., 2023; Fern 

et al., 2018b). Among these, NDVI has been the most commonly applied index for AGB 

estimation (Cunliffe et al., 2020; Fern et al., 2018b; Lee et al., 2016). Although NDVI is 

sensitive to chlorophyll-containing leaves, particularly during the vegetative growth 

phase, it has limitations as its response saturates at a leaf area index (LAI) of 2 to 3, 

leading to inaccuracies in fully vegetated areas (Davi et al., 2006). Furthermore, 

estimating biomass from vegetation indices can be challenging due to the asymptotic 

relationship between biomass and surface reflectance. As biomass increases, the amount 

of radiation absorbed by the vegetation approaches saturation, and changes in biomass 

may not result in proportional changes in reflectance (Colomina & Molina, 2014; Cunliffe 

et al., 2020; Myers-Smith et al., 2020b). This makes it difficult to accurately estimate 

biomass using spectral reflectance, especially at higher biomass levels (> 1500 kg/ha) 

(Amputu et al., 2023; Prabhakara et al., 2015; Théau et al., 2021). 

 

Previous research has shown strong relationships between vegetation indices and AGB 

in grassland ecosystems. For instance, studies in Botswana rangelands have reported 
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high coefficients of determination for ground cover and AGB estimation (Wylie et al., 

2002). However, the effectiveness of these indices can vary due to factors such as 

spatially-variable soil backgrounds and the presence of senescent vegetation (Todd et 

al., 1998). In semi-arid environments like the Kalahari, soil-vegetation spectral mixing can 

distort AGB estimation, necessitating the use of soil-adjusted indices such as OSAVI and 

the Soil Adjusted Total Vegetation Index (SATVI) (Amputu et al., 2023). 

 

Fajji et al., (2017) conducted their study in semi-arid Kalahari savanna environments and 

found that vegetation indices, particularly NDVI and SAVI, were less effective in predicting 

AGB in areas with high grazing intensity compared to those with low grazing intensity. 

This reduced effectiveness was attributed to the presence of senescent or dry vegetation 

and a higher proportion of bare soil in heavily grazed sites. In these areas, the 

accumulation of standing dead material and litter increases, resulting in more exposed 

ground. As such, since non-photosynthetic vegetation reflects more visible light, indices 

relying on the contrast between visible and near-infrared reflectance are likely to struggle 

to accurately estimate AGB. Moreover, the increased reflectance from dry vegetation 

further restricts the response of spectral indices to biomass variations, particularly as the 

contrast between green biomass and dry soil diminishes when vegetation dries out. 

Cunliffe et al., (2020) found that NDVI had a positive relationship with AGB but explained 

only a small proportion of the variance (R² between 0.14 and 0.23). The presence of moss 

cover significantly influenced the NDVI-phytomass relationship, suggesting limitations in 

using NDVI to estimate biomass in complex Arctic ecosystems. 

 

In the Kalahari savanna context, similar challenges may be observed as a result of the 

heterogeneous vegetation. Stress-related indices, which respond to both near and middle 

infrared wavelengths, have shown promise in other regions in the Kalahari plateau by 

accurately predicting vegetation cover (Amputu et al., 2023, 2024b). This underscores 

the need for novel and context specific approaches to improve AGB estimation accuracy 

in semi-arid rangelands.  
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In summary, the relationship between vegetation indices and AGB is highly species and 

location specific. Commonly used indices must be rigorously tested to evaluate their 

effectiveness in different environments, including the Kalahari savanna. Previous studies 

have highlighted the need for high-accuracy AGB estimation methods, particularly in 

semi-arid regions where traditional indices may fall short due to complex spectral 

responses from heterogeneous vegetation and soil backgrounds. 

2.8 Conclusions 

The performance and generalisability of vegetation AGB estimation findings can be 

strongly impacted by several parameters at different stages of the biomass modelling 

process, from data collection to analysis. The type and stage of vegetation development 

have an impact on plant canopy density and structure, which in turn have an impact on 

UAV AGB modelling. When designing methodologies for AGB estimation, each of these 

variables should be carefully taken into consideration since they have an influence on 

how useful spectral and structural metrics are for precisely estimating and predicting plant 

biomass. The following key findings were drawn from the literature review. 

● There has been a growing interest in the application of UAV remote sensing for in 

ecological research 

● There is a lack of studies applying UAVs to estimate AGB in the specific ecological 

context of African rangelands highlights. 

● The heterogeneity, growth stage, and kind of grassland can all have a significant 

impact on the AGB estimate model. 

● Lower altitude flights increase spatial resolution (and reduce GSD), consequently 

improving AGB estimates. It is recommended to fly at altitudes that will allow the 

attainment of desired GSD. 

● Better data quality can be obtained by combining self-calibration during 

photogrammetric processing with large picture forward and side overlaps of around 

75-80%. 

● The accuracy of georeferencing models is increased when a greater number of 

ground control points are distributed uniformly across the investigation. 
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● There were observed good to excellent associations (R2 = 0.54–0.99) between 

structural measures and AGB. The mean canopy height was better suitable for 

herbaceous vegetation. 

● Structural metrics are less effective for herbaceous plants that accumulate 

biomass by growing low and spreading outwards, as opposed to those that grow 

tall and narrow. 

● With an R2 ranging from 0.36 to 0.94, multispectral data may estimate vegetation 

biomass with moderate to exceptional accuracy. When examined, NIR-based 

indices showed a good correlation with vegetation biomass, with NDVI regularly 

ranking among the most important model variables. 

● The presence of senescent or dry vegetation and a higher proportion of bare soil 

may reduce the robustness of vegetation indices prediction models. 

2.9 Research gaps and future directions 

In conclusion, the integration of UAVs in rangeland assessment offers significant potential 

for improving our understanding of herbaceous biomass dynamics and its role as an 

indicator of rangeland condition. This literature review shows that across a wide range of 

plant functional types in heterogeneous environments, precise estimations of AGB may 

be obtained using UAV-derived data. However, research is not well distributed globally, 

with African rangelands underrepresented and heterogeneity in rangelands and plant 

growth stages could greatly influence the estimation of AGB. Therefore, more research is 

needed in significant regions such as Kalahari savanna ecosystems. Most plant functional 

types can have a reliable AGB prediction using spectral and/or structural UAV data. 
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3 Methodology 

3.1 Study site description 

3.1.1 Location  

The study was conducted in Zutshwa village (Figure 7) in Botswana (24.1186°S, 

21.2464°E), located in Kgalagadi District 2 (KD2), which is a Wildlife Management Area 

(WMA) covering 6425 km2 in the southwest of Botswana (Keeping et al., 2018). In 

Botswana, a Wildlife Management Area (WMA) is a designated region primarily aimed at 

conserving wildlife and their habitats. These areas are intended to be managed to 

maintain sustainable wildlife populations while allowing for regulated human activities that 

do not disrupt the ecological balance. WMAs serve as critical buffer zones around national 

parks and game reserves, providing essential corridors for wildlife movement and 

reducing human-wildlife conflict (Heermans et al., 2021; Keeping et al., 2018). WMAs also 

play a significant role in community-based natural resource management (CBNRM) 

initiatives, where. Through CBNRM, local communities are actively involved in the 

management of these areas, benefiting economically from eco-tourism, sustainable 

hunting, and other wildlife-related activities. This collaborative approach integrates 

conservation objectives with the socio-economic development of local communities, 

fostering a harmonious coexistence between humans and wildlife (Mbaiwa, 2005). 

 

Zutshwa, the sole community within KD2, has a population of approximately 500 residents 

consisting mainly of Basarwa and Bakgalagadi people (Kalahari Research & 

Conservation, 2018). This setting offered a natural spectrum of grazing intensities, 

ranging from heavily grazed areas closer to settlements around Zutshwa, to less impacted 

areas further away from the settlements, still within the WMA. This allowed us to collect 

a dataset encompassing a range of vegetation states reflecting different levels of grazing 

impact and different herbaceous species allowing us to develop robust biomass models 

that can be applied in other settings. 

Livestock mainly graze closer to settlements, close to boreholes and occasionally further 

away from boreholes (Akanyang, 2019). This influences the vegetation dynamics in the 
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area, and the distribution of large herbivores such as the Blue wildebeest (Connochae 

taurinus Burchell), Common Eland (Tragelaphus oryx Pallas), and Gemsbok (Oryx 

gazella Linnaeus) which are then restricted to graze in WMAs due to competition from 

livestock (Akanyang, 2019). 
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Figure 7. Geographic distribution of study sites and grazing intensity in the Kalahari Plateau, Southwest 
Botswana. The figure illustrates the location of the study area and the varying grazing intensities across different areas 
of interest (AOIs) in Zutshwa. a) Location of the study site in relation to Africa and Botswana. b) Photo of AOI 1, an 
area with high grazing intensity. c) Picture of AOI 2, an area with moderate grazing intensity. d) Picture of AOI 3, an 

area with low grazing intensity (Photos taken on 25/03/24) 

 

a) 

b) c) d) 
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3.1.2 Dune system 

South of the Kalahari plateau, there are two noticeably different types of sandy terrain: to 

the east and northeast, the surface is relatively flat and undulating, whereas in the west 

and southwest, the sands form dunes (Leistner, 1967). The study focuses on this second 

type, the dune-covered, southernmost part of the expansive Kalahari system. The dunes 

predominantly form lengthy and nearly parallel ridges; however, intermittently, they merge 

or separate, creating a pattern reminiscent of ripple marks (Leistner, 1967; Lewis, 1936). 

The typical elevation of the dune crest is 8.23 m, although the tallest dune can exceed a 

height of 30 m (Lewis, 1936). Kalahari sand dunes can manifest in two distinct states: 

stabilised dunes, achieved through factors such as vegetation cover or calcrete formation, 

and mobile dunes, wherein the dunes are prone to movement. It is noteworthy that the 

study area under consideration features dynamic, mobile sand dunes (Leistner, 1967). 

3.1.3 Climate and pans 

The region's climate is arid, characterised by hot summers and mild winters, with a mean 

annual rainfall of 240 mm (Figure 8). Precipitation primarily occurs between November 

and April  (Maruatona & Moses, 2022). Surface water is thus a limiting factor in the 

Kalahari. In the southern Kalahari, one can observe the presence of pans, which retain 

water during the rainy season (Lancaster, 1978). These pans are typically characterised 

as shallow, flat-bottomed depressions that intermittently hold wate (Leistner, 1967). They 

are commonly situated in conjunction with level terrain that exhibits minimal to no 

significant surface slope. The majority of settlements are situated near these pans, 

enabling the manual digging of wells by hand to access groundwater beneath the pans, 

which are also frequented by both livestock and wildlife for drinking water (Government 

of Botswana, 2000). 
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Figure 8. Map of the Kalahari plateau and Mean Annual Precipitation (MAP) in Botswana. 

a) shows a map of the Kalahari plateau, illustrating the geographical extent of the region 

(Leistner, 1967). b) MAP across Botswana derived from CHIRPS data, with the study 

area, Zutshwa, highlighted by a blue boundary. 

3.1.4 Soils and associated vegetation  

Sandy soils dominate the landscape in the Southern Kalahari, covering over 90% of the 

surface area, with sand content ranging from 86 % to 99 % (Lewis, 1936). The sand 

primarily comprises over 90% quartz, with minor traces of zircon, garnet, feldspar, and 

typically some ilmenite and tourmaline (Lewis, 1936; Wang et al., 2007). Based on 

characteristics such as colour, chemical composition, and associated vegetation, the 

Southern Kalahari's sandy soils are categorised into three types: 'white,' 'pink,' and 'red.'  

 

This nomenclature, convenient and previously used by local scholars (Leistner, 1967), 

distinguishes red sand as the most prevalent soil type, with both white and pink sands 

considered its variations. Vegetation typically found in red sand areas includes woody 

plants like Albizia anthelmintica, and grasses such as Aristida stipitata, and Eragrostis 

pallens. Pink sand areas are often associated with woody plant species like Rhigozum 

trichotomum and grass species such as Schmidtia kalahariensis, although these species 

https://www.climateengine.org/
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are not exclusive to such regions (Leistner, 1967). In various locations, the woody 

vegetation is a diverse blend of different species and varying sizes. Nevertheless, specific 

woody species, including Vachellia erioloba E. Meyer, Senegalia mellifera Vahl, 

Terminalia sericea Burch ex DC., Vachellia luederitzii Engler, and Boscia albitrunca 

(Burch.), tend to form distinct groupings (Skarpe, 1986). Additionally, you can find shrubs 

measuring less than 2 m in height, such as Grewia flava DC., Lycium namaquense 

Dammer, and Rhus tenuinervis Engler, within this vegetation as well (Skarpe, 1986). 

The study region encompasses two main land uses, communal grazing and semi-

protected areas. In semi-protected areas, there is a diverse range of wildlife, including a 

variety of mobile wild ungulates such as Blue wildebeest (Connochaetes taurinus 

Burchell), Red hartebeest (Alcelaphus bucelaphus Hilaire), Eland  (Tragelaphus oryx 

Pallas), Gemsbok (Oryx gazella Linnaeus), Steenbok (Raphicerus campestris Thunberg), 

and Springbok (Antidorcas marsupialis Zimmermann) and large carnivores such as lions 

(Panthera leo Linnaeus), cheetahs (Acinonyx jubatus Schreber), Brown hyena 

(Parahyaena brunnea Thunberg), and Spotted hyena (Crocuta crocuta Erxleben), (Roodt, 

2015). In contrast, the communal grazing land use system is characterised by livestock 

overgrazing, leading to the progressive degradation of the land (Dougill et al., 2016; 

Perkins, 2018)). The stages of degradation observed in excessively grazed vegetation 

exhibit variability. Nevertheless, several researchers (Dougill et al., 2016; Leistner, 1967; 

Perkins, 2018) have noted that in areas subjected to overgrazing, there has been a 

transition from the original presence of decreaser species such as Anthephora pubescens 

and Stipagrostis ciliata to the dominance of annual grasses like Schmidtia kalahariensis, 

along with non-palatable forbs characterised by a prostrate growth form, such as Tribulus 

terrestris (commonly known as Devil's thorn) and Alternanthera pungens (referred to as 

Paper thorn), and other forbs like Indigofera flavicans, Indigofera alternans, and Sida 

cordifolia. This shift contributes to the overall vegetation biomass but does not 

significantly enhance forage value. 

https://www.zotero.org/google-docs/?tP7JO6
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3.3 Area of interest (AOI) selection and plot layout 

During the peak season from March 24 to 30, 2024, three 50 m x 50 m Areas of Interest 

(AOIs) were established along a transect extending from Zutshwa towards Ngwatle, a 

settlement in KD1 (Figure 7). This transect sampled three locations along a gradient of 

grazing intensity, determined by distance from the nearest borehole (Perkins, 2018; 

Pickup & Chewings, 1994). This sampling criteria ensured a representative sample of the 

landscape, enabling the evaluation of the transferability of the AGB estimation models. 

 

Late March was strategically selected based on field observations confirming it coincided 

with peak herbaceous biomass. Additionally, this period provided optimal cloud-free 

conditions for UAV data collection, thereby addressing both the phenological and 

logistical requirements of the study. This sampling criteria ensured a representative 

sample of the landscape, enabling the evaluation of the transferability of the AGB 

estimation models. 

3.3.1 Geolocating AOIs and Ground Control Points (GCPs) 

To support accurate georeferencing of imagery, each AOI was marked with 13 evenly 

distributed ground control points (GCPs), measuring 50 cm x 50 cm (Cunliffe & Anderson, 

2019; Villanueva & Blanco, 2019; Yu et al., 2020). These GCPs were placed such that 

they were visible in the air and were composed of black and beige high contrast canvas 

to enhance detection of the centre point across all sampled spectral bands. The GCPs 

were geolocated by using the paired base (DJI D-RTK2) and rover DJI Phantom 4 

Multispectral (P4MS) system with absolute accuracy of ca. +/- 2 m and relative accuracy 

of ca. +/- 0.02 m), with holding the multispectral drone 1 m above each GCP to obtain 

centimetre level relative positions (Figure 8). 
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Figure 9. Geolocation of GCPs using the DJI D-RTK2 base and Phantom 4 multispectral rover system. This 
figure illustrates the process of geolocating GCPs with the DJI D-RTK2 base station paired with 
the DJI Phantom 4 Multispectral (P4MS) drone. A 1-meter-long rod was used as a height offset 
for the drone to have a consistent height measurement (Photo taken on 26/03/24). 

3.3.2 Detailed AOI descriptions 

AOI 1 was situated 6.8 km from the borehole at Zutshwa settlement, where grazing 

intensity was notably high. The landscape appeared somewhat bare due to high grazing 

pressure, with varying vegetation conditions across the site. The herbaceous layer was 

dominated by a diverse mix of forbs and grass species, including Schmidtia kalahariensis, 

Stipagrostis uniplumis, and Tribulus terrestris. Most grass tufts showed signs of grazing, 

indicating high grazing pressure. The annual Schmidtia kalahariensis appeared greener 

than Stipagrostis uniplumis. This could have been because of its low palatability, making 

it less targeted by grazers. Tree cover in AOI 1 was relatively low, with sparse presence 

of species such as Grewia flava, Boscia albitrunca, and Vachellia erioloba. The rangeland 

condition in AOI 1 reflected high grazing pressure, with visible bare patches and signs of 

heavy grazing on the grass tufts. The presence of an Increaser II grass (Schmidtia 
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kalahariensis) in a rangeland ecosystem typically indicates that the area has been 

subjected to heavy grazing pressure over time (Figure 10). Increaser II grasses tend to 

increase in abundance as grazing pressure intensifies because they are less palatable to 

livestock or are more resilient to grazing than other species (Van Oudtshoorn, 2012). The 

presence of the forb Tribulus terrestris was also an indication of disturbance. It is a 

pioneer species that quickly colonises open, bare patches of soil where there is high 

grazing intensity (Kashe et al., 2020). 

 

AOI 2 was located 8.9 km from the borehole at Zutshwa settlement, slightly further from 

the village compared to AOI 1. The area exhibited distinct vegetation characteristics with 

a mix of grass and shrub species. Grazing pressure in this area was moderate, as 

evidenced by the uniform height of the grasses and the absence of moribund material. 

The primary grasses were Stipagrostis uniplumis and Schmidtia kalahariensis, with a 

persistent presence of Aristida congesta, Melinis repens, and the forb Tribulus terrestris. 

The moderate grazing intensity allowed for a relatively healthy and stable herbaceous 

layer, with no signs of severe degradation. Tree and shrub species in AOI 2 included the 

dominant shrub species Grewia flava, which is prevalent throughout the area. Other 

woody species observed include Vachellia erioloba, Senegalia mellifera, Boscia 

albitrunca, and Ziziphus mucronata. 

 

AOI 3 was located approximately 18.9 km from the borehole at Zutshwa settlement, 

further away from the village than both AOI 1 and AOI 2. The area featured taller grasses 

with good grazing value, and a notably healthier grass cover compared to areas closer to 

the settlement. The presence of moribund grasses also suggested that this area 

experienced less grazing pressure. The dominant grass species in AOI 3 were 

Stipagrostis ciliata and Schmidtia pappophoroides, both of which are considered high in 

grazing value (Van Oudtshoorn, 2012). Tree species in AOI 3 included Terminalia 

sericea, Grewia flava, Boscia albitrunca, and Senegalia mellifera as the dominant 

species. 
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Figure 10. Rangeland condition decreases near the borehole along grazing intensity gradients. This figure 
compares the AOI photos and orthomosaics, illustrating the decline in rangeland condition with proximity to the 
borehole. a) AOI 1, located near the borehole, is dominated by herbaceous species of low foraging value and exhibits 
poor rangeland condition with sparse vegetation cover. 
b) AOI 2, located further from the borehole, is dominated by species of average foraging value, showing moderate 
rangeland condition and more vegetation cover. c) AOI 3, the furthest from the borehole, is characterized by herbaceous 
species of high foraging value and displays the best rangeland condition with abundant vegetation cover. 

 

 

 

a) 

b) 

c) 
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3.4 Aerial surveys 

3.4.1 UAV RGB data collection for SfM canopy height modelling 

A DJI Phantom 4 Pro drone equipped with a high resolution 20MP RGB camera (camera 

model FC6310) was used to acquire RGB images (Figure 11). The flight plan for capturing 

images was created using DJI GS Pro software (v2.0.17) and executed with autopilot 

functionality. All RGB images were captured within one day before each biomass harvest 

to maximise temporal correspondence. Flight campaigns were between 0900-1700 in 

cloud-free sunny conditions to minimise shadowing and optimise the quality of data 

collected for Structure from Motion (SfM) modelling (Assmann et al., 2019). These drone 

surveys proceeded if the average wind speed was below approximately 4 m/s (Cunliffe 

et al., 2022; Slade et al., 2023, 2024). It has been shown that wind speed influences the 

reconstructed canopy heights, with higher wind speeds leading to a reduction in mean 

canopy height (Slade et al., 2024).  

 

Table 2. RGB survey flight parameters  

Menu Parameter Setting 

Basic Drone: Phantom 4 pro (RGB) 

 Shooting angle: Parallel to Main Path 

 Capture model: Capture at Equal Distance Intervals 

 Flight course mode: Scan Mode 

 Altitude: As appropriate to give 5 mm spatial grain 
(in our case 20 m), 22 m for convergent 
image flights 

   

Advanced Front Overlap ratio: 75% 

 Side Overlap Ratio: 75% 

 Course Angle:  

 Margin: 10-15 m 
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 End Mission Action: Return home 

 

 

Two convergent flight campaigns were conducted for each AOI to increase image overlap 

and enhance the accuracy of resulting 3D models (Bazzo et al., 2023; Cunliffe et al., 

2022; Cunliffe & Anderson, 2019). This approach resulted in a minimum of approximately 

33 images per unobscured location (Cunliffe & Anderson, 2019). The nadir flight altitude 

was set to achieve a spatial resolution of approximately 5 mm at the top of the canopy 

(0°, with 75% x 75% side and forward overlap). Convergent image flights were conducted 

with the camera angled off-nadir (20°, with 75% x 75% side and forward overlap) at a 

slightly higher altitude (approximately 2 m) than the nadir survey (Cunliffe & Anderson, 

2019). 

 

 

Figure 11. Equipment used for RGB SfM survey. a) Digital anemometer for measuring wind 

speed. b) DJI Phantom 4 Pro drone (Zutshwa, 25/03/2024). 

3.4.2 UAV multispectral data collection for spectral reflectance 

The DJI Phantom 4 Multispectral drone (https://www.dji.com/global/p4-multispectral) was 

used to capture images for spectral reflectance data (Figure 12). The DJI Phantom 4 

Multispectral imaging system consists of a six-camera array of 1/2.9-inch CMOS sensors: 

an RGB camera as well as five multispectral cameras. The multispectral camera covers 

specific bands: Blue (B) at 450 nm ± 16 nm, Green (G) at 560 nm ± 16 nm, Red (R) at 

650 nm ± 16 nm, Red edge (RE) at 730 nm ± 16 nm, and Near-infrared (NIR) at 840 nm 

https://www.dji.com/global/p4-multispectral
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± 26 nm. Additionally, the drone is equipped with the DJI Onboard D-RTK system, which 

ensures high-precision positioning at the centimetre level when used in conjunction with 

the DJI D-RTK2 unit. The multispectral survey flights were planned to achieve a side and 

front overlap of 80%, ensuring sufficient image coverage undertaken during midday 

hours, typically between 1100 and 1300, to minimise the presence of shadows and 

optimise the data quality. Images were also captured with a spatial grain of ca. 5 mm. 

 

 Table 3. Multispectral survey flight parameters 

Menu Parameter Setting 

Basic Drone: Phantom 4 Multispectral 

 Shooting angle: Parallel to Main Path 

 Capture model: Capture at Equal Time Intervals 

 Flight course 
mode: 

Scan Mode 

 Altitude: 20 m (1.1 cm spatial grain) 

   

Advance
d 

Front Overlap 
ratio: 

80 % 

 Side Overlap 
Ratio: 

80 % 

 Course Angle:  

 Margin: 10 m 

 End Mission 
Action: 

Return home 
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Figure 12. Equipment used for multispectral survey. a) DJI Phantom 4 Multispectral drone. b) DJI D-RTK 2 high 
precision GNSSS mobile station (Zutshwa, 26/03/2024). 

3.5 Field sampling 

After the aerial surveys, 30 circular harvest plots were selected with an area of ca. 0.342 

m2 at each AOI to facilitate the calibration of the allometric relationships between canopy 

height or vegetation indices and aboveground biomass. The plots were stratified across 

the range of canopy heights and herbaceous plant species. Each plot was assigned a 

unique ID code for identification (with the format “SXPXX”, where S is the site number, 

and P is the plot number), and then geolocated by holding the RTK-enabled multispectral 

drone 1 m above the centre, with the DJI-RTK2 as a base and the aircraft as a rover to 

obtain accurate relative positions (Figure 13). 
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Figure 13. 0.342m2 circular quadrat and centre pin flag with plot ID. The herbaceous species 
shown is Schmidtia kalahariensis (Zutshwa, 26/03/24). 

3.6 Biomass harvest 

The ca. 0.342 m2 plots were harvested down to the top litter layer using clippers. The 

biomass obtained from the harvest was partitioned in the field among various species, 

and all the material was packed in labelled bags. 

3.6.1 Oven drying of samples 

Samples for each component were oven-dried at 60°C for ≥ 48 h to a constant weight 

(after McIntire et al., 2022) (defined as < 1% change in mass in 24 h). The oven-dried 

samples were weighed to determine the biomass yield for each vegetation component 

and in total per unit area. 
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3.6.2 Plant palatability classification 

Herbaceous plant species were classified into three foraging importance categories: high, 

average, and low grazing value. This classification was based on species’ known 

palatability and preference by herbivores (after Van Oudtshoorn, 2012). Extending on the 

classification by (Van Oudtshoorn, 2012), Tribulus terrestris, a non-palatable forb was 

classified under the low grazing value category.  
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Table 4. Classification of herbaceous species by grazing value 

Grazing value Scientific name Common name Remarks 

Low Schmdtia 
kalahariensis 

Kalahari Sour Grass 
(English) 

An annual tufted grass that grows in dense clusters, covered in fine 
hairs and secreting an acidic substance during flowering. It has a sour 
smell, is sticky to the touch, and can cause skin irritation. It flowers 
year-round depending on rainfall, thrives in drought-stricken and 
overgrazed areas, and grows rapidly to protect open sand. Not 
preferred for grazing and should not be grazed heavily where it 
dominates (Van Oudtshoorn, 2012). 

Low Tribulus terrestris Devil’s thorn Prostrate annual herb, entirely covered in long, whitish hairs. It 
features yellow petals and produces a hard, triangular drupe with 
sharp spines (Flora of Botswana, n.d.). It is unpalatable to livestock 
and grows in disturbed areas, effectively protecting soil from erosion. 

Low Eragrostis pallens Broom Love Grass This is a tall, hard, robust and dense perennial grass that is seldomly 
grazed. It is commonly used as a thatching grass and for brooms. 

Average Stipagrostis uniplumis Silky bushman grass 
(English), 
Tshikitshane 
(SeTswana) 

A tufted perennial grass with a shrub-like growth form. Its leaves are 
typically rolled and tough, with long white hairs on the upper part of the 
leaf sheath. It flowers from December to May. While not ideal for 
grazing, it is relatively well grazed in very dry and disturbed areas 
where it can become dominant (Van Oudtshoorn, 2012). 

High Schmdtia 
pappophoroides 

Sand Quick (English), 
Molalaphage 
(SeTswana) 

A perennial tufted grass that grows in a shrub-like form, often 
developing stolons or roots at the lower nodes. Its leaves are blue-
green to grey-green and frequently covered in dense hairs. It typically 
flowers from October to June. Known as Sand quick, this grass is 
palatable and valued for its grazing quality. It offers an average leaf 
yield, is drought-resistant, and can withstand reasonably heavy 
grazing (Van Oudtshoorn, 2012). 

High Stipagrostis ciliata Tall bushmen grass 
(English) 

An erect perennial tufted grass. Leaves are mostly concentrated 
around the base. Dry leaves are curled. It is a palatable and very 
valuable grass in the dry western parts of Southern Africa. It produces 
good leaf yield and has a high nutritional value , even when the grass 
is dry. It is regarded as an indicator of good rangeland conditions, and 
effectively protects exposed soil against soil erosion (Van Oudtshoorn, 
2012). 
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3.7 Image-based modelling 

3.7.1 Photogrammetric data processing point cloud generation 

 

RGB images from each of the three AOIs were processed using Structure from Motion 

(SfM) photogrammetry. The processing was performed using a high-performance 

computing system (full specifications provided in Appendix E).  

 

Images and GCP coordinates were imported into Agisoft Metashape Professional edition 

(v2.1.1.17821) and converted to the same coordinate reference system (WGS84 UTM 34 

S; EPSG:32734). The quality of the images was assessed using Metashape's image 

quality tool, retaining those with a sharpness rating of ≥0.75 for analysis (Cunliffe et al., 

2020). To optimise camera locations, images were aligned with "highest" accuracy setting 

and a key point limit of 40,000 and tie point limit of 4000. The output was a sparse point 

cloud containing a paired set of multidimensional points from all images linked together 

by identical features. The sparse point cloud and estimated camera positions were 

evaluated for accuracy, and any clearly erroneous tie points, such as those far below 

ground or reconstructed high above ground, were manually removed. Additionally, the 

sparse point cloud was filtered to exclude points with a reprojection error greater than 

0.55 pixels (Cunliffe et al., 2022). The sparse point cloud was then georeferenced by 

manually placing the marker for each of the 13 GCPs on photos corresponding to the 

GCPs. The software then estimated the positions of the GCP markers for the other 

images automatically, and markers were adjusted manually when necessary.  

 

To ensure robustness and accuracy of the geo-refencing process, 15 projections were 

targeted for each GCP (Cunliffe et al., 2022). To spatially constrain the photogrammetric 

reconstructions, ten of the GCPs were used, while the remaining three, intended for 

accuracy assessment were deselected before optimising the camera parameters 

(Ribeiro-Gomes et al., 2016; Tian et al., 2021). During camera optimisation, we calculated 

the lens parameters including the focal length (f), principal point coordinates (cx, cy), 

radial distortion coefficients (k1, k2), tangential distortion coefficients (p1, p2), aspect 
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ratio, and skew coefficients (b1, b2) (Cunliffe et al., 2022). Next, the sparse point cloud 

was converted into a dense point cloud, and depth filtering was set to "mild" to remove 

outlier points caused by noise or inaccurate focusing (Cunliffe et al., 2016; Lussem et al., 

2019). ‘Ultra-high’ quality settings were used to preserve spatial detail. These steps 

resulted in a single, more detailed 3-D true colour point cloud. 

 

We performed a two-step ground classification process using the Agisoft Metashape 

ground classification tool to distinguish ground points from other features in the point 

cloud data, which was crucial for generating accurate DTMs. Specific parameters were 

defined to guide the ground classification process, including a grid size of 0.05, maximum 

angle, maximum distance, and cell size. The automatic classification procedure consists 

of two steps. In the first step, the point cloud is divided into cells of a specified size, and 

the lowest point in each cell is detected. These points are then triangulated to form an 

initial approximation of the terrain model. Additionally, Metashape filters out some noise 

points to be classified as Low Points. In the second step, new points are added to the 

ground class if they meet two conditions: they lie within a certain distance from the terrain 

model, and the angle between the terrain model and the line connecting the new point 

with a ground point is less than a specified angle (Agisoft, 2024). This iterative process 

continues until all points have been evaluated and classified accordingly. Other studies 

have employed this filtering algorithm (Cunliffe et al., 2016; Tian et al., 2021). Finally, the 

point cloud was exported in a .laz format for subsequent analysis. 

3.7.2 Canopy Height Modelling 

Further analysis was conducted using R (R Core Team, 2023), and we utilised the lidR 

package (Roussel et al., 2020) for processing point cloud data. During the data import 

process, we included the 'c' attribute, representing the classification, in the point cloud 

dataset. We filtered out the ground points class from the point cloud and generated a 

DTM using an inverse distance weighting (IDW) algorithm. The heights above ground 

(HAG) of the point cloud were normalised using the DTM as a reference, ensuring that all 

points were adjusted to their relative heights above the ground surface. For the Canopy 

Height Model (CHM), we used the DSM triangulation algorithm, which triangulates the 
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remaining points. Post-processing steps included filling gaps and smoothing the CHM 

using the terra package (Hijmans, 2020) (Figure 13). Although these steps aimed to 

improve data quality, Slade et al., (2024) noted that canopy height retrieval is generally 

insensitive to spatial gaps in point cloud reconstructions, suggesting that the gap-filling 

process may have a limited impact on height estimation accuracy. Figure 15 illustrates 

the workflow for deriving the canopy height model and vegetation indices. The mean 

canopy height values from each plot (Figure 15) were extracted using the R package 

"exactextractr" (Bason, 2019). 
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Figure 14. Accurate canopy height modelling and smoothing techniques in R (a) Workflow using the lidR package 
(Roussel et al., 2020), showing steps from data import, ground point filtering, DTM generation with IDW, height 
normalisation, to CHM creation using DSM triangulation. (b) Smoothing of the CHM using the terra package (Hijmans, 
2020), illustrating the process of filling spatial gaps. Blue circles represent biomass harvest plots. 
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3.8 Processing vegetation indices 

We used Agisoft Metashape Professional edition (v2.1.1.17821) software to process the 

multispectral images collected for this study. The software allowed us to align the images, 

generate depth maps, DSMs, and create Orthomosaics for each AOI. From these 

multispectral Orthomosaics, we derived vegetation indices in R using the terra package 

(Hijmans, 2020). During preliminary analysis, the NDVI and the OSAVI vegetation indices 

exhibited high correlation (Pearson’s r = 1). To avoid multicollinearity issues and ensure 

stable regression results, only one index was selected. NDVI was chosen due to its 

widespread use, simplicity, and high sensitivity to vegetation changes (Bazzo et al., 

2023). The mean NDVI values in each plot (Figure 15) were also extracted using the R 

package "exactextractr" (Bason, 2019).  

 

 

Figure 15. Visualisations of reconstructed point clouds and plant scale canopy heights of individual plants. 
Accompanying photographs of each plant individual were taken from slightly different viewpoints to the 
point cloud renderings. The columns displays: (i) point clouds, (ii) accompanying photographs, (iii) canopy 
height models (CHM), (iv) NDVI, and (v) orthomosaic photographs. The blue circles indicate the harvest 
plot buffers, MCH means Mean Canopy Height. 

S. Kalihariensis
0.01 m MCH
0.245 NDVI
74 g/ m2

S. Uniplumis
0.07 m MCH
0.158 NDVI
420 g/ m2

T. Terrestris
0.09 m MCH
0.337 NDVI
123 g/ m2

S. Ciliata
0.13 m MCH
0.067 NDVI
436 g/ m2

S. Pappophoroides
0.009 m MCH
0.079 NDVI
785 g/ m2
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Figure 16. The general workflow of the UAV observations of canopy height and spectral reflectance used to characterise 
AGB (right side). The field observations (right side) were used for calibrating allometric relationships between height or 
spectral reflectance. 
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3.9 Statistical analysis 

 

Statistical analyses were conducted using R (v4.4.2, R Core Team, 2023). Initial 

exploration revealed that outliers contributed to a left-hand skew in the distribution, 

violating the assumptions of homoscedasticity and normality of residuals (Appendix B). 

To address this, robust regression was applied using the ‘lmrob’ function from the 

‘robustbase’ package (Maechler et al., 2024) to evaluate the relationship between AGB 

and UAV-derived metrics of canopy height and spectral reflectance (NDVI). 

 

Robust regression was used to fit linear models predicting AGB observations from mean 

canopy height and NDVI for each grazing value category. Schmdtia kalahariensis, 

Eragrostis pallens, and Tribulus terrestris were classified as low grazing value species, 

Stipagrostis uniplumis was classified as average grazing value, while Stipagrostis ciliata 

and Schmidtia pappophoroides were classified as high grazing value herbaceous 

species. Model performance for each grazing value category was validated using leave-

one-out cross validation (LOOCV) to compute the mean out-of-sample prediction error, 

which was divided by the model slope to obtain relative errors for each model (Cunliffe et 

al., 2022). 

 

To evaluate the accuracy and transferability of AGB prediction models, AGB landscape 

models were applied to each AOI categorised by grazing intensity. These models, initially 

trained using robust regression techniques on the entire dataset, were tested within the 

low, average, and high grazing intensity levels to evaluate their performance and 

transferability in these conditions. We evaluated the relationship between predicted and 

observed herbaceous biomass within each grazing intensity category. Performance 

metrics such as R2, root mean square error (RMSE) and mean absolute error (MAE) were 

derived to quantify the accuracy of the predictions. Residual analysis was performed to 

identify patterns and biases in model predictions, providing insights into the robustness 

of the models under varying grazing conditions. Additionally, regression plots were 

created to visually compare the predicted biomass against the observed biomass. 



 

69 
 

 

 

4 Results 

4.1 How well can aboveground biomass in Kalahari savanna 

ecosystems be predicted by fine-scale UAV observations of 

canopy height and spectral reflectance? 

 

UAV-derived canopy height was a strong predictor of AGB at the landscape level. The 

regression equation showed a strong positive relationship between AGB and Mean 

Canopy Height (Table 5). The intercept was estimated at 58.40 (SE = 11.44, t = 5.105, p 

< 0.001), and the coefficient for Mean Canopy Height was 2384.82 (SE = 142.06, t = 

16.787, p < 0.001), indicating that for each 1 m increase in canopy height, AGB increased 

by approximately 2385 g/m². 

 

The model explained 72 % of the variation in AGB (Multiple R2 = 0.718), with an adjusted 

R2 of 0.715. The residual standard error was 73.97, suggesting a relatively good fit of the 

model to the data. Convergence was achieved after 12 Iteratively Reweighted Least 

Squares (IRWLS) iterations. Outliers were identified in the dataset, with six observations 

had robustness weights close to zero (|weight| < 0.0011), indicating they were influential 

points. Seven observations had weights near 1, while the remaining 77 observations had 

weights ranging from 0.07279 to 0.99880, with a median weight of 0.96010. 

 

The final regression equation for predicting AGB from Mean Canopy Height is: 

 

AGB (g/m²) = 58.40 + 2384.82 × Mean Canopy Height (m) 

 

In contrast, the robust regression model for vegetation greenness as measured by NDVI 

indicated that it was not a significant predictor of AGB. The model yielded a coefficient for 

NDVI of -0.1491 (SE = 244.6106, t = -0.001, p = 1.000), indicating a very weak and 
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statistically non-significant relationship between AGB and NDVI (Table 4). The intercept 

estimate was 136.9707 (SE = 70.1471, t = 1.953, p = 0.054), which is marginally 

significant at the 0.05 level. 

 

The model's fit was poor, with an R-squared of 1.187 × 10⁻⁸ and an adjusted R-squared 

of -0.011, suggesting that NDVI does not explain the variation in AGB effectively. The 

robust residual standard error was 95.43, indicating a substantial amount of unexplained 

variation in the residuals. Convergence was reached after 19 Iteratively Reweighted Least 

Squares (IRWLS) iterations. However, when the data was stratified by species, a positive 

relationship between NDVI and AGB emerged within some species, revealing Simpson’s 

paradox (Figure 17), where the overall trend at the landscape level reversed within 

individual species. 

 

Table 5. Model summaries for aboveground biomass as predicted from Mean Canopy Height. 

Predictors Estimates CI P 

(Intercept) 58.40 35.67-

81.14 

<0.001 

Mean Canopy 

Height (m) 

2384.82 2102.49-

2667.14 

<0.001 

Observations 90 
  

R2/R2 adjusted 0.72 / 0.72 
 

 

 

Table 6. Model summaries for aboveground biomass as predicted from NDVI. 

Predictors Estimates CI P 

(Intercept) 136.97 -2.41-

276.37 

0.054 

NDVI -0.15 486.26-

485.96 

1.000 

Observations 90 
  

R2/R2 adjusted 0.00 / -0.011 
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Figure 17. Canopy height strongly predicted aboveground biomass, while NDVI reveals more variable species-
specific relationships. The linear models were fitted using robust regression. (a) AGB was strongly predicted by Mean 
Canopy Height at the landscape level. (b) when stratified by species, the relationship between AGB and Canopy Height 
was consistent across species. (c) NDVI showed a statistically non-significant relationship with AGB at the landscape 
level, indicating limited predictive power. (d) When stratified by species, the relationship between AGB and NDVI 
revealed Simpson’s paradox, where the overall trend at the landscape level reversed within individual species. 
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4.2 How well can herbaceous biomass of foraging importance be 

predicted by fine-scale UAV observations of canopy height and 

spectral reflectance? 

 

Mean canopy height was a stronger predictor of AGB compared to NDVI across all forage 

classes, with robust regression models providing good approximations of the 

relationships between mean canopy height and AGB (Figure 18). For the low grazing 

value forages, the robust regression model with canopy height yielded a slope of 1317.57 

g m² (p = 0.004), with an adjusted R² of 0.48, indicating a moderate but statistically 

significant relationship between canopy height and AGB (Table 6). When NDVI was used 

as the predictor in this category, the model fit was stronger (slope = 424.18 g m², adjusted 

R² = 0.58, p < 0.001), but it showed a higher relative error of 8.67%. 

 

In the average grazing value forages, the relationship between canopy height and AGB 

was stronger, with a slope of 5197.27 g m², adjusted R² of 0.68, and a relative error of 

24.6 %. NDVI in this category had a weaker relationship (slope = 1599.17 g m², adjusted 

R² = 0.39), with a higher relative error of 24.96%, although both predictors were highly 

significant (p < 0.001). 

 

In the high grazing value category, the predictive ability of canopy height was stronger, 

with a slope of 1592.55 g m², adjusted R² of 0.39, and a relative error of 10.12%. The p-

value for the canopy height model approached statistical significance (p = 0.054). NDVI 

in this category performed poorly, showing a negative slope of -34.41 g m² and a negative 

R² of -0.083, with an exceptionally large relative error of -279471 %, indicating that NDVI 

was not a useful predictor for AGB in high grazing intensity areas. 
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Table 7. Model performance metrics for predicting Aboveground Biomass (AGB) Using UAV-Derived Canopy Height 
and NDVI across different grazing value categories 

Grazing 
value 

Predictor  Species N Slope 
(g m-2) 

R2_adjusted Relative 
Error 

p 

Low CH 3 43 1317.57 0.48 2.98 0.004 

Low NDVI 3 
 

424.18 0.58 8.67 <0.001 

Average CH 1 33 5197.27 0.68 24.6 <0.001 

Average NDVI 1 
 

1599.17 0.39 24.96 <0.001 

High CH 2 14 1592.55 0.39 10.12 0.054 

High NDVI 2 
 

-34.41 -0.083 -279471 0.952 

 

 

 

 
Figure 18. Canopy height is a strong predictor of aboveground biomass across all grazing value categories, 
while NDVI shows inconsistent predictive power. Canopy height is a strong predictor of AGB all grazing value 
forage categories, while NDVI shows inconsistent predictive power. Panels (a), (b), and (c) illustrate the regression 
models for mean canopy height and aboveground biomass for Low, Medium, and High grazing value forage categories, 
respectively. Panels (d), (e), and (f) depict the regression models for NDVI and AGB for the same grazing value 

categories.  
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4.3 Do these relationships between biomass components and 

remotely sensed attributes differ across different levels of grazing 

intensity? 

 

At AOI1, characterised by heavy grazing, the landscape CHM exhibited a RMSE of 

118.08 g/m² and a MAE of 70.09 g/m². The model explained approximately 40.5% of the 

variability in observed AGB, indicated by an R² value of 0.405. Additionally, the mean 

residuals were 8.16 g/m², suggesting a relatively small average deviation from the 

observed values. 

 

Conversely, at AOI2, which was the moderately grazed site, the CHM achieved an RMSE 

of 164.23 g/m² and an MAE of 97.86 g/m². The model explained 50.9% of the variability 

in observed AGB (R² = 0.509), representing the highest predictive power among the three 

AOIs. However, the mean residuals in this area were 51.72 g/m², indicating a relatively 

higher level of average deviation of predicted from field measured observed AGB 

compared to other sites. 

 

At AOI3, characterised by low grazing intensity, the CHM achieved a RMSE of 172.75 

g/m² and an MAE of 115.76 g/m², indicating a decline in prediction accuracy. The model 

only explained 29.7% of the variability in observed AGB (R² = 0.297), which was the 

lowest among the AOIs. The mean residuals were 31.98 g/m². These results are 

summarised in Table 7 and illustrated in Figure 19, which display the corresponding 

regression plots for each AOI. 
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Table 8. Summary of model performance metrics for predicting AGB using Canopy Height Model across varying 

levels of grazing intensity 

Model Site grazing 
intensity 

RMSE (g/m²) MAE (g/m²) R² Mean 
Residual 
(g/m²) 

Landscape 
level Canopy 
Height Model 

Low 118.08 70.09 0.41 8.16 

Moderate 164.23 97.86 0.51 51.72 

High 172.75 115.76 0.30 31.98 
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Figure 19.The canopy height model is reproducible and predicts AGB across all grazing intensities. 
Relationship between field-observed AGB and predicted AGB using the Canopy Height AGB landscape model 
transfer across grazing gradients. a) Area of Interest (AOI1) representing heavily grazed landscapes, b) AOI2 
represented moderately grazed landscapes, c) AOI3 represented low grazing intensity landscapes. 
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5 Discussion 

5.1 How well can aboveground biomass in Kalahari savanna 

ecosystems be predicted by fine-scale UAV observations of 

canopy height and spectral reflectance? 

The study demonstrated that canopy height derived from UAV-SfM is a strong predictor 

of AGB, explaining approximately 72% of the variability in AGB. This strong relationship 

suggests that at landscape level, canopy height is a reliable predictor of biomass in semi-

arid ecosystems like the Kalahari savanna. Similar results have been reported for pooled 

grass species in temperate grasslands, where canopy height was used to predict dry 

matter yield across various legume-grass mixtures, including red clover (Trifolium 

pratense L.) and Italian ryegrass (Lolium multiflorum Lam.), with an R² of 0.73 (Grüner et 

al., 2019). Other studies utilising SfM derived canopy height as a predictor of AGB have 

also reported strong relationships (Alonzo et al., 2018; Ballesteros et al., 2018; Bendig et 

al., 2015; Cunliffe et al., 2020, 2022; Grüner et al., 2019; Guerra-Hernández et al., 2017; 

Jayathunga et al., 2019; J. Lin et al., 2018; Moeckel et al., 2017; Zahawi et al., 2015). The 

mean canopy height of non-woody plant functional types, such as ferns (R² = 0.99), forbs 

(R² = 0.47), graminoids (R² = 0.75), and succulents (R² = 0.75), has been reported to 

show extremely strong relationships (Cunliffe et al., 2020, 2022).  

Additionally, while the accuracy of individual species models varied (R² = 0.62–0.81), the 

mean canopy height and ground-level AGB data exhibited a good correlation (R² = 0.73) 

for pooled grass species (Grüner et al., 2019). The strong relationship between canopy 

height derived from UAV-SfM and AGB in this study aligns well with previous research, 

demonstrating that canopy height can be an excellent predictor of biomass. The slope of 

the canopy height model in this study was like those derived from disk pasture meter 

measurements in earlier studies (Zambatis et al., 2006), where similar slope was reported 

(2384 g/m2). This consistency across different measurement techniques further reinforces 

the value of canopy height as a reliable metric for estimating AGB in semi-arid 

ecosystems, such as the Kalahari savanna 
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However, at landscape level, vegetation greenness as measured by NDVI was not a 

significant predictor of AGB. The results of the NDVI model showed that it is not a reliable 

predictor of AGB at landscape level. It had a large residual standard error (88.95 g/m²), a 

negligible adjusted R² (-0.01), and a statistically non-significant p-value (1.000). The 

effectiveness of NDVI as a predictor of AGB could have been affected by factors such as 

spatially variable soil backgrounds and the presence of senescent vegetation. Previous 

studies, (Fern et al., 2018b), have documented similar challenges when using NDVI for 

biomass estimation, noting that environmental factors such as soil moisture and nutrient 

availability can significantly influence NDVI values.  

 

Additionally, Fajji et al., (2017) conducted their study in semi-arid Kalahari savanna 

environments and found that vegetation indices, particularly NDVI and SAVI, were less 

effective in predicting AGB in areas with high grazing intensity compared to those with 

low grazing intensity. This reduced effectiveness was attributed to the presence of 

senescent or dry vegetation and a higher proportion of bare soil in heavily grazed sites. 

In these areas, the accumulation of standing dead material and litter increases, resulting 

in more exposed ground. As such, since non-photosynthetic vegetation reflects more 

visible light, indices relying on the contrast between visible and near-infrared reflectance 

are likely to struggle to accurately estimate AGB (Fern et al., 2018b; Tian et al., 2021). 

Moreover, the increased reflectance from dry vegetation further restricts the response of 

spectral indices to biomass variations, particularly as the contrast between green biomass 

and dry soil diminishes when vegetation dries out. NDVI had a positive relationship with 

AGB but explained only a small proportion of the variance (R² between 0.14 and 0.23), 

with the presence of moss cover significantly influencing the NDVI-phytomass 

relationship. This suggests limitations in using NDVI to estimate biomass in complex 

Arctic ecosystems (Cunliffe et al., 2020). 

 

In the Kalahari savanna context, similar challenges may be observed because of the 

heterogeneous vegetation. Stress-related indices, which respond to both near and middle 

infrared wavelengths, have shown promise in other regions in the Kalahari plateau by 

accurately predicting vegetation cover (Amputu et al., 2023, 2024b).  However, this study 
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demonstrates that the widely accepted assumption that plant greenness directly 

correlates with high biomass is not universally accurate. The relationship between 

vegetation indices and AGB is often highly species and location specific (Li et al., 2016). 

Species-specific analyses in this study revealed that NDVI could predict AGB within 

certain species, demonstrating Simpson’s paradox (Figure 17). This phenomenon, where 

trends observed in aggregated data differ from those seen in stratified data, indicates that 

NDVI’s predictive power is context-dependent (Anuar et al., 2023). For some species, 

NDVI captured variations in biomass effectively, while for others, it did not. This disparity 

may result from differences in species' reflectance properties and how they respond to 

environmental stressors. Previous studies, such as (Pettorelli et al., 2014), have 

documented similar challenges when using NDVI for biomass estimation, noting that 

environmental factors such as soil moisture and nutrient availability can significantly 

influence NDVI values. Additionally, the work of Zhang et al., (2014) emphasised the 

importance of species-specific calibration when applying NDVI for biomass prediction, as 

different species exhibit varying reflectance characteristics that can skew results.   

 

5.2 How well can herbaceous biomass of foraging importance be 

predicted by fine-scale UAV observations of canopy height and 

spectral reflectance? 

Across all herbaceous plant foraging importance categories (low, average, high), the 

relationship between biomass and canopy height was linear (R² between 0.22 and 0.66). 

For every 1 m increase in canopy height, AGB increased by 984.02 g/m², 5170.51 g/m², 

and 1570.51 g/m² for herbaceous plants of low, average, and high grazing importance 

respectively. However, the relationship between biomass and NDVI varied for NDVI 

between forage plant grazing importance categories (R² between -0.07 and 0.56). It was 

only for low grazing value plants that NDVI showed promising predictive ability. The 

strong predictive ability of NDVI for low grazing value species, indicated by an adjusted 

R² of 0.58 and a relative error of 8.67 %, suggests its high effectiveness in estimating 

biomass in intensively grazed areas. This effectiveness can be attributed to the 

homogeneity and the dominance by non-palatable herbaceous species such as T. 
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terrestris and S. kalahariensis, which appeared lush and green and consequently are 

captured by NDVI. Similar to our results, other studies (Fajji et al., 2017) have shown that 

NDVI is effective in homogenous, green and lush vegetation of low foraging importance 

(as found in low grazing areas) but less so in heterogeneous or degraded landscapes (as 

seen in high grazing areas). Despite the promise of NDVI, canopy height demonstrated 

a lower relative error (2.98%) and a higher adjusted R² value (0.48), indicating its superior 

predictive power for biomass estimation in these environments. This finding contrasts with 

previous studies that have suggested structural metrics, like canopy height, are less 

effective for low-growing herbaceous plants that accumulate biomass by spreading out 

horizontally, rather than growing tall and narrow (Cunliffe et al., 2022; Fajji et al., 2017; 

Jayathunga et al., 2019). While canopy height's predictive power was moderate for low-

growing species, it still outperformed NDVI, which is commonly considered less effective 

for biomass estimation in overgrazed or degraded landscapes (Fern et al., 2018b). This 

study underscores the need for considering structural metrics like canopy height, even 

for species with different growth habits, challenging the conventional belief that low-

growing plants with a spreading growth form are poorly predicted by structural attributes. 

For average grazing value species, canopy height emerged as the superior predictor, with 

an adjusted R² of 0.68, explaining a substantial portion of the variance in AGB. The strong 

relationship between canopy height and biomass in these moderately grazed areas can 

be attributed to the structural complexity and increased biomass levels, where canopy 

height serves as a more direct indicator (Alonzo et al., 2018; Balestra et al., 2024; Bendig 

et al., 2015; Cunliffe et al., 2022; Grüner et al., 2019; Guerra-Hernández et al., 2017; 

Jayathunga et al., 2019; Moeckel et al., 2017; Zahawi et al., 2015). Although NDVI was 

still a predictor, it was less effective in this category, with an adjusted R² of 0.39 and a 

relative error of 24.96%. Stipagrostis uniplumis, the only herbaceous species classified in 

the average grazing value category, was observed in either slightly greener or browner 

phenological conditions. This variability in phenological states may have led to 

inconsistent NDVI readings, as NDVI is sensitive to changes in vegetation greenness. If 

S. uniplumis was predominantly browner, it may have resulted in lower NDVI values, 

potentially skewing the predictive relationship between NDVI and AGB. A phenological 
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spectral variation within the S. uniplumis grass species was also observed (Bantelmann 

et al., 2024).  

In the case of high grazing value species, canopy height maintained a good allometric 

relationship with AGB, with an adjusted R² of 0.39 and a relative error of 10.12 %. 

However, NDVI did not reliably predict AGB in these areas, as evidenced by its negative 

adjusted (R² = -0.08) and a negative relative error (-279471 %). This bias means that 

NDVI could underestimate herbaceous biomass of foraging importance. The weak 

relationship between NDVI and AGB of foraging importance was due to reduced 

greenness and the predominant brownish, senescent phenological state of S. 

pappophoroides and S. ciliata. Our findings underscore the need for caution when 

deriving AGB maps based on spectral reflectance in heterogeneous Kalahari savanna 

ecosystems.  

While the study established that canopy height is a strong predictor of AGB across all 

grazing value categories, a limitation of this research is that spectral information was not 

used to classify the herbaceous species. Future studies could utilise spectral data to try 

to isolate specific plant species (Wu et al., 2024). This approach could refine canopy 

height models and improve the accuracy of AGB estimations in broader scales. 

5.3 Do these relationships between biomass components and 

remotely sensed attributes differ across different levels of grazing 

intensity? 

The study indicated that the canopy height model developed from SfM is transferable 

across different spatial contexts within this dryland savannah. Specifically, it successfully 

predicted AGB across varying levels of grazing intensity. This model’s ability to predict 

AGB across grazing intensity gradients suggests that it is robust and adaptable, which is 

crucial for scaling biomass estimation efforts in similar ecosystems. This transferability 

allows for the application of the model in other dryland regions, potentially offering a 

reliable tool for vegetation monitoring and management. However, the transferability of 

the NDVI model was limited due to the phenological variability of the herbaceous plants 
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and the limited predictive power of vegetation greenness as measured by NDVI. Previous 

studies (Amputu et al., 2024b; Chen et al., 2023) have demonstrated the transferability of 

models utilising spectral reflectance for biomass estimation. These studies have shown 

that spectral reflectance metrics can reliably predict vegetation biomass across different 

spatial and temporal contexts. It is worth noting however that these studies were for 

agriculture and forest ecosystems where the model transferability could be less affected 

due to the characteristic homogeneous setup of these systems. 

Spectral reflectance models were successfully applied to various spatial contexts in 

Kalahari savanna ecosystems (Amputu et al., 2024b). However, they recommend testing 

these models in different seasons. Although the Canopy Height model demonstrated high 

transferability, further research is required to investigate its applicability across different 

times of the year and in other savannas with varying climatic conditions and species 

composition. Additionally, it is important to consider integrating canopy height and 

spectral reflectance data (Lu et al., 2021; Wang et al., 2022). 
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6 Conclusion 

This study demonstrated that UAV-derived canopy height, obtained through Structure 

from Motion (SfM) photogrammetry, is a robust predictor of aboveground biomass (AGB) 

in the Kalahari savanna ecosystem, with a strong correlation (R² = 0.72). This finding 

underscores the potential of fine-scale UAV observations for accurately estimating 

biomass, which is crucial for effective rangeland management. However, the Normalised 

Difference Vegetation Index (NDVI), commonly used to measure vegetation greenness, 

proved to be a poor predictor of AGB, highlighting the need for more sophisticated and 

nuanced approaches when using spectral data for biomass estimation in ecosystems with 

variable phenology and plant composition. 

The study also found that the relationship between AGB and UAV-derived canopy height 

was similar across different categories of herbaceous plant foraging importance (low, 

average, high) and varying levels of grazing intensity. This consistency suggests that 

linear allometric functions based on canopy height can be effectively applied at the 

ecosystem level, offering a reliable method for biomass estimation across different 

grazing pressures. Moreover, the canopy height model developed from SfM showed high 

transferability across different spatial contexts within the dryland savannah, successfully 

predicting AGB across varying levels of grazing intensity. This model’s robustness and 

adaptability are crucial for scaling biomass estimation efforts in similar ecosystems. 

Future studies should aim to integrate UAV-derived structural data, such as canopy 

height, with spectral data to enhance the accuracy of biomass estimations. This 

integration could refine canopy height models and improve their predictive capacity, 

particularly in distinguishing between different plant species. Additionally, further research 

is required to test the applicability of the canopy height model across different times of 

the year and in other savannas with varying climatic conditions and species composition. 

Seasonal and temporal testing will help determine the model’s robustness and reliability 

in diverse ecological settings. 
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Given the limitations of traditional and satellite-based remote sensing methods in 

capturing fine-scale variations, UAV-based monitoring should be prioritised for detailed 

rangeland assessments. This approach will provide high-resolution data that can inform 

more precise and effective rangeland management strategies.  

To optimise the utility of UAV technology in rangeland monitoring, it is essential to build 

capacity and provide training for researchers and practitioners. This will enhance their 

ability to effectively utilise fine-scale remote sensing tools and develop new approaches 

tailored to the challenges of African rangelands. Finally, the insights gained from this 

study should be integrated into rangeland management policies and practices. Land 

managers and policymakers should leverage UAV-derived data to make informed 

decisions that promote sustainable rangeland use and address the challenges posed by 

grazing-induced degradation and climate variability. 
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7 Open Research 

The code for this analysis is available at 

https://github.com/TESS-Laboratory/Nare_et_al_rangeland_condition_with_UAS.git. 
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9 Appendices 

 

Appendix A. Number of samples per species and grazing value 

 

Species Grazing value Sample count 

Schmdtia kalihariensis Low 20 
Schmdtia pappophoroides High 6 
Stipagrostis ciliata High 8 
Stipagrostis uniplumis Average 33 
Tribulus terrestris Low 21 
Eragrostis pallens Low 2 
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Appendix B. Outlier and leverage diagnosis for Canopy Height. 

 
This plot reveals the influential observations in the robust regression model. The x-axis represents 
leverage values, highlighting observations with significant influence on the model. The y-axis 
displays studentized residuals, identifying potential outliers with values exceeding ±2. 6 
observations c(4,34,35,50,61,90) were outliers with |weight| = 0 ( < 0.0011); 7 weights are ≈ 1. 
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Appendix C. Outlier and leverage diagnosis for NDVI. 

 
This plot reveals the influential observations in the robust regression model. The x-axis 

represents leverage values, highlighting observations with significant influence on the model. 

The y-axis displays studentized residuals, identifying potential outliers with values exceeding ±2. 

6 observations c(4,34,35,50,61,90) were outliers with |weight| = 0 ( < 0.0011); 7 weights are ≈  

1. 
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Appendix D. Density plot for distribution of Canopy Height, NDVI, 

and AGB. 

 
Density plots show the distribution of (a) UAV derived Mean canopy height, (b) NDVI, and (c) 

aboveground biomass (AGB) data. 

Appendix E. Computational hardware specifications.   

Component Specification 

Processor 12th Gen Intel® Core™ i9-12900HK 

Base Frequency 2.50 GHz 

RAM 32 GB 

Operation System 64-bit, x64-based architecture 

Software Used Agisoft Metashape Professional edition 

(v2.1.1.17821) 

 

 


