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Abstract 

 

Grass biomass has many important and diverse roles for ecosystems functioning, the carbon cycle, 

rangeland productivity and local livelihoods. Quantifying and understanding grass biomass in dynamic 

savanna ecosystems during dry season is important for sustainable land management and monitoring 

grazing pressures, especially amidst climate change. Traditional ground-based methods to assess 

vegetation are subjective and time consuming, while remote sensing provides efficiency in monitoring 

grass biomass at large scales. Grass biomass assessments using remote sensing data have been extensively 

conducted worldwide, but such research in African savannas remains rare.  

This study aimed to study connections between dry season grass biomass measured in savanna rangelands 

and airborne hyperspectral imagery data obtained simultaneously in LUMO Conservancy area of South-

Eastern Kenya. Two modelling techniques were compared: averaged plot values (n=24) and individual 

sample values (n=96). Three vegetation indices (RSI, NDSI, RDSI) were computed and Generalised 

Additive Models (GAM) were applied to portray the relationship between measured grass biomass and 

VIs. The highest explanatory power for both modelling techniques was found with RSI and NDSI indices 

with averaged plot level values having the highest performance (D2 = 0.79, RMSE = 40.15 g/m2), with the 

band combination of B78 and B43 (908 nm / 667 nm). The best performing vegetation index (RSI) was 

used to predict grass biomass in the study area, which indicated a biomass range of 0 to 2894 g/m2.  

The study highlights the potential of using hyperspectral imagery to assess grass biomass in the savanna 

environments. However, challenges and limitations were faced related to the heterogeneous nature of 

savannas, varying weather conditions affected by rainfall, the temporal limits of the study, and 

disturbances in spectral information caused by heavily grazed areas, dead material, and preprocessing 

techniques. It is suggested that future research considers these factors by incorporating a broader set of 

variables, extending the duration of the study, exploring various preprocessing techniques, increasing the 

sample size, and employing additional data sources, such as active sensors and hyperspectral satellite 

imagery, to enhance model performance and improve accuracy. 
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1. Introduction  

Grass biomass has many important and diverse roles for ecosystem functioning, the carbon 

cycle, rangeland productivity and local livelihoods (Ali et al., 2017; Vertès et al., 2007). 

Quantifying and understanding grass biomass during dry season in dynamic savanna 

ecosystems is important for sustainable land management and monitoring grazing pressures, 

especially amidst climate change (Ramoelo et al., 2012). Over one-fifth of the world’s 

population reside in or around savannas and many of these local communities rely on 

pastoralism or subsistence agriculture (Bouvet et al., 2018). Global change can impact the 

structure of these sensitive ecosystems and communities through alterations in rainfall and 

productivity of crops and pasture (Mistry, Jayalaxshmi and Beradi, Andrea, 2014; W. Zhang 

et al., 2019). Savannas are far less studied compared to other ecosystems like rainforests, 

despite the significance and fragility of savannas (Bouvet et al., 2018).  

Traditional ground-based methods to assess vegetation are subjective and time consuming, 

while remote sensing provides efficiency in monitoring grass biomass at large scales (Xu et 

al., 2008).  Accurate biomass estimates and modern techniques utilizing remote sensing 

methods enhance the science-based management of grassland ecological resources, 

monitoring of desertification, and ensuring sustainable long-term ecosystem management 

(Psomas et al., 2011; X. Zhang et al., 2019). Grass biomass can be assessed through various 

remote sensing techniques and methods but applying vegetation indices (VIs) is one of the 

most known processing methods (Tucker and Sellers, 1986). A widely popular approach for 

estimating grass biomass involves integrating remote sensed data with VIs and in-situ 

measurements (Anderson et al., 1993) to create regression models (Dusseux et al., 2015; 

Huang et al., 2013; Jin et al., 2014; Song et al., 2014). Assessing vegetation biomass with 

hyperspectral imagery and vegetation indices has been conducted in various savannas and 

grasslands globally including Alpine grasslands in Tibet, Brazilian Cerrados and North-

West Mexico (Jacon et al., 2021; Kong et al., 2018; Raya-Sereno et al., 2021). Multispectral 

data can lose its sensitivity to variations in biomass values when it reaches a certain limit, 

resulting in a phenomena called saturation (Li et al., 2021). However, employing 

hyperspectral imagery and e.g. narrow bands for biomass estimation can provide means to 

overcome the saturation issue (Chen et al., 2009; O. Mutanga and Skidmore, 2004). 

Additionally, hyperspectral data offers a wide range of bands and wavelengths not available 
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in multispectral data (Galvão et al 2020). Currently, there’s no literature in modelling grass 

biomass with hyperspectral imagery in savanna rangelands during dry season in Southeast 

Kenya. 

The aim of this thesis was to explore the connections between airborne hyperspectral data 

and dry season grass biomass in savanna rangelands. This study focused on creating a 

modelling workflow with Generalised Additive Models (GAM) to quantify savanna grass 

biomass, evaluate the most important spectral features to explain grass biomass, and to 

compute optimal spectral band combinations for VIs (RSI, NDSI, RDSI) with two 

techniques to extract spectral values from the imagery. Finally, the objective was to map 

dry season grass biomass patterns and variation in the intensively grazed study area utilizing 

the best performing model and VI.  

The following research questions were addressed:  

1) What are the relationships between grass biomass and vegetation indices 

calculated from hyperspectral data? 

2) How feasible is the use of airborne hyperspectral data in visible to range 

for modelling grass biomass patterns in savanna rangelands of Kenya 

during dry season? 

3) What are the most important spectral features to explain grass biomass? 

4) Based on best model predictions, how is grass biomass geographically 

distributed in the study area? 
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2. Background 

2.1. The savanna ecosystem 

Savannas are ecologically dynamic, heterogenous and affected by a combination of human-

induced economic, social, and environmental elements in a world of globalization and global 

change (Hill et al., 2011). Accordingly, it is crucial to monitor key structural and functional 

elements of these complex ecosystems, such as biomass, spatial extent and biodiversity – 

especially as human need and land use changes are inevitable (Hill et al., 2011). Savannas are 

an important component of the terrestrial biosphere located close to the equator spreading out 

over broad plains of three continents (Pennington et al., 2018). They cover approximately 20 % 

of Earth’s surface with most of these ecosystems located in Africa, but also spread widely across 

America, Asia, India and Australia (Fig. 1) (Pennington et al., 2018). They play an important 

role in the global carbon cycle, and annually sequester about 36 to 42 tonnes of carbon per 

hectare (Huston and Wolverton, 2009). Although the carbon density of African savannas and 

woodlands is lower compared to those of closed forests, these areas are greatly larger and cover 

about 50% of the continent and represent a significant carbon stock (Bartholomé and Belward, 

2005). They represent roughly a third of the net primary production of all the terrestrial 

vegetation, making savannas a crucial regulating component of the land carbon sink (Ahlstrom 

et al., 2015; Moeckel et al., 2017; Poulter et al., 2014). A notable portion of this carbon is stored 

as aboveground biomass (AGB), which contains the carbon stored through photosynthesis 

within vegetation, making it both an essential climate variable as well as an important 

ecosystem service in savanna environments (Bojinski et al., 2014).  
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Fig. 1. Global distribution of savannas and dry forests. Savannas are spread widely across 

Africa, America, Asia and Australia. The blue areas of “Aw” category indicate a tropical 

savanna climate with a dry winter season (Figure from 'Köppen climate classification map' by 

Peel, M. C., Finlayson, B. L., and McMahon, T. A. (University of Melbourne), under CC BY-SA 

3.0. Available at: https://openverse.org/image/6ff19ae0-4bdd-4ba1-a632-

d83415ebd2bb?q=savanna%20map). 

 

Savanna is a grassy plain characterized by the coexistence of sparse tree and shrub cover on a 

bed of grass, forming mixed woodland-grassland ecosystems as stated by Pennington et al. 

(2018) and Shorrocks and Bates (2014). Both woody and herbaceous plants are a result of long-

term adaptation and have successfully overcome two major environmental challenges: seasonal 

drought and/or periodic phenomenon of burning and flood. These open tree canopies have a 

grassy ground layer, which provides forage for mammalian grazers such as rhinos, zebras, 

buffalos, and antelopes (Fig. 2.). Other common animals in the savannas are elephants, giraffes, 

lions, leopards, cheetahs, hyenas, and wildebeests, and some of these species migrate long 

distances between regions due to rainfall and forage availability (Shorrocks and Bates, 2014). 

Annual rainfall affects the quantity of plant biomass in an area, thus significantly impacting the 

feed of herbivores and carnivores (Pennington et al., 2018). Savannas are typically found in 

climatic regions between deserts and tropical forests (Shorrocks and Bates, 2014). Many factors 

contribute to the unique spatial structuring and heterogenous dynamic of these ecosystems 

(Shorrocks and Bates, 2014). The distribution and abundance of trees, shrub and grass are 

controlled by large herbivores, reoccurring fires, and a limited annual rainfall (Abdi et al., 2022; 

Shorrocks and Bates, 2014; W. Zhang et al., 2019). 
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Fig. 2. Commonly seen animals in the African savannas, such as zebras, buffalos, and giraffes. 

Grazing livestock can be seen browsing the landscape frequently (bottom right). Pictures taken 

in the study area of LUMO, January 2022.  

 

The climate of savannas includes two distinct seasons; a growing season during which most of 

the photosynthesis takes place and a dry season lasting from 2 to 9 months, in which most of 

the herbaceous vegetation senesces and dries out (Eamus et al., 2016; Kahiu and Hanan, 2018; 

Mistry, Jayalaxshmi and Beradi, Andrea, 2014). The mean annual rainfall of savannas ranges 
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from 300 to 2500 mm and temperatures vary between 14 and 30°C (Harris et al., 2020, p. 4; 

Pennington et al., 2018). During the dry season, the grass layer dries which accumulates and 

forms as a fuel for future fires (Scogings and Sankaran, 2019). Savannas impact majorly to the 

seasonal fluctuations of global greenhouse gas emissions from fires, as this biome contributes 

more than 80 percent of the 4 million km2 of land that burns worldwide every year (Scogings 

and Sankaran, 2019).  

 

Bouvet et al (2018) note that savannas and grasslands are influenced by a range of ecological 

and anthropogenic factors in addition to climatic conditions like precipitation, although 

vegetation types usually align with rainfall patterns in Africa (Fig. 3). Mean Annual 

Precipitation (MAP) defines the maximum attainable woody cover in African savannas, 

however, other influencing factors include soil properties, topography, and human activities 

such as clearing and logging (Bouvet et al., 2018) Additionally, humans suppressing fires has 

led to increase in woody cover and shrubs (Archer et al., 2017). Many areas in Africa have the 

potential to turn into savannas or forests but are eventually formed based on the local 

circumstances (Bouvet et al., 2018).   

 

 

 

 

 

 

 

 

 

 

Fig. 3. Demonstration of precipitation patterns in Africa according to GPCC climatology on 

the left and biome map of Africa on the right where light green represents grasslands, savannas 

and shrublands (Left figure from “Contributions to the Improvement of Climate Data 

Availability and Quality for Sub-Saharan Africa (2022)” by Frank Kaspar, created using the 

GPCC Visualizer (https://kunden.dwd.de/GPCC/Visualizer), under CC BY-SA 3.0, available at: 

https://openverse.org/image/00b9625cb59d41c7ab05526142dc56a3?q=precipitation%20map

%20africa. Right picture from SEDACMaps under a CC BY 2.0 license, available at: 

https://www.flickr.com/photos/54545503@N04/7242976044). 
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An analysis by Doi et al. (2022) reported of the severe drought in East Africa during 2021. They 

highlighted the critical need for advanced climate modelling as the impacts due to natural 

climate variability are having more serious effects under the ongoing global warming. These 

extreme dry conditions during short rains seasons led to severe food insecurity in the region 

and typically result in other critical issues too, such as unsafe drinking water and potential 

appearance of infectious diseases (Azage et al., 2017; Doi et al., 2022, 2020). Additionally, 

extremes weather conditions, such as drought, can lead to increase in conflicts (Michelini et al., 

2023). 

Over one-fifth of the world’s population reside in or around savannas and many of these 

communities rely on pastoralism or subsistence agriculture through activities like subsistence 

farming, producing timber, livestock grazing and fuelwood harvesting (Bouvet et al., 2018; 

Chidumayo and Gumbo, 2010). Pellikka et al. (2013) highlighted the impacts and consequences 

of agricultural expansions in the Taita Hills of Kenya, adjacent to the study area of LUMO. The 

expansions can result in reduced soil water-holding capacity and increased risks of hydrological 

droughts during dry seasons can impact local economies, agriculture, and ecosystems 

(Alcántara-Ayala et al., 2006). Agricultural expansion might lead to increased food production 

for the growing population, but the level of productivity of these lands will remain uncertain, 

with various negative consequences not fully understood (Pellikka et al., 2013). 

Global change in rainfall climatology may affect the productivity of crops and pasture and the 

structure of tropical savanna ecosystems by favouring woody plants (Mistry, Jayalaxshmi and 

Beradi, Andrea, 2014; W. Zhang et al., 2019).  Increase in woody plants (woody encroachment) 

contributes to both carbon losses and gains (Bodart et al., 2013). Multiple factors lead to woody 

encroachment such as more intense rainfall, changing fire regimes, CO2 fertilization, land use 

changes, grazing and increased aridity (Berdugo et al., 2020; Bond and Midgley, 2012; Devine 

et al., 2017; Hill and Hanan, 2010; Kulmatiski and Beard, 2013; O’Connor et al., 2014; Rosan 

et al., 2019; Stevens et al., 2017). While woody encroachment can result in carbon gains, it can 

also negatively impact the local communities by reducing grazing areas (Eldridge et al., 2011). 

Moreover, climate change affects to the carbon balance of Africa, mainly through the carbon 

absorption and release by land ecosystems (Valentini et al., 2014). Savannas and woodlands 

contribute significantly to Africa’s carbon emission due to the periodic fires (Valentini et al., 

2014). Africa has a key role globally contributing to the interannual variations in the 

atmospheric CO2 levels also through deforestation (Brink and Eva, 2009; Ciais et al., 2011; 
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Williams et al., 2007). However, the exact impacts of these human activities, such as highly 

variable deforestation rates and changes in croplands are poorly estimated (Houghton and 

Hackler, 2006).  

Savannas and tropical dry forests are in need of sustainable management and monitoring, as 

they are noticeably under-represented in protected areas (Pennington et al., 2018). Large-scale 

monitoring, including AGB estimation with remote sensing, is crucial for a better understanding 

and managing of the impacts of climate change and local activities on these ecosystems (Bouvet 

et al., 2018; Hill et al., 2011). 

  

 

2.2. Role and importance of grass biomass in the savanna 

The role and importance of grass biomass in African savannas is multidimensional and relates 

to wildlife and livestock feed. Pastoralism (livestock grazing) has a long history in Africa, as 

communities have been accustomed seasonal movement in search of greener pastures for their 

livestock as nomads (Shackleton et al., 2002). Livestock production is strongly dependent on 

the quality and quantity of grass and pastures and remains a major source of income in the rural 

economy (Shackleton et al., 2002). This is evident in areas like savanna lowlands of southern 

Kenya, where grazing is the primary land use (Sheila Wachiye et al., 2022). Pasture quality can 

be determined by leaf nutrient content and the quantity is estimated by biomass (mass per unit 

area) (McNaughton, 1988). Both quality and quantity are essential for understanding the 

distribution, population dynamics and feeding patterns of livestock and wildlife (Ramoelo et 

al., 2012). This geographic information of grass quality and quantity is important for effective 

planning and management of savanna rangelands. (Ramoelo et al., 2012).  

Local farmers manage production systems based on spatial and temporal variations of the 

forage. The variability in forage provision is increasing due to climate change, which is further 

complicated by the heterogeneity of pastures varying in structure, composition, and phenology, 

as seen in Fig. 4 (Ferner et al., 2021; Moeckel et al., 2017). The effects of changes in plant 

species composition and the increasing pressure of population growth have resulted in a 

decrease in grass biomass productivity (Ferner et al., 2021). While grassland assessment studies 

using remote sensing data have been extensively conducted worldwide, such research in African 

savannas is rare (Zumo et al., 2022).  
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Fig. 4. Savannas can have great variation in quantity and quality of vegetation even within a 

small area. Pictures taken in LUMO Conservancy in January 2022.  
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Grass biomass plays many important and diverse roles for ecological aspects as well. 

Grasslands occupy at least two-thirds of global agricultural land and cover approximately 25 % 

of the Earth’s terrestrial surface (Ferner et al., 2021; Wood et al., 2000). The amount of grass 

biomass directly affects to the carrying capacity of pastures and is crucial for providing forage 

for grazing livestock and wildlife (Ali et al., 2017). Grasslands are often transformed or 

maintained as agricultural lands due to their high productivity (Psomas et al., 2011). They also 

contribute to the diversity, cultural history and ecological goods and services of rural and 

agricultural landscapes (Psomas et al., 2011). Sustainable use of grasslands will be necessary 

to provide food for the estimated nine billion people inhabiting Earth by 2050 (Zhang et al., 

2022). Additionally, grass biomass impacts ecosystem functioning, biodiversity, the carbon 

cycle, air and soil quality, and the regulation of water, nitrogen and pollutant flows (Batáry et 

al., 2007; Lobell and Field, 2007; Soussana and Lüscher, 2007; Vertès et al., 2007).  

The assessment of biomass in savannas during dry season is important for several reasons, 

mostly related to grazing and livestock production. Ramoelo et al. (2012) note that during the 

dry season, the quantity of grass limits the grazers more than its quality, thus quantifying the 

variability of biomass during this time is crucial for decision makers in planning and 

management of the grazing systems. In addition, this information can be used for assessing fire 

risks since biomass acts as fuel load for fires. Consequently, having detailed information on the 

spatial distribution of grass biomass provides sustainability for livestock production, rangeland 

productivity and preservation of these ecosystems (Kumar and Mutanga, 2017; Ramoelo and 

Cho, 2014). Utilizing remote sensing methods for accurate biomass estimates is essential to 

enhancing the science-based management of grassland ecological resources, monitoring 

desertification, and ensuring long term ecosystem management (Psomas et al., 2011; X. Zhang 

et al., 2019). 

 

2.3. Remote sensing of grass biomass  

2.3.1. Principles of remote sensing 

Remote sensing is the science and process of deriving physical information of the Earth’s 

surface by measuring its reflected and emitted electromagnetic radiation from a distance, 

typically with imagery acquired by satellites or aircraft (Campbell and Wynne, 2011). Remote 

sensing methods enable quick and cost-effective assessment of biomass over large areas, each 
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having their own benefits depending on the application and context of the research. Assessing 

vegetation with traditional ground-based methods is subjective, time consuming and suitable 

only for monitoring at a limited scale (Xu et al., 2008). The literature of biomass assessments 

has highlighted various remote sensing techniques, such as Light Detection and Ranging 

(LiDAR), optical satellite and aerial imagery, synthetic aperture radar (SAR), unmanned aerial 

vehicles (UAV), thermal infrared sensors, and ground-based remote sensing with multispectral 

and hyperspectral cameras and spectrometers (Ahamed et al., 2011; Amiri et al., 2010; Kumar 

et al., 2015). Typically, remote sensing in this field uses two types of optical images: 

multispectral, which are the most used, and hyperspectral imagery. The coarse spatial and 

spectral resolution can limit the accuracy and robustness of research results (Wang et al., 2012). 

In the meantime, the utilizing of hyperspectral imagery especially in grassland monitoring have 

gained popularity in recent years (Balzarolo et al., 2015; Ling et al., 2019; Lyu et al., 2020). 

Campbell and Wynne (2011) emphasize the importance of having a sound understanding of the 

concept of electromagnetic radiation to interpret remote sensing imagery correctly. Classically 

electromagnetic radiation is described as waves with a corresponding wavelength. Wavelength 

is the distance between two consecutive peaks of a wave, which can be used to characterize the 

magnitude of radiation, for example in nanometres (nm). The wavelength of radiation 

determines its colour and properties within the spectrum, which provides information that can 

be used to interpret vegetation characteristics such as biomass. Visible light is the most known 

form of electromagnetic radiation but large segments outside this range are of interest when 

studying vegetation (Fig. 5) (Campbell and Wynne, 2011). The segment important for remote 

sensing of vegetation is near infrared (NIR, 720-1500 nm), which is very wide relative to the 

visible region (Campbell and Wynne, 2011). 

 

Fig. 5. The electromagnetic spectrum that shows the wavelength ranges of electromagnetic radiation 

(Figure from Horst Frank (2006), licensed under CC BY-SA 4.0. Available at: 

https://commons.wikimedia.org/w/index.php?curid=76714066).  
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Hyperspectral remote sensing, also known as imaging spectroscopy, is a powerful remote 

sensing technique for monitoring the Earth’s atmosphere and surface (Guanter et al., 2019). 

Hyperspectral remote sensing has multiple advantages in capturing vegetation as it has the 

benefit of representing fine spectral signatures (Lyu et al., 2020; Räsänen et al., 2020; Shen et 

al., 2008). Hyperspectral sensors can collect vast amounts of information with their large 

number of narrow and contiguous spectral bands, enabling the detection of finer variations in 

reflectance and absorption patterns, which leads to higher mapping accuracies and novel ideas 

for mapping grassland biomass (Campbell and Wynne, 2011; Kong et al., 2018; Wang et al., 

2012). Hyperspectral instruments provide a larger number of features for above ground biomass 

assessments, compared to multispectral sensors (Galvão et al., 2020). The large number of fine 

resolution bands enable the calculation of multiple narrowband indices (VIs) and absorption 

band parameters (Jacon et al., 2021). These features can be used as input variables for AGB 

estimates using field inventory and machine learning models (Jacon et al., 2021; Toniol et al., 

2017).  

Hyperspectral instruments differ from traditional spectroscopy by gathering spectra of areas on 

Earth’s surface, not only point targets (Campbell and Wynne, 2011). Some hyperspectral 

sensors can acquire data across 200 or more bands at 10–12-bit radiometric resolution. 

(Campbell and Wynne, 2011). The fine spectral bands of hyperspectral sensors enables them to 

identify subtle spectral features and patterns that otherwise might be hidden in the broader bands 

of typical multispectral sensors (O. Mutanga and Skidmore, 2004). In this regard, various 

studies have assessed the efficacy of using hyperspectral data to overcome the traditional issues 

encountered with the wider bands of multispectral data, for example, the well-known saturation 

issue in biomass estimation, especially for grassland/vegetation or agricultural imagery (Adam 

and Mutanga, 2012; Compton J. Tucker, 1977; Imran et al., 2020; O. Mutanga and Skidmore, 

2004). 

However, employing hyperspectral data in applications has its own challenges, including high 

cost, limited availability, heavy processing, and high dimensionality which leads to costly 

processing (Adam and Mutanga, 2012). The cost of acquiring these data often ends up being a 

significant obstacle for conservation organizations, managers, and researchers (Adam and 

Mutanga, 2012; Tsalyuk, 2014). Atmosphere can substantially affect the data, especially with 

sensors carried by satellites (Campbell and Wynne, 2011). Atmospheric particles like water, 

smoke, clouds, haze as well as several physical processes, including scattering, absorption and 

refraction are impactful on the spectral information quality (Campbell and Wynne, 2011). Okin 
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et al. (2001) highlight some practical limits on hyperspectral vegetation differentiation in arid 

and semi-arid environments. Hyperspectral remote sensing faces challenges in retrieving 

vegetation types in areas with low vegetation cover, especially when the cover is below 30%. 

In many circumstances vegetation can still be estimated reliably, though overestimations of 

vegetation are likely. Dry plants do not often have strong spectral features, like distinguished 

red edge and deep chlorophyll absorptions, resulting in spectral variability and nonlinear 

mixing. Additionally, some plants in arid and semi-arid environments display evolutionary 

adaptations that make them able to survive high heat and drought, therefore affecting their 

spectral properties (Okin et al., 2001). 

Regardless of the limits, new technologies and techniques are being developed continuously. 

Various applications exist in hyperspectral remote sensing beyond estimating biomass and 

detecting plant stress, such as monitoring of sea surface temperatures, coral reefs, mangrove 

forests and ocean colour (Atazadeh et al., 2021). Hyperspectral remote sensing is relevant in 

applications like land cover and land use change (Abera et al., 2022; Ahmad et al., 2023), 

environmental monitoring (Zhao et al., 2021) and conservation (Wang et al., 2010). 

Furthermore, its applications are gaining importance and relevance in various fields including, 

agriculture, forestry, geography, geology, archaeology, ecology and others (Campbell and 

Wynne, 2011). 

 

2.3.2. Remote sensing methods for assessing grass biomass  

Quantifying vegetation biomass with hyperspectral imagery and vegetation indices has been 

conducted in savannas and grasslands around the world, such as Alpine grasslands in Tibet, 

(Kong et al., 2018), Brazilian Cerrados (Jacon et al., 2021) and North-West Mexico (Raya-

Sereno et al., 2021). Grass biomass can be assessed through various remote sensing techniques 

and methods, but applying vegetation indices is one of the most recognized processing methods 

(Gao et al., 2012). For over 40 decades, various methods have been developed to assess 

grassland biomass based on remote sensing data (Gao et al., 2012). The efficient assessment of 

aboveground net primary production (ANPP) is actively researched and can provide important 

insights about the productivity and ecosystem service value of grasslands, also serving as an 

indicator for monitoring vegetation degradation and productivity (Gao et al., 2012).  Remote 

sensing can provide effective ways to capture vegetation conditions and useful approaches to 

monitor grassland biomass. Vegetation indices have been used widely in different applications 
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of remote sensing since the introduction of NDVI by Tucker (1977) which uses the red and NIR 

bands.  

The most popular and well-studied approach for estimating grassland biomass involves 

combining remotely sensed data and in-situ measurements (Anderson et al., 1993) to develop 

regression models (Boschetti et al., 2007; Dusseux et al., 2015; Huang et al., 2013; Jin et al., 

2014; Shen et al., 2008; Song et al., 2014; Ullah et al., 2012). Field measurements of biomass 

are unquestionably crucial for validating results and calibrating models in remote sensing 

methodologies (Adam et al., 2010). Several studies suggest that very high accuracies have been 

reached with a VI based regression models for biomass estimation (Bradford et al., 2005; Loris 

and Damiano, 2006; Olmanson et al., 2013; Vescovo and Gianelle, 2008; Wylie et al., 2002; Xu 

et al., 2007). However, a significant limitation of these models is that they are site specific and 

unable to learn the complex and non-linear patterns in the data (Ali et al., 2017).  

Understanding the spectral characteristics of vegetation is crucial to interpret and process 

remote sensing data. The reflectance properties of vegetation are defined by various factors, 

such as leaf pigment, structure of plant cells and water content (Eamus et al., 2016; Knipling, 

1970). Grass and other healthy vegetation have distinct reflectance patterns in the visible (400–

700 nm) and NIR (700–1300 nm) regions of the electromagnetic spectrum (Fig. 6) (Collins, 

1978). This is due to the absorption properties of biologically active pigments, such as 

chlorophylls, carotenoids, xanthophylls and anthocyanins, which result in low reflectance in 

the blue (450 nm) and red (680 nm) region and higher reflectance in NIR regions (Eamus et al., 

2016). This gives the distinct characteristic green appearance to human eyes as green light (500–

600 nm) is reflected more than absorbed. The reflectance is relatively high in the NIR region 

due to internal structure of the leaves and light scattering, and less reflectance is expected 

beyond 1300 nm in the infrared because light its strongly absorbed by water in the region 

(Eamus et al., 2016). The steep curve in between the red (680 nm) and NIR (780 nm) is referred 

to as the “red edge” area, which is defined by the abrupt rise in reflectance between the 

chlorophyll absorption feature in the red wavelengths and NIR region (Collins, 1978; Horler et 

al., 1983). However, when vegetation is under a physiological stress, for example during dry 

season, the most profound changes in the spectral characteristics are seen in the visible spectral 

region rather than the infrared, because chlorophyll is sensitive to physiological changes 

(Eamus et al., 2016).  
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Fig. 6. The absorption spectra of typical photosynthetically active radiation, chlorophyll-A, chlorophyll-

B and carotenoids (Figure from 'Concepts in Photobiology: Photosynthesis and Photomorphogenesis', 

edited by GS Singhal, G Renger, SK Sopory, K-D Irrgang, and Govindjee, Narosa Publishers/New Delhi; 

and Kluwer Academic/Dordrecht, pp. 11-51, by John Whitmarsh and Govindjee, licensed under CC BY-

SA 2.0. Source: http://www.life.uiuc.edu/govindjee/paper/gov.html. From unpublished data available at: 

https://en.wikipedia.org/wiki/Normalized_difference_vegetation_index#/media/File:Par_action_spectr

um.gif). 

Various studies have reported of the importance of selecting appropriate wavelengths in grass 

biomass assessments through remote sensing techniques. A study by Mutanga and Skidmore 

(2004) states that combination of narrow bands (MNDVI) in the shorter wavelengths of the red 

edge (700–750 nm) and longer wavelengths of the red edge (750–780 nm) resulted in higher 

correlation with biomass, outperforming NDVI which yielded lowest correlations (O. Mutanga 

and Skidmore, 2004). Similarly, Kong et al. (2016) reported that good correlation with biomass 

was achieved with spectral bands of 550, 680, 860, and 900 nm as well as their combination 

forms.  

Highlighted by Jackson and Huete (1991), vegetation indices (VIs) are metrics developed in 

the field of remote sensing to characterize various aspects of vegetation, such as type, amount, 

and condition by combining spectral data from different electromagnetic wavelengths. Simple 

measurements of light reflection from a surface are insufficient to provide a consistent picture 

of the surface due to differences in atmospheric conditions over time. Consequently, this 

problem can be partially addressed by combining data from two or more spectral bands to a 

vegetation index. They can be computed by calculating differences, ratios, combining ratios 

and differences with sums and forming linear combinations of spectral data. Jackson and Huete 

(1991) state that vegetation index is designed to minimize the solar irradiance variations and 
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soil background effects, while enhancing the vegetation signal. VIs are widely used and have 

established methodologies in numerous disciplines focused on biomass assessment, plant 

health, plant stress, crop production and water use. Despite developed for extracting spectral 

characteristics of vegetation, VIs are also influenced by various factors, such as moisture 

condition, soil background, atmospheric condition and the angles of the solar and the viewer 

(Jackson and Huete, 1991). 

Due to the unique reflection pattern to vegetation, popular method to study the quantity of 

vegetation existing in a pixel of an imagery has been to compare the reflectance between red 

and NIR wavelengths (Eamus et al., 2016). Therefore, a higher ratio of NIR to red reflectance 

presumably indicates that there is an abundance of green vegetation. This ratio is the basis of 

various vegetation indices, such as Simple Ratio (SR), which was first reported by Jordan 

(1969). Later, research by Colwell (1974) found that the ratio of NIR and red light is a feasible 

method to assess grass biomass. The Simple Ratio is represented by the formulation:  

 

SR = 
𝑁𝐼𝑅

𝑟𝑒𝑑
 

 

Additionally, plenty of other VIs have been developed throughout the years with the most 

popular being the normalized difference vegetation index (NDVI) by Deering (1978). It is 

formed by the difference of NIR, and red reflectance divided by their sum:  

 

              NDVI = 
𝑁𝐼𝑅−𝑟𝑒𝑑

𝑁𝐼𝑅+𝑟𝑒𝑑
 

 

Thus, the range of NDVI varies from -1 to +1 where negative values imply non-vegetated to 

sparse vegetation cover, and high positive values indicate productive green vegetation (Deering, 

1979). SR and NDVI are mathematically equivalent thus providing the same information 

(Jackson and Huete, 1991). Another vegetation index, used for example in quantifying desert 

shrub communities (Mao et al., 2022) and studying optical characteristics of plant leaves 

(Gitelson et al., 2001), is referred to as reciprocal difference spectral index:  
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          RDSI = 
1

𝐵𝑎𝑛𝑑 𝐴
−  

1

𝐵𝑎𝑛𝑑 𝐵
 

 

Vegetation indices are known to be sensitive to background factors, especially in the case of 

high-resolution imagery. VIs can be affected by the background soil brightness stemming from 

bare ground, leading to uncertainties and overestimations in grass biomass assessment (Huete, 

1988; Ren et al., 2018; Shi et al., 2021; Tang et al., 2019; Xue and Su, 2017). The ground surface 

spectral reflectance can also be affected by various elements in the landscape, such as soil 

colour (Gao et al., 2000), distribution of plant communities (Boelman et al., 2005), topography 

(Kawamura et al., 2005), and hydrology (Todd and Hoffer, 1998). Many studies have 

highlighted the saturation problem of NDVI at high canopy density biomass after a certain 

biomass density or leaf area index (LAI) which yields poor NDVI estimates in more densely 

vegetated areas or during peak growing season (Compton J. Tucker, 1977; Gao et al., 2000; 

Sellers, 1985; Thenkabail et al., 2000; Todd et al., 1998). NDVI computed from broad band 

sensors, typically multispectral, reach a saturation level after aboveground biomass is about 0.3 

g/cm-1 or when vegetation cover is 100% (Hurcom and Harrison, 1998).  NDVI is more 

effective when detecting sparse vegetation (Jackson and Huete, 1991). SR is highly sensitive to 

changes in dense vegetation but less effective in sparse vegetation (Jackson and Huete, 1991). 

Using narrow band vegetation indices formed from hyperspectral imagery for high canopy 

density biomass estimation has proved to overcome the saturation issue (Chen et al., 2009; O. 

Mutanga and Skidmore, 2004). Studies have shown that high accuracy in estimating biomass 

at full canopy cover can be reached when modifying vegetation indices to combine red edge 

and NIR wavelengths (O. Mutanga and Skidmore, 2004).  

The improved performance of red edge based indices compared to the traditional NDVI could 

be explained by their sensitiveness to vegetation properties like chlorophyll content and canopy 

biomass versus other wavelengths of the electromagnetic spectrum (O. Mutanga and Skidmore, 

2004; Onisimo Mutanga and Skidmore, 2004). Todd et al. (1998) reported that red edge 

displayed higher sensitivity to biomass variations in the green vegetation as compared to 

senescing vegetation. Also, Lucas et al. (2000) demonstrated a strong relationship between leaf 

area index (LAI) and the red edge position using airborne imagery. Minor changes in vegetation 

properties can lead to a shift in the red edge position, and additionally indices incorporating red 

edge and NIR can minimize the influence of the atmospheric absorption and soil background 

effects (Kokaly and Clark, 1999). 
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Modelling aboveground biomass can be divided into parametric and non-parametric models 

(Wang et al., 2022). Generally, parametric models consist of linear, logarithmic, exponential 

and other statistical regression methods (Chu, 2020; Grüner et al., 2019; Van Der Merwe et al., 

2020; Zhang et al., 2018). Non-parametric models are primarily machine learning methods, 

such as random forest (RF) (Naidoo et al., 2019), support vector machine (SVM) (Meng et al., 

2020) and artificial neural networks (ANN) (Yang et al., 2018). While there is an increasing 

interest in using machine learning approaches, studies in grassland monitoring have mostly used 

empirical models and statistical regression models (Wang et al., 2022).  

Generalised additive model (GAM) is a semi-parametric model that integrates both parametric 

and non-parametric components, serving as an extension of generalised linear models (GLMs). 

GAMs were first introduced by Hastie and Tibshirani (1986), and they have been used in 

various applications, such as in ecology (Yee and Mitchell, 1991) and biomass modelling 

(Fassnacht et al., 2021; Vuorinne et al., 2021). Hastie and Tibshirani (1986) note that GAMs 

provide flexibility, especially when portraying complex relationships, by using smoothers to 

form curves that display underlying trends between response, grass biomass measurements in 

this study, and predictor variables. A crucial parameter in GAM is its dimension k, which adjusts 

the smoothing function. (Li and Mao, 2020; Yee and Mitchell, 1991) They are data-driven so 

that data itself determines the shape of the response curves, rather than being restricted by fixed 

shapes. This enables the individual interpretation of variables and their contribution to the 

model. (Yee and Mitchell, 1991) The independent and dependent variables are not required to 

have any predetermined distributions (e.g. normality) or hypothetical relationships, unlike in 

other linear statistical models. Additionally, GAMs are known for their robust generalization 

abilities (Li and Mao, 2020). 

However, despite modern advancements there are certain limitations and challenges in all the 

aforementioned methods. KarakoÇ et al. (2019) demonstrated that in the case of high biomass 

densities and degraded accuracy of biomass estimations, selection of appropriate indices 

depending on the spectral characteristics of grasslands was more critical than the choice of 

regression models. Wang et al. (2022) argued that instead of emphasising simple statistical 

regression models, most applications should involve advanced estimation methods, such as 

deep learning and fitting non-linear relationships.  

A common issue in studying heterogenous vegetation and landscapes is the interference in 

spectral signatures, where soil can be mixed with pixels of vegetation and vice versa, therefore 
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impacting the accuracy of estimating vegetation properties (Du et al., 2023). The mixed pixel 

issue is particularly relevant with coarser resolution but does not disappear completely even 

when the resolution increases (Du et al., 2023).  Additionally, factors such as herbaceous ground 

layer, sparse vegetation cover and GPS positional errors can lead to backscattering, distortions 

in data, and inaccurate reflectance values (Braun et al., 2018; Sarrazin et al., 2011). 

Further, Sarrazin et al., (2011) note that the grazing effects of wildlife and agriculture in the 

landscapes can lead to considerable biomass differences within small areas. Additionally, the 

presence of soil background signals, varying vegetation types (grass, shrubs and trees) 

contribute to the difficulties in differentiating vegetation signals in savannas (Gessner et al., 

2013; Huete, 1988; Okin et al., 2001).  

The quick responses to rain, especially grasses, is both an ecological advantage and challenge 

for remote sensing in semi-arid ecosystems (Williams et al., 1998; Xu et al., 2015). This is 

crucial for the ecosystems success across different seasons but leads to challenges in remote 

sensing, since merely satellite based methods using VIs like NDVI may not fully represent 

temporal patterns of primary production, regardless of extensive spatial coverage of the data 

(de Jonge et al., 2022).  

Additionally, highly seasonal rainfall occurrence poses challenges for remote sensing 

applications in savannas due to the high reflectance in red and NIR of dry vegetation (Okin et 

al., 2001; Xu et al., 2014). The low contrast NIR to red ratio of dry vegetation complicates 

biomass estimation with methods used in other ecosystems making the use of remote sensing 

to quantify dry biomass unreliable (Eisfelder et al., 2012; Xu et al., 2014). Xu et al. (2014) 

showed that NDVI may have negative or no correlation with vegetation biomass when dead 

plant cover exceeds 20%. Further, there is a challenge in transferring models used for remote 

sensing of vegetation measurements in semi-arid environments from one place to another 

(Eisfelder et al., 2012). 

To address some of the identified challenges and the scarcity of similar studies, this research 

aims to estimate grass biomass in an East African savanna environment using hyperspectral 

airborne imagery and identifying the most effective wavelengths by applying vegetation indices 

and GAM (Generalised Additive Model) models.  
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3. Methodology 

3.1. Study area 

The study area – LUMO Community Wildlife Conservancy area – is located in the lowlands of 

Taita-Taveta County in southeastern part of Kenya (3°29'13.2"S, 38°12'36.0"E, Lion Rock) 

about 850 – 1050 m above sea level, covering approx. 460 m2 (Fig. 7) (Sheila Wachiye et al., 

2022). LUMO Conservancy is an amalgamation made up of three community ranches: 

Lualenyi, Mramba and Oza, hence the acronym name LUMO. Lualenyi contributes 28,000 

acres, Mramba and Oza each adding 10,000 acres which comprises a total of 48,000 acres 

(Sheila Wachiye et al., 2022). Situated along Tsavo East and Tsavo West National Parks, LUMO 

provides an important wildlife habitat for animals moving between these two larger protected 

areas but also enables the migration of wildlife populations across Mkomazi National Park in 

Tanzania (LUMO Conservancy, 2023). 
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Fig. 7. Study area map in LUMO Conservancy (Kenya) including all the grass sampling plots 

of the study. All the basemaps are sourced from ArcGIS Pro basemap-gallery, provided by Esri 

Inc (ArcGIS Pro 3.1.0, 2023, Esri Inc). 

The semi-arid conditions of LUMO and the lowlands of Taita-Taveta County are distinctively 

defining feature of its tropical savanna environment (Abera et al., 2022). The region has two 

rainy seasons annually and the rainfall is between 400 and 600mm. The long rains occur from 

March to May while short rains are expected from November to December (Pellikka et al., 

2018). January and February experience usually the peak of dryness and heat, which is when 

the field work was conducted. The dry season taking place from June to October is cooler. At 

the end of the dry season in October, the maxima evapotranspiration in the lowlands is 

>7mm/day (Erdogan et al., 2011; Pellikka et al., 2018). 

LUMO Conservancy represents the common environmental characteristics of a tropical 

savanna. The lowlands of Taita-Taveta County, including LUMO Conservancy, are mainly 
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composed of grasslands and shrublands (Abera et al., 2022). The wildlife conservation areas 

accommodate megafauna, for example elephants, giraffes, antelopes, rhinos, and buffalos 

(Abera et al., 2022). The prevalent soil in the lowlands is Ferralsol, which is acidic, dark red, 

sandy soil due to accumulation of metal oxides (Amara et al., 2020; Kögel-Knabner and 

Amelung, 2014). Further, these areas are characterized by Acacia-Commiphora type dry 

thickets, croplands by dryland agriculture, cattle grazing, sisal farming and other notable 

wildlife conservation efforts in addition to LUMO, such as Tsavo National Park and Taita 

Wildlife Conservancy (Pellikka et al., 2018). 

The growing population in Kenya and Taita-Taveta County presents further challenges with 

increasing need for land resources, water supplies and energy production, accentuating the 

pressure on communities like LUMO (Pellikka et al., 2013). Since 1962 to 2019, the population 

of the whole Taita Taveta District has grown from 90,000 people to 340,671 (Platts et al., 2011; 

Kenya National Bureau of Statistics, 2019). The main source of income for 78% of people in 

the County is agriculture with most of them being small-scale farmers and there are 28 ranches 

designated for livestock production (CIDP, 2013-2017). 

LUMO report (2019) states that rangeland management in the conservancy is facing notable 

challenges, predominantly due to overgrazing. The report also mentions that the issue is being 

aggravated by elephant destruction and the impacts of climate change. The western part of 

LUMO (West Mramba) is preserved for livestock management, while the eastern part (East 

Mramba) serves as habitat for wildlife but is very often invaded by large cattle herds (Amara et 

al., 2020). There is a large inflow of herds within LUMO by local herders, neighbouring 

communities, and illegal herders during dry seasons. The density of wildlife populations may 

differ significantly in the area during the wet and dry seasons. This leads to significant 

overgrazing challenges since the land is already under pressure during the peaks of heat and 

drought. (Amara et al., 2020) Herders move their cattle to LUMO in search of better forage and 

water supplies when their lands are depleted of forage and have most of their lands used for 

crop production (Sheila Wachiye et al., 2022). LUMO Conservancy is not fenced, which 

enables the free movement of livestock and wildlife, but meantime also contributes to the 

problem of overgrazing (CIDP, 2013-2017). Understanding the complexity of land use and 

management challenges, especially combined with local agricultural practices is essential when 

tackling with diverse and ongoing issues of overgrazing in dynamic savanna conservancies such 

as LUMO. The University of Helsinki have conducted studies in this area with advanced remote 

sensing techniques to enhance the understanding and mapping of ecological characteristics, 
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such as biomass distribution, in relation to land use management and other human activities 

(Abera et al., 2022; Amara et al., 2020; Sheila Wachiye et al., 2022). 

 

3.2. Data collection  

3.2.1 Grass sampling  

In-situ measurements for the grass biomass modelling were collected in LUMO to represent the 

variety of grass biomass. The field work was carried out from 15th of January until 1st of 

February 2022 at 35 pre-selected study plot sites. The location of the plots was chosen to capture 

the environmental variability and heterogeneity in the study area. The variability in soil and 

grass were accounted for by relying on the expertise of team members, their previous 

knowledge of the area and recent Pleiades Neo satellite imagery. Some of the plots were 

selected among the plots studied by Wachiye et al. (2022) (Sheila Wachiye et al., 2022).  

In each study plot of 20 m × 20 m, four subplots were chosen randomly, resulting in a total 140 

subplots of 1 m × 1 m in size. First, the location of the study plot and the subplots were measured 

using RTK-GNSS (Trimble GeoXH 600 and NetR9) resulting in average accuracy of > 30 cm. 

Following this, all the measurements, notes and pictures were taken before sampling the grass. 

The biomass was harvested for each subplot at a ground surface level (Fig. 8) followed by 

categorization of samples into grass and shrubs. After sampling, the total grass and shrub fresh 

weight was measured in the field. Lastly, the grass was dried in the oven for 24-48 hours at 

70°C and measured for dry weight in the laboratory of Taita Research Station (Fig. 8). These 

dry weight measurements served as reference values in the regression analysis framework.  
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Fig. 8. (A) Sampling grass biomass of a subplot on the field on the left and (B) 

conducting fresh grass measurements in the laboratory of Taita Research station on the 

right. Pictures taken in January 2022.  

 

3.2.2 Hyperspectral data collection 

The collection of hyperspectral airborne imagery was acquired in February 2022 during dry 

season using AisaKestrel 10 sensor by Specim mounted on Cessna C206. Table 1 presents 

overview of the data collection details. There was a two-week interval between the field and 

the airborne data collection campaign. The imagery of the study area in LUMO was collected 

on three distinct days: 14., 17. and 19.02.2022 with a flying height of 850 m above the ground. 

Hyperspectral AisaKestrel 10 sensor was used in four times spectral binning mode, reducing 

the number of bands from 192 to 92 wavelength bands with a wavelength range of 381 – 1003 

nm and spectral resolution of 6.7–6.9 nm. The binning technique reduces data volume and noise. 

The imagery was collected between 08:30 – 11:05 under bright clear-sky conditions to keep the 

sun angle effects consistent and to avoid afternoon cloud build up. Keeping the flight lines 

approximately perpendicular to the sunlight direction assists to minimize bidirectional 

reflectance effects (Skidmore et al., 2010).  The sensor was used in two times spatial binning 

mode, leading to a fine spatial resolution of 0.7 meters. Flight lines were flown on each flight 

day covering the whole study area. Visibility was 80 km and average water vapour 2.4 cm. 

AisaKestrel 10 sensor is a pushbroom-type sensor that scans the surface perpendicular to the 
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flight direction. These types of sensors image one line at a time, using a line of detectors that 

measure all the pixels in the line simultaneously (Sousa et al., 2022). 

 

Table 1. Characteristics of the airborne imagery campaign taking place above the study area in 2022 

and the hyperspectral sensor Aisa Kestrel 10 by Specim (Spectral Imaging Ltd. Oulu, Finland).  

Sensor  AisaKestrel 10 

Spectral range  381 - 1004 nm 

Spectral resolution 6.7–6.9 nm  

Spatial resolution  0.7 m  

Frame rate Up to 170 or 100Hz 

Number of bands  92 

Field of view (FOV) 39°  

Platform Cessna C206 

Time of data collection 14., 17., & 19.02.2022 

Total system weight 4.75 kg  

 

 

3.3. Pre-processing of hyperspectral data 

The raw data underwent through several pre-processing steps prior analysing: georectification, 

radiometric and atmospheric correction with DROACOR 2.0 (ReSe Applications Schläpfer, 

Wil, Switzerland) and Specim’s CaliGeo Pro 2.2 (Spectral Imaging Ltd. Oulu, Finland).  
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Fig. 9. Flowchart visualizing the workflow of data collection, preprocessing and modelling. 
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The geometric correction of the hyperspectral imagery includes various methods to ensure that 

the geometry and the location of the data is accurate. Geometric correction, also known as 

georectification is a process where the collected hyperspectral imagery is aligned with accurate 

geographic coordinates to correct any inconsistencies between the location coordinated of the 

raw data, and the true location coordinates on the ground (P.Dave et al., 2015). It is vital to 

ensure the geometric accuracy of each pixel in the image to avoid distortions and secure ground 

for accurate analysis. Georectification was performed using sensor location and orientation 

information. This information is acquired during the image acquisition with PPP-GNSS 

(location), and inertial measurement unit (orientation). Georectification was performed with a 

Digital Surface Model (DSM) for image alignment to consider the height variations of ground 

object, which impact their perceived locations. The information from DSM, GNSS for location 

and an IMU (Inertial Measurement Unit) information (roll, pitch, azimuth) was employed for 

position and imagery alignment. In addition, information collected from boresight flights were 

applied to the process. Boresight flights are used to calculate boresight angles which is the 

attitude difference between GNSS/INS and Aisa sensor. Boresight angles can be assessed 

through at least three flight lines flown in various directions and ground control points. 

Ultimately, optimal georeferencing results for airborne hyperspectral data is achieved when the 

effect of attitude difference is eliminated. (SPECIM, CaliGeoPRO User Guide) 

Radiometric correction ensures to optimize the quality of the measured spectral radiance data 

using radiometric calibration data that was received from SPECIM to use for sensor calibration 

before the flights (Spectral Imaging Ltd. Oulu, Finland). The raw data digital number (DN) 

format of the sensor measurements is converted into spectral radiance. Secondly, the radiance 

values detected by the sensor is transformed into ground surface reflectance value using 

conversion factors from the calibration files. These reflectance values provide information of 

how much light is being reflected off the objects on the ground (Chen et al., 2005).  

In addition to correcting scattered radiance, further steps were taken to mitigate atmospheric 

effects. Atmospheric correction was done with DROACOR software version 2.0 (ReSe 

Applications Schläpfer, Wil, Switzerland) to reduce the impacts of scattering and absorption, 

generating true reflectance values. Some of the flight lines had visible cumulus clouds which 

were removed with a cloud shadow removal mask. This noise in the data was corrected and 

filled by interpolating some of these absorption bands and applying a “smoothing” algorithm 

called Savitkzy-Golay filter which is related to bottom of atmosphere reflectance retrieval. 
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Ultimately, all the interpolated bands were excluded from the modelling workflow to get the 

original reflectance values.  

As noted by Collings et al. (2010), the differences in the solar angle and the viewing angle of 

sensor can cause variations in reflectance between the flight lines and consequently 

inconsistencies in data. These differences, called BRDF effect, may lead to disparities in 

imagery captured at different times or angles, even if the characteristics of the area remain 

similar. To address this, BRDF correction was used following atmospheric corrections to 

correct these variations in reflectance measurements. This process considers different factors, 

such as vegetation to make necessary adjustments (Collings et al., 2010). The effects from 

bidirectional reflectance distribution function (BDRF) were corrected using DROACOR 

software version 2.0 (ReSe Applications Schläpfer, Wil, Switzerland). The method in 

DROACOR software uses the Ross-Thick-Li-Sparse reciprocal BRDF model kernels to 

correct the imagery (DROACOR User Manual, 2022). Finally, a tree mask was applied to the 

mosaicked and corrected images with a canopy height model (CHM) in RStudio version 

12.0.353 (RStudio, 2022) to exclude all objects above two meters. 

 

3.4. Data analysis and modelling  

This study aimed to gain deeper understanding of the relationship between grass biomass 

measurements and vegetation indices (VIs) calculated from hyperspectral data. Three main 

strategies were adopted in this methodology: (i) calculating Generalised Additive Models 

(GAMs) for the VIs, (ii) conducting accuracy assessments and (iii) producing a grass biomass 

prediction map using the best performed VI. 

The analytical process of calculating VIs, fitting GAMs, and performing accuracy assessment 

was executed on RStudio version 12.0.353 (RStudio, 2022). The VIs were derived from 

reflectance values acquired from study plots located within the study area. All potential two-

band combinations were computed for three widely used standard VI formulations: 1) ratio 

based spectral index (RSI = 
𝐵𝑎𝑛𝑑 1

𝐵𝑎𝑛𝑑 2
 ), 2) normalized difference spectral index (NDSI = 

(𝐵𝑎𝑛𝑑 1−𝐵𝑎𝑛𝑑 2)

(𝐵𝑎𝑛𝑑 1+𝐵𝑎𝑛𝑑 2)
 ) and 3) reciprocal difference vegetation index (RDSI = 

1

𝐵𝑎𝑛𝑑 1
−

1

𝐵𝑎𝑛𝑑 2
).  The 

optimal band combinations for each vegetation index were identified by fitting GAMs and 
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examining the highest explained deviances (D2). GAMs were implemented in RStudio with 

mgcv-package to explore the relationship between biomass and VIs.  

 

The equation of GAM is as follows: 

 

where y is the response vector, 𝛽0 is the model intercept, fj (X) is a smooth function of predictor 

X, and ε is the residual (Wood, 2017). A link function is used in a GAM model, which connects 

the mean value of the dependent variable (grass biomass) to its linear predictor (Crawley, 2012). 

In this study, a smoothing function with k = 3 was chosen to prevent overfitting (Li and Mao, 

2020) and a Gaussian-error structure was used as the identity link function. The degrees of 

freedom (flexibility) in the model are determined by the k parameter, which defines the upper 

limit on the degrees of freedom connected to the smoothing function (Wood, 2023).  

The reflectance values were extracted from the hyperspectral mosaic using subplot centre points 

with a bilinear method, which interpolates the values of the four nearest raster cells. Next, an 

exploratory data analysis was conducted with NDVI to explore any outliers in the dataset.  

Once the GAMs were fitted with all the VIs, the models and best spectral regions for biomass 

were assessed based on explained deviance (D2), which is formulated as follows (Guisan and 

Zimmermann, 2000):  

D2 = 
(𝑁𝑢𝑙𝑙 𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒−𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒)

𝑁𝑢𝑙𝑙 𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒
. 

Furthermore, the performance and reliability of models was evaluated with leave-one-out cross-

validation (LOOCV) that resulted further information with values of Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE) and correlation coefficient. The LOOCV is a type of k-

fold cross-validation method used as statistical estimation technique where the initial dataset is 

divided into k subsets of approximately equal size (Geisser, 1975; Stone, 1974). The model is 

trained k times, each round using a different subset for testing and the remaining for training. 

This process is repeated k times where each of the subsets is used once as a test set. The results 

from the tests are obtained by averaging the accuracy values computed on each subset. LOOCV 
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is widely used in different fields in addition to remote sensing, such as bioinformatics (Simon 

et al., 2003) and machine learning (Elisseeff and Pontil, 2002). 

Two distinct modelling techniques were applied in the study, with the purpose of comparing 

different techniques and assess which one would produce better results. The plot level technique 

could potentially mitigate position accuracy errors by using average values from field 

measurements, thus providing a more stable and representative modelling results. The benefits 

of sample level technique could be related to bigger sample size which could result in increased 

reliability, reduced errors, and robustness. 

 

4. Results 

4.1. Descriptive statistics of grass biomass data 

Summary of dry and wet weight grass biomass is shown in Table 2. The dry weight of sampled 

grass biomass varied between 0-348 g/m2. The histogram of plot level measurements displays 

values being right skewed whilst slightly asymmetric, indicating dry weight grass biomass 

values are concentrated mostly in the lower part with some higher peaks across the scale (Fig. 

10). 

 

Table 2. Descriptive statistics of dry and wet weight grass biomass sample measurements 

collected from LUMO. 

       

 Grass biomass 

(g/m2) 
 

Min 1st Quantile Median Mean 3rd Quantile Max 
 

       
Dry weight 

 
 

0.0 
 

35.9 
 

89.8 
 

111.4 
 

155.2 
 

348.0 
 

Wet weight 0.0 64.75 175.50 224.10 329.25 1132.50 
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Fig 10. A histogram of dry weight grass biomass measurements. 

 

4.2 Exploratory data analysis 

To identify possible outliers in the dataset, exploratory data analysis of the relationship of NDVI 

and dry weight grass biomass was done prior to executing the GAM modelling workflow. The 

relationship between NDVI and dry weight grass biomass is shown in Fig. 11. All the figures 

show a positive relationship with NDVI and biomass. Figure of the complete dataset including 

all the image acquisition dates (14., 17., & 19.02.2022) shows a greater variability in values 

and a weaker relationship between the variables compared to the reduced data set of plot and 

sample levels (14. & 17.2.).  

An exclusion of data was related to differing environmental conditions between image 

acquisition dates. Rainfall events took place in the study area, as shown in Fig 12., which caused 

differences in reflectance values between the first two flights (14.02, 17.02) and the last one 

(19.02.) (Fig. 13). Thus, it was necessary to exclude the images acquired 19.02. and all the plots 

located within this area to maintain the integrity and comparability between data. This 

demonstrates the importance of the right timing in field work measurements and acquiring 

airborne imagery at the same time in this kind of semi-arid savanna environment that is quickly 

reacting to rainfall. Altogether, the reduced dataset included in the final modelling workflow 
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consists of 24 plots and 94 subplots that were within the image acquisition dates of 14.02 and 

17.02.2022. 

Based on visual inspection of the dataset, one plot (P14) was identified as an outlier and 

consequently it was excluded from the final analysis of GAM modelling. The reflectance values 

of this plot were distinctly different from the rest of the dataset and did not represent typical 

conditions and patterns of grass biomass in the study area. The vegetation in this plot was quite 

scarce and located in an atypical place. The location was in a seasonal stream bed, a dent where 

water is stored. Consequently, despite having low biomass, the plot still shows as green and 

lush in the imagery, resulting in higher reflectance values.  

 

Fig 11. The relationship between NDVI and dry weight grass biomass samples in complete and 

reduced datasets.  
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Fig 12. Histogram of a nearby a weather station in the study area during hyperspectral image 

collection campaign (weather station operated by University of Helsinki).   

 

Fig. 13. Mosaic of acquired hyperspectral images showing the distinct differences between 

dates 14., 17., and 19.02.2022. 
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4.3 Best vegetation indices and band combinations 

All the possible combinations of two spectral bands were computed on three individual 

vegetation indices: ratio based spectral index (Band 1 / Band 2), normalized difference spectral 

index (Band 1 – Band 2) / (Band 1 – Band 2) and reciprocal difference index (1 / Band 1 – 1 / 

Band 2). Explained deviances (D2) between all band combinations were determined and are 

shown in Fig. 14, which illustrates how well each band combination in these vegetation indices 

predict data variability. Results of the analysis are displayed in the form of D2 matrices for each 

Band 1 (401–997 nm) and Band 2 (401–997 nm) pair. The D2 value is represented by colour 

intensity, where the most intensive yellow hue suggests the highest D2 value and therefore being 

the most effective at explaining variations in the data.  

 

As shown in Fig. 18., there are visible trends with the optimal band combinations and their 

explained deviances, despite of D2 value variations across plot and sample level GAMs and 

different vegetation indices. The values for these optimal band combinations range from 0.61 

to 0.79. Table 3 reveals a consistent pattern across both modelling levels: the same band 

combinations appear as the best for both RSI and NDSI (B78 / B43) and for RDSI (B46 / B47). 

Fig. 18. graphically highlights that an overwhelming proportion of grass biomass information 

is concentrated between approximately 680 nm and 997 nm, combined with bands around 600–

700 nm. The highest explanatory power for both plot and sample level modelling was 

discovered in RSI and NDSI indices, with D2 value being 0.79 at the plot-level and 0.68 at the 

sample-level. The most effective band combination for these indices was B78 and B43 (908 nm 

/ 667 nm), where the near-infrared (NIR) portion around 908 nm coincides with red range 

wavelengths around 667 nm. Although RDSI performed weaker overall in both levels, its 

highest explained deviance was achieved with the combination of 688 nm and 695 nm. The 

highest D2 values for RDSI at the plot level was 0.71 and 0.61 at the sample level. Poor 

explained deviance values were obtained approximately beyond 590 nm.  
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Figure 14. Matrixes of plot and sample level GAMs showing the highest and lowest explained 

deviance values (D2) between dry weight grass biomass and vegetation indices (RSI, NDSI, 

RDSI) and their best band combinations. 
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Table 3. Summary of explained deviances (D2) and the best band combinations for RSI, NDSI 

and RDSI vegetation indices by fitted Generalize additive models (GAMs).  

D2 values and band combinations for vegetation indices - plot level (n = 24) 

Index D2  Best band combination Wavelength (nm) 

 

RSI 0.79 B78 / B43 908 / 667 

 

NDSI 0.79 B78 / B43 908 / 667 

 

RDSI 0.71 B46 / B47 688 / 695 

 

 

D2 values and band combinations for vegetation indices - sample level (n = 96) 

Index D2  Best band combination Wavelength (nm) 

 

RSI 0.68 B78 / B43 908 / 667 

 

NDSI 0.68 B78 / B43 908 / 667 

 

RDSI 

 

0.61 

 

B46 / B47 

 

688 / 695 

 

 

4.4 Assessment of the best biomass models 

4.4.2. Plot and sample level models 

LOOCV was applied for the best performing RSI, NDSI and RDSI indices to assess the 

predictive accuracy of the GAMs predictions in both modelling levels. Table 4 presents an 

overview of the results of the validation assessment with RMSE (g/m2), MAE (g/m2) and 

correlation values. Based on the error metrics, RSI at plot level outperformed other indices both 

at plot and sample levels. This is demonstrated by previously mentioned D2 values in Table 4 

(0.79), RMSE of 40.15 (g/m2), MAE of 30.64 (g/m2) and a correlation coefficient of 0.74. 

Further, a correlation coefficient suggests a strong positive linear relationship between grass 

biomass and the RSI index, as Fig. 19. also highlights. However, NDSI at plot level showed 
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similar metrics but scored slightly higher RMSE (40.96) and MAE (31.49), and a lower 

correlation coefficient (0.73).  

Table 4. Root mean squared error (RMSE), mean absolute error (MAE) and coefficient 

correlation metrics of leave-one-out cross validation (LOOCV) accuracy assessment of the best 

RSI, NDSI and RDSI indices at plot and sample levels.  

 

 

 

LOOC-validation results  

Plot-level (n = 24) 
  

Index RMSE (g/m2) MAE (g/m2) Correlation 

    

RSI 40.15 30.64 0.74 

NDSI 40.96 31.49 0.73 

RDSI 49.04 38.37 0.63 

    

Sample-level (n = 96) 
 

Index RMSE (g/m2) MAE (g/m2) Correlation 

    

RSI 51.67 39.53 0.65 

NDSI 51.16 38.83 0.66 

RDSI 51.67 43.15 0.58 
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Fig. 15. Generalize additive model (GAM) regression response curves presenting the 

relationship between observed and predicted values of grass biomass and vegetation indices 

(RSI, NDSI, RDSI) at plot and sample level. D2 indicates explained deviance values and RMSE 

the root mean squared error values (g/m2).  
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4.5. Grass biomass map 

Grass biomass was estimated in the study area using the best performing RSI vegetation index 

(Fig. 16). The estimated grass biomass values range between 0 – 2894 g/m2, as seen in Table 5. 

The map displays notable variations in grass biomass within the area, especially in the southern 

region. The median values (101.36 g/m2) are overall close to the field measurements, but there 

are very high estimates reaching up to 2894 g/m2. These high values can be seen in water 

channels, especially in the western part of the map. Additionally, some bushes and trees have 

seemed to have affected to these particularly high biomass values. There are also big differences 

between the two imagery dates, occurring especially in the south.  

 

Table 5. Descriptive summary of estimated grass biomass in the study area of LUMO 

Conservancy (2022).  

 
Minimum 1st Quantile Median Mean 3rd Quantile Maximum 

Grass biomass (g/m2)  0 47.98 101.36 154.4 226.5 2893.55 
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Fig. 16. Grass biomass map derived from the best index of RSI to demonstrate the spatial 

variability of grass biomass in the study area (January 2021). The map was done with ArcGIS 

Pro (ArcGIS Pro 3.1.0, 2023, Esri Inc) and a standard deviation stretch was applied for 

visualisation purposes.  
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5. Discussion  

5.1. Performance of hyperspectral data in grass biomass modelling 

One of the objectives was to explore the relationship between three key elements: the selected 

vegetation indices (RSI, NDSI, RDSI) and grass biomass measurements. This was carried out 

through a comparative approach, where averaged plot level (n=24) measurements were 

compared with individual sample level (n=96) measurements. Semi-arid environments like 

savanna are highly heterogeneous and dynamic and behold a lot of variation in both grass 

biomass and reflectance values of acquired hyperspectral imagery. The results of this study 

indicate the strongest relationship between grass biomass and the vegetation indices RSI and 

NDSI at plot level. 

The results showed that RSI at plot level had the highest performance in predicting dry weight 

grass biomass among fitting GAMs and LOOCV accuracy assessment techniques (RMSE = 

40.15, MAE = 30.64, Correlation = 0.74). The optimal band combinations for plot and sample 

levels showed consistency with all the indices achieving the same best band combinations. RSI 

and NDSI demonstrated the strongest connection to grass biomass at plot level with the most 

effective band combinations found in the 908 nm and 667 nm regions, resulting in an explained 

deviance of 0.79. These findings suggest a strong relationship between grass biomass, RSI and 

NDSI. The results align with those obtained by Thenkabail et al. (2002) who identified the best 

narrowband indices to be found with the combination of a band centered at 675 nm with a 

bandwidth of 15 nm for the red and another band centered around 906 nm or 920 nm for NIR.  

RSI and NDSI formulas were found superior to RDSI at both plot and sample level estimation 

in grass biomass. The results differ to those of Mao et al. (2022) who estimated aboveground 

biomass in desert environments and highlighted the potential of RDSI to generate significantly 

better VIs compared to other formulas. For instance, a formula based on RDSI called NRDVI 

(Near Infrared Reciprocal Vegetation Index) showed strong explanatory power for all 

aboveground biomass satellite modelling. The study suggested that the reciprocal conversion 

method would imitate the absorption spectrum successfully, therefore making it effective in 

capturing the variations in spectral absorbance of desert shrubs. However, additional research 

is required as the RDSI is not as established in estimating biomass compared to other more 

commonly known formulas like RSI and NDSI.  
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Another objective of the study was to identify most important spectral features to explain grass 

biomass. Previous studies, such as those by Kong et al. (2018) and O. Mutanga and Skidmore 

(2004), have demonstrated that the use of red bands around 620–780 nm and NIR bands around 

700–1300 nm, as well as their combinations, yield good correlation with biomass. It aligns with 

this study’s results, where high explained deviance values were also found throughout the range 

of around 680–997 nm coinciding with bands from 620 to 720 nm, in addition to the most 

effective band combination of 908 nm and 667 nm. These identified spectral regions accord 

with the studies of Thenkabail et al. (2002), Cho and Skidmore (2006) and Horler et al. (1983). 

The most effective spectral regions observed in this study can explained by the reflectance 

properties of vegetation. Thenkabail et al. (2002) highlighted the significance of the red spectral 

regions (660–675 nm) relating to chlorophyll absorption with two main points; pre-maxima at 

660 nm, which is characterized by varying absorption due to factors like biomass and soil 

background, and maxima at 675 nm, which has the greatest crop-soil contrast and strong 

correlations with chlorophyll-a and chlorophyll-b. Similarly, Cho and Skidmore (2006) and 

Horler et al. (1983) reported that shifts in the red edge (680–760 nm) indicate changes in plant 

health and biomass, which is caused by its sensitivity to chlorophyll content of the vegetation. 

Mutanga and Skidmore (2004) showed that a significant proportion of biomass information is 

in the red edge portion (680–780 nm). 

Using the combination of sensitive red and NIR in VIs (RSI, NDSI) proved effective in 

quantifying vegetation characteristics like biomass, as highlighted in the results of this study. 

Thenkabail et al. (2002) demonstrated the effectiveness of this approach in studying vegetation 

with hyperspectral imagery. The NIR region (750–1300 nm) shows strong reflectance from 

healthy vegetation due to internal structure of the leaves, thus corresponding to biomass and 

LAI well. They also stated that absorption increases in the NIR “shoulder” (940–1010 nm) as 

biomass and moisture increases, further emphasizing the importance of NIR in biomass 

assessments. 

Xu et al. (2022) and Mutanga and Skidmore (2004) emphasized the effectiveness of using green 

region in addition to red and NIR for grassland vegetation studies. Even though this study aligns 

most strongly with the stated efficacy of red and NIR regions, a mild correlation was observed 

between biomass and VIs within the 550–680 nm coinciding with 530–590 nm. This subtly 

emphasizes the green region. However, it’s important to note that the strength of these 

relationships was less prominent compared to the most significant spectral regions identified 
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(667–997 nm). Further, this study was focused on savanna rangelands, instead of controlled 

laboratory conditions or pure grasslands as studied by Mutanga and Skidmore (2004) and Xu 

et al. (2022). The observed superiority of red and NIR over green in this study could be related 

to numerous factors including processing techniques, sensor differences, temporality, and 

differences in study context, and would need further investigation.  

In this study, the lowest D2 values were obtained approximately in areas where 700–997 nm 

(red and NIR) is combined with the region of 401–580 nm (blue and green). Vegetation reflects 

more light in the green region (500–600 nm) due to lower chlorophyll absorption, conversely 

to blue (400–500 nm) and red, which are strongly absorbed for photosynthesis (Huete, 2004). 

Thenkabail et al. (2002) further stated that blue range is subject to atmospheric effects and 

provides only a small contrast in reflectance of vegetation and soil, making it questionable to 

use in biomass assessments. Consequently, this would explain the poor observed relationships 

of in this study, where combining the visible (401–580 nm) with regions of red and NIR (700–

997 nm) showed less sensitivity to biomass compared to the most effective regions (680–997 

nm). 

The findings of this study showed that certain VIs have a stronger relationship with biomass, 

as RSI and NDSI (908 nm / 667 nm) demonstrated the most explanatory power. The 

performance of RSI and NDSI was quite similar, aligning with their mathematical equivalence 

as previously mentioned in the literature review. Jackson and Huete (1991) reported that RSI 

utilizing red and NIR was found highly effective in areas of dense green vegetation. RSI is 

highly sensitive to changes in vegetation particularly during growth peaks, and it increases 

substantially when red reflectance approaches zero. In contrast, NDVI is more sensitive to 

sparse vegetation densities but less effective in high vegetation due to the well-known saturation 

problems. According to these factors, NDVI would be expected to outperform RSI in sparse 

environments (Jackson and Huete, 1991) like savannas, which contrasts slightly the findings of 

this study. Our findings indicated that the models were effective in biomass estimations even at 

the highest values, therefore overcoming the saturation problem typically related to broadband 

data. However, grass biomass is generally lower during dry season, suggesting that the 

saturation problem might be more prominent at other times of the year. The results of this study 

showed no indications to saturation problems with the use of narrowband indices. Thus, at other 

times of the year, the best performing models could’ve resulted substantially different results, 

or the performance difference between RSI and NDVI could have been more prominent than 

the observed results. Additionally, Huete et al. (2002) stated that the performance of certain 
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vegetation indices depends on the geographical context, methods, modelling techniques, 

vegetation type and environmental conditions. 

Several recent studies have highlighted the effectiveness of NDSI and RSI in semi-arid 

environments (Schucknecht et al., 2017; Vuorinne et al., 2021) and planted forests (Peng et al., 

2019) utilizing additional variables in addition to VIs. They acknowledged the possibility of 

using more variables for model enhancement, such as topography, climatic factors, and other 

external biophysical variables. In relation to this study, including variables such as grass height, 

soil temperature and moisture might be beneficial and could enhance the model. However, 

Hawkings (2004) noted that employing more complex models in remote sensing data analysis 

including numerous variables to explain variance can result in overfitting and unreliable 

predictions. This emphasizes the advantage of this study’s approach, which used a simpler 

modelling workflow with fewer variables. Nevertheless, future research could benefit exploring 

the impacts of additional variables in the modelling, as well as exploring the performance of 

more vegetation indices to gain further understanding. Such indices could be Soil Adjusted 

Vegetation index (SAVI), Enhanced Vegetation Index (EVI) and/or Canopy Chlorophyll 

Content index (CCCI), similarly to the study by Vuorinne et al. (2021).  

Addressing the feasibility of utilizing airborne hyperspectral data was one of the objectives of 

this study. There are several benefits to using hyperspectral imagery in biomass modelling 

compared to broadband multispectral data, which is known to have limitations related to 

acquiring sufficient information on biophysical features in terrestrial ecosystems. Thenkabail 

et al. (2002) highlighted how hyperspectral imagery provides more detailed information 

sensitive to plant pigmentation, canopy structure and soil background effects. The study found 

that the use of narrowband models enhanced the explanation power for estimating various crop 

variables. The model accuracy improved biomass estimates by up to 24% and 27%, compared 

to the best performing broadband indices. Narrowband indices also offer robustness in 

accommodating variations across a wide range of conditions including growth stages, soil 

background effects, levels of pigmentation (Thenkabail et al., 2002). In this study, various 

vegetation covers and phenological phases were represented, such as senescent, overgrazed, 

green with high canopy, and sparse to no vegetation. Regardless of great variations, 

hyperspectral imaging enabled to model different forms of grass and vegetation covers in 

accordance with the study of Thenkabail et al. (2002).  
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The results of this study accord with Thenkabail et al (2002) and Mutanga and Skidmore (2004), 

who emphasize the importance of optimal band extraction to ensure mode performance. This 

approach mitigates the issues associated with the high dimensionality and large volumes of 

hyperspectral data and optimizes the use of rich information captured from vegetation 

(Thenkabail et al., 2002). Thenkabail et al. (2002) also reported that such flexibility allows to 

target particular applications and leads to more efficient data analysis. In this study, the use of 

narrowband indices was considered beneficial, as utilizing hyperspectral imagery allowed to 

extract specific narrowband indices. This led to be effective both in results and the computation 

of models. This study’s findings indicate that the benefits of hyperspectral imaging are likely 

an advantage for developing detailed models representing dynamic savanna environments. The 

added value of narrowband indices requires further investigation. 

Remote sensing research in heavily grazed grasslands, such as those in northern Tibet (Duan et 

al., 2011) has been known to face challenges. Decreased green cover and increased soil 

exposure in these environments have been observed to shift the red edge position (Xu et al., 

2022). Additionally, Xu et al. (2022) noted that the presence of dead materials, a large 

component of native grasslands, or bare soil can cause a slight shift in the red valley position 

(a dip in reflectance between red and NIR), moving it away from 670 nm. A study by Wei et al. 

(2019) suggests how underlying surface in arid grasslands affects the red edge parameters. Our 

results indicated that the relationship between red edge and grass biomass weren’t particularly 

notable, unlike the study of Mutanga and Skidmore (2004) demonstrated. This could be related 

to the influence of dead materials and bare soil that impact the acquired spectral information. 

There is notable lack of research on how dead materials influence red edge parameters, 

especially in the context of semi-arid savannas (Xu et al., 2022), and a better understanding of 

this could be beneficial for further investigation. 

Schucknecht et al. (2017) proposes biomass estimations to be conducted early in the senescent 

phase, right after maximum vegetation development, which aligns the temporal timing of this 

study. This could help decrease errors in biomass measurements related to natural leaf decay or 

grazing taking place during senescence phases. It has been reported that late biomass 

measurements tend to underestimate the total biomass and not align with remote sensing data, 

making data during the vegetation peaks generally the most accurate (Schucknecht et al., 2017). 

This study was timed at the beginning of the dry season, which proved to be beneficial 

according to the proposals of Schucknecht et al. (2017), as a few months after the study the 

vegetation in the study area had already suffered greater levels of drought and senescence. 
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Furthermore, this study raises unanswered questions about how the best performing indices 

(RSI and NDSI) and spectral bands of this study (908 nm / 667 nm) would perform at the end 

of the dry season compared to the beginning, which could provide interesting insights for 

further investigation.  

An interesting finding of this study demonstrated that using averaged values (n=24) compared 

to individual samples (n=96) yielded better performance in modelling results. Several factors 

could explain this observation. As noted in the literature review, fine spatial resolution provides 

more detail but can cause variability and noise in data that is not relevant. Rocchini et al. (2016) 

discussed that the use of very high spatial resolution imagery might lead to higher spatial 

heterogeneity in the spectra and would lead to noise instead of enhancing the spectral 

information. This occurs especially in heterogenic nature of semi-arid rangeland environments 

like savannas and can be seen as significant variations in hyperspectral remote sensing 

measurements, depending on whether the pixel captures shrubs, grass or bare soil (Braun et al., 

2018; Gessner et al., 2013; Sarrazin et al., 2011). Additionally, the environmental conditions of 

savannas themselves are characterized by variations in moisture, grazing intensity, and 

vegetation cover (Huete, 1988; Okin et al., 2001). Consequently, the use of averaged values 

might have reduced these challenges by mitigating the noise and variability related to 

hyperspectral data and resulting in better performing models in heterogenous savanna 

environments, as was demonstrated in this study.  

Lastly, one of the objectives of this thesis was to map grass biomass within the study area. The 

predictions were based on the best performing RSI index of B78/B43 bands (908 / 667 nm). 

The biomass map showed great variations within the area and between the two images, 

especially in the southern part of the map. There are uncertainties related to weather conditions, 

image acquisition and preprocessing that could explain this. Daytime heating in the savannas 

typically result in forming of cumulus clouds (Ruppert and Johnson, 2016). These atmospheric 

disturbances can directly affect reflectance values and occur in the modelling results as well as 

the estimated biomass map. Furthermore, rainfall events between the image acquisition dates 

can lead to inconsistencies between the images and affect the mapping. The grass biomass map 

showed significant variations (0-2893.55 g/m2) in overall biomass and particular higher 

biomass seen in the southern part of the map. However, the median value (101.36 g/m2) 

indicates that the estimations are overall realistic. It is suspected that the overestimations could 

be related to rainfall event taking place before image acquisition in the southern part of the 
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study area. Additionally, some water channels in the western part of the map and bushes/trees 

might have affected the overestimations.   

There were also differences in flight times, as the border of the two mosaics had a difference of 

about 1h 30 mins in their acquisition times. BRDF correction and other preprocessing 

techniques can cause such discrepancies in ending results due to variability in viewing angles 

and atmospheric conditions. Jia et al. (2020) discuss the challenges associated with employing 

BRDF correction, such as terrains with high variation in topography. The variation can have 

impacts on the reliability of soil-vegetation BRDF retrieval and most current BRDF techniques 

for airborne imagery are created for flat surfaces (Jia et al., 2020). Finally, a conservative tree 

mask was applied to identify objects taller than two meters, therefore some artefacts are visible 

on the map which could impact the biomass estimates overoptimistically. Future work could 

benefit from exploring BRDF correction techniques to consider topographic factors. 

Additionally, timing the imagery acquisition strategically to avoid rainfall, and applying a more 

rigorous tree mask would probably improve the models.  

 

5.2. Challenges and future prospects 

It is important to highlight the limitations of this biomass estimation study in a semi-arid 

savanna. Temporal extent was a significant limitation of the study, as data observations were 

conducted during only one month, during which conditions varied significantly. The two-week 

gap between grass sampling and the acquisition of hyperspectral imagery was further 

complicated by the rainfall event that occurred during this period. An exploratory analysis of 

the data showed that the imagery from one day was not comparable with the other two days in 

the study area due to the rain, which lead to the exclusion of one acquisition day from the 

dataset. This demonstrates the sensitivity of environmental conditions and the challenges this 

presents to remote sensing research. As mentioned in the literature review, vegetation in 

savanna uses available water as quickly as possible (Xu et al., 2015), providing ecological 

competitive advantage in unpredictable environments. A sudden rainfall can significantly alter 

the reflectance values of the vegetation and can lead to quick greenup, as happened in this study. 

As mentioned in the previous section by Thenkabail et al. (2002), the absorption increases in 

the NIR (940–1010 nm) as biomass and moisture increase. It is important to consider the 

appropriate timing in field work measurements and the acquisition of airborne imagery 
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simultaneously. At the same time, perfect synchronization is challenging as the timing of the 

flights are heavily dependent on weather conditions.  

Additionally, one plot located in a seasonal riverbed proved to be an anomaly in the dataset. 

Despite appearing lush and green in the imagery, field measurements showed low biomass, thus 

resulting in its exclusion from the dataset. This plot did not represent the general conditions and 

patterns of grass biomass in the study area as the biomass, as it was characterized by scarce 

biomass and atypical location. Despite its low biomass samples, the plot showed high values 

on the map and in the model which led to inconsistencies in the modelling due to an anomaly. 

Exclusion of data to gain better model performance raises questions of appropriate data cleaning 

and shows necessity of making compromises in modelling. This study aimed to represent the 

area while considering generalizability and excluding some extreme variations in the dataset. 

Additional research is needed to better understand plots with unique characteristics such as this 

plot.  

Similar to the suggestions of Braun et al. (2018), this study also confirms the proposition for 

long term monitoring, potentially using automated active sensors operating at different 

wavelengths. The use of hyperspectral satellite imagery could have benefits in improving 

modelling workflows in savannas by increasing spatial coverage, ensuring continuous 

monitoring, and by employing bands that were not accessible in this study, such as SWIR (short-

wave infrared). Future studies could consider utilizing SWIR bands to gain more insights into 

identifying the optimal spectral regions in assessing grass biomass. Shaik et al. (2023) discuss 

the benefits of new hyperspectral satellites with high spectral resolution, such as PRISMA, in 

various applications, including monitoring vegetation. PRISMA has global coverage which is 

an efficient advantage compared to airborne sensors that have a very limited coverage. It can 

also be fused with other remote sensing data, such as LiDAR, radar or multispectral, which 

would provide interesting insights in grass biomass assessments and are suggested for further 

investigation. The challenges of hyperspectral satellites are similar to those of hyperspectral 

airborne data that is also a subject to atmospheric interferences and requires high computational 

time for processing large datasets (Shaik et al., 2023). Moreover, further work is needed to 

identify the most efficient modelling workflows for the best understanding of fluctuations in 

biomass over time in dynamic savanna landscapes, which was a significant limitation of this 

study.  
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In the context of high spatial heterogeneity and complex grass species, traditional parametric 

models don’t usually result in good performance, because they rely on assumptions of the data. 

In contrast, non-parametric models require the selection of variables and can freely learn from 

the data without any restricting pre-assumed functional relationships (Wang et al., 2022). 

Grazing has been reported to affect modelling performances by the complexity and variability 

of biomass, especially under intensive grazing practices (Ali et al., 2017). It was noted that the 

biomass curves of intensely grazed areas were more complex with significant interannual 

variation compared to less grazed areas in the study by Ali et al (2017). However, it has been 

emphasised that focusing on the most effective spectral regions of grasslands is more crucial 

than the proper choice of regression models (Karakoç and Karabulut, 2019). GAM proved to 

be a convenient model choice in the light of complex nature of savanna environment since it is 

in between parametric and non-parametric models and does not require specifying polynomial 

terms or predictor transformations to improve the model performance (Hastie and Tibshirani, 

1987). GAM has succeeded well in biomass estimations, including a study by Vuorinne et al. 

(2020). The results showed strong relationship between biomass estimates and vegetation 

indices, and the best performance was achieved using RSI and NDSI, that are in agreement with 

the results of this study. However, the regression response curves of this study demonstrate that 

the regression lines were not particularly complex and suggest that employing simpler 

parametric models could’ve also resulted in effective results. Thus, extracting the most effective 

spectral regions likely had a bigger impact on the success of the modelling rather than choice 

of regression model itself, as stated by Karakoç and Karabulut (2019).  

In general, combining ground truth data with remote sensing data can lead to highly effective 

results in grassland monitoring models. Lyu et al. (2021) demonstrated this by NDVI and EVI 

with meteorological, soil variables in an Artificial Neural Network (ANN) model and achieved 

a high model performance (R2 = 0.91). Similarly, Meng et al. (2020) found that various 

regression and machine learning models, such as Random Forest with combined ground and 

satellite data resulted in R2 = 0.78. Zhou et al (2021) also combined vegetation indices and 

ground data with Random Forest, leading to an effective performance in R2 of 0.85. The 

employment of field samples in this study proved to be a necessity, as modelling results can 

vary greatly between ground truth data, which was the case with the beforementioned 

anomalous plot. Besides model optimization, study by Herrman et al. (2013) detecting weeds 

with fine resolution data discussed about accuracy techniques. They stated that improved 

classification outcomes could have been obtained if the cross-validation was employed from 
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one date, one plot or even one image. Their results raise questions on which accuracy method 

in remote sensing grass biomass is the best for remote sensing data, especially with a rather 

small dataset like in this study. Despite the effective results gained in this study, accuracy 

could’ve been improved and utilizing some other accuracy techniques would require further 

investigation.  

Additionally, further research is required to assess the generalizability of GAM hyperspectral 

remote sensing of biomass, as models commonly tend to be site specific. Another suggestion 

incorporates testing the same dataset with different models, such as the previously mentioned 

well-performing Random Forest (RF). Jacon et al. (2021) states how other machine learning 

models can also provide more accurate estimates of biomass compared to regression models, 

including models that can handle a greater number of hyperspectral metrics. These include 

Classification and Regression Trees (CART), Cubist (CB), Partial Least Squares regression 

(PLS) and Support Vector Machine (SVM).  

Only a limited number of studies exist on studying grass biomass using remote sensed data in 

the rangeland savannas of Kenya during dry season. Biomass modelling employing various 

techniques in other contexts, such as crops (Ji et al., 2007; Panda et al., 2010; Uno et al., 2005) 

and forests (Cutler et al., 2012) is well established in numerous locations globally. This study 

showed that assessing grass biomass in the semi-arid savanna in Kenya using hyperspectral data 

in the visible to NIR spectral range indicated promising results. These findings can be beneficial 

for applying similar workflows in other semi-arid environments, showing the efficacy of using 

hyperspectral imaging in biomass assessments in the beginning of dry season. Further, it was 

discovered that utilizing averaged values can lead to better model performance with 

hyperspectral data by smoothing variations and noise. Additionally, this study contributes to 

expand the database coverage of savanna environments, especially in Eastern Africa. It also 

addresses the existing research gap on the topic and supports sustainable science-based 

monitoring techniques for savannas amidst climate change. However, further research is needed 

to improve the models and consider limitations of this study, including limited temporality and 

spatial coverage, varying weather conditions, anomalous study plots and effects of certain pre-

processing techniques.  

Grasslands serve as a vital food source for grazing livestock. The quantity of biomass has a 

crucial role in determining the pastures carrying capacity, which indicates the number of 

animals that can graze a pasture sustainably. The most affordable forage for livestock is grazed 
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grass, which highlights the need for sustainable management of grasslands to ensure the 

availability of low-cost high-quality grass (Ali et al., 2017). Consequently, local livelihoods, 

food security and wellbeing are closely connected to the condition of rangelands, emphasizing 

the importance of studying key variables such as grass biomass and monitor sensitive, dynamic 

environments like savannas, particularly in the context of global environmental changes.  
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