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Semi-arid grassland ecosystems are crucial for biodiversity, carbon sequestration,
and animal fodder; however, they are increasingly threatened by overgrazing
degradation and climate variability. Understanding their spatial distribution and
palatability is essential for sustainable land management and maintenance of
pastoralist livelihoods. This study aimed to map grassland communities and assess
their palatability in semi-arid Kenya using Multiple Endmember Spectral Mixture
Analysis (MESMA) and Sentinel-2 satellite imagery, integrating species abundance
with forage quality metrics. Sentinel-2 imagery was processed using MESMA to
classify the fractional cover of four key grass species (Cynodon, Setaria, Themeda,
and Kunthii) along with non-grass land cover types (bare ground, forests, shrubs,
and water). An iterative endmember selection method optimized the classification,
achieving a root mean square error (RMSE) of 23.5% and a 6% improvement in the
overall accuracy compared to the unoptimized models. Palatability was assessed
based on literature-derived chemical analyses and pastoralists’ perceptions of
the forage quality. In the study area, medium and low-palatable species (Setaria
and Kunthii) predominated lowland and midland areas, whereas highly palatable
Cynodon was found in small, scattered areas across varied elevations. Mixed-
grass communities were found in the central areas. The optimized MESMA model
effectively identified overgrazed areas and areas vulnerable to degradation by
observing grass palatability with grazing pressure from wildlife and livestock.
The MESMA model utilized Sentinel-2 imagery and successfully characterized
grassland communities’ spatial distribution and palatability in the study area. These
findings provide actionable insights for sustainable grazing management and land
protection, assisting pastoralists in identifying optimal grazing areas and enabling
land managers to implement targeted restoration measures.
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1 Introduction

Grasslands cover over one-third of the global land area (FAO,
2005) and play a pivotal role in food production and carbon
sequestration (Chen et al., 2023; Yang et al., 2019). These ecosystems,
which are distributed across most continents, are fundamental in
providing primary livestock feed, thus producing milk and meat,
which are essential for pastoralist livelihoods (Caroline King-Okumu
etal, 2015; Catley et al,, 2016). Despite their importance, grasslands
face numerous challenges threatening their ability to support
pastoralist livelihoods and sustain ecological functions.

Inadequate pasture management and intensified grazing have
resulted in widespread grassland degradation (Lyu et al., 2020), while
the proliferation of invasive plant species (Githae, 2018; Muthoka
etal, 2021; Strum et al., 2015; Vujanovic¢ et al., 2022) has diminished
native plant diversity. Moreover, the loss of grazing land due to hard
borders and fences (Evans and Adams, 2016) further constrains
available forage, and climate change (Liu et al., 2021; Yang et al., 2019)
exacerbates these challenges, leading to decreased grassland plant
diversity (Jawuoro etal., 2017; Wachendorf et al., 2018). Consequently,
food insecurity and poor livestock production have emerged, posing
significant risks to the pastoralist communities.

Approximately 80% of Kenya’s land comprises arid and semi-arid
lands (ASALs), which support millions of pastoralists who depend on
these areas for their livelihoods (Amwata et al.,, 2016). Savannah
grasslands host a rich diversity of plant species (Mganga et al., 2021,
2015; Muthoka et al., 2022) but are characterized by high rainfall
variability (Cheng et al., 2020), which influences forage availability.

In grassland management, the palatability of feed is a crucial
consideration, influenced by the nutritional content, digestibility, and
texture of the plants, which affect an animal’s preference for specific
feeds (Hou et al., 2023; Watuwaya et al., 2022). These factors drive
livestock migratory patterns, particularly during dry seasons when
high-quality feed is scarce (Turner and Schlecht, 2019). Pastoral
communities adapt their grazing strategies based on their knowledge
of palatable feed locations and species compositions (Tilahun et al.,
2017). However, such dynamics can lead to pasture degradation due
to prolonged animal movement and intensive feeding habits (Euclides
etal, 2019; Negron et al., 2019). Therefore, understanding the spatial
distribution of palatable feed locally and considering broader animal
movement patterns are essential. Consequently, characterizing
different grassland communities and assessing their palatability are
crucial for sustainable grassland management, pastoralist movement,
and livestock wellbeing.

Field-based surveys and aerial photography can accurately
quantify grass community abundance; however, these methods are
time-consuming, labor-intensive, and have limited geographical and
temporal coverage (Dabasso et al., 2012; Dalle, 2020; Weiss and Hall,
2020). Space-based remote sensing technologies offer the potential for
large-scale continuous monitoring of grassland community abundance
(Fauvel et al., 2020; Reinermann et al., 2020; Wachendorf et al., 2018).
Most efforts to map grassland communities and pasture-palatable
factors have used remote sensing methods that rely on hard classifiers
and multivariate statistical analyses (Chabalala et al., 2020; Ferner
et al, 2021) to assign a single variable to each pixel. Savannah
grasslands are spatially heterogeneous, characterized by highly mixed
compositions that represent multiple grassland communities within a
single pixel.
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Quantifying grassland community abundance provides insights
into ecosystem diversity and heterogeneity (Hill and Guerschman,
2020) and has implications for biodiversity and palatable pastures
(Faghihinia et al., 2021; Jawuoro et al, 2017). In this context,
abundance refers to the proportion or fraction of each grass species
within a given pixel or location. Recent remote sensing studies have
focused on determining pasture quality indices and biomass (Chen
et al., 20215 Li et al., 2020) or vegetation indices related to forage
quality (Zwick et al., 2024). Existing studies on grassland palatability
often rely on remote sensing indices or focus on individual grass
species, overlooking the complex interactions within grassland
communities. This creates a critical gap, as understanding grass
community composition and its spatial heterogeneity is essential for
addressing challenges, such as overgrazing, degradation, and drought
resilience. While pastoralists utilize traditional knowledge to identify
forage quality (Dalle, 2020; Keba et al., 2013), these methods are
limited in spatial scope and consistency, highlighting the need for
scalable, data-driven approaches, such as Multiple Endmember
Spectral Mixture Analysis (MESMA).

Recently, advanced classification methodologies, including
Spectral Mixing Analysis (SMA) and Multiple Endmember Spectral
Mixture Analysis (MESMA), have emerged (Quintano et al., 2012;
Roberts et al., 2012, 1993). These approaches utilize spectral unmixing
techniques to determine the abundance of various spectral members
within individual pixels (Roberts et al., 1993). In comparison to
alternative classification methods, such as Maximum Likelihood or
Random Forest, which assigns a single land cover type per pixel, SMA
and MESMA have demonstrated superior performance in the spatial
identification of palatable grass species within heterogeneous natural
grasslands. Investigations employing MESMA have successfully
identified fractional cover in various plant communities, including
forests, shrubs, and grasses in Californian semi-arid regions (Hamada
et al, 2011; Roberts et al, 1998), and more recently derived
abundances of forest and shrub species (Bogan et al, 2019).
Notwithstanding advancements in remote sensing technology, few
studies have utilized MESMA to classify diverse grass communities or
established correlations between these classifications and forage
palatability. To the best of our knowledge, no previous research has
employed MESMA to map the spatial distribution of palatable grasses
at a community level. Considering the necessity for precise large-scale
insights into grassland composition for sustainable grazing
management, this represents a significant limitation.

The primary objective of this study was to map the spatial
distribution of grass communities in semi-arid Kenyan savannahs
using Multiple Endmember Spectral Mixture Analysis (MESMA) and
Sentinel 2 imagery. A secondary objective is to derive palatability
maps to support sustainable grazing management. To address this gap,
our study aimed to:

1) Multiple Endmember Spectral Mixture Analysis (MESMA)
was employed on Sentinel-2 imagery to classify the fractional
cover of four key grassland community types (Cynodon,
Setaria, Themeda, and Kunthii) in semi-arid Kenyan savannahs.

2) The spatial distribution of palatable grasses was mapped by
integrating MESMA-derived classifications with literature-
based forage-quality metrics and pastoralist knowledge to
provide actionable insights for sustainable grazing and
land management.
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2 Materials and methods
2.1 Description of the study area

This study focuses on the semi-arid savannah grasslands of the
Kapiti Research Station, Machakos County, Kenya, a region critical for
understanding grassland dynamics because of its high biodiversity and
vulnerability to grazing pressure, drought, and degradation. The
station, covering 128 km? at elevations ranging from 1,615 to 1,920 m,
and is centered around Latitude 1.630S, Longitude 37.140E, represents
typical conditions of Kenyan ASALs (Arid and Semi-Arid Lands),
which sustain millions of pastoralists. These factors make Kapiti an
ideal site for testing the applicability of MESMA in grassland
community classification and palatability mapping. The Kapiti
Research Station has a warm tropical climate and experiences a
bimodal rainfall pattern, with the short rains occurring from October
to December. October marks the onset of the short rainy season,
characterized by the initial growth phase of herbaceous vegetation.
The average annual precipitation is 550 mm, with high interannual
variability. Herbaceous plant species and patchy savanna woody
species characterize the Savannah grassland at the Kapiti Research
Station. Acacia species dominate woody species, whereas the plant
species are a mix of perennial grasses (Setaria trinervia, Themeda
triandra, Cynodon dactylon, Digitaria macroblephara, Microchloa

10.3389/fsufs.2025.1543491

kunthii), annuals (Eragrostis tenuifolia and Aristida keniensis), and
forbs (Blepharis hildebrandtii, Sida ovata, Schkuhria). Furthermore,
the broad savannah plains and hills distinguish the topography; the
primary soil is red and black cotton.

2.2 Data

2.2.1 Grassland community ground inventories

In 2019, we conducted a field campaign to survey grassland
communities across two three km-long transects oriented East—West
and North-South (Figure 1). Eight grassland sites were identified to
collect the grassland diversity data. Within each 30 m x 30 m (900 m?)
sample plot, we examined four 0.5 m x 0.5 m quadrants in detail.
Initially, the cover was estimated, and then each species’ herbaceous
composition and abundance within each quadrant was recorded using
the Braun-Blanquet cover-abundance index (Braun-Blanquet, 1932;
Werger, 1974). Subsequently, we tabulated the related plots and
defined groups of similar plots as communities based on their
consistent composition.

The semi-arid grasslands of Kapiti Research Station are
heterogeneous and consist of herbaceous and woody vegetation
communities. Table 1 outlines the grassland communities associated
with the eight studied grassland sites. Grasslands were initially
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digital terrain model of the study area, which was created using data collected by a Leica ALS60 aerial LiDAR. Panel (c) shows the location of the study
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TABLE 1 Descriptions of grassland site herbaceous communities and palatability levels based on the existing literature.

Grassland sites Dominant species Level Community Reference
(abundance)
Microchloa kunthii (25) L Namukolo (2019)
KIT1B Mariscus Macropus (25) M
Kunthii Dalle (2020)
Digitaria Macroblephara (25) H
KIT1C Microchloa kunthii (25) L Namukolo (2019)
Digitaria Macroblephara (25) H Dalle (2020)
Themeda triadra (25) M Dalle (2020) and Hosaka (1957)
KIL1F Themeda
Microchloa kunthii (25) L Namukolo (2019)
Hyparrhenia lintonii (10) M Jawuoro et al. (2017)
Setaria (95) L Dalle (2020)
KIL1E Setaria
Ischaemum (5) L Dalle (2020)
Cynodon dactylon (75) H
KIL2A Cynodon Dalle (2020) and Hosaka (1957)
Justicia (5) L
Mariscus Macropus (25) M
Dalle (2020) and Hosaka (1957)
KIL2B Themeda triadra (25) M
Microchloa kunthii (25) L Themeda Namukolo (2019)
Microchloa kunthii (25) L Namukolo (2019)
KIL2C
Heteropogon (25) M Dalle (2020) and Hosaka (1957)
KIL2D Setaria (95) L Setaria Dalle (2020)
H = high, M = medium and L = low, while abundance cover is in brackets ().
categorized into community types according to their dominant cover ~ dynamics, thereby enhancing the classification of Kapiti

(Boonman, 1993) and further enhanced field-based observations and
analyses (Muthoka et al., 2022). Specifically, we delineated Cynodon,
Setaria, Kunthii, and Themeda grassland communities based on each
site’s ecological predominance of the principal grass species.
Furthermore, four non-grass land-cover types (trees, shrubs, water,
and bare ground) were incorporated into the classification to reflect
the diverse patterns of the area. There were no croplands or significant
built-up areas in the study area; therefore, these areas were excluded
from the analysis (Figure 2).

This classification considers the ecological interactions and
adaptation strategies of coexisting species in grassland communities.
Microchloa Kunthii is prevalent in arid locations owing to its
remarkable drought resistance, enabling it to flourish under adverse
climatic conditions (Smrithy et al, 2023). Similarly, Digitaria
Macroblephara and Themeda triandra are prevalent species in
herbaceous strata, demonstrating adaptability to diverse soil textures
and disturbance patterns (Anderson et al., 2007). Setaria is a resilient
grass species adept at thriving in tropical pastures, where its effective
utilization of sunshine and water allows it to surpass other grasses,
particularly in lowland regions (Knuesting et al., 2018). Cynodon
Dactylon exhibits vigorous growth, environmental versatility, and
allelopathic characteristics, allowing it to inhibit adjacent species and
prevail in diverse environments (Ziech et al., 2016).

Considering the rarity of homogeneous species locations and the
ecological coexistence of these species, identifying grassland
community types instead of concentrating exclusively on individual
species offers a holistic framework for ecological evaluation. This
method enabled us to incorporate the contributions of dominant
species to fodder quality, environmental adaptation, and grazing
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grassland ecosystems.

The Kunthii community was assigned medium palatability
because of the significant contribution of associated species, such as
Mariscus macropus (medium) and Digitaria macroblephara (high),
across the sites, improving the overall forage quality. This classification
encompasses ecological interactions and the cumulative grazing value
offered by the species assemblage rather than relying exclusively on
the dominant species.

2.2.2 Satellite-based earth observation data

The Copernicus Sentinel-2 satellite imagery utilized in this study
comprises a twin polar-orbiting constellation equipped with a
Multispectral Instrument (MSI) (Phiri et al., 2020). This MSI is
capable of acquiring optical imagery with spatial resolutions of 10, 20,
and 60 m across 13 spectral channels, from which we extracted only
10 spectral bands that are essential for vegetation analysis.

We selected a Level 1C Sentinel-2 image, acquired on 16th
October 2019, with no cloud cover over the study area, taking into
consideration the region’s persistent cloud cover and the timing of the
vegetation community presence. Fieldwork was conducted
concurrently with the acquisition of the Sentinel-2 image on 16th
October 2019, ensuring precise ground validation. The timing of the
image acquisition coincided with the early growth stage of the
vegetation, influenced by the onset of the short rainy season.

Sen2CorV2.8 was employed to perform atmospheric correction,
retrieving surface reflectance devoid of atmospheric effects and
geometric distortions (Main-Knorn et al, 2017). Subsequently,
we clipped the image corresponding to the study area by applying a
10 visible,

study area mask to the near-infrared, and
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FIGURE 2
A process flow for classification of grassland community types and palatable pasture.

p (l)(l) (j=1...m) for pixel i, and m is the number of endmember

shortwave-infrared spectral bands. Data processing was conducted )

using SNAP (Sentinel Application Platform) version 7.0 (SNAP, 2020),
an open-source tool developed by the European Space Agency and
optimized for Sentinel-2 imagery. SNAP was utilized for atmospheric
correction (Sen2CorV2.8) and geometric alignment to ensure the
high-quality surface reflectance data were free of atmospheric
distortions. This tool was selected due to its compatibility with
multispectral analysis.

2.3 Methods

2.3.1 Multiple endmember spectral mixture
analysis (MESMA)

We applied the MESMA algorithm (Roberts et al., 1998) to
Sentinel-2 images and translated them into maps showing the relative
abundance of fractional cover in community grasslands. MESMA
allows multiple endmembers to differ within each pixel, resulting in a
relative abundance of land-cover classes of interest in every pixel
(Roberts et al., 1998). The MESMA Equation 1 is as follows:

p(2), =35 P () + (1), ,and 3 V) =1, (1)
=1

j=1

where the spectral mixture P (/'L)i of pixel i at wavelength A, which
is represented as an aggregate of the reflectance endmember series,
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classes. & (/l)i is the residual describing the unspecified variation in the
reflectance wavelength A of the pixel and f; 7)'is the fractional
abundance of endmember class j in pixel .

Furthermore, when the endmember fractions add up to 100%
during the analysis, they are typically constrained by their sum being
equal to 1.0 (Roberts et al., 1998). We then used the root mean square
error (RMSE) (Equation 2) and the residual error of the model to
determine how well it fits the data (e_A):

(1)
-1
v (2)

Mz

~

RMSE =

where M denotes the total number of the image bands. Finally,
MESMA selects the best-fit model for each pixel, ensuring that more
materials are mapped across the image, while minimizing the fraction
errors at the pixel scale. All analyses were performed using the ENVI
(Harris Geospatial/solutions) extension of VIPER Tools V2.0.

2.3.2 Endmember selection

The endmembers were extracted for each target class from the
Sentinel-2 surface reflectance image for all land-cover types, including
the four grassland communities described in Table 1 (Setaria,
Themeda, Kunthi, and Cynodon), shrubs, forests, water, and bare
ground (Table 2). The target class samples were selected based on grass
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inventories from the dominant grassland community analysis (i.e.,
within the eight field plots shown in the figure and defined in Table 1).
The target class samples were selected based on grass inventories from
the dominant grassland community analysis (i.e., within the eight field
plots shown in the figure and defined in Table 1). Additionally,
on-ground knowledge of non-herbaceous land cover classes was
incorporated. Endmembers for non-herbaceous land cover types
(trees, shrubs, water, and bare ground) were extracted from high-
resolution Google Earth images. A total of 439 endmembers were
collected (Table 2), comprising 135 from grasslands and 304 from
non-grassland land-cover types.

This study examined two methodologies for selecting the optimal
classification model to delineate grassland communities. The first
approach, termed the unoptimized endmember model, utilized all
selected endmembers for grass and non-grass cover types. The second
approach, designated as the optimized endmember model, employed
only the optimized endmembers derived from the IES technique.

Accuracy assessment and validation are crucial for classifying land
cover products, primarily based on remote sensing data (Dube et al.,
2019). Consequently, our validation data were collected from 27
subplots, each centered within a 30 m x 30 m grassland site. Subplot
locations were stratified to capture variability across grassland
communities and land cover types, ensuring representative sampling.
We employed random sampling within predefined strata to address
potential biases and compared the validation plots against independent
ground measurements. This approach minimizes spatial autocorrelation
and provides robust accuracy assessments for the MESMA classification.
of MESMA fraction outputs for each of the target grassland
communities (Cynodon, Setaria, Kunthi, and Themeda) and 30 for each
of the control classes (shrubs, trees, water, and bare ground). Various
metrics were utilized to assess the accuracy and uncertainty of the
products. Initially, we employed the coefficient of determination (R?)
and RMSE to evaluate the fractional accuracy of the MESMA product,
as previous research has demonstrated that these metrics are adequate
for assessing the accuracy of the MESMA approach (Bogan et al., 2019).
Subsequently, based on the best-performing model, we utilized an error
matrix to determine the overall accuracy of the covers and ascertain
uncertainty. Finally, we computed the Transformed Divergence
separability index to examine whether the best model exhibited spectral
separability between grassland communities and cover.

TABLE 2 Number of endmembers chosen for each land cover class,
which included four grass communities (Cynodon, Kunthi, Themeda, and
Setaria) and non-grassland cover types (shrubs, trees, water, and bare
ground).

I.D. Land cover Endmember numbers

classes
1 | Cynodon 31
2 Kunthi 32
3 | Themeda 48
4 | Setaria 24
5 | Shrubs 49
6 | Trees 99
7 | Bare ground 89
8 | Water 66
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2.3.3 Derivation of the grassland cover and
palatability

Dominant species and their palatability across the study sites were
systematically classified to ensure their ecological relevance.
We identified the predominant grass species at each location based on
their ecological prevalence and quantified their percentage cover.
We incorporated only species with substantial cover values (>5%) in
the analysis to emphasize the ecologically significant contributors to
grassland structure and grazing dynamics.

We utilized data from relevant literature (e.g., Dalle, 2020; Hosaka,
1957; Jawuoro et al, 2017) to determine the palatability of each
identified species, categorizing them into three levels: high (H),
medium (M), or poor (L) according to their forage quality. Due to
their superior nutritional content and digestibility, livestock exhibit a
preference for high-palatability species, such as Digitaria
macroblephara and Cynodon dactylon. Species with medium
palatability, such as Themeda triandra and Mariscus macropus, were
moderately consumed without being highly palatable. Species with
low palatability, such as Microchloa kunthii and Setaria, are generally
grazed during periods of scarcity or are considered less desirable due
to their low nutritional value or presence of secondary metabolites.

Grassland communities were classified into six types based on the
predominance of specific species or the ecological associations among
coexisting species. Community-level palatability was assessed by
aggregating the palatability ratings of all dominant species at each site.
Communities characterized by highly palatable species (e.g., Cynodon
dactylon) were designated as “High,” while those containing both
medium and low-palatable species were categorized as “Medium”
(e.g., Kunthii Community). Communities comprising low-palatable
species were designated as “Low” (e.g., Setaria Community). In cases
where discrepancies in palatability levels were encountered,
community categories were derived from field observations and
ecological interpretations of the literature.

Fractional cover values were converted into palatability classes based
on the dominant species’ ecological prevalence and nutritional quality.
Species were categorized into three palatability levels: high, medium, and
low, using information from literature and field observations. For
instance, high palatability comprised of pixels dominated by species like
Cynodon dactylon and Digitaria macroblephara, with fractional cover
>20%. Similarly, medium palatability comprised pixels with mixed
dominance of medium-palatability species (e.g., Themeda triandra) and
low-palatability species, with fractional cover between 10 and 20%.
Finally, low palatability consisted of pixels dominated by low-palatability
species like Setaria spp., with fractional cover >10%. These thresholds
were applied consistently across the study area, ensuring standardized
classification of palatability levels.

The transformation of fractional maps into classified thematic
maps constitutes a critical step in remote sensing land cover analysis.
This process entails aggregating fractional estimates to assign a
dominant land-cover class to each pixel, which is essential for ecological
applications. Fractional maps represent the proportion of various land-
cover types within individual pixels, with values ranging from 0 to 1,
reflecting a particular class’s relative probability or magnitude (Li et al.,
2010; Ling et al., 2013). In generating a classified map, researchers
typically determine the maximum fractional value for each pixel,
thereby ensuring that each pixel is assigned to a single distinct land
cover class (Ling et al., 2014). This methodology is particularly
advantageous for landscapes with standard mixed pixels, facilitating a
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more coherent representation of land cover types. Researchers may
apply additional criteria, such as proximity to similar classes or expert-
defined thresholds, to resolve ambiguities and inform categorization
(Chen et al,, 2018; Ge et al.,, 2016). The establishment of consistent
classification criteria is of particular importance in heterogeneous
landscapes, where the spatial distribution of land cover classes can
significantly influence classification outcomes (Ling et al., 2013).

A comprehensive literature review was conducted to provide
information on the palatability of target grassland communities in
Kenyas semi-arid environments. The palatability classification
methodology relies on chemical analyses of grass and pastoralists’
perceptions of forage value. Dalle (2020) conducted eight group
discussions with 108 pastoralists from various regions in Ethiopia to
assess forage quality in the semi-arid Borana lowlands of Southern
Oromia. Keba et al. (2013) employed grass chemical analysis (i.e., ash,
nitrogen, crude protein, acid detergent fiber, and acid detergent lignin
content) in a laboratory and perception analysis by holding seven
group discussions with key local informants to establish palatability
levels in the Ethiopian semi-arid rangeland. These studies categorized
palatability as highly desirable, intermediate, or least desirable. Based
on these and similar studies, grassland communities and their
corresponding palatability categorization were identified in the
literature (Jawuoro et al., 2017). To derive a palatability map from the
classified map, the grass communities detected in the MESMA model
output were further classified into four unique palatability levels (high,
medium, and low). The categories were then spatially displayed to
create a palatability map, facilitating targeted evaluation of fodder
availability throughout the study area.

3 Results
3.1 Endmember spectral library and models

Figure 3 presents the spectral profiles of the average endmembers
within each of the eight classes. Figure 3a depicts the average spectral
profile of each category based on all the endmembers collected,
specifically the unoptimized endmembers. The final unoptimized

10.3389/fsufs.2025.1543491

endmember spectral library yielded 439 two-endmember models (one
cover class + shade), 81,589 three-endmember models (two cover
classes + shade), and 8,381,761 four-endmember models (three cover
classes + shade).

Figure 3b illustrates the spectral profile of the average
endmembers within each land cover class following the application
of the IES optimization technique. The final IES spectral library
model provided possible combinations for each Sentinel-2 pixel
probability-class model. Utilizing the optimized endmember
spectral library, we obtained 31 two-endmember models (one
cover class + shade), 402 three-endmember models (two cover
classes + shade), and 2,838 four-endmember models (three cover
classes + shade).

3.2 MESMA classification and accuracy
assessment

3.2.1 Unoptimized endmember MESMA

Figure 4 presents the results of the unoptimized Endmember
MESMA classification for all eight land cover classes, including the
four community grassland types. The unoptimized Endmember
MESMA classification exhibited a high abundance of Kunthii, Themeda
communities, and shrubs, and a low abundance of Cynodon, Setaria
communities, and tree cover. Additionally, abundant bare ground was
observed across most locations in the study area. Comparing the
spatial abundance patterns, the Sentinel-2 image (Figure la) and
elevation map (Figure 1b) demonstrated similarities in spatial form
changes. The Cynodon grassland community was identified at various
elevations and patches across the study area. Kunthii and Themeda
grassland community types were observed mixed with shrubs at all
elevations, and it was noted that these grassland communities preferred
areas with good drainage. Furthermore, a high shrub fractional
abundance was detected in the southern part of the study area. A high
Setaria fractional abundance was identified in the northeast of the
study area, particularly in low-elevation areas. Tree fractional
abundance estimates were observed in high-elevation areas along
ephemeral channels and the central part of the study area. Finally,
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FIGURE 4

Fractional cover maps from the unoptimized endmember MESMA,
showing fractional cover values ranging from 0 (cool colors) to 1
(warm colors). Major land cover classes are annotated, and key
regions of interest are highlighted to illustrate patterns of fractional
abundance.

water fractions with low abundance were identified in specific areas
ranging from mid to low elevations.

Figure 5 illustrates the evaluation of the unoptimized Endmember
MESMA classification in comparison to ground observations. The
unoptimized MESMA model attained an overall RMSE of 23.5%,
resulting in a 6% improvement in classification accuracy. Significantly,
the RMSE:s for principal grassland classes, such as Cynodon and
Setaria, were below 25%, facilitating more accurate spatial mapping of
palatable grasses. The model yielded RMSEs of 25 and 29% for bare
ground, Cynodon community, and tree cover, respectively, while
shrubs, Kunthii, and Setaria communities demonstrated higher RMSE
values of 32, 33, and 34%, respectively. Notably, some points in Figure 4
are observed at zero, indicating discrepancies between predicted and
observed cover percentages. This could be as a result of species present
but not predicted due to spectral similarity or species predicted but not
present due to noise, or limitations in the endmember library.

3.2.2 Optimized endmember MESMA
The Transformed Divergence (TD) values for the optimized
endmember selection method demonstrated significant spectral
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separability among the majority of land cover classes, particularly for
grassland communities such as Cynodon and Setaria. The results,
presented in Supplementary Table 1, illustrate the efficacy of the
optimized endmember library in distinguishing various grassland
types from non-grassland cover categories.

Figure 6 illustrates the results of the optimized endmember
MESMA classification. Firstly, Cynodon fractional abundance was
observed in patches across various elevations and locations within the
study area. Secondly, high-to-moderate fractional abundances were
identified in the Kunthii and Themeda communities. Grassland
communities were located in well-drained areas. Thirdly, Setaria
fractional abundances were detected in the northern part of the study
area; however, a significant increase in these abundances was also
observed in the southwestern and eastern regions. Consistent with the
unoptimized results, a high abundance of fractional shrub cover was
identified toward the north of the study area. A significant decrease in
the fractional abundance of shrubs was noted toward the south of the
study area. Fourthly, bare ground was present throughout the study
area at various elevations, across vegetation communities, and near
edges at low heights. Lastly, a comparison of the fractional abundances
of trees and water between the two models revealed no significant
differences in the model spatial pattern outputs.

Figure 7 illustrates the evaluation of the optimized Endmember
MESMA classification in comparison to ground observations. The
MESMA model significantly reduced the Root Mean Square Errors
(RMSE:s) across all classes, thereby enhancing the accuracy for Kunthii
(10%), Cynodon (8%), Setaria (8%), and Themeda (4%). These
reductions demonstrate the model’s capacity to more accurately
capture fractional abundance, particularly for grassland communities
with high spatial heterogeneity. Similarly, among the non-grass land-
cover types, improvements in RMSEs were observed for bare ground
(5%), water (4%), shrubs (3%), and trees (2%). Furthermore, a
comparison of the coefficients of determination for the two models
indicates that the optimized endmember MESMA also exhibited
improvement for the non-grassland land cover types (R* > 0.57) and
the target grassland cover types at (R* > 0.52). However, some points
in Figure 6 are observed at zero, indicating discrepancies between
predicted and observed percentages, which could be a result of
spectral overlap between predicted and species present.

The optimized endmember MESMA model produced lower
RMSE results for all the eight cover types. Thus, the optimized
endmember MESMA model was used to derive the spatial palatability
of the selected region.

Figure 8a illustrates the spatial distribution of the grass community
and non-grassland land-cover types, while Figure 8b depicts the
derived grass palatability of the Kapiti area. A palatability map was
generated from the reclassified grassland community-type outputs.
The map indicates fractional cover values exceeding 20%, suggesting
moderate to high grass abundance. Moreover, areas with mixed grass
communities and fractions surpassing 20% were deemed significant.
The analysis revealed that the Kapiti area is predominantly
characterized by medium-and low-palatable grass, with limited
regions of highly palatable grasses. Additionally, mixed communities
were identified in the central portions of the study area, and
low-palatable grass (i.e., Setaria community) was observed in
lowland regions.

Table 3 presents the performance of the classification process
applied to grassland cover and community type. User accuracy (UA)
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Scatterplots comparing optimized-endmember MESMA-estimated grassland community and control cover against field-based validation data. On

reflects the precision of each class prediction. Water emerged as the
most accurately predicted class, with a UA of 86.67%, whereas
Themeda exhibited the lowest UA at 48.15%. Among the classes,
Cynodon exhibited a UA of 70.37%, Kunthii registered 51.85%, and
Setaria recorded 66.67%. Producer accuracy (PA) reveals the model’s
ability to classify instances for each class correctly. Water demonstrated
the highest performance in this category, with a PA of 100.00%,
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whereas Kunthii recorded the lowest at 51.35%. Specifically, Cynodon
had a PA of 73.08%, Setaria of 60.00%, and Themeda of 72.22%. The
Overall Accuracy (OA) of the model, representing the proportion of
the total number of correct predictions, was 67.45%. The Kappa
statistic, which accounts for chance agreement, was calculated to
be 0.6338, indicating substantial agreement beyond what would
be expected by chance. The classification process demonstrated
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FIGURE 7
Fractional cover maps are generated from optimized endmember
showing fractional cover values ranging from 0 (cool colors) to 1
(warm colors). Major land cover classes are annotated, and key
regions of interest are highlighted to illustrate patterns of fractional
abundance.

varying degrees of success in correctly classifying different grassland
covers and community types, with Cynodon, Kunthii, Setaria, and
Themeda displaying diverse accuracies. The variances in UA and PA
also provided insight into the reliability of these accuracy measurements.

Table 4 presents the palatability levels of the grassland community
and the associated uncertainties. The analysis revealed that the
grassland area with high palatability measured 24.52 hectares, with an
uncertainty of +4.303 ha. Simultaneously, grasslands categorized as
medium palatability encompassed an area of 5,893.07 hectares with an
estimation uncertainty of +£1,698.088 ha. Moreover, the area with low
palatability measured 376.44 hectares, with an associated uncertainty
of £68.211 ha. Finally, the mixed palatability level accounted for an area
of 226.72 hectares, with an estimation uncertainty of +38.18 hectares.

4 Discussion

Mapping grassland communities provides a comprehensive
understanding the ecosystem’s structure and function, which is
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important sustainable land management. Detailed spatial
information on grass palatability enables pastoralists to make
informed decisions about grazing patterns and optimize herd
nutrition while preventing overgrazing and land degradation. This
study addresses this need by employing Multiple Endmember
Spectral Mixture Analysis (MESMA) of Sentinel-2 satellite imagery
to distinguish grass species and communities based on their
unique spectral signatures. By mapping the distribution of
palatable grass communities across the semi-arid savannahs of
Kenya, our optimized MESMA model significantly improved
classification accuracy, achieving a root mean square error (RMSE)
of 23.5%, with individual classes ranging from 10 to 30%. These
results demonstrate MESMA's effectiveness in capturing grassland
heterogeneity and provide valuable insights into sustainable
grassland management and livestock grazing strategies that
support ecological balance and pastoral livelihoods.

4.1 Optimisation endmember spectral
library

Our efforts to enhance the endmember spectral library through
the Iterative Endmember Selection (IES) methodology yielded
successful outcomes by considerably diminishing the number of
necessary models while increasing the accuracy of each predicted land
cover category. This progression is paramount for tackling
computational obstacles associated with extensive spectral libraries.
The substantial decrease from 81,589 three-endmember models to 402
and from 8,381,761 four-endmember models to 2,838 exemplifies the
enhanced efficiency achieved through this procedure. These findings
align with recent studies (Bogan et al., 2019; Fernandez-Garcia et al,
2021) that reported a decrease in computational time and resources
when utilizing a limited number of MESMA endmember models in
comparison to models featuring a multitude of endmembers and an
increase in classification accuracy. The decrease in model quantity
amplifies computational effectiveness, a critical aspect of large-scale
remote sensing applications where computational capabilities are
frequently constrained.

4.2 MESMA classification and accuracy
assessment

Utilizing MESMA, incorporating both unoptimized and optimized
endmember libraries, offered a comprehensive depiction of the spatial
arrangement of diverse land cover categories and their corresponding
fractional proportions. The unoptimized MESMA categorization
revealed substantial fractional proportions of Kunthii spp. and
Themeda spp. assemblages alongside shrubs, with noticeable
inconsistencies in depicting Cynodon spp. and Setaria spp.
assemblages. These inaccuracies were particularly pronounced for
Kunthii and Setaria, where higher RMSE values were observed, likely
because of spectral overlap caused by their similar biophysical traits,
such as conopy structure. Spectral separability analysis using the
Transformed Divergence (TD) metric confirmed moderate
separability between these classes, highlighting the challenges in
distinguishing them based solely on Sentinel-2 spectral bands.
Conversely, the optimized MESMA categorization notably enhanced
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the precision of these fractional abundance estimations, particularly
for grassland assemblage types. These results are consistent with prior
research indicating enhancements in classification precision with
optimized endmember libraries (Tane et al., 2018; Xu et al,, 2015). In
particular, the accuracy levels for the Kunthii, Cynodon, Setaria, and
Themeda communities were enhanced by 10, 8, 8, and 4%, respectively.
We also detected improvements in non-grass categories such as barren
land, water bodies, shrubs, and forests. The overall accuracy (OA) of
the optimized MESMA model (Figure 7) was 67.45%, with a kappa
coefficient of 0.6338, implying considerable concurrence beyond
random chance.

4.3 Spatial distribution of grass
communities

Our findings support theoretical frameworks like niche
differentiation and disturbance ecology. For example, Cynodon’s
presence in upland areas under moderate grazing aligns with niche
theory, while Setaria’s dominance in lowland areas underscores the
role of soil moisture in plant community assembly, reinforcing trait-
based ecology principles. These results enhance our understanding
of how environmental gradients and disturbances drive species
coexistence and grassland heterogeneity, crucial for predicting
ecosystem responses to climate change and land-use pressures.
Diverse grass communities follow distinct landscape partitions
based on their ecological adaptations, reflecting broader concepts
of niche differentiation, trait-based assembly, and ecological
disturbances. The Setaria community thrives in low-lying,
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moisture-rich soils, illustrating hydric conditions’ competitive
advantage, allowing these grasses to outcompete less tolerant
species (Prakash et al., 20215 Rafique et al., 2021). Conversely, the
Kunthii community, mainly Microchloa kunthii, occupies arid
uplands, preferring coarse-textured, well-drained soils, highlighting
soil characteristics’ role in species filtration and spatial variations
(Ward et al., 2017).

In addition, the Cynodon community, mainly consisting of
Cynodon dactylon, is situated in the central hill region, where
topographical elevation generates specific microclimatic and
edaphic conditions conducive to this species. The adaptive
capacity of Cynodon dactylon for well-drained soils and its
favorable growth response to moderate grazing disturbances
illustrate the complex function of herbivory in shaping grasslands
(Morgan and Salmon, 2020). The fragmentation of Cynodon
patches indicates that heavy grazing diminishes vegetative
biomass and affects competitive dynamics and successional
pathways among desirable and resilient species (Muthoka et al.,
2022; Smit et al., 2023).

The Themeda community, characterized by Themeda triandra,
demonstrates the influence of intermediate environmental conditions
on vegetation patterns. This community, situated on moderate slopes
and in mid-elevation regions, reflects a balance between soil moisture
retention and disturbance levels favorable to Themeda’s ecological
strategies (Moore et al., 2019). Areas with pronounced slopes and
degraded soils, characterized by shrubs and exposed Earth, signify a
transition in competitive interactions, favoring species more adapted
to severe environments, consequently diminishing grass prevalence
(Liu et al., 2023).
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TABLE 3 Confusion matrix and estimation uncertainties for grassland community palatability classification at Kapiti research station.

Reference data

Grassland cover Bare . ' User
and Cynodon Kunthii Setaria Shrubs Themeda CES Water Accuracy
communities ground (UA) UA variance
Bare ground 24 0 0 0 0 0 0 4 80.00% +0.1456
Cynodon 0 19 0 0 0 0 0 0 70.37% +0.1755
Kunthii 0 3 14 0 0 2 0 0 51.85% +0.1921
Setaria 0 0 0 18 9 0 0 0 66.67% +0.1812
Shrubs 0 0 0 3 19 2 6 0 63.33% +0.1754
Themeda 1 2 2 3 1 13 0 0 48.15% +0.1921
Trees 0 0 0 3 8 0 19 0 63.33% +0.1754
Classification data Water 4 0 0 0 0 0 0 26 86.67% +0.1237
Weights 30 27 27 27 30 27 30 30
Producer Accuracy (PA) 82.76% 73.08% 82.35% 60.00% 51.35% 72.22% 76.00% 100.00%
PA variance +0.1226 +0.1499 +0.171 +0.1461 +0.1209 +0.1909 +0.1421 +0
Overall Accuracy (OA) 67.45%
Overall Accuracy Variance +0.0567
Kappa 0.6338
Kappa Variance +0.0646
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TABLE 4 Estimated grassland areas and associated uncertainties by
palatability level at Kapiti research station.

Palatability level

Palatable grassland area
with uncertainty estimated
in parentheses (ha)

High 24.52 (+4.303)
Medium 5,893.07 (+1,698.088)
Low 376.44 (+68.211)
Mixed 226.72 (+38.18)

These trends collectively underscore that no single factor
determines community distribution. The integration of climate,
terrain, soil characteristics, and grazing regimes has shaped semi-arid
grasslands. Incorporating these findings with ecological theories, such
as niche theory and disturbance ecology, enhances our comprehension
of species coexistence, resilience, and ecosystem functionality (Carroll
et al, 2023). By understanding this complex interaction, we can
ultimately inform more comprehensive and adaptable management
strategies, ensuring that interventions consider multiple interacting
gradients and their effects on conserving biodiversity and ecosystem
services in semi-arid regions (Titcomb et al., 2021).

4.4 Palatability zones

The palatability map generated provides significant insights into
the regional distribution of fodder quality at the Kapiti Research
Station. As depicted on the map, areas indicating a moderate to
high prevalence of palatable grasses correlated closely with field
observations and other regional grassland distribution studies. The
diversity of grass types, comprising medium-and low-palatability
species with areas of highly palatable grasses, enhances our
comprehension of feed supply. These findings corroborate the
current study, including Dalle (2020) and Havemann et al. (2022),
who observed similar palatability trends on a larger scale. Our
detailed study identified specific areas where clusters of highly
palatable grasses were predominant. Such spatial differentiation
demonstrates how ecological gradients, including soil drainage and
topographic variations, underpin the observed variations in grass
community composition.

In this study area, wildlife and livestock frequently traverse the
Kapiti region in search of optimal grazing locations. These animals
navigate areas along established migratory routes determined by
water accessibility, topography, and food resources. The map
generated in this study can serve as a crucial decision-making tool
for pastoralists, who rely on visual and experiential indicators to
guide their herds. By overlaying traditional movement patterns
with geographical data on grass palatability, herders can
strategically focus grazing in locations with elevated terrain and
superior forage quality, thereby optimizing cattle nutrition.
Conversely, they may avoid sections characterized by low
palatability grasses typically associated with poorly drained soils
and lower altitudes, thus minimizing the time and energy expended
in less productive areas. This evidence-based approach may
enhance cattle health, improve productivity, and reduce
overgrazing stress in sensitive areas, fostering sustainable
pastoral livelihoods.
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4.5 Implications and future directions

4.5.1 Practical implications for sustainable
grassland management

The findings of this study offer actionable insights into sustainable
grazing management and land protection in semi-arid savanna
grasslands. The palatability maps generated in this study provide
valuable insights for pastoralists and land managers to optimize
livestock grazing routes and enhance nutrition while mitigating
overgrazing. Similarly, land managers, can use these maps to targeted
restoration, such as reseeding in low-palatability zones and promoting
ecological resilience.

These outputs align with the needs of policymakers at both
county and national levels. At the county level, governments can
leverage the spatial distribution of palatable grasses to design
rotational grazing plans that align with seasonal forage availability
and reduce the pressure on degraded areas. At the national level, the
findings contribute to evidence-based recommendations for
rangeland management policies, support biodiversity conservation,
and combat land degradation across semi-arid regions.
Furthermore, integrating these insights into climate adaptation
frameworks can enhance ecosystem resilience and ensure food
security in pastoral communities. By mapping optimal grazing
zones and identifying high-risk areas for degradation, policymakers
can develop adaptive strategies to address the dual challenges of
climate variability and increased grazing pressure.

This study emphasizes the scalability of the MESMA framework.
This approach is transferable to other semi-arid regions in Kenya and
East Africa, including Laikipia, Narok, Kajiado, and parts of Tanzania
and Ethiopia. While the Kapiti Research Station provides a robust
dataset for validating the MESMA model, it is important to note that
the findings may vary in other Kenyan or East Africa savannas owing
to differences in environmental conditions, grazing pressures, and
species compositions. For example, regions with higher rainfall or
different soil types may exhibit distinct vegetation patterns.
We recommend conducting additional validation studies in diverse
ecosystems, such as the Laikipia Plateau and Serengeti Plains, to assess
the model’s generalizability and refine its application across various
landscapes. These regions share ecological similarities with the Kapiti
Research Station, such as rainfall variability, soil type, and dominant
grass species, making them suitable candidates for model application.
To ensure successful scalability, we recommend site-specific
calibration using ground-truth data to refine spectral libraries and
validate models, accounting for local variations in vegetation
composition and environmental conditions.

However, the implementation of these strategies faces obstacles,
including pastoralists’ limited access to geospatial tools and resource
constraints for large-scale land management. Addressing these
challenges requires capacity-building initiatives, such as training
pastoralists to interpret palatability maps, and policy interventions to
fund restoration programs.

4.5.2 Future research

Despite these contributions, this study highlights several avenues
for future research. A key limitation is the reliance on single-season
Sentinel-2 imagery, which may not adequately capture the seasonal
variations in grassland composition and palatability. Future studies
should integrate multi-seasonal or multi-year datasets to assess the
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better and
palatability assessments.

temporal dynamics improve the accuracy of

Additionally, incorporating hyperspectral imaging could
enhance spectral differentiation among closely related grass species,
enabling a more precise evaluation of fodder quality based on plant
chemical properties such as protein and fiber content. Hyperspectral
data could also resolve the classification ambiguities observed in
this study, particularly for medium-palatability species such as
and Kunthii, lead

to misclassification.

Setaria where spectral overlap may

Systematic field sampling can quantify plant biomass, nutritional
composition, and digestibility across various locations and seasons,
providing a comprehensive reference dataset for calibrating and
validating remote sensing indices. Field initiatives may include long-
term vegetation monitoring plots, soil moisture assessments, and
physiological stress indicators in plants, all of which could enhance
our understanding of grassland ecology. Expanding validation efforts
to encompass more diverse sampling sites would further augment the
generalizability of the findings.

Lastly, the integration of livestock movement data, such as GPS
tracking, with palatability maps could yield more comprehensive
insights into the interplay between grazing patterns and forage
availability. This integration would help refine spatial predictions of
palatability and address areas where the model underestimates or
overestimates species presence, as observed in Figures 4, 6.

5 Conclusion

This research contributes to the field of remote sensing by
illustrating the effectiveness of the MESMA algorithm in
delineating the spatial distribution and palatability of grassland
communities within semi-arid Kenyan savannas. The findings
present valuable strategies for optimizing sustainable grazing
practices, enhancing livestock productivity, and guiding rangeland
management policies through the provision of actionable data on
forage availability and grassland heterogeneity. By employing
Sentinel-2 multispectral imagery, this study highlights the sensor’s
capacity to characterize and map grassland communities at the
pixel fraction level, thus yielding crucial information on fine-scale
spatial heterogeneity. This detailed data is fundamental for
elucidating vegetation dynamics and productivity within these
intricate ecosystems.

The optimized MESMA approach significantly enhanced
fractional abundance mapping, providing more robust insights into
grassland composition and palatability. The integration of literature
on the nutritional value of grassland communities as a proxy for
palatability further augments the contribution of this study to the
nuanced understanding of grassland dynamics.

The findings of this study will provide policymakers and land
managers with essential spatial data to develop targeted grazing
systems, optimize restoration efforts in degraded areas, and mitigate
overgrazing. Through the integration of these insights into rangeland
management policies, stakeholders can enhance the resilience of semi-
arid ecosystems while safeguarding the livelihoods of pastoral
communities. This knowledge is crucial for improving the
socioeconomic conditions of pastoral communities and promoting
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sustainable grassland management practices that are vital in semi-arid
savannah ecosystems.

Ultimately, this study underscores the critical importance of
advanced remote sensing techniques, specifically those employing
Sentinel-2, in enhancing our comprehension of semi-arid grassland
mapping and
characterization of grassland communities, this research makes a

ecosystems. By facilitating more accurate
substantial contribution to the development of strategies for improving
pasture management, a crucial factor in sustaining the socioeconomic
wellbeing of pastoral communities and preserving the ecological

integrity of semi-arid savanna grasslands.
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