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Abstract

This study explores the application of Particle Swarm Optimization (PSO) to enhance vegetation indices (VIs) for the assessment
of woody vegetation in a semi-arid savannah ecosystem. By optimizing VIs, the research aims to improve the discrimination
between vegetated and non-vegetated areas, facilitating a more accurate random forest classification for habitat quality assessment.
The optimization process preserves minimum VI values across different sensors to maintain lower bounds of reflectance, ensuring
ecologically valid signals are represented, particularly in low-vegetated areas. Results indicate that maximum VI values increase
post-optimization, enhancing sensitivity to canopy vigor, stress, health, and presence. The study highlights the effectiveness of UAV-
derived indices, such as NDVI, NDRE, and SAVI, in capturing the dynamics of vegetation health and dryness, thereby contributing
valuable insights into remote sensing methodologies for ecological monitoring.

1. Introduction

Protected areas in southern Africa are mostly character-
ized by semi-arid heterogeneous and complex woody veget-
ation (Madonsela et al., 2018). These natural environments,
particularly within protected areas, are predominantly popu-
lated by large woody vegetation species that play a critical
role in maintaining ecosystem services such as habitat qual-
ity (Muposhi et al., 2014) and carbon sequestration (Gebre et
al., 2019). Thus, maintaining the heterogeneity and complex-
ity of the woody vegetation composition and its functions to-
wards the ecosystem is important (Fundisi et al., 2020). How-
ever, despite their ecological importance, these vegetation com-
munities are increasingly threatened by intensive grazing from
large herbivore populations (Chafota, 1998; Druce et al., 2008),
the impacts of climate change, human settlements (Dube and
Nhamo, 2020) and anthropogenic pressures near water sources.
These pressures often lead to the degradation of micro bio-
mes (Coleine et al., 2024), ultimately compromising the overall
habitat health and quality of these areas. While efforts have
been made to mitigate these impacts (Wolmer, 2003), effect-
ive management and conservation strategies remain heavily de-
pendent on the availability of up-to-date woody vegetation dy-
namics data and comprehensive field inventories (Madonsela
et al., 2017). Moreover, traditional field-based methods for as-
sessing habitat quality over time are costly, labour intensive and
limited in both spatial extent and temporal frequency (Cui et al.,
2022).

Remote sensing methods have the potential for monitoring hab-
itat quality dynamics across spatial, spectral and temporal res-
olution of the dataset (Senf, 2022). While these technologies
enable large-scale assessments, their capacity for cost effect-
ive and detailed quantification of vegetation dynamics at spe-
cies or structural level remains limited (Arvor et al., 2013). To
this end, numerous machine learning algorithms such as ran-
dom forest (Svoboda et al., 2022), neural networks (Flood et al.,

2019), maximum likelihood (Zagajewski et al., 2021), support
vector machine (Acevedo and Jones, 2012) and boosted regres-
sion tree (Batta, 2018), have been used to extract woody vegeta-
tion dynamics using remotely sensed data for habitat quality as-
sessments. Although these approaches have demonstrated suc-
cess in specific case studies, they are often complex and limited
to mapping specific vegetation dynamics and habitat types as
well as transitioning zones (Fakhri et al., 2022a) for ecological
assessments. Consequently, these methods can underestimate
the rate at which the ecosystem is degrading or fragmenting at
woody vegetation level (Pfeifer et al., 2015). As an alternat-
ive, statistical modelling approaches that use vegetation indices
(VI) (Storch et al., 2018; Shumi et al., 2021; Peña-Lara et al.,
2022; Chapungu et al., 2020) have gained traction for assess-
ing vegetation health and vigour, thus enabling habitat quality
assessments across different earth observation scales (Levin et
al., 2007).

Vegetation indices have been widely applied in evaluating ve-
getation conditions and monitoring ecosystem dynamics espe-
cially for large areas (Yue et al., 2025). Each vegetation in-
dex captures a finite amount of variation within a given im-
age by incorporating a specific range of pixels that quantify
key biophysical parameters (Fakhri et al., 2019). When applied
in a multitemporal scale and context, these indices can effect-
ively describe and monitor changes in vegetation dynamics over
time. VIs are derived from spectral reflectance values, typic-
ally by combining reflectance measurements from two or more
sections of the electromagnetic spectrum (Xue and Su, 2017).
The most commonly used bands for analysis are the red, near-
infrared (NIR) and shortwave infrared. These bands use the
differences in how vegetation reflects and absorbs light in these
specific regions; VIs enhance the detection and interpretation
of vegetation characteristics (Darra et al., 2025). Additionally,
they also help to minimize the influence of external factors such
as soil, atmospheric conditions and sensor variations, leading to
more accurate and consistent assessments of vegetation cover
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and conditions (Delaney et al., 2025).

Studies (Mogashoa et al., 2021; Zhu et al., 2022; Taddeo et al.,
2019; Xue and Su, 2017) have noted that most VIs improve
the sensitivity of green vegetation in most cases; however, dif-
ferent environments have specific characteristics that need to
be accounted for when using VIs. For example, (Fakhri et al.,
2019) emphasized the importance of enhancing different satel-
lite bands to improve the accuracy of the VIs in vegetation map-
ping in semi-arid areas. Likewise, (Fundisi et al., 2020) cau-
tioned against the reliance on VIs in vegetation mapping as a
low index value may be misinterpreted as a low vegetation di-
versity value. (Levin et al., 2007) used Landsat and Quickbird
imagery to predict mountain plant richness and rarity using the
normalized difference vegetation index (NDVI) and soil adjus-
ted vegetation index (SAVI) on Mount Hermon, Israel. Here,
NDVI values for the summer months revealed a strong relation-
ship between the image composition and plant species richness
as sampled in the field compared to the SAVI.

For different contexts, the effectiveness of a given vegetation
index is highly dependent on the parameterization of its coef-
ficients (Gao et al., 2023). This is important because vari-
ations in study area (De et al., 2024), vegetation type (Fan et
al., 2015), canopy density (Broge and Mortensen, 2002), soil
brightness (Jiang et al., 2023) and seasonal conditions (Song et
al., 2023) can influence reflectance values. This changes the
parameters of an index to account for the differences, ensuring
that the index accurately represents the vegetation character-
istics of each specific image and region. For example, redu-
cing noise from non-vegetative elements and enhancing veget-
ation specific signals from VIs help identify and map woody
vegetation habitats across different spatial resolutions (Fakhri
et al., 2022b). A study by (Zhang et al., 2006a) shows that
coarse-resolution indices derived from sensors like the mod-
erate resolution imaging spectroradiometer (MODIS) can cap-
ture broad scale patterns in vegetation health and productivity
over large regions, while finer-resolution images from Land-
sat and Sentinel-2 sensors as well as hyperspectral imagery en-
able more detailed assessments at plot and species level (Clark,
2020). This allows VIs to be used for habitat quality assess-
ments and species distribution monitoring in complex hetero-
geneous environments.

Limitations of VIs and remote sensing techniques in monitor-
ing woody vegetation dynamics include parameter tuning (Och-
tyra et al., 2020) and generalization across different ecosys-
tems and heterogeneous landscapes. Moreover, most widely
used and recommended VIs are not adaptable to semi-arid het-
erogeneous landscapes. This is primarily because these envir-
onments are characterized by sparse, patchy vegetation cover,
high background soil reflectance and seasonal changes. These
are all variables that can interfere with the accurate detection
and interpretation of vegetation spectral signals using stand-
ard VIs. To bridge this gap, a novel, nature inspired optimiz-
ation algorithm such as the particle swarm optimization (PSO)
has been used to enhance the optimal coefficients for vegeta-
tion classification tuned for specific regions and contexts (Abu-
aligah et al., 2024). PSO is a population-based optimization
technique that is inspired by the social behaviour of bird flock-
ing and fish schooling (Cao et al., 2011). Initially proposed
by (Kennedy and Eberhart, 1996), PSO mimics social dynam-
ics to iteratively search for optimal solutions in both mono-
and multi-dimensional problem spaces. In our study, PSO is
applied to optimize the coefficients of five key vegetation in-
dices enabling more accurate estimation and mapping of woody

vegetation characteristics such as health, vigour, degradation,
and fragmentation that influence habitat quality. The differ-
ence in the optimised VIs to the traditional way of calculating
them is the ability of the algorithm to treat each index’s spectral
coefficients as variables within a defined context (Fakhri et al.,
2022b). Here, PSO is used to identify the most effective com-
binations of these coefficients for detecting vegetation changes
across different spatial and spectral resolutions.

PSO has been constantly highlighted as an effective optimiza-
tion tool for enhancing vegetation analysis through feature se-
lection, model parameter tuning and spectral band optimization.
For example, in (Zhang et al., 2006b), although PSO was not ex-
plicitly implemented, the focus on correcting NDVI scaling for
vegetation cover estimation sets the foundation for PSO based
methods to refine such models. (Banerjee and Raval, 2021) ap-
plied PSO with a minimum estimated abundance covariance
(MEAC) criterion to efficiently select optimal hyperspectral
bands for UAV-based vegetation mapping, particularly valu-
able in environments with limited field data. Similarly, (Islam
et al., 2024) employed PSO to optimize deep learning extrac-
ted features before classification with a support vector machine
(SVM) algorithm, showing that PSO can boost model perform-
ance and reduce computational processing. Collectively, the au-
thors agreed on PSO’s benefits in reducing dimensionality, im-
proving model generalization and enhancing classification ac-
curacy. However, while (Banerjee and Raval, 2021) focused on
pre-acquisition optimization for hyperspectral sensors, (Islam et
al., 2024) used PSO post feature extraction for classification ac-
curacy for deep learning, highlighting PSO’s adaptability across
workflows.

In this study the PSO technique is suggested for the repara-
meterization of optimal coefficients across five key VIs: NDVI,
SAVI, normalized difference red edge (NDRE), modified soil-
adjusted vegetation index (MSAVI) and green normalized dif-
ference vegetation index (GNDVI). These VIs are suitable for
detecting woody vegetation health, vigor, fragmentation and
degradation for large scale habitat quality mapping and assess-
ment. The significance of this method lies in its novelty in semi-
arid heterogeneous areas during a dry season, a challenge for
habitat quality assessments at both spatial and spectral scales.
The advantages of a dry season assessment are the improved
spectral separability of woody vegetation, improved visibility
of degraded areas compared to when the vegetation has full
canopies, as well as higher quality imagery due to the clearer
atmospheric conditions.

Thus, this study aims to use the PSO algorithm to help optimize
VIs to improve their ability to discriminate between vegetated
and non-vegetated areas for a random forest classification for
assessing habitat quality across different remote sensing plat-
forms in a semi-arid area. This work builds upon (Fakhri et al.,
2022b) who used a multi-objective PSO approach to enhance
plant greenness and classify vegetation using multiple VIs and
a combination of high- and low-resolution imagery in a moun-
tainous area. Our study is different in that we optimize five ve-
getation indices that are specifically suited to the characteristics
of semi-arid regions. The optimization is applied across four
different sites within different ecological zones using data from
Sentinel-2, Landsat 9 and unmanned aerial vehicles (UAVs),
another novel approach.
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2. Vegetation Indices

VIs are derived from spectral reflectance values and are used to
enhance the detection of vegetation features from remote sens-
ing sources (value = −1 to 1). This study chose to optimise
NDVI, that uses the red (RED) and near infrared (NIR) bands to
assess vegetation density and vigour (Madonsela et al., 2018).
This is beneficial in habitat quality assessments as the index
helps highlight areas of high and low vegetation in a specific
context. The index is expressed as:

NDV I =
NIR−RED

NIR+RED
(1)

where NIR represents near-infrared and RED represents the red
portion of the electromagnetic spectrum (Zhang et al., 2006b).

The NDRE index was chosen for its sensitivity to chlorophyll
content, capturing early signs of woody vegetation stress and
degradation (Boiarskii, 2019). This index works well in semi-
arid areas as it is suited for detecting subtle stress and assessing
phenological changes in dry seasons. The index is calculated as
follows:

NDRE =
NIR−RedEdge

NIR+RedEdge
(2)

where NIR is the near-infrared and RedEdge represents the por-
tion of the electromagnetic spectrum detected by the red-edge
band.

The SAVI was selected specifically for its tolerance for high soil
reflectance, making it adaptable to different levels of vegetation
cover (Qi et al., 1994). The index is calculated as follows:

SAV I =
(NIR−Red)(1 + L)

NIR+Red+ L
(3)

where NIR is the near-infrared, RED is the red band, and L is a
soil correction factor.

The MSAVI index was selected because it minimises soil in-
fluence in sparse environments that typically characterize semi-
arid regions (Qi et al., 1994). It is also better suited for early
season monitoring in dry areas. The index is calculated as fol-
lows:

MSAV I =
1

2

(
2 ·NIR+ 1

−
√

(2 ·NIR+ 1)2 − 8(NIR−RED)
) (4)

Finally, the GNDVI was chosen because its red band is substi-
tuted with the green band, making it more sensitive to chloro-
phyll concentration, better detecting water stress and photosyn-
thetic activity than NDVI (Wang et al., 2007). This is good for
assessing habitat quality in semi-arid areas where small changes
in chlorophyll content are critical for early stress detection in
woody vegetation. The index is calculated as follows:

GNDV I =
NIR−Green

NIR+Green
(5)

where NIR is the near-infrared and Green represents the green
band of the electromagnetic spectrum.

3. Particle Swarm Optimization

In PSO, each potential solution also called a particle represents
a candidate set of index coefficients, for example, the weights
applied to NIR, RED, Green and RedEdge bands (Wang et al.,
2022). Each particle moves through the search space with an
associated position and velocity that is guided by both its own
best-known solution (pbest) and the best-known solution found
by the swarm (gbest). These positions are updated through mul-
tiple iterations towards an optimal solution as described in the
following equation according to (Fakhri et al., 2022b):

v
(t+1)
id = w ·v(t)id + c1 · r1 · (pid−xid)+ c2 · r2 · (gd−xid) (6)

where v(t+1)
id is the velocity of particle i in dimension d at itera-

tion t, xid is the current position and coefficient value, pid is the
personal best position, gd is the global best across all particles,
w is the inertia weight, c1 and c2 are the cognitive and social
acceleration coefficients, and r1 and r2 are random numbers in
[0, 1].

This PSO formula ensures a balance between searching new
regions in the image and refining known particles, which is im-
portant when optimizing heterogeneous semi-arid habitats with
complex spectral signatures (Banerjee and Raval, 2021). For
this study, based on (Fakhri et al., 2019), Table 1 summarizes
the PSO parameterization settings that ensure algorithm stabil-
ity and convergence of the swarm.

By optimizing the VIs for the selected study sites, PSO will im-
prove the image adaptability to soil brightness, low vegetation
density and spectral noise such as shadows that present as chal-
lenges in semi-arid savannah ecosystems during the dry season.

4. Materials and Methods

4.1 Study Area

The Kruger National Park (KNP) in South Africa is part of the
Greater Limpopo Transfrontier Conservation Area (GLTFCA)
that includes the Limpopo National Park (LNP) of Mozambi-
que, and Gonarezhou National Park (GNP) in Zimbabwe (SAN-
Parks, 2021). This study focuses only on the southern part of
the KNP (Figure 1) due to data availability. The KNP is one of
the largest national parks in the world with an area of approxim-
ately 35,000 km2. The park comprises a width of approximately
65 km and a length of 360 km (Grab and Knight, 2015). It is
separated from Mozambique in the east through the Lebombo
Mountains, and in the north and south by the Limpopo River
and the Crocodile River respectively as natural boundaries. The
KNP is situated in the north-eastern ‘Lowveld’ or low ground,
which is part of the ‘lowveld geomorphic province’ of South
Africa (Partridge et al., 2010). The altitude varies between 300
and 840 m (Grab and Knight, 2015).

The area has an average annual rainfall of 243–648 mm
and the average minimum temperature of 25°C and a max-
imum of 38°C. The area has a semi-arid seasonal climate
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Table 1. PSO parameterization settings.

Parameters Value Purpose
Inertia Weight 0.8 Maintains a balance between local and global search

Acceleration Coefficient 1.496 Based on the construction factor method

Construction factor 0.729 Ensures convergence of particle trajectories

Maximum velocity * Allows flexible movement based on each spectral coefficient range

Population 30 Suitable for moderate complexity and computational efficiency

Iterations 100–200 Convergence without excessive computation
*Defined per dimension based on spectral coefficient bounds. Adapted from (Fakhri et al., 2019).

with most of the rainfall between November and March, with
May–September being the driest months (SANParks, 2021).
Droughts are relatively common in the area with occasional
severe occurrences, while parts of the park are prone to flood-
ing (Malherbe et al., 2020). The park is home to many tourist
attractions that include the “big 5”, making it a conservation
hotspot (Hoogendoorn et al., 2019). The area has three domin-
ating vegetation zones: mixed thorn and marula woodlands on
granite, mopane dominated woodlands on granite, and mixed
woodland and thorn thickets (SANParks, 2021).

Figure 1. Map of the Southern part of the Kruger National Park
and two of the plots flown with the UAV sensor. Source: Andrea

Meier (2025).

4.2 Woody Vegetation Data (Ground Truthing)

Fieldwork was conducted over 11 days from the 20th of August
until the 1st of September 2024. In total, approximately 800
woody vegetation species were mapped across 23 plots. For
the purposes of this study, only four plots (most populated) and
131 species were used for the analysis. Additionally, these plots
had the most variations for vegetated and non-vegetated areas,
making them accessible for analysis. Furthermore, these plots
could be identified in Sentinel-2 and Landsat 9 images with op-
timal atmospheric conditions. The selected plots had trees that
were >5 metres tall and exhibited vegetational and geomorpho-
logical diversity. To capture the locations of these trees in the
field, data was acquired using a predesigned survey employing
the software Survey123 from the ESRI catalogue. This made it
possible to record the GPS location of the trees, photos and ad-
ditional allometric variables (diameter at breast height (DBH),
stem height and tree height). Tree species were identified using
Trees of South Africa (Van Wyk et al., 2012) and the expertise
of our game guards.

4.3 Remotely Sensed Data

This study was conducted across multiple geographically dis-
tinct sites in the KNP, selected to represent a variety of vegeta-
tion types. Multispectral imagery was collected from three dif-
ferent remote sensing platforms, each offering different spatial
resolutions.

High-resolution (2.4 cm) imagery was acquired using the DJI
Mavic 3 Pro UAV equipped with a multispectral sensor. This
platform provided fine spatial resolution imagery suitable for
detailed, plot-level vegetation analysis. The UAV was flown
at an average flight height of 60.44 metres and a speed of
5.39 m/s. Medium-resolution (10 m) imagery was obtained
from the Sentinel-2 satellite. Coarser resolution imagery was
sourced from the Landsat 9 satellite, offering broader spatial
coverage with a 30 m resolution, useful for regional scale as-
sessments.

Google Earth Engine (GEE) was used for extracting medium
and coarse resolution remote sensing imagery. This is an Ap-
plication Programming Interface (API) based data platform that
leverages Google’s computational infrastructure to enable geo-
spatial data processing to reduce computational time (Tamim-
inia et al., 2020). For both Sentinel-2 and Landsat 9, im-
ages with less than 2% cloud cover were selected and were at-
mospherically corrected for the same date range as the UAV
flights (20th August 2024 to 1st September 2024). The chosen
date range corresponds with the late dry season in the study
area. This period was intentionally chosen to capture condi-
tions where vegetation stress is most pronounced, enhancing
the detectability of woody vegetation structures. A cloud mask
was applied where applicable, and a single composite image
was derived by calculating the mean image from the collected
time frame.

Pre-processing steps were undertaken to ensure the consistency
and comparability of data across platforms. For each dataset,
radiometric calibration was applied to convert raw digital num-
bers (DNs) to surface reflectance values. Geometric correc-
tions were performed to align imagery to a common coordin-
ate reference system, ensuring spatial accuracy across datasets.
For Sentinel-2 and Landsat 9 imagery, cloud masking and at-
mospheric correction were conducted using the Sen2Cor and
LEDAPS algorithms, respectively. UAV imagery underwent
additional pre-processing steps, including orthomosaic gener-
ation and geometric correction using DJI D-RTK 2 high pre-
cision GNSS mobile station ground control points (GCPs), to
ensure high positional accuracy. Following pre-processing, the
five above-mentioned vegetation indices were calculated across
all datasets to evaluate vegetation condition and canopy vigour.
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Table 2. Plots surveyed in the field including the number of trees
per plot and their allometric variables.

Plot name Tree Count DBH Count Tree height count
1PH01 30 29 30
8SK08 28 27 28
9SK08 37 37 37
17SK07 36 36 36

*where plot name is derived from the ecological zones found in
the Kruger National Park.

4.4 PSO Procedure

To improve the sensitivity and performance of the VIs, PSO
was used to estimate their optimal coefficient values. This
approach targeted the optimization of three coefficients (a, b
and c) (Table 1). The optimization objective was to maxim-
ize the mean VI value across each study site, thereby enhan-
cing the index’s ability to differentiate between vegetated areas,
particularly under sparse canopy conditions typical of dryland
areas (Lu et al., 2023). The optimization problem was framed as
a minimization of the negative mean VI value. The algorithm
was implemented in MATLAB R2022b using the Global Op-
timization Toolbox (Alam, 2016). The algorithm employed a
swarm of 50 particles to explore the solution space defined by
the coefficients a, b, and c.

Figure 2. Particle Swarm Optimisation workflow.

Each particle’s position was initialized within specified bounds
[1, 1, 1] to [10, 10, 10] and updated iteratively over 100 iter-
ations using standard PSO parameters: an inertia weight of
0.8 and cognitive and social acceleration coefficients set to
1.49618 (Fakhri et al., 2019). At each iteration, VIs were recal-
culated using the proposed parameters, and the solution yield-
ing the highest mean VI values was selected for final use (Alam,
2016). This optimization process was integrated into a com-
prehensive remote sensing workflow for vegetation analysis, as
illustrated in Figure 2.

4.5 Classification

Vegetated and non-vegetated areas post index optimisation were
classified using the random forest classification algorithm in
ArcGIS Pro. Random forest was selected because of its ro-
bustness (Sun et al., 2024), non-parametric nature and ability to
handle high-dimensional input data without requiring assump-
tions about the distribution of the data (Svoboda et al., 2022).
Additionally, random forest is effective in this context as it can
manage non-linear relationships, is resistant to model overfit-
ting, and provides internal measures of variable importance —

important when working with multiple optimised indices such
as NDVI, NDRE, MSAVI, SAVI and GNDVI for semi-arid re-
gions (Xue and Su, 2017). For accuracy assessments, an error
matrix was used to extract overall, user and producer accuracies
as well as the kappa coefficient.

4.6 Statistical Analysis

To validate the model results and generalisation across different
sensors for woody vegetation mapping, only the best perform-
ing indices were chosen for agreement analysis. The Bland-
Altman plot was used to visualise agreement and detect system-
atic bias between the best performing indices. This approach
plots the mean differences against the average value of indices
for consistency and deviations (Giavarina, 2015) in assessing
vegetation characteristics. Additionally, as an outlook, prin-
cipal component analysis (PCA) was employed to validate the
spatial and spectral consistency of the optimised indices for in-
dividual woody species identification and mapping for a habitat
quality assessment.

5. Results

5.1 VIs Pre- and Post-Optimization

VI results from pre- and post-optimization (Appendix 1,
Tables 4–9) show an increase in maximum index values per in-
dex per plot. For example, NDVI values in UAV multispectral
imagery increased from a maximum of 0.7 to 0.8 in plot P-
8SK08 and from 0.76 to 0.87 at P-17SK07. Similarly, MSAVI
values increased from 0.29–0.47 pre-optimization to 0.38–0.62
post-optimization. GNDVI and SAVI followed similar trends
across all platforms, with Sentinel-2 showing the most substan-
tial post-optimization increase in GNDVI, reaching a maximum
of 1.0 at plot P-1PH01. Post-optimization, UAV NDRE and
MSAVI indices showed the most consistent modest increases
across all plots, especially at P-9SK08 and P-1PH01, showing
improved chlorophyll detection and soil discrimination in these
areas. Sentinel-2 MSAVI and GNDVI (0.87–1) also showed
strong increases across all plots with P-9SK08 reflecting the
most improved (0.59–0.78) soil-vegetation discrimination and
vegetation stress. For this reason, these indices and platforms
were chosen for woody vegetation classification.

For sensor comparison (Figure 3), post-optimization box-
plots show that UAV indices respond strongly to optimization
for NDVI (0.79–0.87) and GNDVI (0.67–0.771). SAVI and
MSAVI values showed improved upper values with MSAVI
reaching a new high of 0.49. UAV NDRE, while values were
low, showed the highest sensitivity to less dense woody veget-
ation. Sentinel-2 indices showed a more steady and consist-
ent improvement with NDVI peaking at 0.23, GNDVI (1) and
MSAVI (0.7) at plot P-9SK08, the third most vegetated plot.

5.2 Post-Optimization Classification

It should be noted that Landsat 9 was excluded from further
analysis despite showing post-optimization improvements, due
to inconsistencies in the VI values and its coarse spatial res-
olution at the plot scale. Therefore, all subsequent results are
derived from UAV and Sentinel-2 datasets. Four distinct land
use/land cover classes per plot were distinguished in the field:
three vegetation classes (woodland consisting of large woody
trees, shrubland, and grassland) and one non-vegetated areas
class. Post-optimized UAV NDRE, UAV MSAVI, Sentinel-2
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Figure 3. Post-optimization index values for UAV and
Sentinel-2.

MSAVI and Sentinel-2 GNDVI classification results (Figure 4)
show that the UAV derived indices indicate a high level of grass-
lands in plots P-8SK08 and P-1PH01, and the VIs effectively
isolated the non-vegetated from grasses and shrubs in plot P-
9SK08. The Sentinel-2 classification was consistent in isolating
woodland and shrubs in plots P-8SK08 and P-17SK07. Shrubs
were consistently classified on both platforms.

Figure 4. Post-optimization classification for UAV and
Sentinel-2 MSAVI and GNDVI.

For classification accuracy assessment, four plots were chosen
per index: plot P-8SK08 for UAV MSAVI, P-9SK08 for UAV
NDRE, P-1PH01 for Sentinel-2 MSAVI and P-17SK07 for
Sentinel-2 GNDVI. Overall classification accuracy for UAV
MSAVI was 80% with a kappa coefficient of 0.71. UAV
NDRE performed at 85% accuracy with a 0.79 kappa coef-
ficient, with woodland (100%) and grassland (83%) correctly
classified. Sentinel-2 MSAVI performed at 65% overall ac-
curacy and 0.48 kappa coefficient, with woodland (71%) and
shrubland (83%) correctly classified. Sentinel-2 GNDVI per-
formed at 70% accuracy with a kappa coefficient of 0.59, with
woodland and grassland correctly classified.

5.3 Model Validation

For comparability and consistency, the Bland-Altman agree-
ment analysis compared UAV MSAVI and Sentinel-2 MSAVI
post-optimization classification across matching sample points.
Results show a consistent bias (mean difference = −0.157)
between UAV and Sentinel-2 MSAVI values, with UAV-derived
values being lower (Figure 5). Standard deviations (±1.96)
show a moderate and acceptable level of agreement. While the

clustering of the ground-truthing points is on average low (0.2–
0.3) for both sensors, UAV values are systematically lower, in-
dicating that UAV MSAVI classification provided more accur-
ate information of the different classes while Sentinel-2 overes-
timated vegetation structure. This is attributed to differences in
both spatial and spectral resolution. While the model validation
agreement is low, the agreement of the model shows that the
methods can be applied across other indices and sources used
in this study.

Figure 5. Bland-Altman Plot for MSAVI: a comparison of the
mean UAV MSAVI and Sentinel-2 MSAVI and their difference.

6. Discussion

6.1 VIs and Particle Swarm Optimization

This study used the PSO algorithm to enhance VIs to help dis-
criminate between vegetated and non-vegetated areas for a ran-
dom forest classification to assess habitat quality. Regarding
optimization behaviour and performance, minimum VI values
across indices per sensor were preserved post-optimization to
maintain the lower bounds of reflectance values and to avoid
underestimating ecologically valid signals for low vegetated
areas (Gobron et al., 2000). Additionally, this was intentionally
done so that the minimum values represent the dryness of the
area more realistically. Maximum values consistently increased
across all sensors and plots, showing improved sensitivity to
canopy vigor, stress, health and presence per vegetation index.

Across sensors, post-optimization, UAV-derived indices such
as the NDVI, NDRE and SAVI overestimated vegetative fea-
tures, particularly in areas around large woody vegetation with
wide canopies, although the classification was 100% accurate.
This problem is attributed to sensor resolution, which intro-
duces shadows beneath large trees that are then misclassified
into high values representing woody vegetation. In this re-
gard, (Pons and Padró, 2019) suggested using empirical line
correction through radiometric references to correct the cast
shadows of the canopies of woody vegetation. Furthermore,
to mitigate this problem, a separate class representing shadows
may be created, although this introduces the risk of data loss or
oversimplification as these areas fall within other classes such
as grasses and shrubs. Our study did not apply this correction
due to the primary focus being the enhancement of the VIs
through PSO across spatial extents; incorporating radiometric
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corrections would have been beyond the scope of this method-
ological framework. However, future studies can incorporate
this step for shadow-specific classes to improve classification
accuracy.

Regarding VIs, NDVI demonstrated a significant increase post-
optimization across all sensors. The index overestimated ve-
getation greenness, which falsely suggested higher vegetation
density than was present in the plots. Its high variance led to its
exclusion from further analysis and classification. (Gao et al.,
2023) also observed that the NDVI index enhances the contrast
of the reflectivity of the NIR band in remote sensing images,
leading to its inability to characterize between new vegetation
growth and soils, especially in semi-arid regions. MSAVI and
GNDVI, optimized for sparse vegetation environments, showed
strong improvements in UAV and Sentinel-2 data, making them
effective for detecting fragmented vegetation in semi-arid re-
gions. Among all platforms, Sentinel-2 consistently outper-
formed others in post-optimization. This can be attributed to
the sensor’s higher spatial and spectral resolution allowing it to
better capture the heterogeneity of woody vegetation (Qi et al.,
1994).

As mentioned earlier, Landsat 9, while displaying consistent
improvements post-optimization, was excluded from further
analysis due to inconsistency found in the vegetation index val-
ues and its coarser spatial resolution at plot level. Although res-
ampling Landsat 9 imagery could help mitigate this challenge,
the process risks data loss and inflated VIs, leading to unreli-
able habitat quality assessments and low accuracy classification
at plot level.

Post-optimization classification significantly improved (+15%)
the ability to differentiate vegetated from non-vegetated areas,
especially in plots that are difficult to detect due to the spectral
signatures and the heterogeneity of the land cover. Although
the enhancement of the VIs helped to isolate woody vegetation
more effectively, the classification of grasses was overestim-
ated due to their spectral similarity to bare soils. Additionally,
across all remote sensing platforms, the images were acquired
during a dry season, making it even more challenging for dif-
ferentiation post optimization. These observations corroborate
with (Domı́nguez-Beisiegel et al., 2016) who, although in an
arid study site, found that soil background had a high spectral
reflectance making it challenging to map vegetation dynamics.

The classification results per plot per sensor show consist-
ent patterns of habitat fragmentation with most areas clas-
sified as grasslands and less woody vegetation cover (Ap-
pendix 1, Figure 1). This is typical of semi-arid protected
ecosystems (Bindajam et al., 2021) where climatic conditions
and wildlife pressures lead to ecosystem degradation (Pueyo et
al., 2006) and transitions in vegetation structure. However, the
abundance of shrubs and grasses shows a potential decline in
woody vegetation. Field validation and observed patterns in the
classified imagery also support the understanding that wildlife
pressures, fire regimes and drought contribute to habitat degrad-
ation and vegetation fragmentation. This emphasises the value
of optimization-driven classification frameworks in improving
the detection and interpretation of semi-arid vegetation dynam-
ics.

6.2 Implications for Habitat Quality and Conservation

The results of this study show the reliability and potential of re-
mote sensing techniques in quantifying habitat quality for biod-
iversity conservation in semi-arid ecosystems. Optimized VIs

enhanced the ability and effectiveness to assess and monitor
vegetation dynamics in this heterogeneous area where field-
based methods are both expensive and challenging. The in-
creased accuracy in distinguishing vegetation types using dif-
ferent sensors will equip management authorities, in this case,
the South African National Parks (SANParks) to better under-
stand habitat quality, its decline and degradation. Furthermore,
this study also helps inform policies on vegetation restoration,
particularly where bush encroachment, overgrazing and land
use conversion are concerned. This study can be used, with
the help of scalable sensors like Sentinel-2 combined with UAV
imagery, for local and regional scale interventions, conservation
planning and ecological monitoring.

6.3 Advantages and Limitations

Although the results of this study are conclusive and provide
practical observations for both the field and image, there are
several limitations observed. While Sentinel-2 imagery was the
most suitable for this study area due to its spatial, spectral and
temporal resolution, and UAV imagery had the higher classific-
ation accuracy, both images could be improved spatially. Fur-
thermore, the computational power required to run the PSO al-
gorithm in MATLAB R2022b was high, taking each image an
average of 45 minutes per run for a single iteration. This is a
limitation for large-scale area analysis over multiple VIs, es-
pecially for a transboundary protected area. The observed ad-
vantages of the PSO algorithm were its suitability in assessing
multiple VI coefficients for optimal classification and accuracy,
as well as its ability to incorporate multiple sensors for ana-
lysis. The disadvantages noted were the grass and soil confu-
sion where optimization did not fully fix spectral similarities,
as well as shadow effects in the analysis. Finally, we cannot be
fully confident that the PSO results are transferable across all
resolutions and sensors.

7. Conclusion

In conclusion, this study demonstrates that PSO-based optim-
ization of vegetation indices can enhance the precision and
scalability of habitat quality assessments across multiple spa-
tial and spectral resolutions. The optimized indices (NDRE,
GNDVI, MSAVI) proved especially valuable in heterogeneous,
semi-arid ecosystems, where vegetation is dynamic, sparse,
and vulnerable to both climatic variability and human activity.
Among the evaluated sensors, Sentinel-2 emerged as the most
effective platform for scalable vegetation mapping in these en-
vironments, offering a promising pathway for future ecological
monitoring and land management strategies.
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liuk, N., “Random Forest Classification of Land Use, Land-Use
Change and Forestry (LULUCF) Using Sentinel-2 Data,” Re-
mote Sens. (Basel)., vol. 14, no. 5, 2022.

Taddeo, S., Dronova, I. and Depsky, N., “Spectral vegetation in-
dices of wetland greenness: Responses to vegetation structure,
composition, and spatial distribution,” Remote Sens. Environ.,
vol. 234, p. 111467, 2019.

Tamiminia, H. et al., “Google Earth Engine for geo-big data
applications: A meta-analysis and systematic review,” ISPRS
Journal of Photogrammetry and Remote Sensing, vol. 164, pp.
152–170, 2020.

Van Wyk, B., Coates Palgrave, K. and Van Wyk, P., “Field guide
to trees of Southern Africa,” 2012.

Wang, F., Huang, J., Tang, Y. and Wang, X., “New Vegeta-
tion Index and Its Application in Estimating Leaf Area Index of
Rice,” Rice Sci., vol. 14, no. 3, pp. 195–203, 2007.

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-3-2026 
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission III, 4–11 July 2026, Toronto, Canada

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-XI-3-2026-583-2026 | © Author(s) 2026. CC BY 4.0 License.

 
591



Wang, H., Yan, C., Yuan, J. and Lu, Q., “Hyperspectral Band
Selections for Enhancing the Discrimination of Difficult Tar-
gets Using Local Band Index and Particle Swarm Optimiza-
tion,” Applied Sciences (Switzerland), vol. 12, no. 8, 2022.

Wolmer, W., “Transboundary conservation: The politics of eco-
logical integrity in the Great Limpopo transfrontier park,” J.
South. Afr. Stud., vol. 29, no. 1, pp. 261–278, 2003.

Xue, J. and Su, B., “Significant remote sensing vegetation in-
dices: A review of developments and applications,” J. Sens.,
vol. 2017, 2017.

Xue, J. and Su, B., “Significant remote sensing vegetation in-
dices: A review of developments and applications,” J. Sens.,
vol. 2017, 2017.

Yue, Y., Zhao, W. and Liu, R., “Relationships between vegeta-
tion indices and surface reflectance: Implications for detecting
and monitoring sandification in arid regions,” Ecol. Indic., vol.
176, 2025.

Zagajewski, B. et al., “Comparison of random forest, support
vector machines, and neural networks for post-disaster forest
species mapping,” Remote Sens. (Basel)., vol. 13, no. 13, 2021.

Zhang, X., Friedl, M.A. and Schaaf, C.B., “Global vegeta-
tion phenology from Moderate Resolution Imaging Spectrora-
diometer (MODIS),” J. Geophys. Res. Biogeosci., vol. 111, no.
4, 2006.

Zhang, X., Yan, G., Li, Q., Li, Z.L., Wan, H. and Guo, Z.,
“Evaluating the fraction of vegetation cover based on NDVI
spatial scale correction model,” Int. J. Remote Sens., vol. 27,
no. 24, pp. 5359–5372, 2006.

Zhang, Y., Wang, S. and Ji, G., “A Comprehensive Survey on
Particle Swarm Optimization Algorithm and Its Applications,”
Hindawi Limited, 2015.

Zhu, H. et al., “Predicting plant diversity in beach wetland
downstream of Xiaolangdi reservoir with UAV and satellite
multispectral images,” Science of the Total Environment, vol.
819, p. 153059, 2022.

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-3-2026 
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission III, 4–11 July 2026, Toronto, Canada

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-XI-3-2026-583-2026 | © Author(s) 2026. CC BY 4.0 License.

 
592




