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ABSTRACT 
Bush encroachment threatens rangelands’ biodiversity and prod
uctivity, impacting savannah ecosystems based on location, man
agement practices, and factors like erratic rainfall, climate change, 
and environmental variability. Considering these challenges, this 
study therefore seeks to evaluate bush encroachment changes 
over-time (1992–2022) in the Southern part of Kruger National 
Park and surrounding communities of South Africa. The study 
estimated the proportion and extent of encroacher plants in rela
tion to native bush species. To achieve this objective, bioclimatic 
variables, and a digital elevation model in conjunction with the 
Random Forest model were utilized. Classified satellite imageries 
achieved an overall accuracy of 72 and 93%, respectively. A grad
ual increase in bush encroachment was observed from 41,947 
hectares (ha) (3.4%) in 1992 to 61,225 ha (10%) in 2022. 
Additionally, this study observed a decline in the spatial extent of 
native plant species by 178,163.4 ha, while invasive species have 
expanded by 44,022.17 ha from 1992 to 2022 wet season. There is 
a significant increase in the invasive woody species across 
the years; because the p-value (p< 0.000) is <5% (p< 0.05), the 
significance level is <5%. The findings of this study offer a signifi
cant understanding of the historical patterns of bush encroach
ment over the past three decades. This information serves as a 
baseline for formulating strategic and sustainable management 
approaches to combat bush encroachment and promote effective 
rangeland preservation in predominantly savannah ecosystems.
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1. Introduction

Many savannah rangeland ecosystems are undergoing a gradual transformation from open 
grasslands to areas with a predominance of woody vegetation (O’Connor 2015). This global 
phenomenon has been extensively documented, with a focus on its prevalence in semiarid 
environments (Kavwele et al. 2017; Stevens et al. 2017). Research has provided substantial evi
dence that these alterations in savannah rangeland ecosystems are attributed to a phenom
enon known as bush encroachment (Palmer and Bennett 2013; Symeonakis et al. 2016). This 
encroachment of woody vegetation has been observed worldwide, including in regions, such 
as Australia (Scholes and Archer 1997), South America (Stevens et al. 2017), Southeast Asia 
(including India) (Jayadevan et al. 2018), and Africa (Lubetkin et al. 2017). The growing inci
dence of bush encroachment affects rural livelihoods, wildlife, and conservation efforts both 
directly and indirectly (Stafford et al. 2017; Maphanga et al. 2022). The increase in the density 
of woody species, caused by the establishment and densification of woody species, especially 
in semi-arid regions, and the subsequent reduction of grasslands, present a substantial risk to 
the well-being and long-term viability of savannah ecosystems globally (Skowno et al. 2017; 
Stevens et al. 2017; Tian et al. 2017). The increase in the abundance of woody vegetation 
within these rangelands often decreased as the amount of desirable fodder grass increased. 
Woody species encroachment adversely affects rangeland productivity, which is further exa
cerbated by land degradation resulting from drought, climate variability (as such since natural 
areas and natural causes cannot be seen as negative), and unsustainable grazing practices 
including overgrazing and overstocking (Janssen et al. 2018; Dube et al. 2019).

Changes in the climatic conditions of an area influence the spatial distribution of woody 
species within the savannah rangelands. The ability of these species to undergo a shift enables 
them to identify and inhabit climatic conditions that are suitable for their survival (Zhang 
et al. 2023). Climate change, including year-to-year variability, has been linked to changes in 
the composition and physiology of plant communities (Shen et al. 2022; Zhang et al. 2023). In 
contrast to climate data, bioclimatic variables better describe and predict the responses of liv
ing organisms (Zhang et al. 2023). Species distribution modeling and related ecological model
ing tools frequently employ different methodologies, and bioclimatic variables encompass 
annual patterns, such as the average temperature and precipitation over a year, as well as sea
sonal variations, such as the range of temperature and precipitation throughout the year. 
Furthermore, extreme or constraining environmental factors, such as cold or hot weather, as 
well as heavy rain or drought, are also considered. In southern African savannah rangeland 
ecosystems, it is hypothesized that under a dry climate, bush encroachment, with a pro
nounced increase in woody species density and cover, replaces grass (Midgley and Bond 2015; 
Maphanga 2018). The South African savannah rangelands have low and unpredictable rainfall 
patterns, as well as alterations in land use intensity and type (Venter et al. 2018; Yang and 
Crews 2020). Topography plays an important role in determining the global distribution of 
plants, particularly in semi-arid savannah rangelands (Furley 2010; Angassa 2014). 
Understanding how these interactions regulate the ecology of plant communities is essential 
for characterizing the local and regional effects of global changes on biodiversity.

The use of remote sensing data has enabled researchers to use time series to detect 
changes in the savannah rangeland condition and correlate it with climate (Van Leeuwen 
and Nieuwenhuis 2010; Bunting et al. 2019). K�efi et al. (2014) and Browning and Lee 
(2017) stated that the call for more research to be done to have a deeper understanding 
of how extreme climate conditions coupled with remotely sensed vegetation data predict 
ecosystem thresholds. Specifically, recent advancements in cloud computing technologies 
with robust data archiving systems have provided access to data, such as Landsat 5, 7, 
and 8 satellite imagery extending to over three decades suitable for conducting time series 
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analyses of vegetation cover changes (Higginbottom et al. 2018; Souverijns et al. 2020). 
These advances have brought about a paradigm shift from previous approaches that 
require larger storage capacities and efficient computational resources for computationally 
friendly cloud-based platforms, such as the Google Earth Engine (GEE) in time series 
analyses (Baumann et al. 2018; Shekede et al. 2018; Venter et al. 2018; Zhang et al. 2023). 
In addition, GEE has been integrated with various computing algorithms, such as 
machine and deep learning algorithms (e.g. random forests), which are suitable for map
ping and monitoring spatial-temporal variability metrics of vegetation, such as bush 
encroachment (Symeonakis et al. 2016; Brandt et al. 2017; Borges et al. 2020). In light of 
vegetation-based encroachment, GEE could be an effective platform for understanding the 
influence of bioclimatic variables on bush encroachment trends over the long term (e.g. 
30 years). Higginbottom et al. (2018) and Ludwig et al. (2019) demonstrated that cloud 
computing algorithms, such as machine learning can model species distribution for inva
sive and native species, providing useful data on the responses of vegetation species to cli
mate change. In this regard, GEE offers an opportunity and platform to select multiple 
temporal images optimally for time series analysis for encroachment studies, particularly 
in areas that were previously impacted by data scarcity and computational resources.

For example, in the Kruger National Park (KNP) of South Africa, many studies that 
assessed the change in woody cover within the savannah used historical aerial photographs 
either as a photograph-only image time series (Munyati and Sinthumule 2016) or a com
bination of different sensors (Ludwig et al. 2016). It is worth noting that these studies pro
duced a mixed trend regarding changes in KNP in woody cover using historical imagery. 
Currently, there is an urgent need for a robust technique to understand the extent of bush 
encroachment in the southern part of the KNP and surrounding areas, where existing data 
are inadequate (Dube et al. 2022). Because of the complexity of the savannah rangeland in 
that region and its dynamic nature, it has been challenging to assess changes in the magni
tude of spatial and temporal variations in vegetation encroachment (Naidoo et al. 2012; 
Higginbottom et al. 2018). Therefore, there is a need to assess the influence of combining 
environmental and remotely sensed data to assess spatial and temporal variations in vege
tation encroachment. This study therefore sought to assess the seasonal spatiotemporal 
changes in bush encroachment at ten-year intervals between 1992 and 2022 in the Kruger 
National Park (KNP) of South Africa using Landsat remotely sensed data, environmental 
variables (bioclimatic and topographic data), and a Random Forest (RF) ensemble in GEE. 
To address the above objective, the study first characterized the overall area encroached by 
bushy vegetation during the dry and wet seasons. The second specific objective assessed 
the seasonal variations in encroachment woody species, such as Dichrostachys cinerea, 
Acacia nilotica, Termanalia sericia, and Senegalia nigrescens, to name a few indigenous 
vegetation species in the study area. The third objective was to examine the spatial extent 
variations of native encroachers’ vegetation in relation to indigenous vegetation. 
Understanding the extent of encroachment will provide insights that can aid decision- 
making for the effective conservation and management of encroachment to the KNP 
management authorities to either improve or change their management strategies.

2. Materials and methods

2.1. Study area description

This study was conducted in the Kruger National Park (KNP), which spans portions of 
the South African provinces of Limpopo and Mpumalanga (Figure 1). The savannah 
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biome and gentle slopes of the park make it an ideal wildlife grazing area. Kruger 
National Park is classified as a BSh (hot semi-arid climate) climate according to the 
Koppen–Geiger classification system (Venter et al. 2003). There are distinct seasonal var
iations in rainfall and temperature in the ‘BSh’ climate. The average annual temperature 
in Skukuza is 22.5 �C. Annual precipitation is �540 mm. The geographical coordinate of 
this area is situated within the southern hemisphere. Summer begins in September and 
lasts until the end of April which is considered the wet season in savannah rangelands. 
The dry season lasts from June to August. The study sites are in the southern portion of 
the Kruger National Park region in the Mpumalanga Province of South Africa, as shown 
in Figure 1. The study area comprises protected and unprotected sections (communal 
areas). Three sub-research sites were selected: Skukuza (31� 29052.472400 E, 25�5030.64200
S), Pretoriouskop (31�15049.7300 E, 25� 3047.2500 S), and the last (31�18044.6100 E, 25�
8013.9400 S). These locations were chosen because they contain encroached woody vegeta
tion. The unprotected area (community land) is located in the Bushbuckridge 
Municipality (Ehlanzeni District), Somerset (31�22022.2200 E, 24�54037.5400 S). The Granite 
Lowveld Vegetation Unit described by Mucina and Rutherford (2006) is home to two 
types of savannah vegetation in the Northern Eastern region of South Africa: Lowveld 
Sour Bushveld (in the wetter western region) and Lowveld mixed bushveld (in the drier 
eastern region). The lowveld mixed bushveld is the same vegetation type that is found in 
the communal areas outside the park. On unprotected savannah rangeland (community 
land), a high rate of wood harvesting reduces the amount of woody vegetation cover 
(Wessels et al. 2013). Protected areas are the closest ‘control’ systems; nevertheless, natural 
processes, such as frequent fires and moderate herbivory (grazers and browsers) are main
tained (Stevens et al. 2017). Spatial heterogeneity in the principal encroacher species in 
southern Africa has been observed, and existing research suggests that this variance can 
be ascribed to the many causes of bush encroachment in the region The presence of the 

Figure 1. Locality map of the study area.
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Dichrostachys cinerea species has been widely observed as an encroaching phenomenon 
throughout many regions in southern Africa. The predominant emphasis of scholarly 
investigations pertaining to bush encroachment and its fundamental determinants mostly 
centres on locations characterized by lowland savannah and coastal savannah bioregions. 
To have a thorough understanding of bush encroachment in South Africa, further 
research is necessary, as demonstrated by the inquiry carried out by Stevens et al. (2016).

2.2. Field data collection

A field survey was conducted between 10 and 30 April 2022. Field data was collected and 
only six (6) selected experimental sites: four (4) sites in the KNP and two (2) sites in the 
communal areas outside the park. The survey measured the diversity and canopy cover of 
woody plants at the end of the growing season using a line transect. A purposive sam
pling approach was adopted in this study (Bonham 1989; Pfeffer et al. 2003). The selec
tion of the sampling approach was guided by authorities (Scientist: Vegetation Dynamics: 
Dr. Corli Wigley-Coetsee) stationed in the KNP and prior knowledge of local commun
ities outside the park. To avoid oversampling, the study has marked plots in areas that 
are encroached were placed both in the KNP and surrounding communities. The plots 
(plot size: 50� 50 m) were placed within selected areas with an interval of between 500 m 
and 1 km (particularly in the KNP) and this depends on the access to the areas. This was 
to consider the spatial differences in vegetation and prevent pseudo-replication, as sug
gested by Waite (2000) and Wigley et al. (2010). Thirty-five plots (30 in KNP and 5 in 
the communal) were surveyed and in each plot four (4) quadrants (50� 50 m) were ran
domly placed to capture the variability within plots. In each plot, sample points of the 
native and native invasive woody species were recorded using Trimble GPS at submeter 
accuracy. The recorded in-situ data was later split into training (70%) and testing (30%) 
for further analysis.

2.3. Landsat data acquisition and pre-processing

In this study, we used atmospherically corrected surface reflectance scenes of Landsat data 
to map the spatio-temporal distribution of encroachment from 1992 to 2022. Landsat 
4 TM, 5 TMþ, and 8 OLI were accessed from the United States Geological Survey (USGS) 
using the GEE platform (https://earthengine.google.com/). This study utilized the Google 
Earth Engine (GEE), which automatically employs closest neighbour resampling during 
reprojection. The function resample() allows the user to choose the resampling method 
(‘bilinear’ or ‘bicubic’) that will be used during the next reprojection. When inputs are 
requested in the output projection, there may be an implicit reprojection that occurs 
before any further activity on the input. To achieve this, explicitly invoke the resample() 
function on the supplied picture. This allows the aggregation process with the 
reduceResolution() method. As with resample(), call reduceResolution() on the input, to 
affect the next reprojection of the image. Due to the extreme elevation range and steep 
slopes and its interaction with vegetation cover in KNP and surrounding communal area. 
A reflectance normalization process was applied to all satellite imageries by computing 
the spectral bands by the reflectance of all bands using band variables from Band 2 to 
Band 7. Six (6) spectral indices (See Table 1) were calculated to improve the detection 
and mapping accuracy. Figure 2 below describes in detail how remote sensing data was 
acquired and processed.
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2.4. Feature extraction

There are two existing methods (vegetation indexes) for measuring vegetation (Sohn 
and McCoy 1997). For instance, Vachellia swazica and Dichrostachys cinerea produce 
leaves primarily from December to March, and a lesser extent from April to May. The 
rest of the year, the majority of shrubs are leafless (Curtis and Mannheimer 2005). The 
different inter-annual growth pattern compared to its co-occurring species, can pro
vide a distinct phenological patterns for remote detection. In areas devoid of leaf-bear
ing shrubs during certain seasons, vegetation indices indicate low photosynthetic 
activity. By comparing the separability of vegetation indices, Resasco et al. (2007) 
mapped an invasive shrub within understory vegetation. Vegetation index differencing 
is a method used to analyse differences between dates, determining the presence of 
native and native invasive species based on spectral reflectance behaviour (Table 1). 
Various indices have been developed, including NDVI for semi-arid rangelands and 
SAVI for soil-adjusted vegetation.

Table 1. The vegetation indices are considered in this study.

Vegetation indices Formula References

NDVI NIR−Red
NIRþRed

Tucker 1979

SAVI ðNIR−RedÞ
ðNIRþRedþ0:5Þ x 1:5 Huete 1988

NDSMI SWIR−Red
SWIRþRed

� �
x1 Qi et al. 2002

EVI NIR−Red
NIRþ2:4xRedþ1

� �
x2:5 Huete et al. 2002

NDMI NIR−SWIR
NIRþSWIR

Xiao et al. 2019

NDPI NIR - ð0:74�REDþ0:26�SWIRÞ
NIRþð0:74�REDþ0:26�SWIRÞ

Wang et al. 2017

SAVI: soil adjusted vegetation index; NDVI: normalized difference vegetation index; NDMI: normalized difference 
moisture index; NDPI: normalized difference phenology index; EVI: enhanced vegetation index; NDSVI: normalized 
difference senescent vegetation index.

Figure 2. Methodological overview of the processing flow.
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2.5. Bioclimatic, digital elevation, and soil data acquisition

A bioclimatic variable represents annual trends (e.g. annual mean temperature, annual 
precipitation), and seasonality (e.g. annual range in temperature and precipitation). The 
present research used a selection of climatic factors to examine their influence on the dis
tribution patterns of plant species, including both native and invasive species. It is well- 
acknowledged that climate variability has a significant effect on these patterns (Fick and 
Hijmans 2017; Mtengwana et al. 2021). Nevertheless, it is important to note that these 
parameters generally maintain a rather stable nature and demonstrate a significant spatial 
association when examined at a more detailed level of investigation, especially at a reso
lution of 30 meters. Therefore, the incorporation of local environmental predictors is 
essential for elucidating the complex geographical distribution of habitats and assessing 
the level of spatial variability. Nineteen (19) bioclimatic variables (Table 2) representing 
each scenario for the current (1992–2022) climates were downloaded for free from 
WorldClim (http://worldclimate.org) at a spatial resolution of 30 arc seconds (1� 1 km). 
Annual trends (including mean temperature and precipitation) and seasonality (including 
temperature and precipitation ranges) are among the bioclimatic variables. Environmental 
factors that are extreme or limiting, such as the coldest and warmest month, and the wet 
and dry quarters’ precipitation, are all examples of extreme or limiting environmental fac
tors. In addition, the Shuttle Radar Topography Mission (SRTM) Digital Elevation Data 
(DEM) Version 4 was accessed directly from GEE (https://srtm.csi.cgiar.org/). Using 
SRTM DEM, the slope map of the study region was generated. Similarly, the soil texture 
data was derived from the mean of the six Open land Map soil texture classes 
[SOTERSAF database (ver. 1)] accessible in the GEE catalogue (https://data.isric.org/geo
network). Throughout the Southern portion of the KNP, clay soils are separated by cal
crete from the underlying basalt. As a result of its densely compacted composition, clay 

Table 2. The bioclimatic, and terrain variables considered to predict bush encroachment distribution.

Environmental variable description Bioclim code Unit

BIO1 �C
Mean diurnal range (mean of monthly (max temp–min temp)) BIO2 �C
Mean diurnal range (mean of monthly (max temp–min temp)) BIO2 –
Isothermality BIO3 –
Temperature seasonality BIO4 �C
Max temperature of warmest month BIO5 �C
Min temperature of coldest month BIO6 �C
Temperature annual range BIO7 (BIO5–BIO6) �C
Mean temperature of wettest quarter BIO8 �C
Mean temperature of driest quarter BIO9 �C
Mean temperature of warmest quarter BIO10 �C
Mean temperature of coldest quarter BIO11 �C
Annual precipitation BIO12 mm
Precipitation of wettest month BIO13 mm
Precipitation of driest month BIO14 mm
Precipitation seasonality BIO15 mm
Precipitation of wettest quarter BIO16 mm
Precipitation of driest quarter BIO17 mm
Precipitation of coldest quarter BIO19 mm
Soil characteristics Soil types
Thematic land cover classes Land cover
Moisture index TWI
Topographic index TOI
Angle of inclination Slope �

Altitude above sea level Elevation m
The direction of the slope Aspect
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soil has limited drainage capacities, making it conducive to water retention. It takes a 
while for extra liquid to filter through the soil after irrigation, resulting in saturated con
ditions after significant rainfall.

2.6. Image classification and classification accuracy assessment

In this study, random forest machine learning algorithm was used to map the spatio- 
temporal distribution native invasive woody species in savanna rangelands. Random for
est. To accurately delineate the distribution of non-native species in savanna rangelands, 
the study used RF machine learning. Random Forest (RF) is a non-parametric classifier 
consisting of a collection of tree classifiers. The Random Forest ensemble uses classifica
tion and regression decision tree classifiers as part of a machine learning ensemble first 
proposed by Breiman (2001). In an ensemble model, random forests make predictions 
using decision trees. The final prediction is obtained by averaging the predictions of sev
eral regression trees. RF has been effectively used in remote sensing to map out invasive 
species (Anchang et al. 2020; Gan et al. 2022). Grid search values for the mtry parameter 
ranged from 1 to 14, while the mtree parameter ranged from 100 to 500 at intervals of 
50. The classified satellite imageries from 1992 to 2022 were evaluated to check classifica
tion accuracy performance. During assessment performance, the split strategy of 70% 
(training) and 30% (testing) was used. The data was used to compute accuracy statistics. 
The error matrix produced was used to assess overall, user and producer accuracy.

3. Results

3.1. Spatial change in the extent of bush encroachers

The results from Figures 3(A–H) and 4 show that there is an inter-season shift in the dis
tribution and amount of woody cover, including losses and gains in the fractional woody 
cover. The increase in cover of the native invasive woody species was mainly observed 
during the wet season, but Figure 3(E) shows contrary results to the trends observed in 

Figure 3. (A–H) Seasonal spatial distribution of invasive vegetation plant species from 1992 to 2022 (with 10-year 
intervals); the white parts represent classes that were excluded or masked out.
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this study and other previous studies. As shown in Figures 3(A–H) analysis, for the 
period (1992–2022), encroachment spread from the north of the study area towards the 
southern parts. The 2012 map (Figures 3(E,F)) shows scattered invasive vegetation plant 
species in large amounts across the study area and slightly dense in the centre of the 
study area during the dry season. With the maps presented between 2012 and 2022 
(Figures 3(E,H)), it is possible to capture both the temporal and spatial patterns of the 
growth of invasive vegetation plant species in detail. For the community studying the 
region, woody fractional cover maps provide the capability to discriminate very detailed 
and fine-scale variabilities. Moreover, structural variables may help to reduce spectral con
fusion, for instance, when tree species possess spectral properties similar to others. The 
increase in woody cover by invasive vegetation plant species is noticeable in Figures 
4(H,E). Yes, there is densification, however the ones that occurred in the west and south- 
west have disappeared.

Figure 4 shows the spatial coverage in hectares (ha) during the same period. Figure 4
shows that in 1992, the spatial coverage of the native invasive vegetation plant species was 
12,145 ha (2.2%) in the dry season, while in 2002 during the dry season, it increased to 
14,300.1 ha (3.8%), but within the same years (1992 and 2002) during the wet season, the 
spatial coverage was at 7108.87 ha (3.4%) and 8909.7 ha (2%), respectively. These results 
show that the rate of encroachment was relatively low compared to that of native vegeta
tion in both wet and dry seasons. The spatial coverage depicted in Figure 4 demonstrates 
that during the wet season of 1992, the area occupied by native vegetation was 390,176 ha, 
but the invasive vegetation covered an area of 7109 ha. This observed difference can be 
related to the green-up phenomenon. The observed discrepancy in vegetation between the 
invasive(invasive) and native species exhibited statistically significant seasonal fluctuations 
(p< 0.05). This variation was evident in the spatial distribution of both invasive encroach
ers and indigenous vegetation, as shown in Figure 5. Distinct letters indicate substantial 
disparity, whereas similar letters indicate a lack of significant disparity.

The results in Figure 4 show that there was a decrease in 2012’s spatial coverage of 
native invasive vegetation plant species in hectares for both wet and dry seasons, ranging 
from 11,594 (3%) to 9719 ha (4%). From 2012 to 2022, an increase in the native invasive 
vegetation plant species was observed during the wet season recording 36,913 ha (10%). 
The findings depicted in Figure 3 indicate that there is an increase in native vegetation 

Figure 4. Estimated spatial coverage of invasive woody species during the wet and dry seasons from 1992 to 2022.
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during the 2022 wet season, whereas there is a decrease in native invasive vegetation. 
Conversely, during the dry season of 2022, an opposite trend was observed, with a 
decrease in native vegetation and an increase in invasive vegetation. This study demon
strates that semi-arid savannah rangelands exhibit seasonality and limited annual fluctua
tions in plant growth. Meaning depending on the particular season they might be an 
increase in the availability of moisture for plants, together with the geographical and tem
poral distribution of water, will influence the species composition and spatial dispersion 
as an example. Figure 3 shows that encroachment mainly occurred in close boundaries 
with the surrounding communal areas, only in the 2012 dry season, which is a spatial dis
tribution inward of the KNP. The seasonal variation depicted in Figures 3(A,C,E,G) is 
noticeable due to the diversity in genus. It is simple to observe the variation and abun
dance of woody plants at the conclusion of the growing season (April to May) based on 
field data. The climate of a region or area defines its typical weather conditions. The 
results in Figure 5 support the findings from Figures 3 and 4 there is a significant 
decrease in the invasive woody species wet to dry seasons of 2022 because the p-value 
(p< 0.000) is <5% (p< 0.05), and the significance level is <5%. The results in Figure 6
demonstrate that the spatial extent of bush encroachers increases annually, while the 
native area decreases from 1992 to 2022. In addition, the results in Figure 5 show that the 
spatial extent of the bush encroachers (invasive) increased during the wet season, similar 

Figure 5. Significant (p< 0.05) seasonal variation in the estimated area covered by (a) native invasive encroachers 
and (b) the indigenous vegetation. Different letters represent significant difference while similar later show non-signifi
cant difference based on the student’s t-test.

Figure 6. Annual variations in the estimated areal extent covered by the (a) invasive encroachers and (b) indigenous 
vegetation species.
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to that of the non-invasive native species season, which is a prominent change observed 
in the greenness pattern. Furthermore, the results in Figure 3 indicate that between the 
dry and wet seasons, there are significant changes in the spatial extent, as shown in 
Figure 5. As depicted in Figures 5 and 6, the results demonstrate that bush encroachment 
is a decrease in cover and an increase in spatial extent.

3.2. Accuracy assessment

Figure 7 shows the overall accuracies of the classification ranging from 70 to 86% from 
using Landsat satellite data. The results of this study indicate that during the 1992 dry sea
son, an overall accuracy of 76% was achieved, which was based on the following variables 
of importance: elevation, NDMI, EVI, SAVI, Band 5 Near-Infrared (1.55–1.75 mm (B5), 
Band 3 Visible Red (0.63–0.69 mm) (B3), Band 7 Near-Infrared (0.8–1.1 mm) (B7), BIO 04, 
and BIO 12 shown in Figure 8(A). While the wet season of the same year achieved an 
accuracy of 70% (Figure 7) Bio 04 and Bio 12 were the most important bioclimatic varia
bles and the most performing vegetation indices were NDPI and NDVI plus elevation 
(Figure 8). In 2002 a 78% accuracy was achieved by the model during the wet season and 
the best and most important bioclimatic variables were BIO 04 and BIO 12; while the 
best-performing vegetation indices were NDPI and NDVI (Figure 8(C)). In addition the 
most important spectral bands in the wet season, datasets of Landsat 5 TM (1992, 2002) 
were identified as follows: Band 7 (B7) representing the Shortwave Infrared (SWIR) 2 
range (2.08–2.35 mm), Band 6 (B6) representing the Thermal range (10.40–12.50 mm), 
band 5 (B5) representing the Shortwave Infrared (SWIR) 1 range (1.55–1.75 mm), Band 4 
(B4) representing the Near Infrared (NIR) range (0.76–0.90 mm), and Band 3 (B3) repre
senting the visible red range (0.63–0.69 mm) (Figures 8(B,C)). These spectral bands were 
part of the model that helped in achieving the accuracy of 70% (1992) and 78% (2002) 
(Figure 7) during the wet season, worth noting that these accuracies shared the same vari
able of importance from bioclimatic variable; vegetation indices; elevation and spectral 
bands. When characterizing the invasive woody species during the dry season of 2012 an 
overall accuracy of 85% was shown in Figure 7 these were based on the following varia
bles; elevation, SAVI, EVI, NDVI, and spectral Bands 7 (B7) (Shortwave Infrared (SWIR) 
2 range (2.08–2.35 mm), Band (B4) Near Infrared (NIR) range (0.76–0.90 mm) and Band 

Figure 7. Shows the overall accuracy for wet and dry seasons over time.
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(B3) visible red range (0.63–0.69 mm) these are from the variable of importance (Figure 
8(E)). On the vegetation indices, the results showed some variation within the variable of 
importance depending on the year or season (dry or wet). Furthermore, Figure 7 shows 
that during the wet and dry seasons of 2022, an overall accuracy result of 85% was 
achieved based on the following variable of importance: spectral bands: Band 2 (B2) Blue 
(0.45–0.51 mm), Band (B3) Green (0.53–0.59 mm), Band (B6) Shortwave Infrared (SWIR)-1 
(1.57–1.65 mm), and Band (B8) panchromatic (0.50–0.68 mm) (Figure 8(H)); bioclimatic 
variables Bio 4 and BIO 12; vegetation indices NDMI, NDVI (during the dry season); 
NDVI, EVI (wet season) and elevation (Figures 8(G,H)). Contrary to the results of 2012 
where the most performing vegetation indices were SAVI and EVI, furthermore in 2022 
results showed that NDMI and NDVI performed better. Landsat 5 TM Band 2 (B2) 
Visible Green (0.52–0.60 mm) was the least performing variable importance in the 
2012 dry season (Figure 8(C)). Meanwhile, Band 8 (B8) Panchromatic (0.50–0.68 mm) and 
Band 2 (B2) blue (0.45–0.51 mm) were among the important variables for the wet season, 
while during the dry season, Band 6 (B6) Shortwave Infrared (SWIR)-1 (1.57–1.65 mm) 
and Band 3 (B3) green (0.53–0.59 mm) were the important variables (Figure 8).

4. Discussion

4.1. Seasonal variations in invasive woody (encroachers) from 1992 to 2022

The results of this study showed that the invasive woody vegetation plant species have 
been significantly changing in terms of their aerial coverage from 1992 to 2022. As woody 
cover changes in savannah rangeland, the distribution and abundance of native invasive 
woody species threaten the spatial distribution and abundance of native woody species. 
This means that if there is an increase in the prevalence of woody species within their 
current distribution ranges, it can be considered as a process of densification. The 

Figure 8. Estimates of the variable importance of satellite imagery in conjunction with climatic variables, elevation, 
and vegetation indices. A-H shows the variable importance from 1992 to 2022 (with 10-year intervals).
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historical model (data) indicates a change in the savannah woody cover in KNP and the 
surrounding area. The overall accuracies of the classification ranged from 70% to 86% 
from using Landsat satellite data and model accuracies were based on spectral variables, 
vegetation indices, elevation, and bioclimatic variables. According to the results of this 
study, an overall accuracy of 76% was achieved during the dry season of 1992 using the 
significant variables elevation, NDMI, EVI, SAVI, Band 3 Visible Red (0.63–0.69 mm) 
(B3), Band 5 Visible Red (0.6–0.7 mm) (B5), Band 7 Near-Infrared (0.8–1.1 mm) (B7), BIO 
04, and BIO 12. It is possible to attribute the woody state to a combination of factors, 
including severe drought conditions enhancing the growth of woody species (Sintayehu 
2018) and suppressing herbaceous plant cover (Kgosikoma and Mogotsi 2013). Case et al. 
(2020) demonstrated that several plant species that are susceptible to drought and tend to 
encroach into woody areas have comparable traits with non-encroaching species.

Furthermore, Zhu et al. (2022) found that encroachment was greatest in areas with a 
lower fire frequency and a lower mean annual rainfall, as well as in areas where elephants 
were more prevalent in the KNP. Furthermore, it is worth noting that certain specimens 
of Senegalia nigrescens exhibit a lack of foliage throughout April and May. Hence, green
ness is decreasing, and dry-matter content is increasing. The majority of the effect of leaf 
loss on spectral response can be attributed to a change in the amount of visible soil affect
ing the signal. Due to the importance of water availability in savannas, the spatial separ
ation of species may be caused by abiotic factors, such as soil texture that regulate water 
storage (Dube et al. 2022).

In the same year, BIO 04 and BIO 12 were the most significant bioclimatic variables 
coupled with elevation and NDPI. Based on their known phenological differences, i.e. a 
different onset of shoot growth, spatial distribution patterns of bush encroacher species 
were identified. Seasonal phenological changes are typically the result of inter-annual cli
matic variability and are manifested by an increase or decrease in green biomass. 

Figure 8. Continued. 
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Moreover, this season is sufficiently dry to distinguish between the spectral characteristics 
of woody and herbaceous vegetation (Shen et al. 2022). Structure variables may help 
reduce spectral confusion when a specific tree species, such as Dichrostachys cinerea, has 
similar spectral properties to Peltophorum africanum. In a related study, Naidoo et al. 
(2012) argue that in savannah rangelands bush encroachment component decreases the 
temporal variation within the NDVI signal as the shrubs maintain leaves throughout the 
dry season. The majority of the effect of leaf loss on spectral response can be attributed 
to a change in the amount of visible soil affecting the signal. This appears to be particu
larly true for encroaching species that typically lack a well-developed understory (Scholes 
and Archer 1997; Venter et al. 2018; Shen et al. 2022).

4.2. Understanding the influence of bioclimatic variables on bush encroachment 
trends over a long term (30 years)

When characterizing the invasive(invasive) woody species during the dry season of 2012, an 
overall accuracy of 85% was determined based on the following variables: elevation, SAVI, 
EVI, NDVI, and spectral bands Band 7—Shortwave Infrared (SWIR) 2, Band 4 (B4) Near- 
Infrared, and Band 3 (B3) visible red range, Elevation was an important variable in this 
model and this maybe because of topography variation in soil texture, water availability and 
temperature. According to Oldeland et al. (2010), the spatial distribution of invasive species 
in rangelands is influenced by the topographic depression (elevation) of a landscape. When 
a distinct environmental gradient is present in a study area, and consequently in the image, 
species composition and vegetation structure will likely change along this gradient. 
Schmidtlein et al. (2007) and Van Leeuwen and Nieuwenhuis (2010) discovered that is likely 
to influence the spectral response, allowing differentiation of vegetation types (shrubs or 
trees) along the gradient. Similar studies by Venter et al. (2018) and Zhang et al. (2023) have 
found that topographic variables are important in large-scale land cover land use classifica
tion. For instance, Rufin et al. (2015) incorporated topographic variables (elevation and 
slope) into their land use land cover model and emphasized their importance in improving 
overall accuracy. Worth noting that these studies looked at an elevation at a large scale 
which was not the case in this study as it was factored in at a regional level. Symeonakis and 
Higginbottom (2014) defined several datasets based on Landsat time series and auxiliary 
bands, such as topographic factors, and discovered that elevation was the most significant 
variable in all models. Consequentially, the high significance of topographic factors utilized 
in this study was consistent with findings from prior research.

Depending on the year or season (dry or wet), the vegetation indices revealed some 
variation within the significant variable (Figures 5 and 6). This kind of data allowed the 
discrimination of vegetation type (native and invasive) by exploiting the full spectral range 
of the reflected radiation (Higginbottom et al. 2018). Furthermore, the result of this study 
demonstrates that during the wet and dry seasons of 2022, an overall accuracy result of 
85% was achieved based on the following important variable: spectral bands; Band 2 (B2) 
Blue Band (B3) (Green), Band (B6) Shortwave Infrared (SWIR)-1, and Band (B8) (pan
chromatic). In contrast to the results of 2012, which indicated that SAVI and EVI were 
the most effective vegetation indices, the results of 2022 demonstrated that NDMI and 
NDVI performed better. This is also supported by Tian et al. (2017) who stated that most 
vegetation indices rely on the reflectance in the Near Infrared (NIR) wavelength because 
of the distinctive spectral signature, characterized by a low reflectance in the visible spec
trum, and high reflectance in the near-infrared by plants. Moreover, the findings of this 
study show that variation within the variable of importance depends on the year or 
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season (dry or wet) on the vegetation indices. This is contrary to the observation made 
from this study as the dry season gives a clear separation of the two classes as they go to 
senescent at different times.

During the wet seasons of 1992, 2002, and 2012 overall accuracies of 70, 78, and 84% 
were achieved, respectively and the three most significant spectral bands identified in 
Landsat 5 TM wet season datasets (1992, 2002, 2012): Band 7 (B7) Shortwave Infrared 
(SWIR) 2 range, Band 6 (B6) representing the Thermal range, Band 5 (B5) representing the 
SWIR-1, Band 4 (B4) Near Infrared (NIR) range, and Band 3 (B3) visible red range. 
Elevation coupled with bioclimatic variables (BIO 04 and BIO 12) and vegetation indices 
(NDPI and NDVI) were the best-performing variables of importance which helped in 
achieving the accuracies. The two most influential bioclimatic variables during the 1992, 
2012, and 2022 wet seasons were BIO 04 and BIO 12. As a result of climatic changes, vegeta
tion structure changes in arid regions with increasing precipitation. The facilitative or com
petitive interactions between native and invasive woody species are crucial to understand 
past and current successional stages and dynamics and to predict future encroachment rates 
in harsh alpine environments (Angers-Blondin et al. 2018). During these wet seasons, woody 
shrub vegetation is photosynthetically active, whereas, during the dry season, it is not 
(Naidoo et al. 2012; Zhang et al. 2023). Higginbottom and Symeonakis (2017) stated that the 
trends of bush encroachment are a result of climate variability particularly in rainfall and 
temperature, especially where they are no anthropogenic activity.

From 1992 to 2022, the results indicate that the spatial extent of bush encroachments 
increases annually, while the native vegetation decreases. In addition, the results indicate 
that the spatial extent of bush encroachers (invasive) increased during the wet season, 
similar to the native; this is accompanied by significant changes in the pattern of green
ness. In addition, the results indicate that the spatial extent varies considerably between 
dry and wet seasons. This could be explained by an outbreak of veld fires that occurred 
in the eastern section of the park in 2012 which had the potential to harm the park’s 
fauna and flora. The results, of this study, show that invasive vegetation plant species cov
ered 12,144.5 ha (2.2%) in 1992, 14,300.1 ha (3.8%) in the dry season of 2002, and 
8909.7 ha (2%) in the wet season of 2002. This suggests that context influences long-term 
changes in woody cover patterns in the KNP and surrounding areas. Some woody species 
are less tolerant of dry conditions than others.

Furthermore, the findings of this study suggest that the spatial extent of invasive(inva
sive) species has increased considerably between 1992 and 2022. The results demonstrated 
that there is a rapid increase in the bush encroachers regardless of the season or year. 
The variability of precipitation, topography, and temperature within an annual period 
defines encroachment. The possibility exists that biological activity and species richness 
are largely unaffected by spatial variations in climate. In each of the four dry seasons, the 
general pattern of variation in vegetation eco-physiognomy increases from west to east, as 
well as north to south, as the vegetation changes. According to Higginbottom and 
Symeonakis (2017) this is because dry season metrics have relatively greater discrimin
atory power at sparse coverage, where woody canopies are more distinguishable. The 
study by Yang and Crews (2020) found that in semi-arid places, the rise in encroachment 
is directly connected to the availability of water due to low annual rainfall.

5. Conclusion

This study aimed at assessing bush encroachment spatiotemporal changes over-time 
(1992–2022) in the Southern part of Kruger National Park (KNP) and surrounding 
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communities of South Africa. The results achieved in this study showed that there is a 
gradual increase in the spatial distribution of invasive woody plant species in this section 
of the KNP and surrounding communities. Landsat datasets, bioclimatic, and DEM played 
a critical role in the detection and monitoring of bush encroachment in the KNP and sur
rounding communities in GEE. The ensemble machine learning classifier, Random Forest 
managed to achieve a classification accuracy of 86% to 70% over the selected years. 
Seasonal climatic variability also influences the rapid increase of invasive plants. This 
study used the historical Landsat data to monitor the spatial distribution of invasive 
woody species coupled with bioclimatic (precipitation and temperature) over 30 years. 
There has been a significant increase in the encroachment rate. The results demonstrated 
in this study are acceptable given that the research focus was at a regional level, which is 
characterized by high complexity. Landsat data has provided the opportunity to trace 
back the regional land cover changes to the 1980s at high resolution. Notwithstanding the 
irregularity in canopy and crown shape, height, and other structural dimensions of savan
nah vegetation (a stark contrast to the more homogeneous forest vegetation), these struc
tural vegetation parameters should not be ignored. It is possible that site-specific factors, 
such as rainfall, temperature, fire, overgrazing, woody plant removal, etc. before an earlier 
study date, could explain the apparent increase in woody cover within the same study 
site. Therefore, long-term changes in the KNP’s and surrounding communities’ woody 
cover patterns are context-dependent.
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