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Global climate change has become entangled with the problem of alien invasive 

species. A warmer climate could allow some invaders to spread further, while 

causing native organisms to go extinct in their traditional habitats and making 

room for invaders.   

                                                         - 

      

                                           Richard Preston  



i 

 

Abstract 

Bracken fern is an invasive alien plant that has caused serious disturbances in many ecosystems 

due to its ability to encroach into areas of biological importance rapidly. Adequate knowledge 

of the phenological cycle and the associated morphological and physiological traits of bracken 

fern is required to serve as an important tool in formulating management plans to control the 

spread of the fern. The focus of this study was to estimate and monitor the phenological cycle 

of bracken using remotely sensed data. The first objective of the study focused on reviewing 

the progress and challenges in the remote sensing of Land Surface Phenology (LSP) in 

rangelands. The review provided a synopsis of developments in plant phenology studies using 

remote sensing. The study documented the evolution of satellite sensors and interrogates their 

properties as well as the associated indices and algorithms in quantifying plant phenological 

characteristics. Findings from the literature show that the Normalized Difference Vegetation 

Index (NDVI) pioneered LSP investigations and most other spectral vegetation indices were 

developed to address the weaknesses and shortcomings of the NDVI. New spectral indices 

continue to be developed based on recent sensors such as Sentinel-2.  The Sentinel-2 sensor is 

characterized by unique spectral channels and fine spatial resolutions and its successful usage 

is catalysed by the development of cutting-edge algorithms for modelling the LSP profiles.  

The second objective of the study characterized the phenological cycle of bracken fern using 

NDVI and the two band Enhanced Vegetation Index (EVI2) time series data derived from 

Sentinel-2 multispectral sensor. The TIMESAT program was used for removing low quality 

data values, model fitting and extraction of bracken fern phenological metrics. Findings from 

the study revealed that bracken fern phenological metrics estimated from satellite data were in 

close agreement with ground observed phenological events with R2 values ranging from 0.53 

– 0.85 (p < 0.05). Although they were comparable, findings from the study revealed that NDVI 

and EVI2 differ in their ability to track the phenological cycle of bracken fern. Overall, EVI2 

performed better in estimating bracken fern phenological metrics as it related more to ground 

observed phenological events compared to NDVI. The third objective of the study estimated 

the spatial distribution of bracken fern during the green up stage using the One Class Support 

Vector Machine (OCSVM) and Biased Support Vector Machine (BSVM) algorithms. The 

results show that in all data set combinations, the BSVM algorithm outperformed OCSVM 

with average overall accuracies of 0.89 and 0.93 respectively. The data sets which combined 

spectral bands, vegetation indices and topographic variables yielded the highest accuracies 

compared to all other datasets based on the two algorithms. Generally, the accuracy trends 



ii 

 

revealed by the models show that as vegetation indices and topographic variables were added, 

the overall model performance improved significantly by an average of 2-4% accuracy.  

The fourth objective optimized the Transformed Difference Vegetation Index (TDVI) for 

mapping bracken fern phenology. Five variants of the Optimized Transformed Difference 

Vegetation Index (OTDVI) were developed based on the ratios of spectral bands that showed 

maximum discrimination between bracken fern and other land cover classes. The optimal 

features selected by the SFS algorithm were used to map bracken fern at its four phenological 

stages. The findings from the current study revealed that there was a positive correlation (r < 

0.51) between the OTDVI variants trends and ground measured LAI. The OTDVI3, developed 

using red edge (Band 7) and Near Infrared (NIR) was the most influential index in mapping 

bracken fern during green up and green peak stages. The OTDVI4 that was calculated using 

SWIR (Band 11) and NIR was ranked as the best feature for mapping bracken fern during the 

dormancy phenological stage. Generally, the bracken fern classification results were good 

across all phenological stages, with an average overall accuracy of 90%.  

The fifth objective assessed the spatial variability of bracken fern during the dormancy 

phenological stage using. An object-based classification approach was proposed for the 

assessment of the spatial variability of the fern during the dormancy phenological stage. The 

study also quantified the spatial variability of bracken fern across the landscape and its 

relationship with topographic variables. The Simple Non-Iterative Clustering (SNIC) was used 

to identify the spatial clusters while the Gray-Level Co-occurrence Matrix (GLCM) was 

employed for the computation of textural indices on a cluster basis. The findings from the 

current study shows that the object-based classification approach which included bracken fern 

texture information yielded the highest overall accuracy (89%). The major topographic 

variables influencing the spatial variability of bracken fern during the dormancy phenological 

stage were elevation, Topographic Wetness Index (TWI), valley depth and positive openness. 

Overall, the study has characterized bracken fern as a serious invasive species in KwaZulu-

Natal, South Africa from both phenological and spatial dimensions. This is critical for 

providing important decision support tools on rangeland management in the face of climate 

change. 

Keywords: Remote sensing; Phenology; Sentinel-2; Bracken fern; Vegetation indices; 

Phenology metrics; Rangelands  
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Chapter One: General Introduction 

1.1 Introduction 

Human activities continue to facilitate the spread of invasive species through increased global 

mobility, leading to alteration of the rangelands and changes in the global climate (Václavík 

and Meentemeyer, 2012, Rocchini et al., 2015). The encroachment of invasive alien plants is 

largely associated with environmental, economic and cultural costs (Andrew and Ustin, 2008). 

Bracken fern has been one of the problematic invasive alien plants invading rangelands 

globally (Matongera et al., 2021a). The invasion of bracken fern has caused huge agricultural 

losses in many countries around the world. In severe circumstances such as in Mexico 

(Schneider and Geoghegan, 2006b), farmers abandoned agricultural land due to the 

uncontrollable spread of the fern. Additionally, livestock consuming bracken suffer from 

poisoning and cancers (Marrero et al., 2001). Bracken also produces toxic compounds that 

exert allopathic effects on other plant species (García-Jorgensen et al., 2021). The fern reduces 

water quality and yield in infested catchments that are used by the public, leading to high water 

scarcity and collection costs (García-Jorgensen et al., 2021). In South Africa, bracken fern has 

been a problematic invader in the Drakensberg Mountains, causing a threat to the rangeland 

biodiversity (Matongera et al., 2017). According to the South African National Biodiversity 

Institute (SANBI), bracken fern is amongst the red list of the most dangerous plants in South 

Africa (Raimondo et al., 2015). Although it is not clear how bracken fern was introduced in 

the Drakensberg, Finch et al. (2021) noted that archeological evidence suggests that the 

existence of bracken fern in the Drakensberg montane grasslands can be traced back to as far 

as 1840 Common Era  (CE).  

According to the Biodiversity Act 10 of 2004, it is specified that landowners are under legal 

obligation to control bracken fern occurring on their properties (Lukey and Hall, 2020). The 

control methods of alien invasive plants can be broadly classified into three categories: 

mechanical, chemical and biological (McDonald et al., 2003). The successful eradication of 

bracken fern in rangelands largely depends on the ability of the rangeland managers to develop 

and implement effective management plans. Evidence from literature reveals that the current 

bracken fern control approaches mainly emphasize the use of spatial and temporal data (Odindi 

et al., 2014, Schneider, 2006, Ngubane et al., 2014). However, advancing the knowledge on 

the phenological cycle and spatial dynamics of bracken fern will assist in decreasing the 

probability of future invasion at local and regional scales (Bradley and Mustard, 2006). 
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Bracken fern phenological information can be used to build models that predict future 

invasions, areas that are at risk of future bracken fern invasion. Additionally, understanding the 

dynamics in the phenological cycle of bracken fern is the key point in the restoration and 

reconstruction of the rangelands infected by the problematic fern. For instance, information on 

the start of the bracken fern season will help rangeland managers when to begin to implement 

control strategies while data on the end of the fern cycle will give them a chance to clear and 

uproot the residuals from the previous season. Due to the detrimental effects of bracken fern 

on the socio-economic environmental and ecological infrastructure, there is a need to 

understand the phenological cycle of the fern. Browning et al. (2019) defined phenology as the 

study of cyclic and seasonal variations of vegetation and their relationship to local and global 

environmental factors. Phenology has been documented in literature as one of the major 

influencers of carbon recycling, succession, ecosystem productivity and health (Sun et al., 

2022, Kross et al., 2014, Migliavacca et al., 2015). Phenology is a valuable diagnostic tool that 

can be used to assess rangeland productivity and healthy (Clinton et al., 2010).  

Previous efforts to understand the phenological cycles of bracken fern were more focused on 

traditional approaches such as direct human observation by botanists, farmers and volunteers 

at a local scale (Pakeman et al., 1994). However, the use of locally based data collection 

methods in phenology is limited by the spatial extent to which the plant phenological events 

are collected (Matongera et al., 2021b). The collection of plant phenology data using ground-

based methods is expensive, tedious and time consuming (Matongera et al., 2021b). Remote 

sensing offers better prospects to estimate and monitor the phenological cycles of vegetation 

at both local and global scales (Berra and Gaulton, 2021, Bolton et al., 2020, Cheng et al., 

2020). Remotely sensed data provides an opportunity to track and monitor the dynamics of 

terrestrial vegetation and it delivers important insights into rangeland monitoring and 

biodiversity conservation (Xue and Su, 2017). Remote sensing of plant phenology as an 

indicator of climate change and mapping land cover has received significant scientific interest 

recently (Misra et al., 2020). Over the past four decades,  time series measurements derived 

from satellite platforms have been tracking the changes in annual and inter-annual greenness 

conditions of vegetation (Kumari et al., 2021). The time series data is important in 

characterizing and quantifying the biophysical characteristics of invasive species such as 

bracken fern. However, remote sensing does not observe vegetation only because it captures 

whatever is in the area covered by the field of view of the satellite sensor, thus the move to use 

the phrase ‘Land Surface Phenology (LSP)’ is seen in the remote sensing literature (Helman, 
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2018). LSP is described as the estimation of the phenological cycles of different vegetation 

species using data acquired from satellite sensors (Helman, 2018). 

The most common satellite sensors that pioneered LSP studies include Landsat series (Justice 

et al., 1985, Haralick et al., 1980), Advanced Very High-Resolution Radiometer (AVHRR) 

(Norwine and Greegor, 1983, Justice et al., 1986), Moderate Resolution Imaging 

Spectroradiometer (MODIS) (Huete et al., 1997, Reich, 1995) and SPOT Vegetation (Delbart 

et al., 2005, De Wit and Su, 2005, Bartalev and Belward, 2002). The AVHRR and MODIS 

provided a series of earth observing satellite missions with global coverage free of charge daily 

(Matongera et al., 2018). While AVHRR and MODIS’ temporal resolution was high enough 

for sufficient detection of vegetation activities, the spatial resolutions for the two sensor 

remains a limitation especially for phenology studies conducted at a local scale. Although 

Landsat has an improved 30 m spatial resolution, the key limitation of the utility of Landsat 

satellites in phenology studies is its 16-day long return interval which is not sufficient to capture 

vegetation activity (Helman, 2018). Additionally, the missing data due to high cloud cover and 

technical related sensor problems such as scan line errors for Land sat 7 also significantly 

reduces the quantity of usable Landsat images per year (Berra and Gaulton, 2021). The launch 

of new generational satellite platforms such as Sentinel-2 Multispectral Instrument (MSI) with 

a higher observation frequency at 10 - 60m spatial resolution presents a new opportunity in the 

extraction of bracken fern phenological metrics at various scales.  

 Sentinel-2 MSI is a constellation of two sensors 2A and B that provides freely accessible 

optical imagery with additional red-edge bands that are more sensitive to vegetation 

characteristics (Li and Roy, 2017). The long-term archives of satellite data enable the retrieval 

of bracken fern LSP metrics at different spatial and temporal scales. Through the availability 

of multi-spectral sensors such as Sentinel-2, LSP has made significant progress in extracting 

ecologically meaningful phenological variables (Bolton et al., 2020, Descals et al., 2020, 

Vrieling et al., 2018). Satellite data enables the large scale extraction of phenological variables 

that are referred to as phenometrics or phenological metrics in remote sensing literature. Some 

of the common phenometrics estimated from satellite data include the start, peak and end of 

the vegetation season (SOS, POS and EOS respectively) (Jayawardhana and Chathurange, 

2016, Araya et al., 2018). These phenometrics are associated with the timing of specific 

biological events of a particular plant, hence it is possible to validate them. For instance, the 

start of the season may be associated with biological events such as leaf unfolding (Vitasse et 

al., 2009), while leaf fall is attributed to the end of the season (Chmielewski and Rötzer, 2001).  
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The mapping of bracken fern spatial and temporal distribution at its different phenological 

stages presents a wide range of challenges in the remote sensing community. Studies have 

shown that bracken fern is mostly found in mountainous areas (McGlone et al., 2005, Marrs et 

al., 2000a, Reimann et al., 2007). Due to the rugged terrain and poor road networks, some of 

the sections of the landscape of interest will be inaccessible. Consequently, the collection of 

land cover data which represents all land cover classes in the study area becomes costly, labour 

intensive and time consuming. To remedy this challenge, One Class Classification (OCC) 

algorithms was proposed to avoid the cost and labour of collecting representatives of all land 

cover classes. The OCC methods have been successfully tested in agricultural surveys (Xu et 

al., 2018), change detection (Räsänen et al., 2019, Zhang et al., 2021) and document 

classification (Manevitz and Yousef, 2001). The same OCC concept coupled with Support 

Vector Machines (SVM) and Random Forest (RF) machine learning algorithms has the 

potential to map the spatial distribution of bracken fern at any phenological stage using limited 

field data.  

The large-scale mapping of invasive alien plants has been less effective due to the spatial 

variability in the expansion of these species (Pepin et al., 2019). The spatial variability of 

bracken fern across the infested landscapes compromises the application of remotely sensed 

data in mapping bracken fern at various phenological stages. For example, at the end of the 

season, the bracken fern patches across the landscape may not senesce at the same time, some 

remnant patches may be still at the green up stage due to various environmental factors 

(Schneider and Geoghegan, 2006b). Consequently, mapping approaches that assume 

homogeneity of the spatial distribution of the fern during a particular phenological stage 

become less effective. Moreover, it is also important to understand the environmental factors 

that influence the spatial variability of bracken fern. Cloud-based data processing and analysis 

platforms such as Google Earth Engine (GEE) provide an opportunity to track the spatial 

variability of the fern. The freely accessible GEE platform provides users with powerful data 

processing tools via the web-based Integrated Development Environment (IDE) code editor 

without downloading the data sets to a local computer (Shelestov et al., 2017a, Liu et al., 2018, 

Shelestov et al., 2017b).  

The successful mapping, estimation and monitoring of the phenological cycles of vegetation 

rely on the demonstrated sensitivity of several satellite-based greenness proxies which are also 

known as spectral vegetation indices in remote sensing literature (Xue and Su, 2017). The 

vegetation indices enhance the sensitivity of the spectral feature which is correlated to 
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biophysical variables such as Leaf Area Index (LAI) while minimizing soil background effects 

(Pôças et al., 2020). The confounding distortions minimized by vegetation indices include 

external effects such as sun viewing angle and atmospheric composition while internal effects 

include soil background variation, topography and canopy background differences (Dorigo et 

al., 2007). The first generation of spectral vegetation indices were ratios indices such as the 

Simple Ratio (SR) (Birth and McVey, 1968), Ratio Vegetation Index (RVI) (Pearson and 

Miller, 1972) and the Normalized Difference Vegetation Index (NDVI) (Rouse Jr, 1972). 

Despite their contribution in vegetation dynamics assessment, the first-generation indices were 

limited by their sensitivity to effects of soil brightness, cloud shadow and their saturation in 

environments with high canopy cover (Matongera et al., 2021b). The second generation of 

indices such as the Soil-Adjusted Vegetation Index (SAVI) (Huete, 1988b) Transformed 

Difference Vegetation Index (TDVI) (Bannari et al., 2002) was designed to reduce the effects 

of soil background and atmospheric distortions when working with remotely sensed data in 

various applications. As more satellite sensors with wide spectral channels were launched, the 

development of new vegetation indices also increased significantly (Matongera et al., 2021b). 

Furthermore, the new sensors enable the optimization of the existing spectral indices and the 

development of new indices specifically designed to understand the phenological patterns of 

bracken fern and how they relate to ecosystem processes. The conclusions of this work will 

provide rangeland managers, farmers and conservationists with insights on the phenological 

information of bracken fern from a remote sensing perspective and how it can be integrated 

into rangeland management.   

1.2 Aim and objectives  

The main aim of this study was to estimate and monitor the phenological cycle of bracken fern 

using remote sensing.  To achieve this, the following objectives were set: 

1. To review the progress and challenges in estimating and monitoring Land Surface 

Phenology in rangelands 

2. To characterize the phenological cycle of bracken fern using time series data derived 

from the Sentinel-2 sensor 

3. To estimate the spatial distribution of bracken fern during the green up phenological 

stage using limited ground sample data 
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4. Optimization of the Transformed Difference Vegetation Index for mapping and 

monitoring of bracken fern phenology 

5. To assess the spatial variability of bracken fern during the dormancy phenological 

stage 

1.3 Description of the study site  

The study was conducted at the Cathedral Peak Nature Reserve located at NW, Lat = 

−28.97360039, NW Long = 29.20739937, SE Lat = −29.01429939; SE, Long = 29.2670020 in 

the Drakensberg Mountains of South Africa (Figure 1.1). The nature reserve covers an area of 

approximately 200 km2 and it falls under the protection of the KwaZulu-Natal (KZN) 

Ezemvelo Wildlife (Shoko and Mutanga, 2017). The Drakensberg climate is a result of a 

combination of factors such as altitude, topography as well as the Agulhas current in 

conjunction with atmospheric pressure system patterns over and adjacent to South Africa 

(Irwin and Irwin, 1992). The dominant weather patterns are orographic, with warm moist air 

moving in over the continent from the Indian Ocean, rising in the escarpment and cooling down 

while creating rainfall. The mean annual rainfall in the Drakensberg is approximately 1800mm 

(Nel, 2007). The maximum daily temperatures exceed 25 °C while the minimum daily 

temperatures may drop below 0°C during winter (Henzi et al., 1992). During the coldest 

periods, snow has been recorded in the upper part of the catchment. Low intensity frost is 

experienced almost every year. The light summer winds blow from east to west while summer 

thunderstorms are characterized by strong winds which usually blow from south or west. The 

Drakensberg elevation ranges from 800 to 3050m above sea level (Shoko and Mutanga, 2017).  

Drakensberg rocks comprise Karoo Sequence geological formations. The Tarkastad formation 

of rocks is dominant in the Cathedral Peak area (Asmal, 1995). The sandstones and the shale’s 

dominant parent rocks are positioned in horizontal beds underneath the earth’s surface. The 

sediments from the rivers in the Drakensberg formed part of a dense layer of rocks that are 

presently known as the Karoo supergroup (Catuneanu et al., 2005). The soils within the 

catchment vary from shallow to deeply weathered saprolite, with intervening hardcore stones 

in Winterton. Drakensberg has a profusion of vegetation and animal species and is regarded as 

a biodiversity hotspot (Matongera et al., 2017). The Drakensberg rangeland is mainly 

comprised of grasslands, woodlands and shrublands (Mucina and Rutherford, 2006). The 

rangelands provide forage, water and cover to grazing livestock and wildlife whose socio-

economic value is substantial in South Africa. The area is characterized by a mountainous 
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environment that is largely dominated by C3 and C4 grass species such as Festuca costata and 

Themeda triandra respectively (Adjorlolo et al., 2014). The Cathedral Peak landscape is also 

characterized by invasive species that are increasingly encroaching into the grasslands. Nearly 

seventy five categories of invasive alien plants have been recorded to exist in the Drakensberg 

(Sycholt, 2002). Bracken fern is amongst the commonly found invasive plants that have been 

invading rangelands in the Drakensberg.  

 

Figure 1.1: Location of the study site  
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1.4 General structure of the thesis  

Excluding the introduction and the synthesis chapters (1 and 7 respectively), the thesis 

comprises five research papers that answer each of the research objectives outlined in section 

1.2. The literature review and methodology are entrenched within the mentioned papers.  

Chapter Two reviews the progress and challenges in estimating and monitoring LSP in 

rangelands. The review provides a detailed overview of the satellite sensor developments and 

associated VIs in LSP studies. The study also interrogates the commonly used and recently 

developed LSP data processing software packages as well as proposing future research 

directions on the remote sensing of LSP in rangeland ecosystems.  

Chapter Three characterizes the bracken fern phenological cycle using time series data 

derived from the Sentinel-2 sensor. Specifically, the bracken fern green up, green peak, 

senescence, and dormancy phenological metrics were estimated. The study also discussed the 

importance of land surface phenology studies in rangeland ecology and management in Africa 

and beyond.  

Chapter Four estimated the spatial distribution of bracken fern during the green up 

phenological stage using limited field data. The study compared the accuracy of One Class 

Support Vector Machines (OCSVM) and Biased Support Vector Machine (BSVM) algorithms 

as they require positive and randomly generated unlabelled samples, thus reducing the amount 

of ground sampling required for the classification process. To assess the performance of the 

One Class Classification (OCC) algorithms, the study analyzed the effectiveness of (i) spectral 

bands, (ii) spectral bands plus vegetation indices, (ii) spectral bands plus topographic variables 

and (iv) all data sets combined in estimating the spatial distribution of bracken fern during the 

green up phase. 

Chapter Five optimized the Transformed Difference Vegetation Index for mapping and 

monitoring bracken fern at its four phenological stages. The study developed five variants of 

the optimized TDVI (OTDVI) based on the ratios of spectral bands that showed maximum 

separation between bracken fern and other land cover classes. The optimal spectral regions 

which distinguished bracken fern from other land cover classes at each phenological stage were 

identified using the spectral curves and the Transformed Divergence Spectral Index (TDSI) 

statistical analysis. 
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Chapter Six assessed the spatial variability of bracken fern across the Cathedral Peak Nature 

Reserve landscape. The object-based classification approach which combines the Simple Non-

Iterative Clustering (SNIC) was used to group spatial clusters, while the Gray-Level Co-

occurrence Matrix (GLCM) was employed to compute bracken textural indices for the 

classification. The study also examined the key topographic factors influencing the spatial 

variability of bracken fern during the dormancy phenological stage.   
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Chapter Two 

A review of progress and challenges in the estimating and monitoring Land 

Surface Phenology in Rangelands 

This chapter is based on a paper: 

Matongera, T. N., Mutanga, O., Odindi, J. Sibanda, M. 2021. Estimating and monitoring Land 

Surface Phenology in Rangelands: A review of progress and challenges; MDPI Remote 

Sensing Jornal, 13, 48-67.  doi:10.3390/rs13112060   
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Abstract 

 Land surface phenology (LSP) has been extensively explored from global archives of satellite 

observations to track and monitor the seasonality of rangeland ecosystems in response to 

climate change. Long term monitoring of LSP provides a large potential for the evaluation of 

interactions and feedbacks between climate and vegetation. The study reviews the progress, 

challenges and emerging opportunities in LSP as well as identifying possible gaps that could 

be explored in the future. Specifically, the review traces the evolution of satellite sensors and 

interrogates their properties as well as the associated indices and algorithms in estimating and 

monitoring LSP in rangelands. Findings from the literature revealed that the spectral 

characteristics of the early satellite sensors such as Landsat, AVHRR and MODIS played a 

critical role in the development of spectral vegetation indices that have been widely used in 

LSP applications. The Normalized Difference Vegetation Index (NDVI) pioneered LSP 

investigations and most other spectral vegetation indices were primarily developed to address 

the weaknesses and shortcomings of the NDVI. New indices continue to be developed based 

on recent sensors such as Sentinel-2 that are characterized by unique spectral signatures and 

fine spatial resolutions and their successful usage is catalyzed with the development of cutting-

edge algorithms for modelling the LSP profiles. In this regard, the study documented several 

LSP algorithms that are designed to provide data smoothing, gap filling and LSP metrics 

retrieval methods in a single environment. In the future, the development of machine learning 

algorithms that can effectively model and characterize the phenological cycles of vegetation 

would help to unlock the value of LSP information in the rangeland monitoring and 

management process.  

Keywords: Remote Sensing, Rangelands, LSP, Satellite data, Phenology metrics, Vegetation 

indices 
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2.1 Introduction  

Rangelands are defined as landscapes that are mainly comprised of grasslands, woodlands, 

shrublands and wetlands (Cheng et al., 2020). Rangelands provide forage, water and cover to 

grazing livestock and wildlife whose socio-economic value is substantial in many countries 

(Coppock et al., 2017, Sayre et al., 2013). Globally, the state of rangelands has been threatened 

by many challenges such as biodiversity loss (Belnap et al., 2012), soil erosion (Mganga et al., 

2015), frequent veld fires which destroy habitats (Rihan et al., 2021) and most severely, the 

encroachment of invasive alien plants (O’Connor and van Wilgen, 2020, Yapi et al., 2018, Liao 

et al., 2018). Invasive alien plants typically outcompete indigenous vegetation, often replacing 

palatable grasses with plants that are poisonous to livestock (Matongera et al., 2018). A better 

understanding of the phenological dynamics of the various vegetation types in the rangelands 

will enable us to assess how climate variability and management practices affect various 

functional groups (Cheng et al., 2020). Phenology data is essential for designing and planning 

rangeland management systems. For instance, phenology data can be used to adjust the timing 

of grazing or manage burns relative to the phenological cycles of vegetation species and for 

planning restoration actions, such as targeted grazing (Browning et al., 2019). The monitoring 

and modelling of the changes in phenological cycles of vegetation can also help rangeland 

managers to make suitable and cost-effective decisions on how to adjust management strategies 

to optimize livestock production and other ecosystem services provided by rangelands 

(Matongera et al., 2021b).  

The assessment of changes in phenological cycles of vegetation in rangelands can be achieved 

using three main types of observations which include: human visual surveillance using 

phenology networks (Taylor et al., 2020b, Browning et al., 2019, Schwartz et al., 2012), near 

surface measurements such as Phenology Cameras (PhenoCams) (Cheng et al., 2020, Watson 

et al., 2019, Alberton et al., 2017); Unmanned Aerial Vehicles (UAVs) or drones (Assmann et 

al., 2020, Berra et al., 2016); and remote sensing measurements estimated from polar orbiting 

and geostationary satellite sensors (Lara and Gandini, 2016, Gong et al., 2015, Sankey et al., 

2013). The monitoring of vegetation phenological cycles across regions was previously 

difficult to assess using ground observed phenological events due to limited spatial coverage 

(Zeng et al., 2020). The availability of remotely sensed data provided a long term opportunity 

as it is strengthened by the ability of the data sets to present the phenological trends of 

vegetation at large spatial and temporal extents (Tong et al., 2019, Davis et al., 2017).  
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The utility of several polar orbiting and geostationary satellite sensors has been explored in the 

estimation and monitoring of LSP in rangelands. The most common satellite data sources 

include Landsat (Tomaszewska et al., 2020, Nguyen et al., 2020), Advanced Very High 

Resolution Radiometer (AVHRR) (Fontana et al., 2008, Weiss et al., 2001), Moderate 

Resolution Imaging Spectroradiometer (MODIS) (Cao et al., 2015, Gong et al., 2015, 

Kawamura et al., 2005),  Sentinel-2 (Vrieling et al., 2018), PlanetScope (Cheng et al., 2020) 

and  Himawari Imager (Ma et al., 2020). However, the applications of each of these data 

sources present various challenges and opportunities in LSP research. For example, early 

sensors such as AVHRR and MODIS have a high temporal resolution sufficient to capture 

subtle changes in vegetation development but they have low spatial resolution insufficient to 

capture plant specific phenological changes (Shen et al., 2015). On the other hand, medium 

and high spatial resolution sensors such as SPOT and Sentinel-2 with a 3-10 day temporal 

resolution do not provide adequate time series data for the characterization of the phenological 

cycles of vegetation especially in areas with high frequent cloud cover (Misra et al., 2020). 

Recently, data fusion methods have emerged as a solution to minimize the trade-offs associated 

with the spatial and temporal characteristics of satellite sensors in LSP investigations (Bolton 

et al., 2020, Zhang et al., 2020, Pastick et al., 2020).  

In LSP investigations, scientists do not use raw spectral bands to estimate the phenological 

trends of vegetation, instead, they use vegetation indices (VIs) and plant biophysical variables 

such as Leaf Area Index (LAI) (Xue and Su, 2017). Vegetation indices are calculated using 

spectral data in the visible and near-infrared (NIR) parts of the electromagnetic spectrum (Viña 

et al., 2011). The spectral data in the visible and infrared sections of the electromagnetic 

spectrum are commonly used as they are more sensitive to plant growth and development 

(Cleland et al., 2007). Long term satellite data archives present an opportunity to 

retrospectively extract phenological characteristics of vegetation using a wide range of 

vegetation indices (Fisher and Mustard, 2007). Although there is an abundance of spectral VIs 

that have been established for various functions, the current review focuses on the most used 

indices in LSP investigations. Specifically, this study included only vegetation indices that 

have been successfully tested by more than five LSP studies. These indices include but are not 

limited to the Normalized Difference Vegetation Index (NDVI) (Rouse Jr et al., 1974), 

Enhanced Vegetation Index (EVI) (Huete et al., 2002), two band Enhanced Vegetation Index 

(EVI2) (Jiang et al., 2008), Normalized Difference Water Index (NDWI) (Delbart et al., 2005), 

Wide Dynamic Range Vegetation Index (WDRVI) (Gitelson, 2004) and recently, new spectral 
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VIs such as the Normalized Difference Phenology Index (NDPI) (Wang et al., 2017a). Despite 

their successful application in LSP studies, the utility of these VIs is influenced by various 

factors such as sensor degradation, atmospheric impurities and snow affecting the quality of 

the data in the time series (Miura et al., 2019, Xue and Su, 2017, Lara and Gandini, 2016). To 

address these challenges, many LSP algorithms have been developed for noise reduction, gap 

filling, data smoothing as well as for retrieving vegetation phenological parameters from 

satellite data (Bolton et al., 2020, Duarte et al., 2018, Jönsson and Eklundh, 2004). However, 

there is no universal approach for estimating LSP that can be relevant in all applications. 

Although certain algorithms and data set combinations may produce good results in a specific 

land cover type, it may perform poorly in other LSP related applications (Matongera et al., 

2021b). In this regard, the choice of data sets, sensors and processing methods depends on the 

feasibility and objectives of the LSP study.  

One of the previous LSP related reviews focused on analyzing LSP as an indicator for global 

terrestrial ecosystem dynamics (Caparros-Santiago et al., 2021). The review provided a 

synthesis of the contributions of the global LSP to the development of environmental 

knowledge. LSP progress and challenges in temperate and boreal forests were also reviewed 

recently (Berra and Gaulton, 2021). The study uncovered an in-depth intercomparison of in 

situ and satellite phenological metrics in the boreal forest. A well detailed synthesis of the LSP 

phenological extraction methods using multispectral satellite data was recently published 

(Zeng et al., 2020). The review mainly uncovered the advantages and shortcomings of 

phenological metrics extraction methods. A sensor specific review investigated the utility of 

Sentinel-2 data in phenological research, unpacking the potential and drawbacks of the data set 

in LSP investigations (Misra et al., 2020). Their study discussed LSP developments using 

Sentinel-2 data only. However, preceding LSP reviews have two important aspects that require 

further attention. Firstly, the above mentioned reviews focused more on croplands and forests 

ecosystem, a comprehensive understanding of LSP developments in rangelands has largely 

remained elusive. Secondly, the phenological extraction methods covered in the previous 

reviews focused on the developments of various phenological extractions methods, with a 

particular focus on their strengths and limitations in LSP studies. However, the applications 

and suitability of LSP phenology packages that allow the processing of satellite time series data 

in a single environment were not extensively covered.  

To the best of our knowledge, there is no comprehensive assessment of the progress and 

challenges in LSP studies with a key focus on rangeland environments. Consequently, there is 
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a need for a state-of-the-art review to establish the milestones that have been achieved in 

modelling LSP in rangeland ever since the availability of satellite data in the early 70s. 

Therefore, this study reviewed the progress and challenges in modelling LSP in tropical 

rangelands. The paper initially, provides a detailed account of the methodology used in 

selecting the literature examined in the study. Next, a detailed overview of the satellite sensor 

developments and associated VIs in LSP studies is provided. The paper also interrogated the 

commonly used and recently developed LSP data processing software packages as well as 

proposes future research directions on the remote sensing of LSP in rangeland ecosystems.  

2.2 Literature search and selection of sources 

The literature search was conducted using the Scopus and Web of Science electronic scientific 

databases. The search terms used were ‘Land Surface Phenology’, ‘Remote Sensing’, 

‘Rangelands’ and only peer reviewed LSP literature that focused on rangelands between 1972 

and 2021 were considered. Specifically, LSP studies from grasslands, savannah, shrubland, 

woodlands land cover types were included in this study. A total number of 120 English 

language publications from peer reviewed journals were retained from the search process. More 

studies were added to the gathered literature by reviewing the publications found in the 

reference list of the initially retrieved sources. A total of 37 articles from the references were 

included, bringing the total number of sources used in this study to 157. Since the majority of 

LSP studies cover a wide range of land cover types, studies that covered rangelands were 

included in the review. The retrieved literature sources comprised articles, reviews, book 

chapters, conference papers and letters.  

2.3 Satellite sensor developments in LSP studies  

Before the period of satellite sensors, vegetation phenology monitoring in rangeland 

ecosystems mainly relied on field surveys that collected phenological events of vegetation. 

Precisely, these surveys recorded distinct plant specific biological changes such as the 

emergence of first leaves, leaf expansion, flowering and fruiting (Borchert, 1980, Frankie et 

al., 1974, Berra and Gaulton, 2021, Muller, 1978). However, the major limitation of these field 

methods is the spatial extent to which the plant phenological events were collected. The plant 

phenological events were mostly collected at local scales by volunteers, farmers and botanists. 

Table 2.1 contains a summarized chronology of polar orbiting and geostationary satellite 

sensors commonly used in estimating and monitoring LSP in rangeland ecosystems. The 

spatial, temporal and spectral characteristics of the sensors are also presented while the 
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suitability of each of the sensors in estimating LSP in rangelands is discussed in the text. In the 

last two decades, satellite sensors have proven to be powerful and cost-effective tools for 

characterizing the phenological trends of vegetation at a larger scale (Zeng et al., 2020, Muller, 

1978, Adole et al., 2018, White et al., 2014).  

Table 2.1: Widely used satellite sensors used in estimating LSP in rangeland ecosystems  

Satellite 

sensor 

Spatial resolution 

(m) 

Spectral 

bands  

Swath width 

(km) 

Acquisition 

frequency  

Reference 

AVHRR 1100 5 2600 12 hours (Reed et al., 1994) 

MODIS 250 -1000 36 2330 Daily (Zhang et al., 2003) 

 VIIRS 375  22 3060  12 hours  (Yan et al., 2016a) 

Landsat  
ETM 

30 8 185 16 days  (Fisher et al., 2006) 

SPOT VGT 1015 4 2250 Daily  (Guyon et al., 2011) 

MERIS 300 15 115 3 days (Boyd et al., 2011) 

Sentinel-2 10-60 13 290 5 days (Vrieling et al., 2018) 

PlanetScope 3 -5  4  475 Daily (Myers et al., 2019) 

Himawari 500-2000 16 1000 10 minutes  (32) 

SEVIRI 3000 12 980 15 minutes (Yan et al., 2016a) 

Advanced 

Baseline 

Imager 

500 -2000 10 1000 15 minutes  (Zhang et al., 2019) 

 

Earlier LSP studies in rangelands were pioneered by Landsat series satellite sensors with a 16-

day revisit time at 30m spatial resolution (Rouse Jr, 1972). Since its official launch in 1972, 

The Landsat program provided a series of earth observing satellite missions with global 

coverage free of charge (Matongera et al., 2018). The Landsat data archive provides rangeland 

managers an opportunity to assess the long term phenological changes (multi-decadal studies) 

and how they affect rangeland productivity at local and regional scales. Although Landsat 

satellites pioneered LSP investigations, only 15% (Figure 2.2) of the sources used in this study 

explored the capability of Landsat data in rangelands. This could be explained by the sensor's 

low temporal resolution, which makes it ineffective in LSP applications since some plant 

phenological cycles change quicker than Landsat's 16-day revisit cycle. Additionally, the 

presence of cloud contamination in some of the satellite images further reduces the quantity 
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and quality of satellite data available for the characterization of phenological cycles of 

vegetation (Bolton et al., 2020, Melaas et al., 2013a, Busetto et al., 2008).  

 

Figure 2.1 Polar orbiting and geostationary sensors used estimating and monitoring LSP  

 

In the early 80s, LSP studies shifted more towards the use of the Advanced Very High 

Resolution Radiometer (AVHRR) sensor (Matongera et al., 2021b). The AVHRR data became 

one of the most widely used data sets for LSP investigations in rangelands around the world 

especially for large scale applications (Moulin et al., 1997, Justice et al., 1985, Reed et al., 

1994) and has been proven to be well suited for long term phenological studies (Vrieling et al., 

2017). Evidence from literature revealed that about 21% of LSP investigations in rangelands 

used the AVHRR data. The successful retrieval of phenological cycles of vegetation in 

rangeland ecosystems requires sensor platforms with a high quick return that is sufficient to 

capture the rapid changes of vegetation activity. Ample credit has been given to the AVHRR 

satellite platform for providing long term archives of 1 – 8 km spatial resolution of data with 

global coverage. In China, AVHRR data was used for the estimation of spring vegetation 
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green-up and the study reported that the onset of green up advanced at a rate of 0.4 to 1.9 days 

per decade (Zhang et al., 2017). Another study in Central Europe reported the successful 

application of AVHRR in multi-decadal studies, the phenological patterns of vegetation 

revealed a general shift to an earlier start of the season (−0.54 days per year) and extended 

growing seasons (0.96 days per year) in Central Europe (Stöckli and Vidale, 2004). However, 

the applications of AVHRR data in estimating and monitoring LSP in rangelands presented 

several challenges that primarily originated from the instrument's characteristics and sensor 

design. These characteristics include poor radiometric calibration, geolocation errors and broad 

spectral channels (Goward et al., 1991).  

In the late 90s, The Satellite Pour l 'Observation de la Terre (SPOT) Vegetation was launched 

with a 10-day temporal resolution (Mhangara et al., 2020). About 10% of the research studies 

have used the SPOT Vegetation data for LSP applications in rangelands (Delbart et al., 2015, 

Wu et al., 2017, Verhegghen et al., 2014). Different from other scanner sensors like AVHRR, 

the SPOT instrument uses the linear array system which facilitates the production of good 

quality imagery at a coarse spatial resolution while it maintains a significantly reduced 

distortion (Chen et al., 2011). The utility of the SPOT vegetation satellites in retrieving LSP in 

rangelands is however limited by its low temporal resolution and atmospheric impurities such 

as clouds and snow (Matongera et al., 2021b). Due to the 10-day repeat cycle, the SPOT 

satellite's probability to capture cloud free satellite images over an entire growing season is 

reduced, leading to high temporal gaps in the time series. In the late 90s, The European Space 

Agency (ESA) deployed the Medium Resolution Imaging Spectrometer (MERIS) instrument 

with global coverage of 3 days at 300m spatial resolution (Rast et al., 1999). Although the 

instrument was mainly designed for ocean studies, 6% of studies have used the instrument in 

retrieving LSP in rangelands (Boyd et al., 2011, Dash and Curran, 2004b, Jin et al., 2012, 

Rodriguez‐Galiano et al., 2015). Unfortunately, the mission ended in 2012, limiting long term 

monitoring of LSP. It was never possible to conduct multi-decadal LSP investigations using 

the MERIS instrument. 

In the early 2000s, the Moderate Resolution Imaging Spectroradiometer (MODIS) satellite was 

launched, collecting daily reflectance data at 250 to 1000m spatial resolution (Justice et al., 

2002). More than 60% (Figure 2.1) of the LSP studies in rangelands used MODIS data, making 

it the most used data set in LSP applications globally. Evidence from literature revealed that 

the availability of the MODIS sensor with substantively improved sensor characteristics 

enabled the estimation and monitoring of vegetation phenological cycles at various scales 
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(Zhang et al., 2006, Sakamoto et al., 2005, Yu et al., 2004). Since the MODIS instrument is 

now aging and its lifespan ending, the Visible Infrared Imaging Radiometer Suite (VIIRS) was 

launched towards the end of 2011 to enable the continuation of the MODIS data provision 

mission (Moon et al., 2019, Zhang et al., 2017). However, it is also imperative to note that there 

are technical errors linked to switching from the MODIS instrument to VIIRS (Skakun et al., 

2018) such that users should consider adjustments to ensure consistent and good quality time 

series before phenological metrics can be extracted.  

In 2015, ESA launched the Sentinel-2 satellite with a 5-day temporal resolution at 10-60m 

spatial resolution (Van der Meer et al., 2014). The applications of Sentinel-2 data in LSP have 

been gaining traction lately, 8% of the studies have tested the utility of the data set in rangeland 

applications (Bolton et al., 2020, Yu et al., 2004, Vrieling et al., 2018).  At 10m spatial 

resolution, Sentinel-2 presents a huge potential for estimation of plant specific phenological 

cycles, which was previously difficult using early satellite sensors such as AVHRR, Landsat 

and MODIS (Matongera et al., 2021b). The estimation of plant specific phenological cycles, 

especially alien invasive species, is crucial for better management of rangelands (Matongera et 

al., 2021a). Nevertheless, since Sentinel-2 was launched in 2015, it lacks a global historical 

coverage of vegetation activity and possibly a greater impact of the sensor's contribution in 

LSP monitoring will be more evident in the next few decades. The new Sentinel-3 satellite also 

provides a greater potential for estimating and monitoring LSP on a global scale. The 1270 km 

swath width of the Sentinel-3 is well suited for global applications compared to its predecessor 

(Donlon et al., 2012). 

Planet Labs an aerospace company launched PlanetScope, a constellation of more than 130 

small satellites collecting multi-spectral images in 4 bands at 3m spatial resolution daily 

(Gašparović et al., 2018). The utility of PlanetScope data in estimating the phenology of short 

vegetation cycles was tested in Kenyan rangeland (Cheng et al., 2020). Their findings 

highlighted that the PlanetScope data set had more cloud free observations as compared to the 

Sentinel-2-time series, resulting in more reliable vegetation spatial patterns as compared to 

Sentinel-2. The PlanetScope data has a better quick return time which is sufficient to capture 

swiftly developing vegetation phenological transitions such as green up and peak. Like 

Sentinel-2, at 3 m spatial resolution, PlanetScope data presents a more refined potential for the 

estimation of plant specific phenological transition dates(Cheng et al., 2020). However, the 

acquisition of PlanetScope data from Sentinel Hub is not straightforward as compared to other 

freely available data sets such as Sentinel and Landsat that can be openly downloaded from the 
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public data archives such as earth explorer, Google Earth Engine and ESA. To obtain the data 

free of charge, the PlanetScope data acquisition process requires the submission of proposals 

and sponsorship applications via the Network of Resources (NoR) website (Matongera et al., 

2021b). Consequently, the applicability of PlanetScope data sets in rangelands monitoring 

remains a challenge, especially in developing countries.  

In addition to the previously discussed polar orbiting satellite sensors, high temporal resolution 

geostationary sensors have been increasingly used for estimating LSP in rangeland ecosystems. 

The most used sensors include the Himawari Imager (Ma et al., 2020), Spinning Enhanced 

Visible and InfraRed Imager (SEVIRI) (Yan et al., 2016b) and Advanced Baseline Imager 

(ABI) (Zhang et al., 2019). The new generation of geostationary sensors have the capability of 

imaging the earth at 10-15min intervals (Yan et al., 2019), and they have strategically 

positioned spectral bands that are appropriate for deriving a wide range of VIs, thus holding a 

huge potential in estimating the phenological cycles of vegetation in rangeland ecosystems. 

Since they have high frequency revisit time, geostationary sensors provide high cloud free 

observations, a key attribute that is crucial in tracking the phenological developments of 

vegetation when monitoring rangeland ecosystems in cloud contaminated regions (Matongera 

et al., 2021b). Despite the progress made by geostationary satellites in LSP studies, the sensors 

were recently launched and therefore do not have the data archives needed for the retrogressive 

extraction of LSP metrics. Combined, less than 5% of studies used geostationary sensors for 

extracting LSP metrics in rangeland ecosystems. Most of these studies were focused on specific 

areas of individual countries primarily in Japan, China and the United States of America.  

2.4 Vegetation indices and biophysical variables in LSP     

Table 2.2 shows a summary of the commonly used spectral VIs in LSP and their formulations. 

To assess vegetation cover dynamics, scientists developed spectral VIs derived from spectral 

data (Jiang et al., 2008, Huete et al., 2002, Fensholt and Sandholt, 2003). VIs are defined as 

mathematical calculations of various spectral bands that are in most cases located in the visible 

and NIR parts of the electromagnetic spectrum (Viña et al., 2011). The time series composites 

of VIs computed using satellite data have provided long term global coverage archives of 

valuable information on vegetation activity (Fensholt and Sandholt, 2003, Jin et al., 2017, 

Gonsamo et al., 2012a). The NDVI pioneered the estimation and monitoring of LSP on a global 

scale in the early 70s (Thompson et al., 2015). Over 62% of the studies have tested the utility 

of NDVI in modelling LSP in rangeland ecosystems. NDVI quantifies vegetation by measuring 
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the difference between visible red and NIR bands that are usually part of the most common 

multispectral sensors. The global coverage of NDVI could be useful for predicting the 

ecological impacts of environmental change in rangelands at various scales (Dunn and de 

Beurs, 2011). However, it can be argued that NDVI is not effective when extracting the start 

and end of the season especially in rangelands characterized by high levels of snow cover, since 

the onset of the NDVI normally coincides with the start of the snowmelt (Zuo et al., 2019). For 

this reason, the NDVI becomes less sensitive to slight changes in dense vegetation canopies 

and more sensitive to snow. 
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Table 2.2: Summary of widely used VIs and their formulation 

 

Vegetation 

Index 

                      Formulation        Characteristics and  

              applications   

Reference  

NDVI 
 
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 

 

Large scale vegetation assessments, 

related to canopy structure and canopy 
photosynthesis  

(Rouse Jr, 1972) 

PVI                        
𝑁𝐼𝑅− 𝑎1 × 𝑅𝑒𝑑− 𝑎2  

√1+ 𝑎1
2

 Characterizes vegetation biomass and 
filters the effects of soil background  

(Richardson and 

Wiegand, 1977) 

    

SAVI 
 
(1 + 𝐿)(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 𝐿)
 

 

Improves NDVI sensitivity to soil 
background effects 

(Huete, 1988b) 

    

NDWI 𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅

𝑁𝐼𝑅 + 𝑆𝑊𝐼𝑅
 

shows sensitivity to the changes in leaf 
water content  

(Gao, 1996) 

    

EVI 
𝐺

𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝐶1 𝑅𝑒𝑑 − 𝐶2  𝐵𝑙𝑢𝑒 + 𝐿
 

Optimized to enhance sensitivity in high 
biomass environments  

(Huete et al., 2002) 

    

WDRVI 𝑎 × 𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑎 × 𝑁𝐼𝑅 + 𝑅𝑒𝑑
 

Enhances the dynamic range for high 
biomass regions  

(Gitelson, 2004) 

    

MTCI  𝑅753.75 − 𝑅708.75

𝑅708.75 −  𝑅681.25
 

Correlates strongly with chlorophyll 

content  
(Dash and Curran, 

2004a) 

    

EVI2 
𝐺 

𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁 + (6 −
7.5
𝐶

)  𝑅 + 1
 

Enhances the dynamic range for high 
biomass regions without the blue band  

(Jiang et al., 2008) 

    

GRVI 𝐺𝑟𝑒𝑒𝑛 − 𝑅𝑒𝑑

𝐺𝑟𝑒𝑒𝑛 + 𝑅𝑒𝑑
 

 

Sensitive to land cover changes  (Motohka et al., 

2010) 

NDPI 𝑁𝐼𝑅 − (∝ × 𝑅𝑒𝑑 + (1−∝) × 𝑆𝑊𝐼𝑅)

𝑁𝐼𝑅 + (∝ × 𝑅𝑒𝑑 + (1−∝) × 𝑆𝑊𝐼𝑅)
 

Sensitive to changes in snow cover  (Wang et al., 2017a) 

NDII 𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅

𝑁𝐼𝑅 + 𝑆𝑊𝐼𝑅
 

Sensitive to soil moisture storage  (Fensholt and 

Sandholt, 2003) 

PPI                  −𝐾 

× 𝐼𝑛 
(𝑁𝐼𝑅 − 𝑅𝑒𝑑) max − (𝑁𝐼𝑅 − 𝑅𝑒𝑑)

𝑁𝐼𝑅 − 𝑅𝑒𝑑)max  −(𝑁𝐼𝑅 − 𝑅𝑒𝑑)𝑠𝑜𝑖𝑙
 

Detection of snow seasonality  (Jin et al., 2017) 
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The Normalized Difference Infrared Index (NDII) was developed for the detection of 

vegetation water stress using the shortwave infrared reflectance, which was reported to be 

negatively correlated to leaf water content because of the leaf’s absorption capacity (Hunt Jr 

and Rock, 1989). The SWIR band is sensitive to land surface moisture; hence many studies 

have used the NDII for LSP investigations in rangelands at various scales (Thompson et al., 

2015, Gonsamo et al., 2012a, Dunn and de Beurs, 2011). The Normalized Difference Water 

Index (NDWI), was proposed to be optimal in retrieving SOS metrics for areas with large snow 

cover (Gao, 1996). The NDWI utilizes the reflectance in the NIR and Shortwave (SWIR) 

sections, hence it becomes ideal for discriminating green up phenological stage from snowmelt. 

NDVI and NDII were combined to develop the phenology index (PI) (Gonsamo et al., 2012a). 

Specifically, the PI was developed to allow the capturing of subtle changes in the SOS and 

EOS transition dates. The combination of two or more vegetation indices improves accuracy 

in LSP retrievals since the amalgamation compliments the drawbacks of each vegetation index 

(Matongera et al., 2021b). Although some VIs are calculated from the same spectral bands, the 

phenological metrics retrieved by these indices may exhibit different trends (Zuo et al., 2019). 

For example, a study in Mongolia compared SOS and EOS estimated from NDVI and Simple 

ration (SR) which were calculated using NIR and Red spectral bands from MODIS data (Zuo 

et al., 2019). Their findings reported that different mathematical expressions used in these two 

indices would lead to the difference in vegetation phenology trends.  

The Enhanced Vegetation Index (EVI) was developed as a typical satellite vegetation index for 

MODIS sensor (Huete et al., 2002). EVI was the second most used vegetation index in 

estimating LSP trends in rangelands. Originally, the EVI was designed to improve vegetation 

sensitivity in areas with high biomass and enhanced LSP estimation through de-coupling of the 

canopy background signal and a reduction in atmospheric influences (Vescovo et al., 2012). 

Following the successful applications of EVI in vegetation monitoring, many studies have used 

EVI time series in LSP applications (Adole et al., 2018, Shen et al., 2014, D’Odorico et al., 

2015, Leinenkugel et al., 2013). Evidence reported from a plethora of LSP literature shows that 

the EVI has proven to be valuable in enhancing one-dimensionality with vegetation biophysical 

properties as well as reducing saturation effects normally experienced in high biomass areas, 

frequently experienced when using NDVI (Wang et al., 2018, Testa et al., 2018, Wardlow and 

Egbert, 2010). However, the blue band is a pre-requisite for the computation of EVI and some 

sensors do not have the blue band, limiting the consistency of EVI across different sensors 

(Jiang et al., 2007a). Subsequently, a two-band combination Enhanced Vegetation Index 



24 

 

(EVI2) was developed for sensors such as AVHRR without the blue band. The applications of 

EVI2 in LSP studies provided a long term EVI record that could potentially complement the 

NDVI record at a global scale. Several studies have reported the best similarity of the EVI2 

with the 3 band EVI when extracting LSP metrics. The large scale application of EVI2 reported 

that the phenological patterns from EVI and EVI2 data did not show any significant differences 

at a global level (Jiang et al., 2008). The need to provide continuity with past and present 

sensors has been a critical topic in LSP literature over the past few decades. Interestingly, the 

EVI2 came in to bridge the gap and provided continuity of LSP data across sensors.  

The Wide Dynamic Range Vegetation Index (WDRVI) is a simple modification of the widely 

used NDVI by enhancing the dynamic range while using the same spectral bands as NDVI 

(Gitelson, 2004). The WDRVI improves the robust characterization of crop physiological and 

phenological trends. Several other studies have used the WDRVI in LSP estimation (Zheng et 

al., 2016, Sakamoto et al., 2010) and have reported this index reduces saturation in high 

biomass regions which is a challenge that is commonly encountered by NDVI. However, when 

biomass is low, NDVI remains a better choice for vegetation characterization (Xue and Su, 

2017). The Green-Red Vegetation Index (GRVI) has also been an important index in LSP 

investigations (Motohka et al., 2010, Nagai et al., 2012) and has been proven to show distinct 

changes in vegetation even in ecosystems that show subtle changes in plant phenological 

appearance. The Soil-Adjusted Vegetation Index (SAVI) was mainly developed to reduce 

sensitivity to environmental factors such as the effects of soil background on VIs (Huete, 

1988a). Evidence from literature has shown that the application of SAVI in LSP is mostly 

suitable for areas with less vegetation cover, where the influence of soil brightness is high (Lu 

et al., 2015, Wu et al., 2014, Motohka et al., 2009). Similarly, the Perpendicular Vegetation 

Index (PVI) was also designed to decrease the sensitivity to soil reflectance; it has a higher 

signal to noise ratio compared to NDVI (Richardson and Wiegand, 1977).  

The MERIS Terrestrial Chlorophyll Index (MTCI) is a sensor specific spectral vegetation index 

that has been used by numerous studies in LSP investigations (Rodriguez‐Galiano et al., 2015, 

Motohka et al., 2009, Boyd et al., 2011, Jeganathan et al., 2010). Evidence gathered from the 

aforementioned studies shows that the MTCI is sensitive to chlorophyll changes, making it 

appropriate for phenology investigations. However, since the MERIS sensor ceased operation 

(Zhang et al., 2018a), no further developments or studies can be continued using the MTCI, a 

major disadvantage of sensor specific spectral indices. With the launch of more satellite sensors 

such as Sentinel-2, the number of spectral bands has increased leading to the development of 
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new VIs that can be widely utilized in LSP applications at various scales. New VIs are gaining 

traction in LSP studies. The Normalized Difference Phenology Index (NDPI), is a spectral 

index that is less affected by snow when extracting green up date (Xue and Su, 2017). The new 

NDPI significantly minimizes the influence of snowmelt on retrieving the phenological metrics 

ecosystems. The Plant Phenology Index (PPI) was designed to untangle vegetation start of 

season and snow seasonality (Jin et al., 2017).  

While VIs remains the most used vegetation indicators, some vegetation physiological 

parameters have also been used to extract LSP in rangeland ecosystems. The most commonly 

used biophysical variables include the leaf area index (LAI) (Wang et al., 2017b, Ding et al., 

2017, Cho et al., 2017), Fraction of Absorbed Photosynthetically Active Radiation (FAPAR) 

(Bórnez et al., 2017, Yao and Zhang, 2016),  Solar-Induced Chlorophyll Fluorescence (SIF)   

(Dannenberg et al., 2020, Thenkabail, 2015) and  Vegetation Optical Depth (VOD) (Tong et 

al., 2019). Evidence from literature shows that the parameters provide detailed information 

about the biophysical characteristics of vegetation and how they respond to climatic and 

environmental changes (Wang et al., 2017b). The LAI biophysical variable has been widely 

used in LSP applications because of the availability of numerous remote sensing products and 

its clear signal of the physical and biological processes that are related to vegetation 

phenological cycles at various scales (Chen et al., 2002, Fassnacht et al., 1994).  

2.5 LSP software packages for data processing  

The spectral reflectance from vegetation can be disturbed by a variety of atmospheric 

impurities such as ground and atmospheric conditions (Hird and McDermid, 2009), changes in 

the satellite sensor’s illumination patterns and viewing angle (Matongera et al., 2017), causing 

inaccurate trends in the time series data. Figure 2 shows a detailed flowchart of LSP procedures. 

The widely used phenological metrics are shown in a schematic diagram under the 

phenological metrics retrieval section. The successful estimation of LSP involves three main 

steps in processing spectral VIs time series data. These stages include (1) preprocessing of VIs 

time series data by detecting and removing outliers, (2) data smoothing and gap filling, and (3) 

extraction of LSP metrics. The performance and limitations of LSP data smoothing methods 

have been extensively reviewed (Zeng et al., 2020, de Beurs and Henebry, 2010). Therefore, 

the developments and drawbacks of data smoothing techniques and phenological extraction 

methods will not be included in this section. The focus will be on reviewing the widely used 

LSP software packages that are designed to provide functions that perform data smoothing, 
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gap filling and LSP metrics retrieval in a single environment. The drive for developing such 

all in one LSP software packages was to avoid errors related to moving large amounts of time 

series data from one algorithm to another for further processing.  

The Harmonic Analyses of NDVI Time-Series (HANTS) algorithm was proposed for the 

extraction of the characteristics of the vegetation dynamics. The HANTS algorithm has been 

extensively used in rangeland LSP investigations successfully (Li et al., 2019, Zhou et al., 

2015, Jeganathan et al., 2010, Choi and Jung, 2014). The amplitude and harmonic components 

of the algorithm makes HANTS attractive for LSP studies (Zhou et al., 2015). However, 

HANTS limits the ability of users to specify phenological parameters and it also preserves year 

to year variations in the time series data as it filters atmospheric impurities such as clouds. The 

TIMESAT program provides tools for analyzing time series data for various LSP applications 

(Jonsson and Eklundh, 2002). The TIMESAT program has been extensively utilized by 

researchers to estimate and monitor LSP in rangelands (Stanimirova et al., 2019, Pan et al., 

2015, Wei et al., 2012, Tan et al., 2010). The TIMESAT program offers three data filtering 

functions to remove noise from the time series data. These are asymmetric Gaussian (AG), 

double logistic (DL), and adaptive Savitzky-Golay (SG) filtering (Jönsson and Eklundh, 2004). 

One of the major advantages of using TIMESAT is that it enables the flexible tuning of 

thresholds and parameter settings compared to other algorithms such as HANTS. As a 

prerequisite, the TIMESAT program requires gap free time series data for successful 

characterization of the phenological cycles of vegetation cycles (Matongera et al., 2021a).  The 

gap free pre-requisite limits the applications of the software package especially in 

circumstances where the data is of poor quality due to persistent cloud contamination. 

Consequently, TIMESAT was revised to produce temporally and spatially continuous time 

series data (Gao et al., 2008). The revised TIMESAT was later named enhanced TIMESAT in 

a study that estimated vegetation phenology metrics from MODIS data (Tan et al., 2010). The 

enhanced TIMESAT significantly improved the time series data quality by replacing the upper 

envelope function in the original TIMESAT software with the tuned data quality weightings 

whereby higher quality retrievals were assigned more influence than low quality retrievals 

(Matongera et al., 2021b).  

TimeStats is a software package used for retrieving temporal patterns of vegetation activity 

from satellite data (Udelhoven, 2010). Unlike other packages such as TIMESAT that use 

various least-squares approaches for preprocessing time series data, TimeStats provides robust 

statistical methods such as cyclic, transient and stochastic for preprocessing of time series data 
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using a pixel by pixel approach (Udelhoven, 2010). Phenosat was developed as a semi-

automated tool for the temporal analysis from satellite data (Rodrigues et al., 2011). The 

Phenosat tool can capture double growth season and is flexible in the selection of data interval 

process (Rodrigues et al., 2011), a limitation that was encountered using other software such 

as TimeStats and TIMESAT. Although TIMESAT, HANTS and Phenosat are freely available 

for use, they require Matlab software (Matongera et al., 2021b), which is a non-free 

environment to execute the analysis and therefore limits their applications in resource 

constrained region. An open source QPheno-Metrics software package was proposed for the 

extraction of vegetation phenological metrics (Duarte et al., 2018). 

Recently, the utility of the Multisource Land Surface Phenology (MS-LSP) algorithm that 

combined data from fine spatial resolution Sentinel-2A and -2B (10m) and medium spatial 

resolution Landsat 8 (30m) was tested (Bolton et al., 2020, Soubry et al., 2021). The launching 

of the MS-LSP algorithm is a significant achievement in LSP investigations since the temporal 

frequency of Landsat 8 was not sufficient for the estimation of vegetation phenological changes 

(Helman, 2018). The current study shows that the successful estimation and monitoring of LSP 

in rangeland ecosystems re-lies heavily on the availability of robust algorithms that are capable 

of processing vegetation time series whilst minimizing atmospheric noise and sensor related 

errors. In developing countries, the availability of these software packages free of charge plays 

a crucial role in data modelling for the management of rangelands. Concerning the choice of 

LSP algorithm to use, it is important to note that each method has its strengths and weaknesses. 

Therefore, the suitability of each smoothing algorithm largely depends upon the objectives of 

that study and the targeted land cover types. The level of expertise demonstrated by the user in 

tuning parameters and settings during the data processing and phenology metrics extraction 

process influence the results.   
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Figure 2.2: Summary of the common procedures followed in LSP investigations
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2.6 LSP metrics validation  

To evaluate the accuracy of remotely sensed time-series data in estimating the phenological cycles 

of vegetation in rangeland ecosystems, there is a need for comparisons between satellite-based 

phenological metrics and what can be observed or measured on the ground (Tong et al., 2019, 

Coops et al., 2012, Studer et al., 2007). The linking of ground-based phenological observations 

with satellite-based LSP retrievals provides a huge potential for tracking the response of vegetation 

to climatic changes in rangelands (Beaubien and Hall-Beyer, 2003). However, large samples of 

ground phenological observations or measurements are required to adequately validate LSP 

retrievals especially in cases where studies are conducted at a large scale (Liang et al., 2011). The 

widely used methodological approaches for LSP validation include the periodic recording and 

documentation of distinct plant specific biological changes such as the emergence of first leaves, 

leaf expansion, flowering and fruiting at a local scale (Dambreville et al., 2015, Fadón et al., 2015, 

Gougherty and Gougherty, 2018). The phenological stages are usually recorded by farmers, 

botanists, naturalists, volunteers as well as phenological observation networks such as the Nature 

Canada PlantWatch (Gonsamo et al., 2013) and the USA National Network (USA-NPN) (Peng et 

al., 2017). For hundreds of years, botanists and naturalists have been collecting a diversity of plant 

specimens in the world's herbaria (Davis et al., 2015, Panchen et al., 2012, Bolmgren and 

Lönnberg, 2005).  Eventually, scientists and researchers recognized the potential use of herbarium 

specimens in detecting and modelling the phenological changes of plants in response to 

environmental and climatic changes (Pearson, 2019, Pearson et al., 2020, Zalamea et al., 2011). 

However, the collection of herbarium specimens data is labour intensive and time consuming, and 

this may lead to inconsistencies in the data collection protocols and methodologies (Nic Lughadha 

et al., 2019).  

Some researchers and scientists defined the first appearance of green leaves as the green up date 

(Studer et al., 2007, Berman et al., 2020, Tang et al., 2016), which resembles the start of the season 

in LSP. However, due to scale mismatch and data uncertainties, the phenological phases observed 

and recorded on the ground may sometimes be inconsistent with satellite based LSP estimations 

(Fisher and Mustard, 2007). Furthermore, field based visual surveys have been reported to be 

costly and time-consuming (Sakamoto et al., 2010) making it difficult to effectively use them in 

validating large scale LSP retrievals. Digital repeat photography widely known in remote sensing 
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literature as Phenological Cameras (PhenoCams) have also been extensively used in validating 

LSP retrievals. For example, a study in Northern Japan used PhenoCam data from the Phenological 

Eyes Network to evaluate the LSP metrics from the Himawari Satellite Imager and MODIS (Yan 

et al., 2019). Their study highlighted that the Root Mean Square Difference (RMSD) between LSP 

metrics from MODIS and PhenoCam data was high in spring and fall (14 – 29 days). Similarly, 

another study in United States reported that LSP metrics estimated using VIIRS and MODIS 

showed an agreement with SOS and EOS metrics estimated from PhenoCam data with RMSDs 

ranging from 10.1 to 21days (Moon et al., 2019).  

However, despite the successful application of PhenoCams in retrieving phenological metrics that 

are comparable to satellite-based retrievals, several other studies reported low or no correlation 

between the two data sources especially in rangelands (Richardson et al., 2018, Zhu et al., 2013). 

Generally, findings from the literature show that the inconsistencies that may arise between 

PhenoCams and satellite based LSP metrics are largely linked to discrepancies caused by 

differences in the scale of observation (Zhang et al., 2018b, Browning et al., 2017, Richardson et 

al., 2018). In some cases, the phenological changes of vegetation in small areas monitored by 

PhenoCams cannot accurately be representative of large-scale changes observed by satellite 

images (Matongera et al., 2021b). Other differences could emanate from the fact that PhenoCams 

do not acquire images in the NIR wavelengths (Yang et al., 2014), they only rely on information 

from the visible bands. Unlike satellite sensors which have global coverage, PhenoCams coverage 

is limited. The majority of PhenoCam networks have specific regions they cover, for instance, 

Phenological Eyes Network mainly covers Japan, the USA, China, Malaysia, and the United 

Kingdom (Yan et al., 2019) while the PhenoCam network (http://phenocam.sr.unh.edu) mostly 

focuses on the terrestrial ecosystems of North America (Seyednasrollah et al., 2019). 

Consequently, there is little or no PhenoCam coverage in rangelands that are geographically 

located in poor regions, making it becomes difficult to validate LSP retrievals in those under-

resourced areas. 

Unmanned Aerial Vehicles (UAVs), also referred to as drones in literature, have been an important 

data source for validating satellite based phenological metrics in many rangeland ecosystems 

(Browning et al., 2009, Berra et al., 2016). Carbon dioxide flux observations from FLUXNET 

stations have also been used to validate LSP retrievals in rangelands. For instance, a study in 
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Canada compared LSP retrievals from MODIS and SPOT with global FLUXNET derived 

phenological data (Wu et al., 2017). Their study reported that the satellite based LSP estimations 

had an overall low correlation (R2 < 0.30) with the phenological timings obtained from the flux 

observations. On the contrary, another study highlighted that carbon flux phenology estimations 

were highly comparable to satellite-based LSP metrics, with R2 values ranging from 0.43 – 0.78 

amongst the 4 biomes used in their study (Zhu et al., 2013). However, the use of carbon flux 

observations to estimate the phenological cycles of vegetation is more suitable in biomes with 

distinct and detectable seasonal cycles since it can be arduous to detect the start of carbon uptake 

in high biomass environments (Richardson et al., 2018). As widely reported in the literature, 

another limitation associated with the use of carbon flux data in validating LSP retrievals is the 

limited coverage of eddy covariance flux data collection sites in many biomes (Zhu et al., 2013, 

Gonsamo et al., 2012b, Churkina et al., 2005) thus the estimation of vegetation phenological cycles 

using carbon flux data remains challenging at a large scale. Another method of validating LSP 

retrievals involves the use of bioclimatic models which use precipitation and temperature data to 

track the phenological changes of vegetation (Schwartz and Reed, 1999, Schaber and Badeck, 

2003). However, several studies have reported low correlations between satellite derived 

phenology and bioclimatic based phenology retrievals (Schwartz and Hanes, 2010, White et al., 

2009). Evidence from the literature consulted in this review shows that the majority of the LSP 

validation methods lack detailed spatial and temporal ground phenological measurements and 

events which include species level field observations. 

2.7 Challenges and future directions in rangeland LSP  

LSP research has been hobbled by inconsistencies between remote sensing retrievals and 

vegetation phenological events recorded on the ground (Moon et al., 2019, Balzarolo et al., 2016, 

Liang et al., 2011). Evidence from literature has shown that the sources of disagreements in 

phenological metrics amongst different vegetation species may arise due to VIs used (Zuo et al., 

2019, Liang et al., 2011) satellite sensor characteristics (Helman, 2018, Zhang et al., 2017) 

atmospheric conditions (Zhao et al., 2013) and algorithms used to smooth and estimate the LSP 

phenological metrics (Bornez et al., 2020, Lara and Gandini, 2016, Helman, 2018). The variations 

introduced by atmospheric impurities, absorption, and scattering, can considerably affect the 

precision of users when interpreting remote sensing images, especially for the detection of 
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vegetation dynamics at a landscape scale (Nguyen et al., 2015). Additionally, the impacts of 

bandpass and other sensor characteristics on the behaviour of the VIs causes errors when retrieving 

LSP metrics. Another common challenge in LSP investigations is mixed pixels. A pixel in the VIs 

time series may contain an unknown composition of vegetation species and may result in mixed 

signals (Chen et al., 2018) since vegetation species vary in their sensitivity to climatic fluctuations 

and changes.   

Although they do exist, future LSP research should probably consider investing more in 

developing algorithms that fuse moderate and high spatial resolution sensors to improve LSP 

metrics retrieval at the species level. The extraction of phenological metrics in rangelands such as 

alpine grasslands remains a challenge due to subtle seasonal variation in VIs time series (Hmimina 

et al., 2013, Wu et al., 2014, Melaas et al., 2013b). To address saturation problems encountered 

when deriving phenology metrics, there is a need for further research on the reconstruction and 

regeneration of VIs that will adequately reduce the problem of saturation in high biomass regions. 

Specifically, the WDRVI was reported to be effective in dealing with saturation, a common 

problem encountered using NDVI (Gitelson, 2004). Ground based phenological observations 

provide reliable and accurate information on individual plant species, but LSP observes changes 

at a large scale, hence the use of species specific phenological phases observed on the ground to 

validate large scale satellite LSP retrievals becomes problematic. The current study suggests that 

international phenology research networks such as International Long Term Ecological Research 

Network (ILTER) have the potential to facilitate the regulation and standardization of phenology 

research protocols.  

The compatibility of formats when linking LSP algorithms and remote sensing data processing 

software packages is a challenge. For instance, phenology packages such as TIMESAT (Eklundh 

and Jönsson, 2012) do not perform the preprocessing of satellite data and the computation of 

vegetation indices. Consequently, data conversion procedures may lead to the loss or deformation 

of valuable information in the time series. The development of LSP algorithms that can preprocess 

remotely sensed data and handle phenological analysis in the same environment will go a long 

way in addressing some of the technical errors encountered in LSP retrieval. Specifically, deep 

learning presents an opportunity to further develop robust software packages (Tian et al., 2020) 

with the abundance of data processing tools and techniques that can be used to better characterize 
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the phenological cycles of vegetation in rangelands. The validation of LSP metrics remains a 

challenge in many of the biomes covering the African continent.  

To improve the LSP estimation and monitoring there is a need for the establishment of more 

phenology networks in Africa. While a plethora of LSP studies have focused on the investigation 

of croplands (Estrella et al., 2007, Haghverdi et al., 2018, Tao et al., 2006) and forests (Roberts et 

al., 2015, Dragoni and Rahman, 2012, White et al., 2014), the study of the phenological cycles of 

invasive alien plants in rangelands has largely lagged. The invasive species LSP modelling will 

enable understanding of the biological structure and timing of alien invasive phenology and lead 

to improving rangeland management using this knowledge to choose suitable treatment methods 

in zones infested by the invasive alien plants (Matongera et al., 2021b). The applications of 

medium spatial resolution sensors such as Landsat in LSP studies have been largely limited by the 

sensor's temporal resolution since some plant phenological appearance changes quicker than 

Landsat's 16-day temporal resolution (Helman, 2018). On the other hand, the high temporal 

resolution sensors such as MODIS lack spatial detail that can accurately track the phenological 

events of vegetation at the subspecies level (Peng et al., 2017). To tackle these challenges, the 

constellation of Planet sensors (Planet Scope) holds a huge potential in LSP applications. 

PlanetScope data have an appropriate quick return time to capture swiftly developing phenological 

transitions, such as green-up.  

The effective management of rangelands requires timely, accurate and reliable information about 

vegetation activities and how they change over time due to changes in climate or environmental 

conditions (Browning et al., 2019). Based on the LSP developments discussed in this study, there 

is a huge potential of LSP data for future use in a wide range of applications for better management 

of rangeland ecosystems. User groups such as rangeland managers, ecologists and government 

agencies may use published LSP data sets for various objectives such as designing better 

management systems and planning restoration activities after ecosystem disturbances. A typical 

example of the relevance of LSP data is the forecasting of grass and invasive species reproduction 

based on phenological models that incorporates satellite data, climate data and phenological 

networks observation networks databases.  
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2.8 Conclusion 

The current study has reviewed the literature on the progress of remote sensing in estimating land 

surface phenology in rangelands. Empirical evidence has shown that remote sensing offers 

invaluable data sources in the generation of phenological trends of vegetation at regional and 

global scales, a task that was previously impossible using ground based phenological observations. 

The application of remote sensing in LSP studies was pioneered by early satellites such as Landsat, 

AVHRR and MODIS. However, evidence from literature revealed that the applications of these 

data sets have been largely limited by the sensor's low spatial resolution, poor radiometric 

calibration and geolocation errors. Consequently, the launching of high spatial resolution sensors 

such as Sentinel-2 has significantly improved rangeland LSP investigations. Findings from 

literature revealed that NDVI pioneered LSP investigations in the early 70s, and many other 

indices were subsequently developed to address the shortcomings of NDVI. Although milestones 

have been achieved in the applications of VIs in the retrieval of LSP, the modelling of phenology 

from remote sensing remains a challenge since it is difficult to develop VIs models that can be 

used efficiently in all environments. Owing to the unique traits of many Vis and models, 

appropriate indices should be used to characterize vegetation phenological cycles at various 

growth stages and estimate phenology trends in different biomes. The successful retrieval of LSP 

metrics depends on the availability of robust algorithms that are capable of processing vegetation 

time series whilst minimizing atmospheric noise and sensor related errors.  

The literature review uncovered the utility of remote sensing in estimating and monitoring LSP in 

rangelands. The review also noted that LSP rangeland studies have predominately focused on, 

grassland, shrubland and savannah. Not much work has been done to understand the phenological 

cycles of alien invasive species in rangelands from a remote sensing perspective. Thus, in the 

following Chapter 3, an approach is proposed to understand the phenological cycle of bracken 

fern, a destructive invasive alien plant using Sentinel-2 time series data.  
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Chapter Three 

Characterizing the phenological cycle of bracken fern using time series data 

derived from Sentinel-2 satellite sensor 

This chapter is based on a paper: 

Matongera, T. N., Mutanga, O, and Sibanda, M. (2021). Characterizing bracken fern phenological 

cycle using time series data derived from Sentinel-2 satellite sensor, PLOS ONE Remote Sensing, 

16:10 -23. 
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Abstract  

Bracken fern is an invasive plant that has caused serious disturbances in many ecosystems due to 

its ability to encroach into new areas swiftly. Adequate knowledge of the phenological cycle of 

bracken fern is required to serve as an important tool in formulating management plans to control 

the spread of the fern. The study characterized the phenological cycle of bracken fern using NDVI 

and EVI2 time series data derived from Sentinel-2 sensor. The TIMESAT program was used for 

removing low quality data values, model fitting and for extracting bracken fern phenological 

metrics. The Sentinel-2 satellite-derived phenological metrics were compared with the 

corresponding bracken fern phenological events observed on the ground. Findings from our study 

revealed that bracken fern phenological metrics estimated from satellite data were in close 

agreement with ground observed phenological events with R2 values ranging from 0.53 – 0.85 (p 

< 0.05). Although they are comparable, our study shows that NDVI and EVI2 differ in their ability 

to track the phenological cycle of bracken fern. Overall, EVI2 performed better in estimating 

bracken fern phenological metrics as it related more to ground observed phenological events 

compared to NDVI. The key phenological metrics extracted in this study are critical for improving 

the precision in the controlling of the spread of bracken fern as well as in implementing active 

protection strategies against the invasion of highly susceptible rangelands.  

Keywords: Bracken fern; remote sensing; phenology; Sentinel-2, TIMESAT 
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3.1 Introduction 

The encroachment of invasive species in productive rangelands influences changes in nutrient 

cycles (Zhao et al., 2020), fire incidences and severity (Gharari et al., 2018) and alters the 

abundance of biodiversity (Linders et al., 2019), resulting in socio-economic implications on 

livelihoods. Bracken (Pteridium Aqulinimun) is one of the most problematic alien invasive ferns 

that encroach into new landscapes (Ngubane et al., 2014). Due to its vigorous growth and dense 

canopy, the fern has negative impacts on agricultural productivity (Berget et al., 2015), animal and 

human health (Senyanzobe et al., 2016), forestry and recreational potential (Ssali et al., 2017), 

leading to huge economic losses. Generally, farmers abandon the agricultural land once the fern 

heavily invades the land (Schneider and Geoghegan, 2006a) due to its persistent underground root 

system, which facilitates fast growth. The invasive fern invades grasslands and grazing pastures 

(Sato et al., 2017, Maya‐Elizarrarás and Schondube, 2015, Hamer et al., 2013), while it also 

perseveres in woodlands and hedgerows, making it difficult for indigenous grass species to thrive 

(Odindi et al., 2014). The biochemical chemistry and morphology of bracken fern influence its 

spectral reflectance behavior (Matongera et al., 2017). Specifically, bracken fern has various 

pigments and carotenoid pigments that form part of the compound arrangement of the fern’s cells 

which actively absorb and distribute radiation and different wavelengths (Matongera et al., 2018).   

Understanding the biological structure and timing of bracken fern phenology improves rangeland 

management's knowledge and ability to choose the suitable treatment method in areas infested by 

the fern (Taylor et al., 2020a). The phenological information can be used to implement rapid 

response initiatives for the successful restoration of landscapes at different scales (Taylor et al., 

2020b). In literature, the prediction of future invasions before their occurrence has been postulated 

as one of the most efficient strategies of managing rangelands (Fournier et al., 2019, Jazwa et al., 

2018, Fletcher et al., 2016). Therefore, understanding the phenology of bracken fern can help to 

predict how the fern encroachment will change in time, and necessary proactive measures can be 

planned accordingly. Accurate and effective strategies in invasive species management save time 

and resources (Courtois et al., 2018, Baker and Bode, 2016). A well-documented phenological 

cycle of bracken fern will assist conservationists and farmers in determining the most effective 

methods and appropriate time for controlling the fern across its life cycle, to ensure the complete 

eradication of the fern with minimum costs. For instance, knowing the beginning of the bracken 
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fern season will help the rangeland managers with planning and implementation of the appropriate 

control measures at an early phenological stage before the spores have been dispersed. 

Furthermore, the information on bracken fern's phenology is vital in establishing the major drivers 

of its population dynamics and patterns of invasion. In this regard, an understanding of bracken 

fern's phenological cycle will provide spatial information on areas that are more threatened for 

informing policy decisions on deriving effective control and management strategies. Over the past 

decades, remote sensing has proved to be an invaluable data source suitable for characterizing the 

phenological profile of vegetation at the local, regional and global scale (Wang et al., 2020, Bolton 

et al., 2020, Small and Sousa, 2019). Therefore, the uncontrolled colonization of bracken fern in 

the Drakensberg (Matongera et al., 2017), ascertains the necessity to characterize its phenological 

cycle.  

Earlier works on bracken fern phenology have used field-based studies  (Pakeman et al., 1994, 

Williams and Foley, 1976) and Phenology Cameras (PhenoCams) (Granados et al., 2013) to 

understand the phenological cycles of the fern in different parts of the world. However, the major 

limitation of these locally based methods is the spatial extent to which the plant phenological 

events were collected (Matongera et al., 2021b). Remote sensing technology offers better prospects 

in providing archives of long term spatial data (Helman, 2018) required to understand the 

phenological cycles of bracken fern at various scales. The use of remotely sensed data sets in 

retrieving the phenological metrics of vegetation is referred to as Land Surface Phenology (LSP) 

in remote sensing literature (Bornez et al., 2020). The application of remotely sensed data in 

estimating and monitoring LSP was pioneered by early satellite sensors such as the Landsat series 

(Rea and Ashley, 1976), Advanced Very High Resolution Radiometer (AVHRR) (Justice et al., 

1985), the Moderate Resolution Imaging Spectroradiometer (MODIS) (Zhang et al., 2003). The 

AVHRR and MODIS satellite sensors have a high temporal resolution and synoptic views which 

is appropriate for large-scale monitoring of land surface phenology (Justice et al., 1985, Reed et 

al., 1994, Tan et al., 2011). However, despite pioneering land surface phenology studies, the 

application of low spatial resolution sensors like AVHRR and MODIS is limited by their spatial 

resolution (Tsuchiya et al., 2003), calibration errors and poor geometric registration while Landsat 

is limited by its low temporal resolution.  
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The freely available Sentinel-2 Multi-Spectral Instrument (MSI) optical sensor is composed of two 

satellites; Sentinel-2A and 2B, hence its revisit time has been decreased from 10 to 3-5 days (Li 

and Roy, 2017). The sensor has improved sensor calibration with 10 – 60m spatial resolution which 

presents a potential for successful characterization of the phenological cycles of vegetation at the 

species level (Matongera et al., 2021b). LSP scientists have utilized numerous spectral vegetation 

indices derived from satellite data to estimate the phenological cycles of vegetation at various 

scales (Vrieling et al., 2018, Fernández-Manso et al., 2016, Michele et al., 2018, Zhang et al., 

2018b, Gitelson, 2004). Over the past decades, vegetation indices were developed and used as 

indicators of change in vegetation structure, density, spatial extent and phenological timings. The 

Normalized Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI2) have 

been commonly used to quantify the cyclical patterns of vegetation in different ecosystems (Adole 

et al., 2018, Richardson et al., 2018, Lumbierres et al., 2017, Yao et al., 2017, Liu et al., 2016). 

The NDVI is a commonly used spectral index regarded as a proxy indicator of vegetation canopy 

function and is directly associated with the absorption of photosynthetically active radiation by 

plant canopies (Xue and Su, 2017). The EVI2 was developed to enhance the vegetation signal with 

better sensitivity in areas with high biomass (Jiang et al., 2007b).  

The characterization of the phenological profile of specific vegetation species using satellite data 

has mainly been done for crops (Sakamoto et al., 2005, Boschetti et al., 2009, Duchemin et al., 

2006, Vina et al., 2004), whilst the estimation of the phenological cycles of specific invasive 

species such as bracken fern still requires more attention. To the best of our knowledge, there are 

no published studies that have used polar orbiting satellite data sets such as Sentinel-2 to extract 

the phenological metrics of bracken fern to improve its management approaches. Therefore, the 

first objective of this study was to characterize the phenological cycle of bracken fern using NDVI 

and EVI2 time series data derived from the Sentinel-2 satellite sensor. Secondly, the study sought 

to investigate the differences and similarities between NDVI and EVI2 data in estimating bracken 

fern phenological metrics. Finally, the study assessed the relationship between phenological 

metrics estimated from satellite data and the bracken fern phenological events recorded on the 

validation site, using Cathedral Peak World Heritage Site in the Drakensberg as the study site. This 

study is part of a continuing effort to craft an integrated approach to control the spread of invasive 

species in KwaZulu-Natal Nature reserves in South Africa.   
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3.2 Methods and materials      

3.2.1 Ground observed phenology data   

The ground phenology recordings included the collection of bracken fern patches locations using 

a portable Leica GS20 Global Positioning System (GPS). A total of 60 bracken fern patches were 

collected. The bracken fern patches that were recorded were larger than 10 by 10 m (100m2) for 

them to match the Sentinel-2-pixel size as well as to account for geolocation errors of the GPS and 

the Sentinel-2 imagery. Purposive sampling was used to select bracken fern patches with more 

than 75% bracken percentage cover. The bracken fern phenological developments were recorded 

weekly from 1 January 2016 to 31 December 2018. Ferns like bracken develop fronds instead of 

leaves. For ground phenology observations in this study, the term 'fronds' was used instead of 

leaves. Specifically, we recorded the dates of bracken fern frond emergence, expanded frond 

growth, withering and frond drying and considered them as green up, green peak, senescence and 

dormancy respectively. Figure 3.1 shows the phenological transformation of bracken fern 

appearance from October 2016 to September 2017. The bracken fern photographs were captured 

weekly, but only monthly images were shown since they proved to be sufficient to show the change 

in the phenological appearance of the fern. For consistency, the photographs were captured in the 

same position, at a bracken fern patch located at 29°13'26.758"E 28°56'46.2"S.   
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Figure 3.1: Phenological transformation of bracken fern appearance from October 2016 to 

September 2017 captured in Cathedral Peak study site 
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3.2.2 Satellite data acquisition and pre-processing  

Sentinel-2 Multispectral Instrument (MSI) satellite images were obtained from the European Space 

Agency (ESA) online platform (https://earthexplorer.usgs.gov/). Sentinel-2A and 2B satellite 

images were included in the time series data for bracken fern phenological analysis. The images 

were acquired at the processing level 1C. The images were atmospherically and geometrically 

corrected by ESA. A total of 108 images from January 2016 to December 2018 were acquired. 

Only Sentinel-2 images with less than 20% cloud cover were selected and included in the 

phenological analysis. The Function of mask (Fmask) 4.0 algorithm was used for detecting and 

removing clouds and shadows in the satellite images (Qiu et al., 2019).  

The Normalized Difference Vegetation Index (NDVI) (Rouse Jr, 1972) and the two band 

Enhanced Vegetation Index (EVI2) (Jiang et al., 2008) were used to extract the bracken fern 

phenological metrics. The NDVI was chosen based on its long term successful applications in the 

phenology studies (Zhou et al., 2015, Wardlow and Egbert, 2010, Verhegghen et al., 2014). NDVI 

is suitable for both local and large-scale vegetation assessments, related to canopy structure and 

canopy photosynthesis, an attribute that is very crucial in the current study. EVI2 was also used 

based on its sensitivity to coherent inter-band (blue, red and NIR) atmospheric correction and thus 

may become much better over extreme bright or dark surfaces, such as subpixel clouds, desert 

playas, and inland water bodies, where the EVI values are usually problematic (Rocha and Shaver, 

2009). Additionally, EVI2 has also been reported to solve resolve Leaf area Index (LAI) 

differences for vegetation with different background soil reflectance (Mourad et al., 2020). The 

NDVI and EVI2 indices were calculated using the 108 Sentinel-2A and 2B satellite images in the 

TerrSet Geospatial Monitoring and Modelling System (Version 18.21) software based on the 

following equations:  

 NDVI =  
NIR−RED

NIR+RED
                                                                                          Equation (1)                    

 EVI2 = 𝐺 
𝑁𝐼𝑅−𝑅𝑒𝑑

𝑁+(6−
7.5

𝐶
) 𝑅+1

                                                                                Equation (2)                     

where NIR, red and blue represents the quantity of NIR, red and blue light reflected by vegetation 

and measured by the satellite sensor (D’Allestro and Parente, 2015), 2.5 is the gain or scaling 

factor; 6 and 7.5 are coefficients of the aerosol resistance term while 1 represents the canopy 
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background adjustment for correcting the nonlinear, differential NIR and red radiant transfer 

through a canopy. G will be determined in accordance with the c value. The NDVI and EVI2 

images were exported to TIMESAT program for further analysis.  

3.2.3 Data smoothing and phenological metrics extraction    

The current study used TIMESAT 3.3 program for processing vegetation indices time series data 

and estimating bracken fern phenological metrics. The TIMESAT program provides an 

understandable Matlab based user interface that facilitates the manipulation of data into vegetation 

phenological parameters (Jönsson and Eklundh, 2004). Specifically, three main processing stages 

were executed in TIMESAT: (1) preprocessing of NDVI and EVI2 time series data by detecting 

and removing outliers, (2) data smoothing and gap filling using the SG, DL and AG models based 

on the procedures which are described in detail by Tan et al. (2010) (3) extraction of bracken fern 

phenological metrics. To provide the most robust description of bracken fern seasonal dynamics, 

10-fold leave one out cross validation was used to automatically select the smoothing parameters 

for the SG, AG and DL smoothing functions. 

The TIMESAT program relies on the assumption that the growing seasons begin and end at a 

similar time annually. In principle, the start and end of the season for the targeted year are 

identified in the same period as the first and third years (Tan et al., 2011). The seasonal amplitude 

threshold method was used to extract bracken fern phenological metrics. The seasonal amplitude 

method is defined between the base level and the maximum value for each season (Eklundha and 

Jönsson, 2017). The principle of the seasonal amplitude method states that the start of the season 

occurs when the left section of the fitted curve has reached a specified fraction of the amplitude, 

which is counted from the base level. The end of the season is also defined similarly but using the 

right side of the fitted curve. The start of the bracken fern season was defined as the day of the 

year when the vegetation indices surpassed 10% of the distance between the left minimum level 

and the maximum, while the end of the season is defined in a similar way, but the opposite 

direction.  
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3.2.4 Statistical analysis  

To assess the statistical relationships between satellite-derived phenological metrics and ground 

observed bracken fern phenological events, the coefficient of determination (R2) (Kasuya, 2019), 

the Root Mean Square Deviation (RMSD) (Gonzalez-Dugo et al., 2009) and the Mean Absolute 

Bias (MAB) (Posselt et al., 2012) were computed. For comparison between satellite retrieved and 

ground observed phenological dates, the linear regression analysis was computed by using the 

ground observed phenological events as the independent variable and the satellite-derived 

vegetation indices as the dependent variable. The linear regression analysis was also conducted 

between NDVI and EVI2 phenological retrievals with NDVI and EVI2 retrievals as independent 

and dependent variables, respectively. The significance test for all the phenology models was 

conducted using the F-test with the standard 0.05 cut off indicating statistical significance between 

variables (p<0.05). Figure 3.2 shows the flow chart illustrating the research methodology that was 

adopted in this study.  
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Figure 3.2: Schematic diagram illustrating the research methodology adopted in this study. 
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3.3 Results  

3.3.1 Variation in TIMESAT models phenological retrievals 

Table 3.1 shows a summary of bracken fern phenological metrics computed from the three models 

embedded in the TIMESAT program. Comparison of the mean phenological dates estimated using 

the three models revealed that bracken fern phenological dates from each model were different 

although their discrepancies were all less than 15 days. The statistical analysis revealed that the 

variance in the estimated phenological dates produced by the three models was statistically 

significant (p < 0.05) for all the bracken fern phenological stages based on both NDVI and EVI2 

time series. Results obtained using NDVI phenological retrievals show that the mean bracken fern 

green up onset dates for the AG, SG and the DL was approximately around day 298, 296 and 294 

while EVI2 dates were estimated to be around day 280, 288 and 284 respectively. Using the 

calendar dates, the average timing of bracken fern green up onset dates was towards the end of 

October 2016. The EVI2 green up onset dates were generally earlier than NDVI dates by an 

average of 11 days across the three models. For all the models, the standard deviations for the 

green up onset retrievals were consistent with a range of 2 to 5 days. Based on the NDVI 

phenological estimations, the DL model recorded the lowest deviation of 2.96 days while the SG 

NDVI model reported the highest deviation of 5.3 days.  
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Table 3.1: Mean phenological dates and standard deviations for the TIMESAT models  

 

where GU = green up; GP = green peak; SEN = senescence; DM = dormancy 

The NDVI green peak onset dates for the AG, SG and the DL were estimated to have occurred 

around days 54, 57 and 56 while the EVI2 dates were predicted to be around days 44, 53 and 54 

respectively. Using the calendar dates, the estimated bracken fern green peak dates were towards 

the end of February 2017. The NDVI green peak onset dates were later than EVI2 dates by an 

average of 8 days across the three models. Compared to the green up the phenological stage, the 

green peak standard deviations were higher across all the models ranging from 2 to 7 days. The 

Model Phenological 

metric 

   Mean (DOY) Calendar  

  Date 

         Standard  

       Deviation (Days)  

  NDVI EVI2  NDVI  EVI2 

SG GU 296 288 October; 2016 5.3 3.78 

 GP 57 53 February; 2017 3.36 3.04 

 SEN 101 88 April; 2017 5.36 3.91 

 DM 176 196 July; 2017 2.03 2.52 

       

DL GU 294 284 October; 2016 4.96 2.96 

 GP 56 54 February; 2017 3.86 2.56 

 SEN 99 90 April; 2017 3.69 2.92 

 DM 177 184 July; 2017 6.23 4.38 

       

AG GU 298 280 October;2016 3.76 4.73 

 GP 54 44 February;2017 6.11 7.35 

 SEN 96 88 April;2017 3.34 2.57 

 DM 181 190 July;2017 5.59 3.82 



48 

 

bracken fern green decrease was associated with the plummet in the vegetation index signal which 

signified the onset of the senescence phenological stage. Based on the AG, DL and SG the NDVI 

estimated date of senescence onset was around days 96, 99 and 101 while EVI2 retrievals estimated 

days 88, 90 and 81 respectively. The standard deviations ranged from 2 to 5 days across all models. 

The NDVI retrievals predicted the onset of dormancy stage to be around days 181, 177 and 176 

for AG, DL and SG, while EVI2 retrievals were estimated to be around days 190, 184 and 196 

respectively. For both NDVI and EVI2 phenological retrievals, the DL dormancy dates were 

earlier when compared to the other two models by an average of 16 days. The SG model had the 

lowest standard deviations (NDVI = 2.03 and EVI2 = 2.52), while the DL recorded the highest 

deviations (NDVI = 6.23 and EVI2 = 3.42).   

3.3.2 Intercomparison of NDVI and EVI2 phenological retrievals    

Findings from our study demonstrated that the phenological metrics estimated using NDVI and 

EVI2 across the four major bracken fern phenological stages were comparable. The statistical 

analysis in Figure 3.3 shows scatter plots depicting the agreement between bracken phenological 

metrics estimated using the two vegetation indices. The EVI2 and NDVI phenological metrics 

show significant linear relationships between each other amongst all phenological stages (p < 0.05) 

although the correlation coefficients were weak for some of the phenological stages with R2 values 

ranging from 0.49 – 0.61. For the green up onset stage, the coefficient of determination (R2 = 0.58) 

indicated a good correlation between NDVI and EVI2 phenological retrievals. The EVI2 

phenological dates for green up onset were earlier than NDVI retrievals for most of the pixels 

across the study site. The green up onset RMSD was 8.2 days while a bias of 4.9 days was recorded.  
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Figure 3.3: Statistical comparison between NDVI and EVI2 phenological dates   

3.3.3 Comparison between satellite-based phenological retrievals and ground observations 

Bracken fern phenological metrics estimated using NDVI and EVI2 generally showed a good 

agreement with phenological dates from ground observations. Both EVI2 and NDVI phenological 

metrics show significant linear relationships (p < 0.05) with bracken fern ground observed 

phenological events with varying correlations across all phenological stages. To provide a more 

comprehensive and quantitative assessment, Figure 3.4 shows scatter plots illustrating the 

statistical agreement between satellite-derived phenological metrics and ground observed 

transitional dates.  
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The coefficients of determination for both NDVI and EVI2 phenological retrievals indicated a 

correlation with ground observed onset dates, with R2 values ranging from

0.53 – 0.85. The dormancyEVI2 phenological retrievals recorded the highest correlation (R2 = 0.85) 

with the ground observed frond drying and falling dates. The relationship between EVI2 retrieved 

dormancy onset dates and the ground observed bracken fern frond drying and falling showed a 

very strong correspondence for more than 75% of the pixels across the study site. The green peak 

EVI2  also reported a strong  correspondence (R2 = 0. 72) with ground observed bracken fern 

expanded frond growth.   

The RMSDs statistical values between satellite-based phenological retrievals and ground observed 

phenological transitional dates ranged from 2.5 to 6.4 days across the four bracken fern 

phenological stages. The RMSDs between NDVI and corresponding ground transitional dates 

were modestly higher (approximately one week) for senescence and dormancy phenological 

stages, while the EVI2 green peak and dormancy had the lowest RMSDs of 3.1 and 2.4 days 

respectively. The RMSDs between NDVI and ground recorded phenological dates were also 

higher (approximately one week) for green peak, senescence and dormancy while the green up 

phenological stage showed the lowest  RMSD value of 4.6 days. The bias between satellite-based 

phenological retrievals and ground observed phenological events appeared to be very low as they 

ranged from 2.2 to 5.3 days. The largest bias (5.3 days) was recorded between green up NDVI 

bracken fern frond withering, while the lowest bias (2.2 days) was reported between green peak 

EVI2  and bracken fern frond emergence. Generally, the EVI2 phenological retrievals corresponded 

more with bracken fern ground observed phenological events compared to NDVI phenological 

retrievals as shown by higher EVI2 correlation coefficients and lower RMSDs and Biases. Overall, 

the satellite-based bracken fern phenological estimates matched moderately well with the ground 

observed phenological events.  
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Figure 3.4: Statistical comparison between LSP dates and ground observed phenology
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3.4 Discussion 

      

3.4.1 The role of remotely sensed data in characterizing bracken fern phenology  

The current study characterized the phenological cycle of bracken fern invasive species using 

NDVI and EVI2 time series data derived from the Sentinel-2 MSI sensor. The satellite-based 

phenological retrievals were compared with bracken fern ground observed phenological 

events. The Sentinel-2 sensor proved to be a reliable data source that could assist in improving 

the understanding of bracken fern phenological cycles, an aspect that could lead to better 

management of rangelands that are infected by the fern. Corresponding to our findings in this 

study, a plethora of scientific studies have also reported the capability of Sentinel-2 data in 

extracting the phenological cycles of vegetation at various scales (Descals et al., 2020, Pastick 

et al., 2020, Vrieling et al., 2018, Tian et al., 2021). The sensor’s revisit time was sufficient to 

adequately capture the phenological changes of bracken fern. However, slight cloud coverage 

issues were experienced during the bracken fern green peak stage which coincided with the 

peak of the summer season. This could explain lower correlations between NDVI and bracken 

fern ground observed phenological events during the bracken fern green peak phenological 

stage.  

The bracken fern phenological metrics estimated using the three models in the TIMESAT 

program were comparable across the bracken fern phenological stages. The shape of the fitted 

NDVI and EVI2 curves in Figure 3.2 shows a possible quick response to precipitation, followed 

by a slow decay as bracken fern fronds withered. Corresponding with findings reported by 

Eklundh and Jönsson (2015), the current study established that the DL and AG models 

produced phenological curves that were subsequently used to estimate bracken fern 

phenological metrics that were more correlated to ground observed phenological events as 

compared to the SG model. Similarly, the works of  Cai et al. (2017) also concluded that the 

AG and DL models produced a more robust and accurate description of the phenological cycles 

of vegetation compared to the other methods tested in their study including the SG model. 

Although the AG and DL produced similar bracken fern phenological curves, it can be noted 

that the AG well adapts and performs better during vegetation indices peaks as compared to 

the DL model. Vrieling et al. (2018) reported that the AG is less affected by noise and has a 

great advantage if the time series data has missing data or if the satellite data is poor quality 

due to sensor calibration errors. SG is mostly affected by atmospheric impurities and 

subsequently produces erroneous phenological metrics especially during the peak of the season 
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where the data is characterized by clouds. Results from our study corresponded with previous 

findings by  Li and Liu (2010) and  (Khobkhun et al., 2013) who reported that the SG model 

works well for data that is unaffected by noise caused by atmospheric contamination. 

Generally, our study demonstrated that the three models in TIMESAT perform good and they 

can reduce noise, reconstruct, and fit time series data for the estimation of bracken phenological 

metrics. However, the tuning of parameters is essential in the extraction of phenological metrics 

using these three models. The inappropriate selection of parameters may lead to uncertainty 

and bias in phenological trends produced by data smoothing models. The tuning of parameters 

in phenological metrics extraction was also raised in literature by Stanimirova et al. (2019) who 

highlighted that the differences in tuning parameters such as the use of 10% or 15% of seasonal 

amplitude as a benchmark threshold to ascertain the phenological metrics will yield different 

results. 

3.4.2 Comparisons with ground observed phenological events   

The validation of phenology metrics is essential for the evaluation of satellite sensors' 

performance in estimating LSP. However, previous research studies have shown that the 

validation of remote sensing products is a huge challenge in LSP investigations (Wang et al., 

2017b, Zhang and Hepner, 2017, Wang et al., 2018). Overall, the EVI2 performed better in 

estimating bracken fern phenological metrics that were correlated to ground observed 

phenological events. EVI2 proved to produce better estimates that are comparable to bracken 

fern ground observations during the green peak, senescence and dormancy phenological stages. 

Corresponding with our findings,  Peng et al. (2021) noted that EVI2 significantly improves 

linearity with biophysical vegetation properties and reduces saturation effects found in densely 

vegetated surfaces, a challenge that is commonly encountered when using NDVI.  Similarly, 

Zhang et al. (2018b) concluded that EVI2 is the better choice for detecting phenology than 

NDVI because EVI2 phenological retrievals were in close agreement with PhenoCam 

observations. The performance of EVI2 could also be attributed to its resistance to soil 

background effects which normally causes an artificial increase in NDVI as reported by  

(Rocha and Shaver, 2009). On the other hand, NDVI outperformed EVI2 in retrieving the 

bracken fern green up onset. The performance of NDVI in estimating the onset of bracken fern 

green up could be attributed to its ability to reduce topographic effects (Huete et al., 2002) and 

illumination conditions (Testa et al., 2018) much better as compared to the EVI2.  
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The NDVI showed poor correlation with ground observation during the green peak 

phenological stage, while the EVI2 retrievals performed well during the green peak stage. As 

the bracken fern fronds increased in size and the canopy expanded, NDVI tends to saturate and 

become less efficient in extracting phenological metrics during the green peak period. The 

differences in phenological retrievals between NDVI and EVI2 probably originated from 

various resistance levels to noise and sensitivities to spectral signals at different bracken fern 

stages of the growing season. The NDVI's poor performance in estimating the bracken fern 

green peak could probably be related to its loss of sensitivity when the vegetation canopy's leaf 

area index reaches a maximum as reported by Davi et al. (2006). Our results were consistent 

with Zuo et al. (2019) and Zhao et al. (2011) who reported that NDVI has more ability to track 

weak spectral signals in the early and end of vegetation growth season and tends to saturate at 

dense vegetation. Findings from the current study are consistent with previous work by Davi 

et al. (2006)  who noted that false highs occur when high NDVI values are considered to give 

better estimations than low values, and the bias tends to break the assumptions of many 

standard statistical methods. The rapid changes of NDVI during the bracken fern green peak 

period make it complex for the determination of the phenological metrics. A study by Tan et 

al. (2010) confirmed that vegetation normally changes quickly during green up and green peak, 

making it difficult to accurately detect changes in NDVI fluctuations. 

3.4.3 Implications to the control and management of bracken fern 

Challenges in controlling the encroachment of bracken fern into areas of ecological importance 

due to inappropriate timing have been widely reported in the literature (Matongera et al., 2018, 

Schneider, 2004, Berget et al., 2015, Marrs et al., 2000a). Therefore, the accurate estimation of 

bracken fern phenological transition times will help in the appropriate timing control measures 

and efforts of controlling the invasive fern for better management of the rangelands. 

Furthermore, the information on bracken fern's phenology is vital in understanding the major 

drivers of its population dynamics and patterns of invasion. The effective management of 

rangelands requires continuous data sources that track the changes in various vegetation species 

that are within a landscape.  Dawson et al. (2011) noted that an effective conservation response 

must be broadly coordinated and informed by a range of scientific approaches with diverse data 

sources. The free availability of high spatial and temporal resolution data sets such as Sentinel-

2 enables rangeland managers to continuously monitor the changes that occur within areas of 

their jurisdiction.   
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The debate with regards to the most suitable methods of controlling the spread of bracken fern 

has received much attention in the literature (Douterlungne et al., 2010, Matongera et al., 2018, 

Levy-Tacher et al., 2015a). Findings from the current study suggest that the Sentinel-2 data is 

an invaluable tool that can be used as a foundation for decision-making particularly in 

controlling the spread of bracken fern in ecologically sensitive areas. The current study 

suggests that the development of bracken fern spores at the beginning of the senescence phase 

can be timely controlled using chemical measures such as spraying with asulum before they 

disperse. The application of chemicals on bracken fern during the senescence period 

significantly reduces the number of fronds that will be produced the following season 

(Pakeman et al., 1994). Asulum does not affect the year of application but kills almost all the 

buds on the rhizome which leads to less production of fronds in the following growing season. 

The mechanical control methods would probably be suitable during the green up phase when 

the bracken frond biomass is still low.  
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3.5 Conclusions  

The current study focused on characterizing the phenological cycle of bracken fern using NDVI 

and EVI2 time series data derived from the Sentinel-2 sensor. The Sentinel-2 satellite-derived 

phenological metrics were compared with the corresponding bracken fern phenological events 

observed on the ground. Based on the results established at bracken fern’s four phenological 

stages, the following conclusions were drawn; 

 Sentinel-2 sensor was able to extract the phenological profile of bracken fern, making 

remote sensing technology a potential tool for effective bracken fern management.  

 Inter-comparisons between NDVI and EVI2 based phenological metrics revealed that 

the two vegetation indices differ in their ability to track the phenological developments 

of bracken fern during its growing season. EVI2 is more suitable for retrieving LSP 

metrics than NDVI as it produced phenological metrics that were more related to 

bracken fern ground phenological events.  

 The satellite-based phenological retrievals showed a good correlation with bracken 

fern ground observed phenological events.   

Through this study, LSP has demonstrated to be an invaluable data source that can be used by 

conservationists, ecologists and rangeland managers in controlling and managing bracken-

infested rangelands. To the best of my knowledge, not much work has been done to understand 

the spatial distribution of bracken fern during a specific phenological stage. Thus, in the 

following Chapter Four, a mapping approach is proposed to assess the spatial distribution of 

bracken fern using limited ground sample data during the green up phenological stage.  
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Chapter Four 

Estimating the spatial distribution of bracken fern during the green up 

phenological stage using limited ground sample data 

This chapter is based on a paper: 

Matongera, T. N., Mutanga, O., Sibanda, M., and Mutowo. G. ‘Estimating the spatial distribution of 

bracken fern during the green up phenological stage using limited ground sample data, IEEE Journal of 

Selected Topics in Applied Earth Observations and Remote Sensing, Under Review, Manuscript ID: 

JSTARS-2021-01075.  
 

 

Abstract  

Bracken is a problematic alien invasive fern that outcompetes indigenous vegetation and 

threatens their diversity while it is also reported to have adverse effects on water quality and 

possible incidences of some strains of human cancers. It is imperative to detect bracken fern 

invasion before it gets dominant and unmanageable. Mapping methods that demand extensive 

fieldworks are costly and time-consuming in mountainous areas, where the terrain is rugged 

and generally inaccessible. The aim of this study was to estimate the spatial distribution of 

bracken fern during green up phenological stage. The study compared the accuracy of One 

Class Support Vector Machines (OCSVM) and Biased Support Vector Machine (BSVM) 

algorithms as they require positive and randomly generated unlabelled samples, thus reducing 

the amount of ground sampling required for the classification workflow. To assess the 

performance of the One Class Classification (OCC) algorithms, the study analyzed the 

effectiveness of (i) spectral bands, (ii) spectral bands plus vegetation indices, (ii) spectral bands 

plus topographic variables and (iv) all data sets combined in estimating the spatial distribution 

of bracken fern during the green up phase. Results show that the BSVM algorithm 

outperformed OCSVM with average overall accuracies of 0.89 and 0.93 respectively. The data 

sets which combined spectral bands, vegetation indices and topographic variables yielded the 

highest accuracies compared to all other datasets based on the two algorithms. The spatial 

distribution maps produced in the current study can be used as baseline data when formulating 

intervention strategies for controlling the encroachment of bracken fern in rangelands.  

Keywords: Bracken fern; OCC; Green up; Phenology; Sentinel-2 
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4.1 Introduction  

The encroachment of invasive alien plants into farmlands, rangelands and forests has 

negatively affected the productivity of the infested environments globally (Agha et al., 2021, 

David et al., 2021, Birhanie et al., 2020, Sintayehu et al., 2020).  Bracken fern has been 

documented to be one of the most aggressive invasive alien plants that invade agricultural land 

(Berget et al., 2015), poison grazing animals (Faccin et al., 2018), compromise water quality 

(Eyibio Olaifa, 2018), cause biodiversity loss (Maya‐Elizarrarás and Schondube, 2015), 

increase fire risk and costs (Gill and Catling, 2002) as well as destructing native vegetation in 

ecosystems around the world. The fern produces allelopathic substances which trigger changes 

in soil composition, causing limitation and total inhibition of the growth of indigenous plants 

(Eastman, 2003). Additionally, the dense thickets formed by bracken fern disrupt the 

regeneration of other plants in many ecosystems (den Ouden, 2000). Bracken fern is ranked as 

one of the major threats to the vestige patches of the KwaZulu-Natal grassland (Ngubane et al., 

2014). The continuous threats from hysterical encroachment of bracken fern in South Africa, 

predominantly in the Drakensberg Mountains of KwaZulu-Natal province require 

quantification. If uncontrolled at an early phenological stage, the fern could encroach into 

agricultural land in surrounding areas which could lead to the abandonment of cultivation and 

grazing land like what was reported in Southern Mexico by (Schneider and Geoghegan, 2006b). 

Therefore, the early detection and monitoring of bracken fern invasion is essential to avoid 

huge ecological and economic loss.  

There has been a debate in the literature regarding the optimal phenological stage at which 

control measures can be effectively applied to curb the ramped spread of bracken fern into new 

landscapes. For instance, Lawton (1990) proposed the biological control of bracken using 

insects at the green peak phenological stage.  Pakeman et al. (1994) argue that the cutting of 

full-grown bracken rhizomes once every three years will significantly reduce the fern’s 

biomass. However, the bracken fern plant multiplies from dropped spores that fall from the 

feathery fronds. For effective management, the fern should be harvested during its early 

shooting when the fronds are still few, immature, and curled up. An attempt to control the fern 

at a later phenological stage such as green peak through cutting and rolling will require more 

resources (Lawton, 1988) while controlling it at the senescence stage will not be significant 

since the spores would have been dispersed already (Conway, 1957). It is critical to quantify 

the spatial extent of the fern during the green up phenological stage to improve efficiency in 
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developing control management strategies. The bracken fern green up phenological stage is 

observed in the field when the first bracken fern fronds appear (McGlone et al., 2005). The 

assessment of the spatial distribution of the fern at the beginning of its phenological cycle 

enables rangeland managers to deal with the invasion before the infestation becomes 

unmanageable.  

Remote sensing has been used as a reliable tool for estimating the spatial distribution of 

invasive species at any phenological stage. For instance, Kazmi et al. (2022) mapped the spatial 

distribution of invasive alien species using remote sensing in Pakistan during green peak and 

dormancy phenological stages with an overall accuracy of 93%. Dube et al. (2020) estimated 

the spatial distribution of lantana camara in semiarid savanna rangeland ecosystems of South 

Africa during dormancy phenological stage with an overall accuracy of 78% and 66% for 

Sentinel-2 and Landsat 8 OLI sensors respectively. In another study, Odindi et al. (2014) 

compared the utility of WorldView-2 and SPOT 5 images in mapping bracken fern during 

senescence phenological stage with overall classification accuracies of 85% and 72% for 

Worldview-2 and SPOT 5 respectively.  

Remote sensing provides reliable global coverage through its rich remotely sensed data sets 

acquired by satellite imagery at various spatial and spectral resolutions (Matongera et al., 

2021b). Remotely sensing is better suited for landscape mapping since most of the data sets are 

freely available and have a wider spatial coverage (Gillanders et al., 2008, Foody, 2002). 

Remote sensing offers the opportunity to perform a temporal analysis of land cover changes in 

rangelands (Palmer and Fortescue, 2004). With a wide range of remotely sensed data sets and 

robust data processing algorithms, it is possible to evaluate the statistics of past change, relative 

to the present and depict major trends in land cover changes (Haque and Basak, 2017). In 2015, 

Sentinel-2 Multispectral Instrument (MSI) emerged as a reliable sensor suitable for monitoring 

landscapes at different scales. Sentinel-2 multispectral imager covers a wide swath of 290 km, 

with a 3-5 day revisit time, which make it suitable for use in numerous applications (Fauzan et 

al., 2017). The management of rangelands infected by bracken fern requires continuous 

mapping and monitoring based on spatially explicit datasets such as Sentinel-2 to evaluate the 

progress of its eradication.  

Remote sensing image classification is the widely used approach to extract species distribution 

information from satellite data (Mngadi et al., 2020, Amani et al., 2020a, Rwanga and 

Ndambuki, 2017). Numerous multiclass supervised classification techniques have been 
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developed and tested over the past few decades. These include Artificial neural networks 

(Gopal and Woodcock, 1996), Random Forests (RF) (Pal, 2005), and Support Vector Machines 

(SVM) (Pal and Mather, 2005). Despite attaining good accuracies in several studies, the 

convectional multiclass classification procedures are inappropriate in cases where the research 

targets a specific land cover class. In principle, multiclass classification techniques require 

extensive training data for all classes to be effective and accurate in classifying (Deng et al., 

2018). In mapping the spatial distribution of invasive species, where there is a specific class of 

interests, it is somehow unnecessary, time-consuming and resource-wasting to collect ancillary 

data that represents all the land cover classes within the study area. Literature shows that 

bracken fern is usually found in mountainous areas (McGlone et al., 2005, den Ouden, 2000, 

Matongera et al., 2018) in inaccessible locations where rugged terrain and poor road 

infrastructure renders field data collection to be a challenging task. The One Class 

Classification (OCC) is the most ideal approach for mapping invasive alien plants such as 

bracken fern in inaccessible mountainous locations (Piiroinen et al., 2018). Moreover, the OCC 

procedure is cost-effective because it can perform classification with limited ground sampling. 

The targeted class is regarded as the positive class while all the other classes are categorized as 

negative.  

In remote sensing, the OCC approach was initially developed for anomaly detection (Moya 

and Hush, 1996). The OCC approach requires minimum field data, only reference data for the 

target class is required for the training and testing of the classification model (Liu et al., 2020). 

The parameters and thresholds in one class classification influence the performance of the 

algorithm (Seliya et al., 2021). In principle, OCC algorithms produce binary predictions for the 

test data set using thresholds that can be adjusted (Khan and Madden, 2014). The key to achieve 

good results in land cover classification using OCC methods relies on the ability of the user to 

define the kernel structure and to tune the free parameters (Mũnoz-Marí et al., 2010). The OCC 

methods have been successfully applied in document classification, texture separation, image 

classification, and environmental modelling (Foody et al., 2006, Muñoz-Marí et al., 2007). The 

OCC is efficient for mapping invasive species since only the invasive plant is the main target. 

Several machine learning OCC algorithms have been proposed and widely applied for image 

classification at various scales. The widely used algorithms include the Biased Support Vector 

Machine (BSVM) (Piiroinen et al., 2018), one-class Support Vector Machine (OCSVM) 

(Baldeck and Asner, 2014), Boosted regression trees (BRT) (Skowronek et al., 2016), Mixture 

Tuned  Matched Filtering (MTMF) (Barbosa et al., 2016) and Maxent (Mack and Waske, 
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2017). Therefore, this study sought to estimate the spatial distribution of bracken fern during 

green up phenological phase using a One Class Classification approach. The secondary 

objectives compared the performance between OCSVM and the BSVM as well as assessing 

changes in the spatial distribution of bracken fern between 2015 and 2020.      

4.2 Data and Methods  

4.2.1 Ancillary data collection   

The bracken fern locations were collected during two field campaigns in October 2015 and 

October 2020 during the green up phenological phase. Stratified random sampling was used to 

collect bracken fern, using elevation categories as strata. The elevation was graded into three 

categories which were low (1000 – 1500m), medium (1500 – 2000m) and high (above 2000m) 

elevation. A total of 40 bracken fern location were collected in each elevation category. The 

sampling approach was adopted to cover all relevant environmental gradients. The sampling 

points were located at least 50m away from each other to avoid autocorrelation. The bracken 

fern sampled locations were documented in a table format and later converted into a point map 

in ARCGIS 10.6. 

4.2.2 Remotely sensed data acquisition and pre-processing  

The Sentinel-2 satellite data was obtained from the European Space Agency (ESA) online 

platform. The cloud-free Level 1C Sentinel 2 scenes acquired in October 2015 and 2020 were 

downloaded. The sensor has four multispectral bands at 10m, six bands at 20m and three bands 

at 60m spatial resolution (Immitzer et al., 2016). Sentinel-2 has a 3–5-day revisit time at an 

orbital angular distance of 180km with a 290km swath width (Phiri et al., 2020). The thirteen 

spectral wavelengths of this multispectral sensor cover the visible, red edge and the short-wave 

infrared potions of the electromagnetic spectrum (Matongera et al., 2021a). However, the 

coastal aerosol and circus bands were not used in the analysis because they do not have useful 

information for bracken fern classification. Prior to the analysis, the images were pre-processed 

for atmospheric correction using the Semi-Automatic Classification (SAC) Plugin available in 

QGIS. The Function of the mask (Fmask) 4.0 algorithm was used for detecting and removing 

clouds and shadows in the satellite images.  
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4.2.3 Vegetation indices  

Several spectral vegetation indices have been developed for various applications in vegetation 

mapping and monitoring on the terrestrial surface. Table 4.1 shows the summary of vegetation 

indices used in this study. VIs were included in the analysis because of their efficiency for 

mapping vegetation and to improve the dimensionality of Sentinel-2 data. In this study, 

vegetation indices were generated, as follows: Normalized Difference Vegetation Index 

(NDVI), Soil Adjusted Vegetation Index (SAVI), Enhanced Vegetation Index (EVI) and 

Transformed difference vegetation index (TDVI). The four vegetation indices were chosen 

based on their success in the diagnosis of vegetation biophysical parameters such as biomass 

(Silleos et al., 2006), percentage of land cover (Ayala-Izurieta et al., 2017) and photosynthetic 

activity (Wong et al., 2020).  

Table 4.1: Description of the vegetation indices used in this study 

 

  

Vegetation 

Index 

         Formulation        Characteristics and  

              applications   

Reference  

NDVI 
 
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 

 

Large scale vegetation assessments, 

related to canopy structure and canopy 

photosynthesis  

(Rouse et al., 

1974) 

    

SAVI 
 
(1 + 𝐿)(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 𝐿)
 

 

Improves NDVI sensitivity to soil 

background effects 

(Huete, 

1988b) 

    

    

EVI 
𝐺

𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝐶1 𝑅𝑒𝑑 − 𝐶2  𝐵𝑙𝑢𝑒 + 𝐿
 

Optimized to enhance sensitivity in high 

biomass environments  

(Huete et al., 

2002) 

TDVI 𝑇𝐷𝑉𝐼 = 1.5 ∗ [(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

/√𝑁𝐼𝑅2 + 𝑅 + 0.5] 

Reduce the effects of bare soil during 

land cover classification 

(Bannari et 

al., 2002) 
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4.2.4 Topographic variables  

Topographic variables have been documented as some of the key variables that influence 

vegetation diversity and variability at various scales (Zeferino et al., 2020). The topographic 

variables refer to the geomorphological attributes that match the Digital Elevation Model 

(DEM), plan curvature and slope. The DEM was generated from The Advanced Spaceborne 

Thermal Emission and Reflection Radiometer (ASTER) imagery, with a 30m spatial 

resolution. Elevation, slope, aspect and topographic wetness index (TWI) were included in the 

analysis based on their influence on the phenology and spatial distribution of vegetation 

(Piiroinen et al., 2018).  

4.2.5 Classification   

The selection of datasets to build the classification models was separated into four categories: 

(i) spectral bands, (ii) vegetation indices, (iii) topographic variables and (iv) combined data set 

with spectral bands, vegetation indices and topographic variables. Support Vector Machines 

(SVMs) have become significantly common for land cover classification and regression 

applications, owing to their ability to transform non-linear data using the kernel functions 

(Üstün et al., 2007). In principle, the SVMs find a hyperplane splitting the samples of the target 

class from the origin with the best possible separation (Nalepa and Kawulok, 2019). Ultimately, 

most of the samples that fall within the same hypersphere are considered to belong to the target 

class, while samples that are found outside the hypersphere are treated as outliers (Awad and 

Khanna, 2015). In this regard, the successful application of SVM models relies on the ability 

of the user to define the kernel structure and to tune the free parameters (Mũnoz-Marí et al., 

2010). SVM models have a successful track record of processing high dimensional data using 

fewer training samples as input data (Li and Xu, 2010). By separating data using the best 

possible boundary, the model becomes robust and can process irregularities such as noisy test 

data or biased train data. The current study tested the utility of the OCSVM and BSVM 

algorithms in estimating the spatial distribution of bracken fern during the green up 

phenological phase. The OCSVM and BSVM were executed using the oneClass package in R 

statistical software.  
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4.2.5.1 One Class Support Vector Machine 

Schölkopf et al. (2001) developed the OCSVM method for novelty detection and classification 

of specific phenomena. Given n training points, OCSVM tries to find a hypersphere to separate 

the training data from the origin with maximum margin in a multidimensional space (Li and 

Xu, 2010). The best values that are used for tuning the parameters were selected by a grid 

search which uses five reiterations of ten-fold cross-validation based on the training dataset. 

The positives were locations where bracken fern was present while negative samples meant the 

absence of bracken fern. The data set used to train the model contained 112 positive and 400 

negative samples. The OCSVM free parameter and threshold tuning was executed using the 

procedure described in detail by (Li and Guo, 2013). If training data does not include negative 

data, only True Positive Rate can be generated (Mũnoz-Marí et al., 2010). Therefore, instead 

of using only labelled data, the current study also used negative data to train the OCSVM 

model.  

4.2.5.1 Biased Support Vector Machine  

In circumstances where there are very few training data samples available, the OCSVM may 

produce biased classification results (Li et al., 2010). To deal with this challenge, OCSVM can 

be revised in the context of the Biased Support Vector Machine (BSVM) to include not only 

labelled but also unlabelled samples in the classification workflow. The BSVM method was 

initially developed for text classification (Liu et al., 2003), using the ordinary binary SVM 

protocol. Instead of having negative samples, the BSVM classifier uses randomly generated 

samples, often called background data (Barbosa et al., 2016) or unlabelled samples (Piiroinen 

et al., 2018). The BSVM training data had 112 labelled samples and 1000 randomly generated 

unlabelled samples. Since the unlabelled class is randomly generated, it will also contain 

samples from the positive class. The unlabelled class sample was set to be large to balance a 

sizeable portion of the bracken fern positive samples.  

4.2.6 OCC model assessment  

To evaluate the accuracy of the OCC algorithms the standard accuracy indices were used. The 

overall accuracy, recall, precision, and F-score, for all data set combinations were computed 

for all data set combinations. Bracken fern presence class had the same number of positive 

(presence) cases and the negative (absence or unlabelled) cases were unequal for BSVM and 

OCSVM, the True Positive Rate (TPR), also known as Recall was computed to assess the 
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classification accuracy of the derived models. The TPR standard evaluates the probability of a 

positive pixel being identified correctly (Piiroinen et al., 2018). Since the focus of the study 

was to estimate the spatial distribution of bracken fern, it was essential to find the algorithm 

that can identify positive labels within the data set as accurately as possible. Therefore, in this 

study, the True Positive Rate (recall) performance metric was considered more important than 

the False Positive Rate (FPR) metric in assessing the model performance. The higher recall of 

100% indicates that an algorithm managed to correctly identify bracken fern positive samples. 

To improve the confidence in the model’s performance in predicting positive samples, the 

precision performance metric was calculated. Precision is the proportion of true positives to 

total predicted positives (Zhao and Cen, 2013). The F-score metric was also computed to 

measure the accuracy of the model on the data set. The F-score combines the precision and 

recall of the model and is often called the harmonic mean of the model (Tchakounté and 

Hayata, 2017). Ideally, the F-score was chosen since it considers both precision and recall, it 

is known to be the harmonic mean of the precision and recall. The F-score is normally 

employed when the classes are not evenly distributed (Kulyukin and Blay, 2015), which is 

normally the case in applications where OCC methods are used. To ascertain the model with 

the best predicting power the Receiver Operating Characteristic (ROC) Curve was used. The 

findings on the performance of OCSVM and BSVM algorithms were presented using the 

averages of the results obtained from 2015 and 2020.   

4.2.7 Changes in the spatial distribution of bracken fern   

The total amount of pixels covered by bracken fern target species was calculated for the entire 

study site using the dplyr package in R. These were later converted to square kilometres and 

the percentage of change was calculated using the rgdal package in R. Comparison was made 

for the pixels covered in 2015 and 2020 to establish if bracken fern is rapidly encroaching into 

new areas. To visualize the spatial and temporal distribution of bracken fern based on the two 

one class algorithms, thematic maps showing the spatial distribution of the fern in 2015 and 

2020 were produced.   
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4.3 Results  

4.3.1 Comparison of OCC algorithms  

Table 4.2 presents classification accuracies on the test data set for the OCSVM and BSVM 

algorithms based on the four data sets used in this study. Generally, the classification accuracies 

for the two algorithms were high (OA < 75%) based on the four categories of data sets used.  

Results show that in all data set combinations, the BSVM algorithm outperformed OCSVM 

with average overall accuracies of 89% and 93% respectively. The largest overall accuracy 

discrepancy between BSVM and OCSVM algorithms was exhibited by the model derived 

based on combined spectral bands and topographic variables while the spectral bands and 

vegetation indices model recorded 90% accuracies for both algorithms.  

The BSVM model recorded the highest recall across all data set combinations with an average 

of 87%, while OCSVM recorded 85%. The BSVM algorithm correctly identifies bracken fern 

positive samples with 87% accuracy. On average, OCSVM achieved the highest precision 

(84%) while BSVM recorded 81%. On average, BSVM had the highest F-score of 83% while 

OCSVM recorded 79%. Overall, the classification performance measurements tested in this 

study revealed that BSVM outperformed OCSVM in estimating the spatial distribution of 

bracken fern during the green up phenological cycle.   
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Table 4.2: Accuracies based on the four data sets for the OCSVM and BSVM algorithms  

Variable combination  Performance 

metric  

OCSVM    

(%) 

BSVM 

(%) 

OCSVM  

(%) 

BSVM 

(%) 

        2015              2020  

Spectral bands  Overall accuracy  87   88 85 86 

 Recall  78  84 75 79 

 Precision  79 81 80 82 

 F-score  75 82 76 81 

      

Spectral bands + Vegetation 

indices   

Overall accuracy  90 90 88 89 

 Recall  87 76 86 87 

 Precision  86 78 84 88 

 F-score  86 76 85 82 

      

Spectral bands +Topographic 

variables 

Overall accuracy  90 94 88 90 

 Recall  88 93 87 86 

 Precision  89 76 86 88 

 F-score  85 83 84 85 

      

Spectral bands + Vegetation 

indices + Topographic 

Variables 

Overall accuracy  92 95 88 90 

 Recall  81 94 89 90 

 Precision  84 89 85 86 

 F-score  83 91 82 89 
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4.3.2 Comparing the performance of different variable combinations in discriminating 

bracken fern 

The model that was produced by using the combination of spectral bands, vegetation indices, 

and topographic variables was the most accurate for both OCSVM (95%) and BSVM (97%) 

algorithms. The models built using spectral bands only produced the lowest overall accuracy 

for OCSVM (87%) and BSVM (88%). The model with spectral bands only had the lowest 

recall (78%), precision (79%) and F-score (75%) based on the OCSVM algorithm. Using 

BSVM, the spectral bands only model performed much better as indicated by its accuracy 

which was above 80%. The BSVM model with spectral bands only performed poorly as it 

recorded the greatest bracken fern misclassification rate exhibited by its recall. Interestingly, 

the OCSVM outperformed BSVM in the spectral bands and vegetation indices data sets as 

shown by the high recall, precision and F-score model performance indicators recorded in 

Table 4.2. Generally, the accuracy trends show that as more variables were added to the 

classification models, the accuracies also significantly increased in both OCSVM and BSVM 

algorithms. These results show that the inclusion of topographic variables and vegetation 

indices in classification models can improve the accuracy when estimating the spatial 

distribution of bracken fern during the green phenological stage.  

4.3.3 Variable importance  

Figure 4.1 shows the ranking of variables that were most significant in mapping the spatial 

distribution of bracken fern in 2015 and 2020 based on the best performing models. The most 

significant variables had rankings higher than 0.7 while variables with less than 0.55 were less 

significant. The most significant variables in classifying bracken fern were NIR (Band 8), red 

edge (Band 7), elevation, TDVI and TWI. Bracken fern was highly reflected in Bands 7, 8 and 

8A, demonstrating the red edge and Near Infrared (NIR) as the most optimum wavelengths for 

detecting bracken fern spatial distribution during green up phase.  
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Figure 4.1: Important variables in estimating the spatial distribution of bracken fern 

 

4.3.4 Changes in bracken fern distribution  

Figure 4.2 shows the spatial distribution of bracken fern during the green up phase in 2015 and 

2020. The spatial distribution maps show that in 2015, bracken fern was mostly concentrated 

in the western parts of the study site, while the southern areas had a low infestation. The eastern 

parts of the site had the lowest concentration of the fern. In 2020 there was a general increase 

in bracken fern infestation in the entire study area. More small patches started emerging in the 

eastern section, signalling potential heavy infestation in the future. In 2015 the total area 

covered by bracken fern was estimated to be approximately 6,4km2 and this constituted 9% of 

the entire study area. In 2020, the total area covered by the invasive fern increased to 12,2km2 

and this constituted 17% of the entire study site. The total percentage cover increased by more 

than 90% in five years. Corresponding to the changes in percentage cover statistics, the spatial 

distribution maps also show a significant increase in bracken fern cover from 2015 to 2020. 

The distribution maps show that bracken fern cover almost doubled during the five-year period. 
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Figure 4.2: Spatial distribution of bracken fern in 2015 and 2020 
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4.4 Discussion 

4.4.1 OCC algorithms and data set combinations performance  

The current study applied BSVM and OCSVM algorithms to estimate the spatial distribution 

of bracken fern during the green up phase based on different variable combinations. The BSVM 

algorithm produced the best model for estimating the spatial extent of bracken fern during the 

green up phenological stage when compared to OCSVM. The combination of spectral bands, 

vegetation indices and topographic variables yielded high results compared to all other datasets. 

OCSVM had well defined negative samples that were used to train the model, whereas BSVM 

only relied on randomly generated unlabelled samples (Piiroinen et al., 2018). Eventually, this 

would have given OCSVM a predictive power advantage over BSVM. However, findings from 

the current study proved otherwise, as BSVM accuracies were higher than OCSVM. The better 

performance of BSVM over OCSVM has also been previously reported in the literature 

(Mũnoz-Marí et al., 2010, Li et al., 2010). The BSVM algorithm has the advantage of using 

unlabelled data to train the classifier and it only uses fewer positive data samples. One of the 

challenges of using OCSVM is its principle of including well defined negative samples in the 

OCC workflow. This will mean more cost and time for data collection, an obstacle that OCC 

methods initially target to minimize.  

As indicated by the slightly lower recall but higher precision the OCSVM was good at 

predicting the positive class, but it only detected a small proportion of the total number of 

positive outcomes. In some cases, this could mean the model could be underpredicting. In 

models where OCSVM performed better than BSVM, there were no significant differences in 

the classification accuracies, hence the cost of including negative samples in the classification 

is not worthy. Another drawback of OCSVM is its high sensitivity in free parameter tuning 

(Manevitz and Yousef, 2001). To address this challenge, users may increase the number of 

iterations during model fitting in the process of trying to find the optimal model. However, in 

the process of training the model and continuously predicting over test data, OCSVM may 

result in overfitting. The Sentinel-2’s ability to discriminate bracken fern from other land cover 

classes shows the optimal performance of the NIR and Red spectral bands. The relevance of 

NIR and Red edge portions of the electromagnetic spectrum as optimum variables in 

discriminating invasive species was also reported by previous studies in land cover 

classification  (Dube et al., 2020). 
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Although there is no universal rule of thumb indicating that the accuracy of a machine learning 

algorithm is directly proportional to the number of features used to train it, findings from the 

current study shows that the addition of more variables improved classification accuracy. As 

more variables were included in the classification models, the accuracies also significantly 

increased by an average of 2.5% in both OCSVM and BSVM algorithms. Combining spectral 

bands with other variables such as vegetation indices and topographic variables improves the 

performance of classification algorithms as these additional variables (topographic and spectral 

indices) are reported to be sensitive to species occurrence (Makhaya et al., 2022, Kuebler et 

al., 2016, Morcillo-Pallarés et al., 2019), compared to spectral bands. The addition of variables 

provides the classification algorithm with more information about the physiological and 

chemical characteristics of the targeted land cover classes. The improved performance of 

classification algorithms that combine spectral bands and other variables such as topographic 

variables has also been previously reported in the literature (Matongera et al., 2017, Dube et 

al., 2020).  

Consistent with findings reported by Odindi et al. (2014) our study established that the NIR 

and red edge portions of the electromagnetic spectrum were amongst the variables having the 

greatest influence on the estimation of bracken fern spatial distribution during the green up 

phase. NIR operates in the best spectral region to distinguish vegetation varieties and 

conditions (Hennessy et al., 2020). Amongst the topographic variables used in this study, 

elevation was the most significant variable which improved model performance. This result 

agrees with previous studies by  Khare et al. (2019) who noted that elevation was the most 

important topographic variable in detecting the spatial distribution of invasive species. The 

occurrence of most of the invasive species is mainly influenced by elevation more than other 

topographic variables. Vegetation indices hold a particular promise in vegetation classification 

(Huete, 1988b). In this study, the use of vegetation indices developed from Sentinel-2 spectral 

bands improved bracken fern classification accuracy. Specifically, the TDVI was  ranked as 

the best spectral index in mapping bracken fern. The performance of the TDVI could be 

attributed to its ability to reduce the effects of bare soil during land cover classification. Bannari 

et al. (2002) reported that the TDVI does not saturate like NDVI or SAVI and it revealed good 

linearity as a function of the rate of vegetation cover and shows the same sensitivity as the 

SAVI to the optical proprieties of bare soil. 
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4.4.2 Bracken fern spatial distribution  

For the whole study area, there was a noticeable spatial consistency in the distribution of 

bracken fern from 2015 to 2020. Bracken fern is not distributed randomly across the 

Drakensberg landscape, rather it is distributed along different environmental gradients. The 

spatial distribution of bracken fern was closely related to edaphic and topographic factors such 

as elevation. Most of the large bracken fern patches were found in the higher altitude areas, 

which could be explained by its high invasiveness which enables the fern to quickly establish 

in high altitude areas where the management influence is low.  Previous findings by  (Marrs et 

al., 2000b) also reported that bracken fern in high altitude areas. In general, bracken fern 

abundance increased with elevation. Higher infestations of Bracken fern were mostly detected 

in western and northern sections of the study side while the southern and eastern parts had low 

levels of infestation especially in 2015. The western side is considered favorable for bracken 

fern invasion compared to the other parts.  However, the temporal pattern of the fern shows 

that in 2020, the infestation had significantly increased in the southern and eastern parts as 

well.  

4.4.3 Implications of findings in bracken fern management 

 

The effective management of rangelands requires continuous data sources that track the 

changes in various vegetation species that are within a landscape (Al-Bukhari et al., 2018). The 

free availability of high spatial and temporal resolution data sets such as Sentinel-2 enables 

rangeland managers to continuously monitor the changes that occur within areas of their 

jurisdiction.  Being a biodiversity hot spot (Matongera et al., 2017), Drakensberg needs to be 

protected from further encroachment of bracken fern. The current study provides crucial 

information about the locations of bracken fern in the Drakensberg. The current study sought 

to find a model that minimizes false negatives (pixels that are bracken fern but are classified 

as non-bracken) in the classification process. The bracken fern distribution maps help 

rangeland managers to visualize the overall spread of the invasive fern in a broader context. 

The occurrence patterns of bracken fern show the area that is mostly invaded by bracken fern; 

hence they are most severe to environmental threat.  
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4.5 Conclusions 

Accurate and repeatable mapping of bracken fern invasion is essential to develop cost-effective 

management strategies for conserving and management of rangelands. The utility of two OCC 

algorithms in estimating the spatial distribution of bracken fern has been presented and 

evaluated in this study.  

 The BSVM algorithm combined with spectral vegetation indices proved to be a reliable 

method for the estimation of bracken fern spatial distribution during green up 

phenological phase.  

 The BSVM algorithm proved to be efficient in minimizing false negatives in the 

classification process.  This would ensure that most bracken fern species are detected 

and potential countermeasures against further spreading can be efficiently 

implemented. The advantages of BSVM algorithm are that it enables the detection of 

target bracken fern in a heterogonous landscape, and it requires only a small set of 

positive data, thus saving time and resources. 

 In 2020, the total area covered by the invasive fern increased to 12,2km2 and this 

constituted 17% of the entire study site. The total percentage cover increased by more 

than 90% in five years. 

The spatial distribution maps produced in this study are critical for improving the precision in 

the controlling of the spread of bracken fern as well as in implementing active protection 

strategies against the invasion of highly susceptible rangelands. However, the vegetation 

indices used in this study were not ranked as the most important variables in mapping bracken 

fern during green up phenological stage. Thus, in the following Chapter Five, an existing 

spectral vegetation index is optimized to improve the mapping and monitoring bracken fern 

phenology.  
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Chapter Five 

Optimizing the Transformed Difference Vegetation Index to map and 

monitor bracken fern phenology 

This chapter is based on a paper: 

Matongera, T. N., and Mutanga, O. ‘Optimization of the Transformed Difference Vegetation 

Index for mapping and monitoring of bracken fern phenology’, International Journal of 

Remote Sensing, Submitted to Journal. 

 

Abstract  

Bracken fern is one of the well-known invasive alien plants threatening the existence of 

indigenous species as it causes genetic alteration, change in population density and 

disturbances of community structures in ecosystems. Mapping and monitoring the spatial and 

temporal distribution of the fern is an important aspect of the management of rangelands. The 

Transformed Difference Vegetation Index (TDVI) was developed for minimizing soil 

background effects during vegetation mapping. However, the TDVI is computed using the 

Near Infrared (NIR) and the red band which is not effective when distinguishing different land 

cover types especially during the peak of the vegetation seasons. Consequently, five Optimized 

Transformed Difference Vegetation Index (OTDVI) variants were developed based on the 

spectral bands ratios that showed maximum discrimination between bracken fern and other 

land cover classes. The OTDVI3 which was developed using red edge (Band 7) and Near 

Infrared (NIR) was the most influential index in mapping bracken fern during green up and 

green peak stages. The OTDVI4 developed using SWIR (Band 11) and NIR was ranked as the 

best feature for mapping bracken fern during dormancy phenological stage. Generally, the 

bracken fern classification results were good across all phenological stages with an average 

overall accuracy of 90%. The optimization and development of new spectral vegetation indices 

improve the understanding of the underlying processes and factors that influence the growth 

patterns of invasive alien plants such as bracken fern at both local and global scales.    

Keywords: Spectral index, Bracken fern, Separability, Spectral confusion, Phenology, 

Sentinel-2  
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5.1 Introduction  

The introduction of invasive alien plants has increased globally over the past decade due to the 

increased movement of people and goods (Vaz et al., 2017). The encroachment of invasive 

alien plants such as bracken fern (Pteridium Aquilinum) these invasive species causes 

ecosystem changes that have detrimental effects on rangelands productivity and health, raising 

many challenges for management authorities (Mouta et al., 2021, Royimani et al., 2019, 

Ndlovu et al., 2018). Many attempts to control the encroachment of the fern over large areas 

have not permanently solved the invasion problem (Levy-Tacher et al., 2015b, Schneider, 

2006, Marrs et al., 2000b). In some cases, there has been re-emergence of the fern within of 3-

5 years after the control approaches have been implemented, leading to huge economic losses 

(Levy-Tacher et al., 2015b). The accurate mapping of bracken fern at various phenological 

stages has the potential to improve the management of the infested landscapes. The ecology, 

biology and encroachment mechanisms of bracken fern have been widely studied in many 

regions around the world (Schneider and Fernando, 2010, Dolling, 1999, Pakeman and Marrs, 

1992). However, the phenological developments of the fern from a remote sensing perspective 

have not been fully explored. The inclusion of phenological information has the potential to 

improve precision in the management of rangelands.   

Remote sensing has been recognized as a valuable tool for mapping and monitoring the spatial 

and temporal distribution of vegetation at various phenological stages at local and global scales 

(Berra and Gaulton, 2021, Shuchman et al., 2013, Jenkins and Frazier, 2010, Treitz and Rogan, 

2004). Through satellite images, remote sensing provides global data sets that are used to 

constantly monitor changes on the earth’s terrestrial surface (Fu et al., 2020). The majority of 

the polar-orbiting multi-spectral satellite sensors collect information from the earth’s surface 

in the visible, near-infrared (NIR) and short-wave infrared (SWIR) sections of the 

electromagnetic spectrum (Phiri et al., 2020, Avdan and Jovanovska, 2016, Jombo et al., 2020). 

However, spectral confusion between land cover classes is a very common problem in remote 

sensing studies. For instance, Lasaponara (2006) reported that there was high spectral 

confusion between burned and unburned pixels especially in the spectral bands that are within 

the visible section of the electromagnetic spectrum. Zhao et al. (2016) highlighted that it was 

challenging to obtain good classification maps based on Landsat Thematic Mapper (TM) data 

due to high spectral similarity between the vegetation types and the effects of topographic and 

atmospheric factors. Bracken fern is also confused with other land cover types because of its 
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spectral similarity with other co-existing land cover classes such as grassland and shrubs 

(Ngubane et al., 2014). Specifically, the spectral reflectance of bracken fern has been reported 

to be similar to C3 and C4 grasses such Festuca costata and Themeda triandra (Matongera et 

al., 2017). The separability crisis makes it challenging to accurately understand the spatial 

distribution and encroachment patterns of the bracken fern at different phenological stages. The 

sensor related errors such as sun view angle and atmospheric influences also play a significant 

role in distorting the spectral reflectance of objects on the earth’s surface as well as the ability 

of users to accurately interpret data from satellite images (Xue and Su, 2017).  

Spectral vegetation indices have been developed and widely used to resolve spectral confusion 

amongst land cover classes by minimizing the variability caused by soil background, 

atmospheric interferences, sensor related errors and topographic effects (Jiang et al., 2019, 

Prananda et al., 2020, Seong et al., 2020, Zhu et al., 2014). The first generation of spectral 

vegetation indices were simple ratios such as the Normalized Difference Vegetation Index 

(NDVI) (Rouse Jr, 1972), which were primarily developed to characterize the spectral 

properties of vegetation at various stages of growth. The NDVI is a well-known spectral index 

that is sensitive to changes in chlorophyll content and vigor of green vegetation and is often 

used in local, regional and global vegetation assessments (Xue and Su, 2017). Nevertheless, 

the NDVI is limited by its sensitivity to the effects of soil brightness, cloud shadow and 

atmospheric impurities. The second generation of indices such as the Transformed Difference 

Vegetation Index (TDVI) was designed to reduce soil background effects and atmospheric 

distortions when working with remotely sensed data (Bannari et al., 2002).  

The TDVI was successfully used in various applications such as crop identification in 

agriculture (Mróz and Sobieraj, 2004), vegetation cover mapping (Bannari et al., 2002) and 

urban land use classification (Ozbakir and Bannari, 2008). Generally, the findings from the 

aforementioned studies show that the TDVI performs better than NDVI and the Soil-Adjusted 

Vegetation Index (SAVI), as it did not saturate in most cases. Additionally, vegetation mapping 

crop detection studies the TDVI demonstrate excellent linearity as a function of the rate of 

chlorophyll content and vegetation cover (Bannari et al., 2002). However, the TDVI is 

mathematically constructed using the spectral reflectance from the visible (Red band) and NIR 

portions of the electromagnetic spectrum, which may not yield the best results in all remote 

sensing applications. For instance, (Xue and Su, 2017) highlighted that using the vegetation 

indices computed from the spectral bands in the visible that are mostly affected by atmospheric 
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influences to extract phenological metrics may affect the accuracy of the phenological 

estimates. Furthermore, literature also show that the visible spectral bands have weak 

vegetation discriminatory ability especially during the peak for the vegetation season, when 

canopy cover is large (Fernandes et al., 2013, Xue and Su, 2017, Svinurai et al., 2018). 

Therefore, the optimization of the TDVI through computation using the spectral bands where 

targeted vegetation species show maximum separability with co-existing land cover classes has 

the potential to improve accuracy in mapping the spatial and temporal distribution of vegetation 

at various phenological stages. 

The launching of new generation satellite sensors such as Sentinel-2 Multispectral Instrument 

(MSI) with improved spectral and spatial resolution provides a potential to develop new indices 

as well as optimize the existing indices for them to suit the various application (Matongera et 

al., 2021b). Sentinel-2 acquires data in 13 spectral settings, with three of them in the red-edge 

section while two of them cover the SWIR spectrum at 20m spatial resolution (Sibanda et al., 

2019). A plethora of studies reported on the supremacy of red-edge and SWIR in detecting, 

mapping, and monitoring the encroachment of invasive alien plants (Sibanda et al., 2019, 

Malahlela et al., 2014, Masemola et al., 2020). The availability of the Sentinel-2’s additional 

red-edge and SWIR bands with improved vegetation species detection capabilities provides the 

potential to develop new spectral indices that can improve accuracy in mapping the phenology 

of bracken fern (Matongera et al., 2021b). When new vegetation indices are developed or new 

optimized variants are proposed, there is a need to validate them using measurable vegetation 

biophysical variables related to plant canopy growth before claiming their superiority from the 

existing indices (Xue and Su, 2017). Leaf Area Index (LAI) is one of the most widely used 

biophysical variable that is used to validate spectral vegetation indices (Wang et al., 2007). 

Therefore, the objectives of this study were to i) determine the phenological stage at which 

bracken fern could be optimally discriminated from other existing species, ii) identify the 

spectral regions of the electromagnetic spectrum that result in maximum separability of 

bracken fern and other species. The study then sought to develop a bracken fern index for 

mapping bracken fern using the most separable spectral bands.  
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5.2 Materials and Methods  

5.2.1 Field data collection  

The ground-based location points for bracken fern, shrubs, bare soil and grassland classes were 

collected using the Trimble CB 460 Global Positioning System (GPS) during the summer 

period of October 2021. The grassland class was comprised of C3 (Festuca costata) and C4 

(Themeda triandra) grasses that are abundant in the Cathedral Peak. A total of 85 GPS points 

were collected for each class, resulting in a total of 340 points. The differential correction was 

performed for the sampled points using the Hartebeesthoek trigonometrical beacon. The 

corrected points were exported in a table format into ArcGIS for extraction of spectral data 

from Sentinel-2 image for further analysis. The Bracken fern Leaf Area Index (LAI) was 

measured using a handheld Licor 2200 meter during clear-sky conditions. The Licor 2200-

meter estimates LAI using the amount of light energy transmitted by a plant canopy. To 

facilitate comparison with optimized spectral vegetation indices, the LAI measurements were 

collected on bracken fern canopy portions that were previously sampled. Three LAI 

measurements were measured and averaged within the 100m2 plot. The mean values were used 

for the correlation analysis with the optimized spectral indices.  A total of 85 bracken fern LAI 

measurements were collected. The bracken fern location points and LAI measurements were 

randomly split into 70% training and 30% testing. 

5.2.2 Satellite data acquisition and pre-processing  

The Sentinel-2 Multi Spectral Instrument (MSI) data was obtained from the European Space 

Agency (ESA) online platform at processing level 2A. A total of four Sentinel-2 orthorectified, 

atmospherically and topographic corrected images representing the green up (October 2020), 

green peak (February 2021), senescence (April 2021) and dormancy (July 2021) phenological 

stages of bracken fern were acquired. The Sentinel-2 sensor collects data using 13 spectral 

channels at 10, 20 and 60m spatial resolutions (Matongera et al., 2021a). Only spectral bands 

at 10m and 20m spatial resolution were used, while band 1, 9 and 10 which collects spectral 

data at 60m spatial resolution were excluded since they were not relevant in this study. The 

sensor has a temporal resolution of 3-5 days at an orbital angular distance of 180km with a 

290km swath width (Transon et al., 2018). 
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5.2.3 Separability analysis  

The evaluation and quantification of the spectral separability of bracken fern and other land 

cover classes at four phenological stages were performed using the Transformed Divergence 

Spectral Index (TDSI) statistical test. The TDSI separability test determines how similar or 

different the distributions of two groups of pixels are using the class means and the distribution 

of the values. The TDSI statistical measure has values that range between 0 –2, with values 

close to 0 indicating non-separability and values close to 2 indicating high separability 

(Chemura and Mutanga, 2017). The TDSI was formulated as: 

                                                                           𝑇𝐷𝑆𝐼 =  [1 − exp (−
𝐷

8
)] 

𝐷 =  
1

2
 𝑡𝑟 [(𝐶1 − 𝐶2)(𝐶2

−1 −  𝐶2
−1)] +  

1

2
𝑡𝑟 [(𝐶1

−1 − 𝐶2
−1)(µ1 − µ2) 𝑇]                                          

 

                                                                                                                                 Equation 5.1 

Where C1 represents the covariance matrix of class1, µ1 is regarded as the mean vector of class 

1, tr is the matrix trace function and T is the matrix transposition function.  

5.2.4 Optimized spectral vegetation indices  

Spectral vegetation indices were chosen based on their utility in vegetation mapping and their 

ability to increase the dimensionality of remotely sensed data (Kiala et al., 2020). The original 

TDVI was developed by Bannari et al. (2002) for vegetation cover mapping. The TDVI was 

designed to reduce the effects of bare soil during land cover classification. Bannari et al. (2002) 

reported that the TDVI does not saturate like NDVI or SAVI and it revealed good linearity as 

a function of the rate of vegetation cover and shows the same sensitivity as the SAVI to the 

optical proprieties of bare soil. However, the TDVI remains limited in terms of differentiating 

vegetation covers that have similar spectral reflectance. To remedy this, the current study 

proposes the optimization of the TDVI based on the spectral separability tests for the land cover 

classes under investigation. In the process of optimizing the TDVI, the mathematical 

formulation of the TDVI was maintained (Equation 5.1), only spectral bands were changed 

based on their capability to separate bracken fern from other land cover classes at various 

phenological stages. The NDVI was chosen as a reference index to compare the accuracy and 

sensitivity of the optimized indices to the ground measured LAI. The computation of TDVI 

was performed as follows;  
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𝑇𝐷𝑉𝐼 = 1.5 ∗ [(𝑁𝐼𝑅 − 𝑅𝑒𝑑)/√𝑁𝐼𝑅2 + 𝑅 + 0.5]                                                  Equation 5.2 

                                                                                                       

5.2.5 Validation of the optimized indices  

The validation of newly developed or optimized spectral vegetation indices includes the 

computation of statistical tests of correlations between the vegetation indices and in situ 

measurements of vegetation characteristics such as vegetation cover, biomass and LAI. A 

direct application of NDVI is to characterize canopy growth; therefore, many scientists have 

compared it with the LAI (Fan et al., 2009, Kang et al., 2016, Towers et al., 2019). Similarly, 

the TDVI also characterizes canopy growth while it minimizes the effects of soil background 

effects, hence this study adopted the use of LAI to validate OTDVI for bracken fern phenology 

mapping. The bracken fern sampled locations were used to extract values from the optimized 

vegetation indices maps for correlation analysis with bracken LAI. To quantify the statistical 

relationships between optimized vegetation indices and ground measured bracken fern LAI, 

the coefficient of determination was computed. The optimized indices were used as a 

dependent variable while LAI measurements were used as the independent variable.  

5.2.6 Bracken fern phenology mapping  

5.2.6.1 Random Forest  

Random forest, an ensemble decision-based classification algorithm (Chan and Paelinckx, 

2008) was used to test the effectiveness of the optimized spectral vegetation indices in mapping 

bracken fern at its four phenological stages. Random forest is designed as a machine learning 

algorithm governed by decision trees, where each learning contributes one vote for the most 

frequent class to classify an input vector (Kiala et al., 2020). However, RF heavily relies on the 

fine tuning of the input hyper-parameters, and if not adjusted sufficiently could negatively 

influence the classification accuracy. Consequently, the current study adopts the Improved Grid 

Search Optimization Random Forest (IGSO-RF) for mapping bracken fern at its four 

phenological stages. The detailed technical workflow process of the IGSO-RF algorithm can 

be found in (Xu et al., 2021). To test the performance of the optimized indices in mapping 

bracken fern phenology, three data sets were used in the first part of the analysis as detailed in 

Table 5.1. The first stage of the classification process was performed using the default IGSO-

RF parameters. The data set which yielded the highest overall accuracy was used to select the 

best features for mapping bracken fern based on the sequential forward selection (SFS) method.  
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Table 5.1: Combination of variables tested in mapping bracken fern  

Data set  Variable combinations  Total number of variables  

i) B2, B3, B4, B5, B6, B7, B8, B8A, 

B11, B12 + NDVI + TDVI  

12 

ii) B2, B3, B4, B5, B6, B7, B8, B8A, 

B11, B12 + OTDVI1-5  

16 

iii) B2, B3, B4, B5, B6, B7, B8, B8A, 

B11, B12 + OTDVI1-5 + NDVI + 

TDVI 

18 

 

5.2.6.2 Feature selection  

Feature selection is a preprocessing method that is used for improving model performance and 

predictive accuracy (Li et al., 2017). The feature selection process reduces the effect of 

dimensionality which has a negative impact on the classification accuracy (Kiala et al., 2019). 

Furthermore, feature selection eliminates redundant or noisy variables by choosing one feature 

amongst the highly correlated features (Chandrashekar and Sahin, 2014). The sequential 

forward selection (SFS) was used to select the best features for mapping bracken fern. To 

assemble the best set of features, the SFS search begins on an empty set and features are added 

one by one until the required subset is reached (Pudil et al., 1994).   

5.2.6.3 Accuracy assessment 

To evaluate the mapping capability of the proposed optimized spectral indices in mapping 

bracken fern at four phenological stages, the overall, producer and user accuracy metrics were 

computed. The estimated land cover classes were cross-tabulated against the ground-sampled 

land cover classes for the corresponding pixels in a confusion matrix. Ten-fold cross validation 

model selection criterion was used to validate the IGSO-RF model at each phenological stage.   
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5.3 Results  

5.3.1 Spectral separability of bracken fern and other classes  

Figure 5.1 shows the Sentinel-2 spectral reflectance curves for bracken fern and other land 

cover classes during the four phenological stages of bracken fern. The spectral curves show 

that bracken fern was highly separable from other land cover types in the red edge bands (Band 

7 and 8A) and the near infrared (Band 8) during green up (Figure 5.1 a) and green peak (Figure 

5.1 b) phenological stages. There was less separability between bracken fern and other classes 

in the visible part of the electromagnetic spectrum during the green peak and senescence 

phenological stages.  

Figure 5.1: Spectral profile of bracken fern and other land cover classes during bracken fern 

growth cycle 

 

Specifically, bracken fern showed the least separability with bare soil and grassland at all 

phenological stages in the blue and green bands while the red showed better separability. 

Spectral separability of bracken fern and other classes was also very low in the shortwave 
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region (Band 11 and 12) especially during the green peak and senescence (Figure 5.1 c) 

phenological stages while it was very high in the dormancy stage. A visual analysis of the 

spectral profiles shows that there was less overlap between bracken fern and other classes in 

the red edge and NIR region of the electromagnetic spectrum. Table 5.2 shows the TDSI 

statistical scores of bracken fern and other land cover classes during the four phenological 

stages of the fern. The spectral separability scores between other land cover classes were not 

included in this study because bracken fern was the class of interest. Overall, the TDSI 

statistical scores revealed that bracken fern was spectrally distinct (TDSI < 1.4) from other co-

existing land cover classes at all phenological stages. 

Table 5.2: Spectral separability of bracken fern and other classes based on the TDSI 

statistical test 

Phenological Stages                                               Land cover classes 

  Bracken fern Grassland  Shrubs Bare soil  

Green up  Bracken 

fern 

----- 1.78 1.86 1.96 

Green peak  Bracken 

fern 

---- 1.46 1.64 1.75 

Senescence  Bracken 

fern 

---- 1.69 1.98 1.76 

Dormancy  Bracken 

fern 

---- 1.88 1.98 1.97 

 

Bracken fern was highly separable from other classes during the dormancy phenological stage 

as revealed by the pairwise TDSI statistical scores which were above 1.8. There was high 

spectral confusion between bracken fern and grassland during the green peak stage. Bracken 

fern and grass recorded the lowest TDSI score of 1.4 during the green peak phenological stage. 

However, despite high spectral confusion during this stage, it was still possible to separate 

bracken fern from other land cover classes such as shrubs (TDSI = 1.64) and bare soil (TDSI 

= 1.75). Based on these observations and statistical analysis, the study proposed a new spectral 

vegetation index for mapping bracken fern. Based on the spectral separability tests, current 

study proposed the optimized transformed vegetation index (OTDVI) to improve bracken fern 

mapping at different phenological stages. The NIR band was not replaced, since it showed good 
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separability between bracken fern and other land cover classes at all phenological stages. The 

near infrared was used to compute all the proposed indices, hence the NIR became the constant 

in the optimization process. The red band showed low separability between bracken fern and 

other land cover classes, hence it was replaced by three red edge and two SWIR bands when 

computing the optimized indices. Consequently, five OTDVI variants were developed based 

on these separability findings. The formulations of the optimized indices are detailed in Table 

5.3. 

Table 5.3: Formulation of the optimized spectral vegetation indices proposed 

 

 

 

 

 

 

Where: RE1,2,3 represents spectral bands 5, 6 and 7 respectively SWIR1,2 represents spectral 

bands 11 and 12 respectively 

5.3.2 Correlation between LAI and optimized indices  

The test data set was used to assess the correlation between LAI and optimized spectral indices. 

There was a positive correlation between all the tested spectral vegetation indices and ground 

measured LAI (r < 0.51; p < 0.01) at all four-bracken fern phenological stages. Table 5.4 shows 

the Pearson correlation between vegetation indices and LAI at four bracken fern phenological 

stages. The OTDVI3, computed using the NIR and red edge (Band 7) produced the highest 

correlation score (r = 0.86) during the green peak stage. The NDVI showed the lowest 

sensitivity to the changes in bracken fern LAI, with the dormancy phenological stage recording 

the lowest correlation coefficient (r = 0.51).   

  

Spectral 

index  

                          Expression  Reference  

OTDVI1 1.5 ∗ [(𝑁𝐼𝑅 − 𝑅𝐸1)/√𝑁𝐼𝑅2 + 𝑅𝐸1 + 0.5] Equation 5.5 

OTDVI2 1.5 ∗ [(𝑁𝐼𝑅 − 𝑅𝐸2)/√𝑁𝐼𝑅2 + 𝑅𝐸2 + 0.5] Equation 5.6 

OTDVI3 1.5 ∗ [(𝑁𝐼𝑅 − 𝑅𝐸3)/√𝑁𝐼𝑅2 + 𝑅𝐸3 + 0.5] Equation 5.7 

OTDVI4 1.5 ∗ [(𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅1)/√𝑁𝐼𝑅2 + 𝑆𝑊𝐼𝑅1 + 0.5] Equation 5.8 

OTDVI5 

 
1.5 ∗ [(𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅2)/√𝑁𝐼𝑅2 + 𝑆𝑊𝐼𝑅2 + 0.5] Equation 5.9 
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Table 5.4: Pearson correlation (r values) matrix comparing vegetation indices and bracken 

fern LAI  

 

The optimized indices computed using the red-edge spectral bands were more sensitive to LAI 

changes when compared to those computed using SWIR. The magnitude of difference between 

the red edge and SWIR optimized indices was approximately 8%. On average, the green peak 

stage recorded the highest correlations (r = 0.76) between spectral indices and LAI, while the 

dormancy stage scored the lowest correlations (r = 0.71) (Table 5.4). Figure 5.2 shows the 

temporal curve of the original and optimized spectral vegetation indices in relation to LAI from 

the green up to the dormancy phenological stage. Two optimized spectral indices were included 

in the visualization of the bracken fern temporal curve, one from the red edge and the other one 

from the SWIR group of indices. Therefore, the OTDV13 and OTDVI5 were used as they had 

recorded the highest correlation with LAI in their respective groups. The original NDVI and 

TDVI were also included for reference.  

  

Spectral 

vegetation index  

Green up Green peak  Senescence  Dormancy  

NDVI 0.56 0.57 0.68 0.51 

TDVI 0.72 0.76 0.74 0.63 

OTDVI1 0.75 0.80 0.76 0.76 

OTDVI2 0.76 0.82 0.75 0.77 

OTDVI3 0.85 0.86 0.85 0.79 

OTDVI4 0.78 0.72 0.73 0.75 

OTDVI5 0.75 0.74 0.70 0.68 
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Figure 5.2: Temporal profile of the spectral vegetation indices and LAI during the bracken 

fern growth cycle  

Generally, the variability of OTDVI indices and LAI were highly correlated as visually shown 

in Figure 5.2. At the beginning of the season, OTDVI indices trends show lower values around 

0.45 while LAI values fluctuated around 1.6m2/m2. The OTDVI3 recorded a sharp spike 

towards the peak of the season in February while the OTDVI5 experienced a steady increase, 

reaching its peak around March. The bracken fern LAI had a continuous steady increase 

towards its peak which was around March, with an all-time high record of 3.7m2/m2. As 

depicted by the LAI curve, bracken fern had an elongated peak of the season from February to 

April, producing a bell-shaped curve. Both NDVI and TDVI reached the peak of the season 

towards the end of February which coincided with the bracken fern green peak phenological 

stage.  

In April, most of the spectral indices started dropping significantly, signaling the beginning of 

the bracken fern senescence phenological stage. On the other hand, LAI started showing signs 

of dropping in May. There was a sharp decline in all spectral indices and LAI in July and 

August, a period which coincided with the bracken fern end of the growing season. Amongst 

all the vegetation indices, the OTDVI3 recorded the highest values throughout the bracken fern 

growing season while NDVI had the lowest values during the green peak, senescence, and 

dormancy phenological stages.  
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5.3.3 Mapping bracken fern phenology  

5.3.3.1 Comparison of data set accuracies  

Figure 5.3 shows the overall classification accuracies of the three data set combinations tested 

at each bracken fern phenological stage. The overall accuracy results were based on the default 

IGSO-RF parameters. The full list of variables contained in the three data set combinations is 

described in detail in Table 5.1. Data set (iii) which had spectral bands, optimized indices and 

the original indices was the best performing combination with an average overall accuracy of 

87% across bracken’s four phenological stages. The data set with optimized indices 

outperformed the original indices in all phenological stages by an average of 11 % across all 

phenological stages. Data set (i) yielded the lowest overall accuracy results in all phenological 

stages when compared to the other two data sets. The best classification accuracies were 

obtained in the dormancy phenological stage for data set (i) and (ii) while data set (iii) recorded 

its highest accuracy during the green up phase. Based on its superior performance, data set (iii) 

was selected for feature selection analysis.   

 

Figure 5.3: Overall accuracy for compared data set combinations   
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5.3.3.2 Feature importance  

Based on the SFS analysis, the optimal variables used for model development in mapping 

bracken fern at its four phenological stages have been presented in Figure 5.4. Overall, the 

OTDVI3 was the most significant spectral vegetation index in building models that accurately 

mapped bracken fern throughout its growth cycle. The OTDVI3
 was ranked as the most 

influential variable for the green peak and senescence phenological stages, while it was ranked 

second in the green up stage. The OTDVI3 recorded feature importance scores above 0.17 at 

all phenological stages. The OTDVI4 and OTDV5 performed better during the senescence and 

dormancy phenological stages as they appeared in the top six influential variables in the two 

stages. The majority of the OTDVI variances outperformed the original TDVI and NDVI 

across the bracken fern growing season.  

Using spectral bands, the SFS analysis revealed that the red edge and SWIR sections of the 

electromagnetic spectrum are the most important features in mapping bracken fern throughout 

its phenological cycle. The red edge spectral bands were most influential during the beginning 

and peak of the bracken fern season while SWIR spectral bands demonstrated their importance 

during the senescence and dormancy phenological stages. The visible (red, green and blue) 

wavebands were the least important features during the green peak stage while they showed 

improved performance in the dormancy stage. The NIR was also a very important feature in 

mapping bracken fern especially during the beginning and peak of the bracken fern season, as 

shown by its feature importance which was above 0.18.  
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Figure 5.4: Importance of features in mapping bracken fern during its growth cycle 

 

5.3.3.3 Accuracies based on the SFS best features  

Table 5.5 shows the summary of classification accuracies based on the best SFS features that 

were selected at each phenological stage. Generally, there was an increase in the overall 

classification accuracy when the best features were used to map bracken fern at each stage. The 

classification accuracies improved by an average of 3.5% across all phenological stages. Of all 

the phenological stages, the dormancy produced the highest increase (6%) in overall accuracy, 

while green peak stage recorded the lowest change (1%).   
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Table 5.5: Error matrix of the classified maps at bracken fern’s four phenological cycles 

 

The shrubs were the most accurately modelled land cover class with producer and user 

accuracies above 90% across the four phenological stages. Bracken fern was more accurately 

classified in the dormancy phenological stage as shown by its user and producer accuracies 

(97% and 96% respectively) while the green peak recorded the lowest use and producer 

accuracies (84% and 86% respectively). The best feature subset with the most stable 

performance for the variables was used to produce the spatial distribution maps for bracken 

fern at each phenological stage. Since the focus of the study is bracken, only the bracken fern 

class was shown in Figure 5.5. 

  

 Green up Green peak Senescence  Dormancy  

 PA      UA PA        UA PA       UA PA        UA 

Bracken fern 85 88 84 86 90 92 95 96 

Grassland  78 77 85 87 93 93 94 95 

Bare 90 94 89 85 92 90 92 90 

Shrubs 96 97 92 80 98 96 96 97 

Overall accuracy       88           87        93        94 
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Figure 5.5: Bracken fern spatial distribution during the four phenological stages 
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5.4 Discussion  

The focus of this study was to optimize the TDVI for mapping the spatial distribution of 

bracken fern at its four phenological cycles in the Drakensberg Mountains in South Africa. The 

study assessed the optimal spectral bands that separated bracken fern from other land cover 

classes and optimized the TDVI based on separability analysis findings. 

5.4.1 Bracken fern spectral characteristics  

During the green up and green peak phenological stages, bracken fern was more separable from 

other land cover classes in the red edge and NIR wavebands sections of the electromagnetic 

spectrum, while there was low separability in the visible and SWIR regions. The better 

performance of the red edge bands in distinguishing bracken from other species could be 

attributed to the sensitivity of the red edge spectral bands to the changes in the vegetation 

chlorophyll (Xie et al., 2018, Curran et al., 1990). During the green peak season, bracken fern 

is similar to other vegetation species, hence the increase in the spectral confusion between 

bracken fern and other species such as grassland especially in the visible part of the 

electromagnetic spectrum (Pitman, 2000). The low separability of the fern and other classes in 

the SWIR region during the green peak stage could be attributed to the fact that bracken fern 

exhibits a deep green hue similar to other vegetation during the peak of the season, which is 

less detected by SWIR (Marzialetti et al., 2020). As depicted in Figure 5.1 the spectral 

reflectance curve of bracken fern and grass were similar in the visible and SWIR sections of 

the electromagnetic spectrum during the peak of the bracken fern season. This is mainly due to 

the asymptotic nature of the relationship between spectral reflectance and LAI in the visible, 

particularly the red band and water absorption in the SWIR (Mutanga and Skidmore, 2004).  

During the dormancy phenological stage, bracken fern was spectrally distinct from the co-

existing species in most of the portions of the electromagnetic spectrum. The high separability 

of bracken fern during the dormancy could be attributed to the fact that there is a strong contrast 

between dead fern and other vegetation during the winter season (Holland and Aplin, 2013). 

Consequently, the low chlorophyll content in the fern fronds generally results in lower 

reflectance values when compared to other co-existing species. Findings from the current study 

are consistent with those of Odindi et al. (2014) who reported high accuracy in discriminating 

bracken fern from other vegetation species during the wither season since bracken fern dies 
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back and exhibits different spectral characteristics. The SWIR section recorded the least 

spectral overlap between bracken fern and other land cover classes.       

5.4.2 Vegetation indices sensitivity to LAI changes    

The seasonal changes in OTDVI variants exhibited a significant positive correlation with LAI 

patterns during the bracken fern phenological cycle as illustrated in Figure 5.2. There was a 

high correlation between OTDVI3 and LAI during the green up and green peak phenological 

stages while OTDVI5 had its highest correlation with ground measured LAI during the bracken 

fern dormancy stage. Towards the end of the season, bracken fern canopy cover is reduced 

(Matongera et al., 2021a), and the bare soil is exposed, hence the soil background effects are 

high. Similar to the original TDVI (Bannari et al., 2002) and Enhanced Vegetation Index (EVI) 

(Huete et al., 2002), the optimized indices showed a significant reduction in the effect of soil 

background reflectance, saturation and atmospheric errors. The NDVI-LAI relationship was 

weak especially during the peak of the bracken fern season. This could be attributed to the high 

saturation of NDVI when leaf area index and biomass accumulation are at maximum. This 

exposes the major challenge associated with using NDVI as an indicator of canopy structure 

or chemical content for well-developed canopies during the peak of the season (Potithep et al., 

2010). Although the correlation between NDVI and LAI was lower than the optimized indices, 

NDVI did not saturate as it normally does in the deciduous forest (Birky, 2001) when LAI 

values are very high.   

5.4.3 Bracken fern mapping  

Generally, the classification of bracken fern at its four phenological cycles yielded good results 

using the dataset which combined spectral bands, original vegetation indices and optimized 

indices. The best feature selection analysis revealed that amongst the optimized vegetation 

indices, the OTDVI3 was ranked as one of the most important variables in the classification of 

bracken fern. Specifically, the OTDVI3 was more influential in classifying the fern during 

green up and green peak phenological stages. The performance of OTDVI3 could be attributed 

to its formulation which includes the red edge portion of the electromagnetic spectrum has been 

reported to be more sensitive to vegetation characteristics (Sun et al., 2019, Xie et al., 2018, 

Cui and Kerekes, 2018). The red edge wavebands are also well known for their sensitivity to 

subtle changes in the canopy structure, gap fraction and senescence (Potter et al., 2012). 

Findings from the current study also correspond with previous works that also reported the 

superiority of vegetation indices calculated from the red edge region in classifying various 
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invasive alien plants (Iqbal et al., 2021a, Masemola et al., 2020, Rajah et al., 2019). Mapping 

bracken fern during summer is also constrained by atmospheric influences such as cloud cover.    

The OTDVI4 and OTDVI5 performed well in the classification of bracken fern during the 

senescence and dormancy phenological stages. The two optimized indices were formulated 

using the NIR and SWIR spectral bands. The significance of SWIR in mapping bracken fern 

could be attributed to the fact that SWIR bands are valuable in discriminating bracken fern 

from other land cover types, especially in winter when the fern is characterized by a thick mass 

of dead matter (Holland and Aplin, 2013). Overall, producer and user accuracies further 

improved when the classification was performed using the best features based on the SFS. 

However, the use of only the most important features in mapping invasive alien plants does not 

always result in the improvement of classification accuracies. For instance, Kiala et al. (2019) 

concluded that feature selection did not improve the classification model for mapping 

Parthenium alien invasive weed in KwaZulu-Natal, South Africa.  
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5.5 Conclusion  

The current study assessed the utility of the optimized transformed difference vegetation index 

in mapping bracken fern phenology. Five OTDVI variants were developed based on the 

spectral regions that depicted maximum separation of bracken fern from other land cover 

classes. The performance of the optimized indices was tested in mapping bracken fern at each 

phenological stage.  Based on the results established at bracken fern’s four phenological stages, 

the following conclusions were drawn; 

 Bracken fern was optimally discriminated from other co-existing species during the 

dormancy phenological stage  

 The red edge and NIR spectral bands were able to discriminate bracken fern from other 

land cover classes during the green up and green peak phenological stages, while the 

SWIR section was best during the dormancy stage.  

 The optimized indices exhibited bracken fern growth patterns that were significantly 

correlated to the ground measured LAI throughout the fern’s growth cycle.  

 The OTDVI3 and OTDVI5 outperformed the traditional NDVI and TDVI indices in 

mapping bracken fern during its four growth stages. The optimized indices proved to 

be more sensitive to changes in vegetation than NDVI and TDVI, but less sensitive to 

the soil background.   

Although bracken fern was successfully mapped at its four phenological stages, evidence from 

the field assessments shows that at the end of the bracken fern season, there are remnant green 

patches of bracken fern across the landscape. The mapping approach used in this study did not 

account for the spatial variability of bracken fern during the dormancy phenological stage. 

Thus, in the following Chapter Six, an object-based image analysis approach is developed to 

assess the spatial variability of bracken fern during the dormancy phenological stage. 
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Chapter Six 

Assessing the spatial variability of bracken fern during dormancy 

phenological stage using object-based image analysis 

 

This chapter is based on a paper: 

Matongera, T. N., Mutanga, O, and Omosalewa, O. ‘Assessing the spatial variability of 

bracken fern during dormancy phenological stage using object-based image analysis’, In 

preparation.   

 

Abstract  

The spread of invasive alien plants such as bracken fern is now internationally recognized as 

one of the most serious threat to biodiversity after habitat destruction. Spatially explicit maps 

of bracken fern are critical to understand its spatiotemporal distribution patterns. The study 

aimed at assessing the spatial variability of bracken fern during dormancy phenological stage 

using object based image analysis. Through image analysis, remote sensing provides an 

efficient tool to map the spatial distribution and variability of bracken fern at different 

phenological stages. Pixel-based classification approaches have been widely used in the remote 

sensing of bracken fern.  However, pixel-based image analysis approaches are associated with 

the “salt and pepper effect”, which is normally caused by sharp and sudden disturbances in the 

image signal. The study used the Simple Non-Iterative Clustering (SNIC) to identify the spatial 

clusters while the Gray-Level Co-occurrence Matrix (GLCM) was employed to compute 

textural indices on a cluster basis. The spatial variability patterns of bracken fern across the 

landscape and its relationship to topographic variables during the dormancy was also examined. 

The findings from the current study showed that the object-based classification approach which 

included bracken fern texture information yielded the highest overall accuracy (89%). The 

major topographic variables influencing the spatial variability of bracken fern during the 

dormancy phenological stage were elevation, Topographic Wetness Index (TWI), valley depth 

and positive openness. The green bracken patches were found in areas characterized by low 

elevation, high TWI, high valley depth and low positive openness.  

Keywords: Spatial variability, Object based, Google Earth Engine, Phenology, Sentinel-2, 

Dormancy  
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6.1 Introduction  

Globally, the land surface is at risk of being invaded by invasive species that have devastating 

consequences on local ecosystems and human livelihoods (Pepin et al., 2019). Bracken fern is 

amongst the highly invasive and destructive plants that cause economic and environmental 

problems to farmers, conservationists and ecologists in many parts of the world (Francesco et 

al., 2011, Schneider and Initiative, 2004, Morgan‐Davies et al., 2005). The hydrological 

impacts of bracken fern on catchments have also been reported by Clauson-Kaas et al. (2016). 

Specifically, in areas with dense patches, bracken fern intercepts precipitation and prevents it 

from reaching the ground surface (McGlone et al., 2005). The subtropical bracken fern which 

is commonly found in South Africa has an exceptionally dynamic phenological cycle 

(Matongera et al., 2021a). The fern produces new green shoots during the beginning of the 

summer season around October, followed by a swift growth to green peak around 

February(Matongera et al., 2021a). The end of the phenological cycle is estimated to be around 

July, which coincides with the winter season (Matongera et al., 2021a). The dormancy 

phenological stage signals the gradual decrease of photosynthetic activity leading to drying of 

bracken fern fronds. Evidence from field observations shows that when bracken fern has 

reached dormancy, some of the plants do not dry and die as expected. Instead, there are remnant 

green patches that have the potential to sprout further and occupy virgin areas as well as those 

areas previously occupied by the dead fern. Therefore, it is necessary to map the distribution 

of both the dead and live bracken fern material to understand factors that influence their 

resilience. 

The large-scale control of invasive species has been less effective because of the spatial 

variability in the expansion of many invasive species (Pepin et al., 2019). The existing 

management control plans of the majority of the invasive species show that there is a general 

assumption that a certain invasive species would reach a peak or fall in a well-defined 

phenological cycle (Marrs et al., 2000b).  On the other hand, evidence from literature reveals 

that some of the invasive plants reach peak or dormancy at a different rate (Pyšek and 

Richardson, 2010, García-Díaz et al., 2019). Consequently, the exclusion of these fluctuating 

variability in invasive management frameworks reduces the effectiveness of the management 

efforts (Dew et al., 2017). Therefore, applying the same control methods at a certain 

phenological stage throughout the study site will not be effective. Hence there is a need to 

assess the spatial variability of the fern to determine the suitable interventions in different 
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sections of the targeted areas. Furthermore, the invasion vulnerability maps which show the 

spatial variability of alien and indigenous vegetation are crucial in the management of 

rangelands infested by invasive plants (Turbelin et al., 2017, Dai et al., 2020).  

Remote sensing provides the data sets, tools and technical environment for biological invasion 

monitoring and prediction, and it also allows for the coverage of large areas (Skowronek et al., 

2017, Rocchini et al., 2015). Through the availability of freely accessible satellite sensors such 

as Sentinel-2 Multi-Spectral Instrument (MSI), it is possible to assess and quantify the spatial 

variability of bracken fern across landscapes (Matongera et al., 2021a). The Sentinel-2 sensor 

which acquires its data at 10 – 60m spatial resolution with a 3-5-day revisit (Gatti and Bertolini, 

2013)time presents an opportunity for successful assessment of the spatial variability of 

bracken fern at various scales. The Sentinel-2 sensor samples 13 spectral bands in the visible-

near infrared (NIR) and short wave infrared (SWIR) (Traganos and Reinartz, 2018). Amongst 

these spectral bands, the sensor measures three strategically located spectral bands in the red 

edge region of the electromagnetic spectrum, which is very critical in estimating and 

monitoring the phenological developments of vegetation (Shoko and Mutanga, 2017). Various 

software packages and data processing algorithms have been developed for vegetation analysis 

using remotely sensed data over the last four decades (Ormsby et al., 2010, Eklundh and 

Jönsson, 2015, Wang and Zhao, 2005). However, the effective management of invasive alien 

plants in rangelands requires continuous monitoring of infested landscapes. The constant 

monitoring of the earth’s surface requires big data, which is often attributed to large volumes 

of datasets that require huge storage space and advanced processing techniques (Tamiminia et 

al., 2020).  

Google Earth Engine (GEE), an open-source cloud-based computing platform has emerged as 

an invaluable platform that facilitates the access, processing and analysis of huge amounts of 

remotely sensed data in a single environment (Mutanga and Kumar, 2019, Xiong et al., 2017, 

Shelestov et al., 2017a). The platform enables the users to easily access, pre-process and 

analyze remote sensing data without downloading it to a local machine, hence reducing the 

computing power and time required to perform the task (Amani et al., 2020b). GEE is suitable 

for tracking and monitoring the encroachment of bracken fern as it provides access to a wide 

range of remotely sensed data sets as well as built in data processing algorithms such as 

classification models. The Support Vector Machine (SVM) is a machine learning algorithm 

that was designed to solve sophisticated problems in classification, regression, and novelty 
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detection (Shelestov et al., 2017a, Awad and Khanna, 2015, Pal and Mather, 2005). One of the 

outstanding attributes of the SVM is that the determination of the model parameters matches 

with a convex optimization problem, hence, any local parameter settings can also be used at a 

global scale (Jain and Kar, 2017). The mapping of invasive alien plants has been undertaken 

using traditional pixel-based SVM classification models at various scales (Pouteau et al., 2012, 

Gavier-Pizarro et al., 2012, Sabat-Tomala et al., 2020).  Nevertheless, most pixel-based 

classifications have several challenges that limit their applications in heterogeneous 

landscapes. For instance, in a pixel-based classification, the spectral heterogeneity within a 

particular land cover class can lead to misclassification of pixels appearing within classes 

causing what is known as a ‘salt and pepper’ effect (Whiteside et al., 2011). Object based 

classification methods have gained traction due to their ability to delineate and classify objects 

using useful features such as shape, texture and context relations with other objects, an aspect 

that pixel-based approaches lack (Hay and Castilla, 2006). In that regard, the object analysis 

approach has the potential to provide better spatial detail and more accurate detection of the 

bracken boundary.      

To further understand the spatial variability of bracken fern, it is crucial to uncover the 

unprecedented process of invasion which is deeply influenced by the traits of receiving 

rangelands.  Environmental variables are well known site conditions that influence species 

occurrence and variability at micro and macro scales (Hofer et al., 2008, Dubuis et al., 2013, 

Syphard and Franklin, 2010). Topography is one of the most common environmental factors 

that influence species distribution locally. For instance, topography influences climatic 

conditions (Grzyl et al., 2014), runoff and erosion (Jiao et al., 2009) as well as soil formation 

(Ridolfi et al., 2008). Identifying the most influential topographic factors controlling the 

variability of bracken fern under different spatial scales is thus crucial for the sustainable 

management of rangelands. Therefore, study aimed to assess the spatial variability of bracken 

fern across the Cathedral Peak Nature Reserve landscape using the object-based image 

analysis. The study also examined the key topographic factors influencing the spatial variability 

of bracken fern during the dormancy phenological stage.   

 

 

 



101 

 

6.2 Materials and methods  

6.2.1 Field data collection  

The ancillary data collection was conducted during the bracken fern dormancy phenological 

stage, which was in July 2021. The locations of dry bracken fern and remnant green bracken 

fern patches were collected using the Leica GS20 Global Positioning System (GPS). A total of 

65 plots with bracken fern green patches were recorded while 110 dry bracken patches were 

also documented. Purposive sampling was used to identify green and dry fern patches, based 

on the preliminary encroachment information that was supplied by Ezemvelo KwaZulu-Natal 

Wildlife. The sampled plots were located at least 100m away from each other to avoid 

autocorrelation. The bracken fern sampled locations were documented in a table format and 

later converted into a point map in ArcGIS 10.6. Photographs of green and dry bracken fern 

were captured during the field visit to provide better visualization of the spatial variability at a 

landscape scale. Figure 6.1 shows the phenological discrepancies in the bracken fern’s 

appearance during the dormancy stage.  
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Figure 6.1: Bracken fern field photographs showing a) dry bracken fern; b) green remnant 

patches and c) rare huge bracken fern plant  

6.2.2 Remotely sensed data acquisition  

The Copernicus Sentinel-2 satellite data was accessed through the Google Earth Engine 

platform (https://earthengine.google.com/). The data was based on the median values of the 

Sentinel-2B images acquired from 14 June to 1 August 2021 obtained at processing level 2A. 

The images were resampled in the GEE platform and the composites were merged into a single 

date image in preparation for the classification process. The Sentinel-2 sensor acquires 13 

spectral bands at 10, 20 and 60m spatial resolution. These spectral bands cover the visible, 

Near Infrared (NIR), red edge and shortwave (SWIR) portions of the electromagnetic spectrum, 

making the sensor invaluable for a wide range of applications (Ndlovu et al., 2018). The 

Sentinel-2 sensor has a temporal resolution of 3-5 days at an orbital angular distance of 180km 

with a 290km swath width (Kiala et al., 2019). The coastal aerosol and circus bands were 

excluded from the analysis as they do not contain relevant information useful for assessing the 

spatial variability of bracken fern.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                



103 

 

6.2.3 Bracken fern classification  

The object-based classification and accuracy assessment of bracken fern was implemented in 

the GEE script editor. For evaluation of the effectiveness of the object-based approach in 

detecting the spatial variability of bracken fern, the pixel-based method was also executed 

using the same training and test data sets in the GEE platform. The object-based classification 

process was performed in three stages as follows;  

 Spatial clustering: Involved the grouping of similar pixels together into clusters using 

the Simple Non-Iterative Clustering (SNIC) (Achanta and Susstrunk, 2017) algorithm 

available within the GEE platform. SNIC generates a regular grid of seeds and 

iteratively selects pixels and assigns them to a super-pixel. The clusters were developed 

into objects using the “Image.reduceConnectedComponents” function. The SINC 

algorithm relies on a seed pixel that is the center of the cluster (Yuan et al., 2018). SNIC 

requires the setting of parameters such as “compactness” which determines the cluster 

shape, “connectivity” which influences contiguity based on the merge of adjacent 

clusters and “neighborhoodSize” to minimize boundary artifacts (Tassi and Vizzari, 

2020). In our study, the parameters were set as follows; “compactness” = 0, 

“connectivity” = 4 and “neighborhoodSize’ = 128.  

 Object textural analysis: The Gray-Level Co-occurrence Matrix (GLCM) was used to 

compute textural indices on a cluster basis. The GLCM algorithm calculates second-

order statistics of texture features using the statistical distribution of observed 

combinations of intensities at specified positions relative to each other in the satellite 

image (Mohanaiah et al., 2013). GLCM requires a grey-level 8-bit image as input. The 

study selected the most relevant seven textural indices according to what was suggested. 

The grayscale conversion was performed using the weighted linear combination 

(Equation 1) (Ge and Liu, 2020) which is normally used for red green blue (RGB) 

image to grayscale conversions. The GLCM was computed as follows;  

             Gray = (0.3 × B4) + (0.59 × B3) + (0.11 × B2).                                       Equation 6.1  

A Principal Component Analysis (PCA) of the most relevant 7 GLCM metric (Table 6.1), 

selected according to Hall-Beyer (2017), is applied to derive a single representative band (the 

first PC) which generally contains the majority of the textural information. The average of PC1 

is then calculated in a separate band for each object included in the SNIC “clusters” band (Tassi 
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and Vizzari, 2020). The PC1 object-averaged band is finally added to those extracted from the 

SNIC segmentation process.          

 Classification algorithm: The Support Vector Machine (SVM) classifier was applied 

for both object and pixel-based classification approaches. The SVMs find a hyperplane 

splitting the samples of the target class from the origin with the best possible separation 

(Noble, 2006). The SVM radial basis function kernel (RBF) was applied (with gamma 

= 1 and cost = 10).  

Table 6.1:  Description of the selected the Gray-Level Co-occurrence Matrix (GLCM) 

metrics 

GLCM metric Description 

Angular Second Moment 

 

Measures the uniformity or energy of the gray level distribution 

of the image 

Contrast Measures the contrast based on the local gray level variation 

Correlation Measures the linear dependency of gray levels of neighbouring 

pixels 

Entropy Measures the degree of the disorder among pixels in the image 

Variance Measures the dispersion of the gray level distribution to 

emphasize the visual edges of land-cover patches 

Inverse Difference Moment  Measures the smoothness (homogeneity) of the gray level 

distribution 

Sum Average  Measures the mean of the gray level sum distribution of the 

image 

 

6.2.4 Accuracy assessment 

The validation data set was used to compute the accuracy metrics to statistically evaluate the 

quality of the bracken fern spatial variability classification output. The confusion matrix 

enabled the computation of overall accuracy (OA), user (error of omission) and producer (error 

of commission) accuracies. For comparison, the confusion matrices were produced for the 

object and pixel-based classifications. 

6.2.5 Topographic variables   

The topographic variables were extracted using the digital elevation model (DEM) derived 

from NASA’s 30m Shuttle Radar Topography Mission (SRTM) which is available within the 

GEE platform. Table 6.2 provides a list, brief description, and relevance of all the topographic 

variables used to explain the spatial variability of bracken fern during the dormancy 
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phenological stage. These variables have been documented in literature as the essential driving 

factors for invasive species occurrence and distribution (Ndlovu et al., 2018, Makori et al., 

2017).  

6.2.6 Statistical analysis  

Logistic regression was used to explain the main topographic drivers influencing the existence 

of green bracken fern at the end of the season when all the fern was expected to be dry as 

documented in the literature (Matongera et al., 2021a, Odindi et al., 2014, Holland and Aplin, 

2013). Logistic regression is a statistical tool that relates a binary dependent variable to several 

continuous or discreet independent variables (Suslick, 2001). This logistic regression model 

was built using 65 presence records for green bracken fern and 250 absence records selected 

randomly from the classified map. Therefore, green bracken fern was regarded as present while 

the dry bracken fern was regarded as an absence.  

After fitting the logistic regression to the dataset, the list of topographic variables which were 

correlated to the occurrence of green bracken fern was obtained. Dominancy analysis was used 

to explore the importance of each topographic variable to predict the occurrence of green 

bracken fern patches during the dormancy phenological stage. The dominancy analysis is used 

to determine the relative importance of predictors in a regression analysis (Azen and Budescu, 

2003). The dominancy analysis assumes that the influence of variables are not equal, some 

predictors may dominate others. The McFadden index (R2M) was used to quantify the 

dominancy of each variable. The relationship between bracken fern spatial variability and 

topographic variables was visually presented by taking random samples of pixels classified as 

green and dry fern and extracting all the values for the variables that are listed in Table 6.2. 

Box plots were plotted to show the patterns of green and dry fern occurrence in relation to 

topographic variables.  

Table 6.2: List of topographic variables that influence bracken fern spatial variability   

Variable  Description    Relevance  

Elevation  The height above the sea level  Influences the altitudinal zonality of soils 

across the landscape 

Aspect  Compass direction Determines the total incoming solar 

radiation received by a location  

Slope  Slope gradient Controls microclimate attributes such as 

evapotranspiration, air and soil temperature  
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Topographic 

wetness index 

Steady state wetness index Represents relative local soil moisture 

availability 

Valley depth  Difference between the 

elevation and an interpolated 

ridge level 

Controls the total amount of direct solar 

radiation received by a location, regardless 

of the compass direction  

Terrain 

ruggedness 

Topographic heterogeneity 

based on the amount of elevation 

difference between the cells. 

Calculates the variability of elevation in 

each geographical location 

Positive 

openness  

angular measure of the relation 

between surface relief and 

horizontal distance. Expressing 

openness above the surface 

Directly influences drainage features such 

as soil water content 

Negative 

openness  

angular measure of the relation 

between surface relief and 

horizontal distance. Expresses 

openness below the surface 

Directly influences drainage features such 

as soil water content 

Direct 

insolation  

Potential incoming insolation Affects the photosynthetic activity of 

vegetation  
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6.3 Results  

6.3.1 Classification accuracies 

Table 6.3 shows the summary of classification accuracies of bracken fern spatial variability 

during the dormancy phenological stage based on the object based and pixel-based approaches. 

The best OA (89%) results were obtained using the OB classification approach which included 

the GLCM textural information. The OB method without GLCM textural information 

outperformed the PB approach by an average OA of 9%. In that regard, the PB yielded the 

lowest results (OA = 74%). The incorporation of bracken fern textural information significantly 

improved the OA by 6%. As expected, the UA and PA metrics also increased by an average 

rate of 4.7% when the textural data was included in the classification process. On average, the 

dry fern class recorded the highest UA (85%) and PA (84%) metrics across the three 

classification approaches. The lower UA and PA recorded by the green fern class across the 

three approaches shows that there was a high error of omission and commission between green 

fern and other co-existing land cover classes.  

Table 6.3: Error matrix of the classified bracken fern maps at four phenological cycles 

          Object based      Object 

based_Texture 

        Pixel based 

 PA    UA PA UA PA    UA 

Dry bracken 88 85 91 93 75 77 

Green bracken 74 84 85 87 69 72 

          OA          83           89           74  

 

Figure 6.3 shows classification maps depicting the spatial variability of bracken fern during the 

dormancy phenological stage based on the OB_GLCM and PB approaches. There is a 

difference between the outputs of the two classification approaches as evidenced by the maps. 

The visual interpretation based on the OB reveals a high density of both green and dry fern 

across the study site, while the OB_GLCM shows a lower density of both green and dry ferns. 

Therefore, the OB_GLCM suggests a smaller area coverage of bracken fern during the 

dormancy stage. In terms of variability, the visuals in Figure 6.3 show that in the Southern part 

of the study area, the separation between green and dry fern pixels was not crystal clear. There 

is evidence of spectral overlap and possible confusion between the green fern and other land 
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cover classes. On the other hand, the OB_GLCM shows superiority in detecting the spatial 

variability of the fern.  However, comparing the two land cover maps, the bracken fern 

variability is generally consistent, the hot spot areas with remnant green patches of bracken 

fern seem to be in the same geographical locations detected by the two classifiers.  

In terms of the computation time, the PB approach was the fastest (21 seconds) and easiest to 

execute while the OB_GLCM took a bit more time (73 seconds) to complete the classification, 

probably due to the complexity of its processing parameters. The execution time reported 

excludes the importation of training data and the exportation of the final land cover maps.   
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Figure 6.3: Bracken fern spatial variability classification maps produced using object based 

and pixel-based approaches  

6.3.2 Bracken variability and topographic variables 

The results showed that the presence of remnant green bracken fern during the dormancy 

phenological stage was related to topographic factors Findings from the logistic regression 

analysis shows that elevation, TWI, valley depth, terrain ruggedness, positive openness and 

aspect had positive coefficients, which indicated that the occurrence of green bracken fern was 

associated with these topographic variables. Elevation, TWI, valley depth, terrain ruggedness, 

positive openness and aspect were statistically significant predictors (p < 0.05) of bracken fern 

spatial variability. Figure 6.4 shows the dominancy ranking of topographic variables in the 

occurrence of green bracken fern during the dormancy phenological stage. Elevation and TWI 

recorded the highest R2 M values (0.128 and 0.125 respectively) suggesting that these two 

predictors had a strong association with the occurrence of remnant green bracken fern patches 

during the dormancy phenological stage. On the other hand, direct insolation, negative 

openness and slope had the lowest R2 M values lower than 0.05, suggesting that these predictors 

had less influence on the occurrence of green bracken fern across the landscape.   
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Figure 6.4: The dominance of topographic variables in the occurrence of green bracken fern   

Figure 6.5 shows the box plots depicting the distribution of mean values of dry and green to 

fern topographic values. The three topographic variables which had R2 M values lower than 

0.05 were excluded from the visual analysis. The plots illustrate the spatial variability of 

bracken fern spatial distribution as a function of each topographic variable during the dormancy 

phenological stage. The variability of bracken fern shows a pattern that has a relationship with 

topographic variables. For instance, the green patches of bracken fern are mostly found in lower 

lying areas that have an elevation below 1400m above sea level. On the other hand, the dry 

bracken fern patches are mostly found in higher elevation areas that are more than 1410m above 

sea level. The valley depth also influences the spatial variability of bracken fern. Evidence 

shows that the remnant green patches of bracken fern are highly concentrated in valleys that 

range from 60 to 100m. There is a very low concentration of dry bracken fern in valleys that 

are deeper than 60m.  As expected, the topographic wetness index shows a clear distinction in 

the spatial distribution of dry and green bracken fern during the dormancy phenological stage. 

Landscapes with high TWI favoured the existence of remnant green patches when most of the 

fern was expected to be dry during the end of the season. The TWI values which favoured the 

proliferation of green fern ranged from 12 to 18. The terrain ruggedness and aspect show an 

increased overlap between areas with green and dry fern. Unlike other topographic variables, 
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aspect and terrain ruggedness do not show a clear distinction between portions with green and 

dry fern. There is evidence of the existence of both dry and green bracken fern within the 1 – 

1.5 range of terrain ruggedness. Similarly, green and dry fern existed within the 1.8 – 2.2 range 

of aspect.  
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Figure 6.5: Box plots illustrating the variability of bracken fern as a function of topographic 

variables   
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6.4 Discussion  

The focus of this study was to assess the spatial variability of bracken fern during the dormancy 

phenological stage. The study tested the effectiveness of the object-based classification method 

in detecting the variability of the fern at the end of its growing season. The topographic 

variables that influence the variability of bracken fern were also examined.  

6.4.1 Performance of classifiers  

The OB_GLCM classification approach yielded the highest overall accuracy in assessing the 

spatial variability of bracken fern during the dormancy phenological stage. The OB_GLCM 

achieved higher accuracy in the classification due to the combined use of Sentinel-2 spectral, 

spatial and textural data. The inclusion of bracken fern textural information significantly 

enhanced the classification results. The addition of spatial attributes such as texture improves 

the image segmentation process computed by the OB_GLCM approach (Ryherd and 

Woodcock, 1996). In object-based image analysis, texture enables the derivation of spatial 

characteristics that can be expressed in terms of spatial autocorrelation, a measure of the 

relationship between an image pixel and its neighbours (Tassi and Vizzari, 2020). Based on the 

regularly spaced seed, the SNIC algorithm was effective in identifying and delineating bracken 

fern clusters, resulting in the reduction of the ‘salt and pepper effect’ a problem that is more 

evident in the pixel–based land cover map. Corresponding to findings reported in this study, 

the combination of the GLCM and SNIC algorithms in the classification of remotely sensed 

data has yielded very good results in the literature (Tassi et al., 2021, Iqbal et al., 2021b).  

There was high misclassification of green fern and other land cover types as shown by the 

lower user and producer accuracies. However, the OB_GLC approach minimized these errors 

of omission and commission since it recorded slightly higher user and accuracies for the green 

fern class. The misclassification of the remnant green bracken fern could be attributed to the 

similarity between the fern and other land cover classes such as shrubs and grasses that are 

usually still green in winter. The spectral confusion between bracken fern and grass species 

was also previously reported in the literature (Odindi et al., 2014, Pakeman et al., 1996, Birnie 

and Miller, 1985). Generally, the assertion emphasized in these studies is that bracken fern 

exhibits similar spectral reflectance with other vegetation species, hence, causing poor 

delineation of invaded landscapes. However, Holland and Aplin (2013) was able to accurately 

delineate green fern from other co-existing species using the super resolution analysis, an 
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object-based classification approach. Their conclusions correspond with findings from the 

current study which noted the importance of object-based image classification techniques in 

discriminating green bracken fern from other land cover classes which exhibits similar spectral 

reflectance with the fern at any phenological stage.  

6.4.2 Factors influencing bracken fern spatial variability  

The main driving forces causing bracken fern spatial variability during the dormancy 

phenological stage are elevation, TWI, valley depth, terrain ruggedness, aspect, and positive 

openness. As depicted in Figure 6.5, there was a distinct elevation gradient between areas with 

dry and green bracken fern. The remnant bracken green patches are mostly found in low lying 

areas while the dry patches are found in high elevation areas. The variability could be attributed 

to the fact that at the lower elevation of Savanna regions, there is slow thermal accumulation 

which leads to delayed bracken fern canopy development and generally leads to longer growing 

seasons than those at high elevation. Findings from our study correspond with Olsson et al. 

(2013) who confirmed that variation of vegetation phenology is generally related to average 

air temperature and that this is partly controlled by the local elevation. Similarly, (Birhanu et 

al., 2021) elevation also influences the atmospheric pressure, moisture, and temperature which 

have a direct effect on the growth and development of vegetation over time. Portions of the 

study site characterized by deeper valley depth were also the hotspots for remnant green 

bracken fern. Deep valleys in mountainous regions receive less direct solar radiation 

(Matzinger et al., 2003). Consequently, areas receiving less solar radiation have slow 

photosynthetic activities, hence tend to have an extended growing season. The bracken fern 

patches along perennial rivers remained green even during the end of the bracken phenological 

cycle. 

The green bracken fern patches were abundant in regions with high TWI while the dry fern 

was mostly concentrated in low TWI regions. The variability of bracken fern in relation to TWI 

was attributed to the fact that soil moisture is one of the most crucial drivers of vegetation 

composition and variability in rangelands (Chaturvedi and Raghubanshi, 2018, Yang et al., 

2018). Terrain ruggedness relates to the topographic heterogeneity based on the amount of 

elevation difference between the cells. There was low bracken fern variability in relation to 

terrain ruggedness across the Drakensberg landscape. Both dry and green bracken fern was 

abundant in areas that ranged above 1.5m of terrain ruggedness. Our findings correspond with 

Nellemann and Fry (1995) who highlighted that high terrain ruggedness causes high diversity 
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of vegetation types and ecotones at a local scale. Therefore, terrain ruggedness did not 

significantly influence the variability of bracken fern during the dormancy phenological cycle.  

Aspect refers to the direction the slope is facing and has been reported as a factor that influences 

the total incoming solar radiation that is received by a specific location within a landscape 

(Yetemen et al., 2015). However, this study aspect did not seem to show a clear distinction 

between dry and green bracken fern at a landscape. On the other hand, dry fern patches were 

concentrated in aspect values around 2. There was evidence of sporadic distribution of green 

bracken fern patches in the areas with low positive openness, while dry bracken patches were 

mostly found in areas with high positive openness. The variability could be explained by the 

fact that landscapes with high positive openness receive more direct solar radiation and high 

wind speed which subsequently amounts to a high level of evapotranspiration (Yokoyama et 

al., 2002). Consequently, bracken fern patches exposed to more evapotranspiration and low 

moisture content due to positive openness will dry quicker than those which are less exposed.   

6.5 Conclusions  

The current study assessed the spatial variability of bracken fern during the dormancy 

phenological stage. Specifically, this study tested the utility of the objected based classification 

approach in detecting the spatial variability of the fern. The study also evaluated the influence 

of topographic variables on the phenological occurrence of bracken fern during the dormancy 

stage. Based on the results, the study concluded that: 

 The object-based classification approach (OB_GLCM) which combined Sentinel-2 

spectral bands and bracken fern textural features outperformed the traditional pixel-

based approach.  

 They key topographic variables which mostly influence the spatial variability of 

bracken fern are elevation, TWI, valley depth and positive openness. Specifically, the 

green bracken patches were found in areas characterized by low elevation, high TWI, 

high valley depth and low positive openness.  

The findings of this work are significant in the formulation of management plans in rangelands. 

Specifically, the use of bracken fern spatial distribution maps which considers spatial 

variability has the potential to improve the efficiency of mechanical, biological, and chemical 

control methods at various scales.  
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Chapter Seven 

Estimating and monitoring the phenological cycle of bracken fern using 

remote sensing: A Synthesis 

 

7.1 Synthesis     

The encroachment of invasive alien plants such as bracken fern has been a challenge in many 

rangelands environments. The management and control of bracken fern has been an issue of 

concern in infected areas. However, evidence from the literature shows that very little work 

has been done in understanding the phenological cycles of bracken fern using remotely sensed 

data sets. Previous efforts to monitor and manage the encroachment of bracken fern did not 

incorporate phenological data obtained from remote sensing platforms. Bracken fern’s 

phenological information will assist conservationists and farmers in determining the most 

effective methods and appropriate time for controlling the fern across its life cycle stage, to 

ensure the complete eradication of the fern with minimum costs and inputs. The collection of 

bracken phenological information has been relying on traditional field surveys and 

phenological networks that have teams of professionals who record recurring biological events 

of specific plants. However, field surveys are labour intensive, time consuming and expensive 

for large scale studies. The launching of new generation satellite sensors such as Sentinel-2 

with improved spectral and spatial resolution provides a potential to estimate and track the 

phenology of bracken fern at various scales free of charge.  

Long term satellite data archives present an opportunity to retrospectively extract phenological 

characteristics of vegetation regularly. The continuous monitoring of invasive alien plants such 

as bracken fern requires effective data processing packages and algorithms that can process 

large amounts of data with limited resources. GEE provides users with a wide range of machine 

learning algorithms such as Random Forest (RF) and Support Vector Machines (SVM) that 

can be used for mapping and monitoring the phenological cycle of bracken fern.  Therefore, 

this study provided a foundation to advance knowledge on the role of remote sensing in 

understanding the phenological cycle of bracken fern and how the phenological data can be 

used in the effective management of bracken fern invasions in rangelands around the world.   
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7.2 Conclusions  

The thesis aimed at estimating and monitoring the phenological cycle of bracken fern using 

remotely sensed data from Sentinel-2 satellite sensor. The findings reported in this study 

revealed that the freely available Sentinel-2 sensor with its 10m spatial resolution and high 

revisit time is a reliable data source that can effectively estimate and monitor the phenological 

cycle of bracken fern invasive species. The main conclusions were as follows;  

a) Evidence from literature revealed that remote sensing is an invaluable tool that enables 

the generation of the phenological profiles of vegetation at local, regional and global 

scales, a mammoth task that was previously difficult to achieve using traditional ground 

based phenological observations. Although milestones have been achieved in 

developing vegetation indices that can be used for retrieving LSP metrics, the modelling 

of vegetation phenology remains a challenge as it is difficult to develop vegetation 

indices models that can be used effectively in all environments. Therefore, the choice 

of vegetation indices used depends on the type of environment as well as the objective 

of that application.    

b) The Sentinel-2 based phenological metrics showed a good correlation with bracken fern 

ground observed phenological events, making remote sensing technology a potential 

tool for effective bracken fern management at various phenological stages. The EVI2 

outperformed NDVI in retrieving phenological metrics that were comparable to 

bracken fern phenological developments.  

c) The BSVM algorithm presents a cost-effective framework that efficiently quantifies the 

spatial distribution of bracken fern with limited field data without losing predictive 

accuracy. The data sets which combined spectral bands, vegetation indices and 

topographic variables yielded the highest accuracies in mapping bracken fern during 

green up phenological stage compared to all other datasets. 

d) The optimized indices exhibited bracken fern growth patterns that were significantly 

correlated to the ground measured LAI throughout the fern’s growth cycle. The 

OTDVI3 and OTDVI4 outperformed the traditional NDVI and TDVI indices in 

mapping bracken fern during its four growth stages. The optimized indices proved to 

be more sensitive to changes in vegetation than NDVI and TDVI, but less sensitive to 

the soil background.   
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e) The object-based classification approach (OB_GLCM) which combined Sentinel-2 

spectral bands and bracken fern textural features outperformed the traditional pixel-

based approach. The key topographic variables which mostly influence the spatial 

variability of bracken fern are elevation, TWI, valley depth and positive openness. 

Specifically, the green bracken patches were found in areas characterized by low 

elevation, high TWI, high valley depth and low positive openness. 

7.3 Recommendations for the future 

The findings of this study underscore the relevance of the freely available sensors such as 

Sentinel-2 in effectively monitoring and management of bracken fern in rangelands across 

various regions around the world. The effective management of rangelands infected by bracken 

fern relies in the ability of rangeland managers in understanding its phenological cycle, spatial 

and temporal distribution, in relation to the surrounding environment. In this regard, the 

following recommendations should be considered for future research: 

 The validation of LSP metrics remains a challenge in many biomes covering the African 

continent. The current study suggests that international phenology research networks in 

collaboration with African governments should fund and facilitate the launching of 

standardized ground phenology networks that collect plant phenological data using 

UAVs.   

 The availability of remotely sensed data and the algorithms that efficiently process the 

data play a critical role in the effective management of the environment at various 

special scales. Future research should probably invest more in deep learning to further 

develop robust software packages with the abundance of data processing tools and 

techniques that can be used to better characterize the phenological cycles of vegetation 

in rangelands.  

 Findings reported in this study show that the current rangeland management plans 

assume a normal bracken phenological cycle, where all bracken fern patches reach a 

certain phenological stage uniformly. However, our results show that bracken fern 

patches do not reach the dormancy phenological stage at the same time. Future research 

studies can further investigate the spatial variability of bracken fern at another 

phenological stage which is not covered in this research. Additionally, it will be 

valuable if rangeland managers consider using bracken fern spatial distribution maps 

that consider the fern’s spatial variability when formulating management plans. The 
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inclusion of phenology data in formulating invasive management plans promises to 

improve the efforts to control the sporadic encroachment of invasive species such as 

bracken fern. 

 Although the TIMESAT algorithm performed well in extracting bracken fern 

phenology metrics at a local scale, there were challenges associated the compatibility 

of data types from TerrSet to TIMESAT. In some cases, the conversion of data types 

led to the alteration of pixel information. To solve some of these challenges, the current 

study recommends future research to focus on developing phenology specific packages 

in an all-in-one high-performance cloud-based environment such as Google Earth 

Engine (GEE).  

 Vegetation indices have played a significant role in estimating and monitoring the 

phenology of vegetation for various applications. However, from the reviewed 

literature, most of the studies recycle the well-known traditional vegetation indices that 

are mostly calculated from the visible and near-infrared sections of the electromagnetic 

spectrum. To unpack the full potential of the utility of vegetation indices in phenology 

applications, the current study recommends the continuous development of spectral 

vegetation indices that suit various phenology scenarios.  
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