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Abstract 

Water hyacinth (Eichhornia crassipes) is recognised as the most notorious invasive species 

the world-over. Although its threats and effects are fully documented, its distribution is not 

yet understood, especially in complex environments, such as river systems. This has been 

associated with the lack of accurate (high spatial resolution) and robust techniques, together 

with the reliable data sources necessary for its quantification and monitoring. The advent of 

new generation sensors i.e. Landsat 8 Operational Land Imager (OLI) and Sentinel-2 Multi-

Spectral Instrument (MSI) data, with unique sensor design and improved sensing 

characteristics is therefore perceived to provide new opportunities for mapping the 

distribution of invasive water hyacinth in small waterbodies. This study aimed at mapping 

and understanding the spatio-temporal distribution of invasive water hyacinth in the Greater 

Letaba river system in Tzaneen, Limpopo Province of South Africa using Landsat 8 OLI and 

Sentinel-2 MSI data. Specifically, the study sought to identify multispectral remote sensing 

variables that can optimally detect and map invasive water hyacinth. Landsat 8 OLI and 

Sentinel-2 MSI were tested based on the spectral bands, vegetation indices, as well as the 

combined spectral bands plus vegetation indices, using discriminant analysis algorithm. From 

the findings, Sentinel-2 MSI outperformed Landsat 8 OLI in mapping water hyacinth, with an 

overall classification (OA) accuracy of 77.56% and 68.44%, respectively. This observation 

was further confirmed by a t-test statistical analysis which showed that there were significant 

differences (t=6.313, p<0.04) between the performance of the two sensors. Secondly, the 

study sought to map the spatial distribution of invasive water hyacinth in the river system 

over time (Seasonal). Multi-date 10 m Sentinel-2 MSI images were used to detect and 

monitor the seasonal distribution and variations of water hyacinth in the Greater Letaba River 

system. The study demonstrated that, about 63.82% of the river system was infested with 

water hyacinth during the wet season and 28.34% during the dry season. Sentinel-2 MSI 

managed to depict species spatio-temporal distribution with an OA of 80.79% during wet 

season and 79.04% in dry season, using integrated spectral bands and vegetation indices. 

New generation sensors provide new opportunities and potential for seasonal or long-term 

monitoring of aquatic invasive species like water hyacinth- a previously challenging task with 

broadband multispectral sensors. 

 

Keywords: eutrophication; freshwater system; mixed pixels; monitoring; phenological 

change; remote sensing; seasonal variations. 
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1. CHAPTER ONE 

GENERAL INTRODUCTION 

 

1.1 Introduction  

Water resources provide numerous socio-economic and ecological benefits to the country 

ranging from domestic, agricultural and industrial use. The sustainable utilization of this 

resource is however, affected by the effects of invasive species, climate change and pressure 

from mankind. Previous studies indicate that, inland rivers, wetlands, ponds and dams are 

heavily polluted (de Troyer et al., 2016). Fast urban growth (70%), especially from 

developing countries together with rural-to-urban migration generates continuous expansion of 

slums or shanty towns resulting in poor provision of proper sanitation infrastructure (Mabogunje, 

2002; Ogwueleka, 2009). This in turn leads to direct discharge of untreated sewage into rivers 

and streams (Norah et al., 2015). This largely contributes to the pollution of rivers traversing 

urban areas in most developing countries, resulting in the proliferation of aquatic invasive 

species e.g. water hyacinth (Eichhornia crassipes) in polluted water ways. Malik (2017) 

describes water hyacinth as the most notorious free-floating aquatic alien weed that is often 

linked with an increase in nutrients in water. Due to its extremely fast growth, it has become 

the major floating aquatic weed in the tropical and subtropical regions globally (Cilliers et al., 

2003; Sotolu, 2013). Furthermore, agricultural intensification has resulted in intensified 

pressure on freshwater systems, due to the amount of fertilizers or nutrients carried into rivers 

or streams.  

 

Also, favourable climatic conditions have been found to enhance the infestation rates in most 

vulnerable rivers and other open water bodies (Penfound and Earle, 1948; Giardino et al., 

2015). This result in a decline in water resources availability for agricultural production, 

clogging of navigation route, disturbs aquatic life and acts as a breeding ground for 

mosquitoes, snakes, crocodiles and vectors of schistosomiasis, which cause diseases 

(Villamagna and Murphy, 2010). All these problems in turn affect socio-economies and the 

environment of the surrounding communities (Shekede et al., 2008). Besides, in South Africa 

the weed has become unmanageable, despite huge resources and efforts allocated towards its 

control (Byrne et al., 2010). Lack of up-to-date and reliable spatial information further 

complicates the management of this weed. So far, management efforts rely on non-periodic 

surveys, which are costly, laborious and sometimes inaccurate for integrated water resources 

management (Shekede et al., 2010; Dube et al., 2017a). There is therefore, a need to 
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continuously map and monitor waterbodies from invasive species infestation and identify 

areas already affected, as this can help develop effective management strategies of water 

hyacinth. This information can also contribute to already on going South African National 

Programs, such as “Working for Water” and “Finding New Water” through the clearance of 

invasive species (Binns et al., 2001; Bek et al., 2007; DWAF, 2007; Turpie et al., 2008; van 

Wilgen and Wannenburgh, 2015). 

 

However, for the above national initiatives to be successful there is a need for accurate and 

up-to-date information on the spatial distribution of aquatic weeds to understand their 

evolution, determine affected areas and evaluate the efficiency of control measures and 

management actions in place (Shekede et al., 2008). Geospatial technologies (remote sensing 

and Geographic Information systems) have since emerged as a tool that offer quick and more 

efficient methods to identify and map plant species and the associated changes over time. 

These technologies have so far, proved to be useful in mapping invasive species in large 

waterbodies such as lakes, but their performance on slightly narrow river systems remains 

untested, due to the lack of high resolution spatial data. It is therefore hypothesized that, the 

advent of Landsat 8 Operational Land Imager (OLI) and Sentinel-2 Multi-Spectral Instrument 

(MSI) sensors provides a new opportunity to derive thematic maps that can discern the spatial 

location and distribution of invasive water hyacinth in smaller waterbodies, over time and 

space. It is assumed also that these sensors can be used to timely and accurately map, as well 

as identify emergent and floating-leaved plants in open waterbodies without any pixel-mixing 

problems. Thematic maps can be incorporated into GIS to model the distribution of water 

hyacinth over time and help understand their impacts on the already scarce water resources. 

 

The use of newly launched satellite sensors e.g. Landsat 8 OLI and Senetinel-2 MSI is 

perceived to provide the most needed primary data sources appropriate for repeated 

monitoring of small or large-scale waterbodies. Shoko and Mutanga, (2017) showed that 

these two sensors, with improved image acquisition and sensing characteristics provides 

renewed capability for vegetation mapping and monitoring. Dube et al. (2014) and Sheng et 

al. (2016) showed that Landsat data series has a good global footprint and a repeated 

coverage. Other related studies demonstrated their successful application and performance in 

land cover mapping (Scharsich et al., 2017, Zhang et al., 2018), soil erosion mapping (Price, 

K.P., 1993; Babaeian et al., 2016; Sepuru and Dube, 2018) and biomass mapping (Chen et 

al., 2016; Aslan et al., 2016; Matasci et al., 2018). The advent of new generation sensors i.e. 
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Landsat 8 OLI and Sentinel-2 MSI data, with unique sensor design and improved sensing 

characteristics is therefore, perceived to provide new opportunities for mapping the 

distribution of invasive water hyacinth in small waterbodies. It is on this premise that this 

sought to map the spatio-temporal distribution of invasive water hyacinth in the Greater 

Letaba river system, using the two new generation sensors – a previously challenging task 

with broadband sensors. 

1.1.1 Aims and objectives 

The overall aim of the study was to map the spatio-temporal distribution of invasive water 

hyacinth in the Greater Letaba river system using new generation sensors. 

Objectives: 

 To identify multispectral remote sensing variables that can optimally detect the spatial 

distribution of invasive water hyacinth in the Greater Letaba river system.  

 To map the spatial distribution of invasive water hyacinth in the river over time.  

 

1.1.2 Key research questions 

 Which of the two sensors (Landsat 8 OLI and Sentinel-2 MSI) can optimally detect 

and map the spatial distribution of water hyacinth? 

 Does the occurrence and spatial distribution of water hyacinth in a river system vary 

across seasons?  

1.1.3 Main hypothesis 

The newly generation sensors Landsat 8 OLI and Sentinel-2 MSI with unique characteristics 

(improved spatial, spectral and time revisit) can accurately detect, discriminate and map the 

spatial distribution of water hyacinth in a river system. 

 

1.2 Description of Study Area  

The study was conducted at the Greater Letaba river system in Tzaneen, Limpopo Province 

of South Africa. The area is located at -23° 39.036'S, 31° 9.006'E geographical co-ordinates 

(Figure 1.1). The Greater Letaba river system is the main freshwater supply for the 

neighbouring communities and farmlands in Tzaneen area. The river system serves a variety 

of services, such as: irrigation, domestic use, as well as the aquatic ecology, especially in the 

upper stream. The river system has been affected by a widespread invasion by water hyacinth 

(Eichhornia crassipes), and has deteriorated by continuous accretion of fertilizers from the 
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surrounding farmlands carried out through run-off and disposal of raw sewage from the 

surrounding urban areas. The area has a mean annual precipitation of 612 mm, mean annual 

temperature of 28 °C in summer and they drop to 18°C in winter (DEAT, 2001), which 

influences the growth and distribution of water hyacinth in freshwater ecosystem. The main 

land cover types within the study area include croplands, grasslands, fruit trees, built up 

areas, roads and plantation (DEAT, 2001). Commercial farming is the dominant human 

activity in the area. 

 

  

Figure 1.1: Locational map of the study area 
 

1.3 Structure of the research 

General outline of the dissertation 

This dissertation consists of five chapters. Excluding the first chapter which focused on the 

general introduction and last chapter containing synthesis of research work, this dissertation 

has three stand-alone papers (Chapter 2, 3 and 4). The papers are published in different 

journals and they answer each objective in this study. Consequently, each paper comprises of 

an individual introduction, material and methods, results and discussion section. The 

published chapters have their own style, according to the publishing journal. Although 
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attempts were made to conform to a general style in the dissertation, there may be some 

overlapping and repetition in some of the sections. 

Chapter one: 

This chapter provides the general overview of the research background and outlines the 

objectives and the structure of the dissertation. 

Chapter two:  

This chapter reviews the applications and challenges in detecting and mapping spatial 

distribution of water hyacinth using remote sensing. The study highlighted gaps and possible 

future directions in using freely and readily available sensors to detect and map water 

hyacinth in complex environments. 

 

Chapter three:  

In this chapter, two newly launched remote sensing satellite imagery (Landsat 8 OLI and 

Sentinel-2 MSI) are tested in optimally detecting, and mapping water hyacinth from other 

land cover features. Sentinel-2 MSI with improved spectral and spatial resolution showed its 

capability in mapping water hyacinth as compared to Landsat 8 OLI.  

 

Chapter four: 

Since in Chapter three Sentinel 2 data appeared to be the best in mapping water hyacinth, the 

data set is further used to derive temporal dynamics of water hyacinth over different seasons. 

This chapter focused on the use of Sentinel-2 MSI data in seasonal mapping and monitoring 

of water hyacinth variations in the Greater Letaba river system (wet and dry season). The 

seasonal information is of importance in understanding the configuration and distribution of 

water hyacinth in a river system and in informing effective management strategies.  

 

Chapter five:  

This chapter provides a synthesis that consolidates the findings of the research, discussions and 

overall conclusions of the three preceding chapters. Based on the limitations pointed out in the 

study this chapter draw recommendations for future research. Lastly, the reference list is provided 

at the end to acknowledge author’s work that was used in the dissertation. 
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2. CHAPTER TWO 

Remote Sensing of invasive water hyacinth (Eichhornia crassipes): a review on 

applications and challenges 

 

 

 

 

This chapter is based on a published review paper: 

Thamaga, K.H. and Dube, T., 2018. Remote sensing of invasive water hyacinth (Eichhornia 

crassipes): A review on applications and challenges. Remote Sensing Applications: 

Society and Environment, 10:36-46. 

 



7 

 

Abstract 

Aquatic invasive species threaten socio-economic and ecological systems, by invading 

freshwater ecosystems, and influencing their functionality and productivity, as well as 

disturbing key hydrological processes. Ecologically, water hyacinth can impact zooplankton 

and phytoplankton productivity in freshwater ecosystems by modifying surface water clarity 

and cause hypoxia or a decrease in the concentration of related nutrients and contaminants, 

such as nitrogen, phosphorous and heavy metals. Field surveys and water-related reports 

indicate that water hyacinth (Eichhornia crassipes), which is one of the most aggressive and 

lethal floating aquatic weed; has invaded most water bodies in the sub tropics. Its spread is 

largely linked to eutrophication emanating from poor land use management practices, and 

other environmental and climatic factors. Besides its threats and effects, its distribution in 

streams and rivers is not yet fully understood. This gap in knowledge is due to over reliance 

on traditional surveys and lack of financial resources and most importantly the lack of readily 

available or affordable satellite platforms, with optimal spatial and spectral settings that can 

discern water hyacinth from other co-existing plant species. In sub-Saharan Africa for 

instance, the use of high resolution satellite data is constrained by the acquisition costs and in 

some cases lack of technical expertise. There is, therefore, a need to develop new and robust 

methodologies that can map aquatic water weeds, especially in small freshwater bodies. The 

use of recently launched crop of new generation sensors like Sentinel-2 and Landsat 8 

sensors, with improved sensing characteristics, unlike the previous broadband multispectral 

sensors provides untapped prospective alternatives. 

Keywords: aquatic weeds; control mechanisms; eutrophication; monitoring; satellite data. 

2.1 Introduction  

Water is the most valuable resource on earth providing numerous socio-economic and 

ecological benefits at household, farm and global scale such as agricultural, industrial and 

domestic use. The world's freshwater resources are, however, on a steady decline, due to 

increased pressure resulting from poor domestic waste disposal as well as agricultural and 

industrial intensification, which causes eutrophication not only in lakes, but also streams, 

rivers, reservoirs (induces by dams) and consequently massive spread of aquatic weeds 

(Selman et al., 2008). For example, increasing population pressure and land development 

pose on-going difficulties towards the administration of the environment and the associated 

river ecosystems (Hardoy and Mitlin, 2001; Achankeng, 2003). This problem is further 

exacerbated by anthropogenic activities and extreme weather events, which favours invasive 



8 

 

species propagation. Water hyacinth causes significant ecological alterations in the invaded 

community by modifying the habitat. This subsequently disrupts the food chain, nutrient 

cycle, invertebrate and fish assemblage, as well as the entire food web structure (Brendonck 

et al., 2003; Toft et al., 2003; Coetzee et al., 2014). Therefore, International Union for 

Conservation of Nature (IUCN) rates the water hyacinth as one of the hundred most harmful 

invasive species (Téllez et al., 2008). This assertion is further confirmed by Shanab et al. 

(2010) and Patel (2012) who stated that, water hyacinth is one of the top ten worst weeds 

globally. However, in its native range, water hyacinth plays a vital role for phytoplankton, 

zooplankton and fish in freshwater ecosystems, by providing habitat complexity, shelter and 

feeding grounds (Brendonck et al., 2003; Meerhoff et al., 2003; Villamagna and Murphy, 

2010). According to Brendonck et al. (2003), the roots and the leaves of water hyacinth 

plants offer an important substratum and habitat for colonization of macroinvertebrates. 

 

The presence of aquatic alien species in freshwater systems is, therefore, currently of great 

concern to environmentalists, water resource and catchment managers, as well as 

hydrologists. Besides, invasive species proliferation is a substantial global change 

phenomenon that increasingly affects aquatic life, ecosystem functioning and productivity, 

ecological and hydrological processes, as well as human livelihoods (Schneider and 

Geoghegan, 2006; Burgiel and Muir, 2010). Invasion by free-floating plant mats is found to 

be a serious threat to freshwater ecosystems biodiversity (Janse and van Puijenbroek, 1998; 

Aloo et al., 2013). In tropical lakes, water hyacinth has dramatic negative impacts on 

fisheries and boat traffic (Gopal, 1987; Kateregga and Sterner, 2009). Literature shows that 

invasive water hyacinth species can cause severe ecological and economic impacts (Pimentel 

et al., 2005; Vila et al., 2011). Water hyacinth can disrupt native species’ diversity through 

hybridization, ecosystem modifications and functioning (Rodriguez, 2006; Villamagna and 

Murphy, 2010; Stiers et al., 2011). The fact that it’s mat-like in nature results in the 

concentration of micro-organisms around the plant roots and shoots, it can enhance an 

increase in pests and diseases, such as schistosomiasis, filariasis, malaria and ancephalitis 

(Spira et al., 1981; Gopal, 1987; Reddy and DeBusk, 1991; Muyodi, 2000). 

 

Moreover, alien invasive plant species may alter the aquatic habitat structure, by creating a 

homogeneous habitat, thereby negatively affecting biological communities (Theel et al., 

2008; Schultz and Dibble, 2012). Numerous water hyacinth management practices in 

previous years reported these environmental and economic challenges. Some of these 
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practices largely focused on water hyacinth eradication through chemical, physical, or 

biological means; which have had little lasting success (Williams et al., 2005; Wilson et al., 

2007). According to Williams et al. (2005), trends in population growth and economic 

development also suggest that the situation will be compounded in future, due to 

environmental and climate change, lack of actions taken towards the eradication of aquatic 

weeds and through high nutrient content in water. Therefore, accurate and urgent locational 

information is needed to understand the evolution of these weeds, and potentially vulnerable 

areas (Shekede et al., 2008). This information can aid in evaluating the efficiency of control 

measures and management practices currently in place. 

 

The availability of automated, reliable and real time remote sensing data becomes permissible 

in addressing the spread of aquatic weeds, over freshwater bodies. Remote sensing of 

freshwater is gradually becoming an important alternative, especially in the light of increased 

water consumption and the current or projected impacts of climate change on this precious 

resource (Cavalli et al., 2009; Dube et al., 2015). Regardless of this, monitoring of aquatic 

macrophyte in freshwater ecosystem provides essential evidence for the development of 

proper mitigation and control measures, which can help to conserve both water quality and 

quantity (Dube et al., 2017b). Traditionally, aquatic weeds have been monitored, using 

conventional methods, which include repeated field-surveys, followed by chemical spraying 

as well as biological and physical removal (Dube et al., 2017b). Besides being spatially 

restricted, these techniques have been, however, found to be time-consuming and labour 

intensive (Ritchie et al., 2003). On the contrary, the availability of archival and real-time 

satellite data, dating back to the early 1970s, provides great prospects for spatio-temporal 

observations of aquatic weeds in a timely and cost-effective manner (Hestir et al., 2008; 

Shekede et al., 2008; Dube et al., 2014). Remote sensing can provide a spatial snapshot on 

areas that experience aquatic weeds infestation and potential vulnerable areas and/or to 

monitor response to management interventions. 

 

Satellite remote sensing technologies can capture and instantaneously record earth surface 

information and provide a synoptic view of land surface characteristics and associated 

dynamics (Risser and Treworgy, 1985). Some of the current remote sensing imagery 

technologies have high spectral and spatial characteristics, which enable the enhanced 

monitoring of the spatial distribution and spread of invasive species. Thus, this enables 

researchers or managers to come up with an informed assessment of areas severely infested 
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and provide timeous interventions (Shekede et al., 2008). In this review, we draw attention to 

new insights in the detection, mapping, and monitoring of invasive water hyacinth using 

multispectral remote sensing. Based on this background provided, this work sought to 

provide a detailed overview on the progress and development of remote sensing in detecting 

and mapping water hyacinth over space and time. 

2.2 Literature search 

To achieve these objectives, information was acquired from Earth Observation, GIS and 

Remote Sensing, and Water journals. During literature search, journal articles published in 

Institute for Scientific Information (ISI) international peer-reviewed journals were selected. 

Appropriate articles were primarily selected from recognised search engines, such as Google 

Scholar, SCOPUS and the ISI Web of Knowledge databases and other international 

recognised remote sensing and aquatic science journals. Supplementary journal articles were 

identified from appropriate literature reviews, as well as the associated reference lists through 

regressive reference list assessment. To achieve this, numerous keywords and expressions 

were used, and these included “remote sensing”, “water hyacinth”, “Landsat and aquatic 

weeds/ water hyacinth”, “water hyacinth distribution”, “mapping”, “challenges”, “ecology 

and geographical distribution”, “detection”, “sensors” and “spectral and vegetation indices”. 

2.3 Ecological impacts of water hyacinth  

The spatial distribution and configuration of water hyacinth deteriorate aquatic life in 

freshwater ecosystem (Murkin and Kadlec, 1986; Meerhoff et al., 2006; Mironga et al., 

2014). Ecologically, water hyacinth can impact zooplankton and phytoplankton productivity 

in freshwater ecosystems, modify surface water clarity and cause hypoxia or a decrease in the 

concentration of related and nutrients contaminants, such as nitrogen, phosphorous and heavy 

metals. The study by Mironga et al. (2014) showed that lake areas infested with water 

hyacinth exhibited significantly lower (α=0.005) zooplankton population, when compared to 

water hyacinth free-zones in Lake Naivasha, Kenya. This observation is further confirmed by 

the works of Chukwuka and Uka (2007) whose study also observed a significant (α=0.005) 

decline in the density of zooplankton population in water hyacinth infested areas in Awa 

reservoirs, Nigeria. The numerical effects of water hyacinth on zooplankton has been also 

found to have cascading effects on the population of aquatic organisms that rely on this alga 

e.g. fish (Mironga et al., 2014). Besides, the negative impacts it poses on aquatic food chains, 

water hyacinth tends to out-compete submersed vegetation and phytoplankton on nutrients 

and sunlight utilization (Mitchell, 1985). 
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Moreover, a severe ecological problem caused by water hyacinth invasion in freshwater 

ecosystems is mainly the changes in the structure, composition, productivity and functioning 

of aquatic ecosystem. The fact that water hyacinth covers freshwater ecosystems in the form 

of a blanket like layer, it therefore, inhibits sunlight penetration into the lower parts of the 

water body, minimizing the rate of photosynthesis for the submerged plants (Huang et al., 

2007). This has serious implications on the diversity of aquatic life as it tends to create non-

conducive and inhabitable ecological conditions (Wu et al., 2004). Literature shows that low 

oxygen conditions beneath the mats results in hypoxia and in some instances, create 

favourable breeding environment for diseases and pests i.e. encephalitis, filariasis, as well as 

mosquito vector of malaria and other related waterborne diseases. Furthermore, water 

hyacinth mats can reduce natural predation leading to increased abundance of certain species 

against others (Kateregga and Sterner, 2009). For instance, mats created by the invasive 

species can also hinder certain species from breeding, or nursery, and sometimes alter feeding 

grounds (Twongo and Howard, 1998). The presence of these aquatic weeds in freshwater 

ecosystems also compromises the quality and quantity of water, especially when they die-off 

and decay in copious quantities. This alone, creates anaerobic conditions and intensifies the 

release of poisonous gases that may be harmful to certain organisms in water. In addition, as 

the water hyacinth is composed by approximately 90% of water; evaporation rates increase 

(Gopal, 1987). In addition, its physical removal, disposal and decomposition pose serious 

health and environmental problems as these plants acts as an ecological scrubber of heavy 

metals and other pollutants. 

2.4 Origin and geographical distribution of water hyacinth  

Water hyacinth, which is botanically known as Eichhornia crassipes (Mart.) Solms-Laubach 

(Ogunye, 1988) is a member of the monocotyledonous family Pontederiaceae (Patel, 2012). It 

is an aquatic freshwater plant native to the Amazon basin and naturalized in the tropical and 

sub-tropical countries of South America (Penfound and Earle, 1948; Global Invasive Species 

Database, 2006). Water hyacinth (Figure 2.1) has leaves that are joined to broad, glossy, thick 

and ovate stalks, which are usually bulbous, long and spongy, with feathery roots). Its flowers 

are commonly purple-black in colour and have six petals. Under favourable growing 

conditions and environmental circumstances, some estimates suggest that water hyacinth can 

double its biomass through asexual reproduction in two weeks. Within a period of eight 

months, ten water hyacinth plants can reproduce 655,360 plants that can cover approximately 

half a hectare of the surface area (Gunnarsson and Petersen, 2007). Wilson et al. (2005) 
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indicated that nutrient concentration and increased Land Surface Temperatures (LST) are two 

of the most important aspects, influencing the growth and reproduction of water hyacinth 

species in open water bodies. So far, water hyacinth has spread to most of the tropical 

freshwater bodies throughout the world, and has been described as one of the most invasive 

aquatic weed on the planet (Cook, 1989; Ndimele et al., 2011; Havel et al., 2015). Figure 2.1, 

demonstrates how water hyacinth can chock freshwater bodies by inhibiting light penetration. 

The seriousness of these invasive species is demonstrated by the scale of invasion at global 

extent (±50 countries) (Figure 2.2). To date, water hyacinth has spread throughout Southeast 

Asia, the South-eastern United States, central and western Africa, Central America and 

Iberian Peninsula in southwestern Europe (Bartodziej and Weymouth, 1995; Martinez 

Jimenez and Gomez Balandra, 2007; Aguiar and Ferreira, 2013). If unabated, this will pose a 

severe problem to the already scarce freshwater resources. 

 

 

Figure 2.1: Typical water hyacinth species in Letaba river systems in Tzaneen, South Africa 

(Photograph credits: K.H Thamaga, 2017) 

 

(b) (a) 
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Figure 2.2: Global distribution of invasive water hyacinth (E. crasspies) (Téllez et al., 2008). 

2.5 Remote sensing of water hyacinth  

Over the past 30 years, many satellite borne sensors have been exploited to gather 

information on water hyacinth and its insight into the biological activity occurring within 

water bodies (Cavalli et al., 2009). Literature search published in remote sensing journals 

shows an increase on work done in mapping the spatial distribution of water hyacinth in lakes 

and dams (Figure 2.3). These studies demonstrate an exponential increase in the number of 

publications over the years with around 57 ISI articles published in remote sensing journals in 

the year 2014 alone. A linear regression plot (Figure 2.3) shows a strong positive correlation 

between remote sensing publications over time with a R2 of 0.78. 

 

The increase in the use of remote sensing data in mapping invasive species is linked to its 

ability to offer a variety of new applications that can quickly and synoptically monitor and 

manage large areas. For example, remote sensing has permitted a timely and inventory 

assessment of aquatic weeds, environmental hazards, natural resources and water quality 

monitoring. Satellite data can capture the spatial and temporal distribution of aquatic 

macrophytes in a timely and cost-effective approach (Hestir et al., 2008; Shekede et al., 

2008; Dube et al., 2014). Furthermore, continual coverage of satellite sensors provides spatial 

data for both short and long-term monitoring, which is crucial in identifying and assessing the 

strengths of the control measures in place (Penatti et al., 2015). As such, the use of satellite 
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imagery has proved to be a reliable primary data source and has become commonly used in 

ecological and environmental research (Aplin, 2005). 

 

Figure 2.3: Number of remote sensing publications on water hyacinth over the years. 

 

Remote sensing technologies have therefore been confirmed to be crucial in mapping land 

cover (e.g. water hyacinth, vegetation, grassland) and land use (e.g. farming, settlements) 

aspects, because of the availability of sensors that can provide high quality data (DeFries et 

al., 2004; Rindfuss et al., 2004). Hansen et al. (2006) for example derived a global land cover 

map from Advanced Very High-Resolution Radiometer (AVHRR) imagery using a decision 

tree (DT) based on a set of 41 metrics generated from five spectral channels and Normalized 

Difference Vegetation Indices (NDVI) for input. Hestir et al. (2008) also mapped water 

hyacinth using airborne hyperspectral data in the Californian delta, USA. Classification 

results of water hyacinth using decision tree approach produced a user accuracy of 51.4% and 

a producer accuracy of 61.9% respectively, as well as Kappa coefficient of 0.49. 

Furthermore, producer's accuracies of healthy water hyacinth and flowering hyacinth 

produced 86.5% and 44.9%, respectively. From the study, low accuracies produced by 

hyperspectral data can be attributed to the presence of mixed pixels. A study by Oyama et al. 

(2015) used Landsat 7 Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) 

shortwave infrared bands to differentiate surface cyanobacterial blooms and aquatic 
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macrophytes in Lakes Kasumiguara, Inba-numa and Tega-muma (Figure 2.5) using the 

Floating Algal Index (FAI) and selected Landsat 7 TM, NDWI4,5 and NDWI2,5 to differentiate 

cyanobacterial blooms and macrophyte. Results of the study demonstrated the importance of 

merging FAI and NDWI4,5 in the classification of lake areas. In addition, John and Kavya 

(2014) used multispectral and hyperspectral data to monitor aquatic macrophyte in 

Vembanad estuary in the western coast of Peninsular India. Spectral discrimination of aquatic 

macrophyte types (Cabomba caroliniana, Eichhornia crassipes, Ischaemum travancorence, 

and Nymphaea pubescens) species yielded an overall classification accuracy of 93.47% using 

spectro-radiometer. Furthermore, the study showed that WorldView-2 set of band 

combination (Red-Edge, Green, Coastal blue and Red-Edge, Yellow and Blue) yielded high 

overall classification accuracy of 100%. The study for the first time managed to map the 

spatial distribution of invasive aquatic macrophyte using unsupervised classification of 

WorldView-2 as well as PAN-sharpened WorldView-2 MSI (Figure 2.7). The modified Pan-

sharpened image which enhanced the spectral resolution in mapping macrophyte 

communities showed identification of more land cover types at species level. The study 

highlighted the potential of multispectral and hyperspectral data in discriminating and 

mapping aquatic macrophyte cover types. However, the major challenge with these datasets 

is that they are costly, spatially and temporally restricted hence an increased number of 

studies that have applied broadband multispectral sensors, even though there is a gap in 

monitoring the spatial distribution of water hyacinth in a river scale. 

 

Several studies have employed the use of multispectral remote sensing to identify invasive 

alien plant species (Carson et al., 1995; Mladinich et al., 2006; Cuneo et al., 2009; Kimothi et 

al., 2010). Table 1.1 provides a detailed summary of remote sensing studies on mapping 

aquatic weeds. Literature reveals that, very few research works has been done to detect and 

map these species, especially using satellite data and this can be attributed to image 

acquisition costs as detailed in Table 1.2 and Figure 2.4, especially for commercial sensors 

(Dube et al., 2017b; Sarkar et al., 2017). In water scarce sub-Saharan African environments, 

little work has been done on this aspect and the same applies to other parts of the globe. The 

exceptions, include those by Dube et al. (2017a) who tested the detection and discrimination 

potential of the challenging water hyacinth (E. crassipes) in freshwater ecosystems, using 

new Landsat 8 satellite data in Lake Manyame of Zimbabwe, with an overall classification 

accuracy of 95%. Landsat 8 OLI sensor was found to be very useful to water related studies, 

due to the sensor's improved spectral, spatial, temporal and radiometric characteristics (Dube 
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et al., 2017b). Similarly, Dube et al. (2017a) and Shekede et al. (2008) assessed the 

performance of the newly-launched Landsat 8 OLI and the Landsat series data in detecting 

and mapping the spatial configuration of water hyacinth in inland lakes of Zimbabwe, 

respectively. The analysis of variance (ANOVA) test was used to identify windows of 

spectral separability between water hyacinth and other land cover types over the study area. It 

was however, observed that the use of Landsat 8 OLI yielded high overall classification 

accuracy of 72%, when compared to Landsat 7 ETM+, which yielded lower overall of 57%. 

Therefore, the results of the study demonstrated the significance of the newly launched 

multispectral sensors in providing current information required for mapping the spatio-

temporal distribution, and pattern of water hyacinth at a low or no cost over time and space. 

The results of this study bring new insights to the utilization of satellite imagery with high 

spatial coverage as well as readily available and up-to-date data at low cost in environmental 

applications. However, despite the reported outstanding performance of this new sensor, there 

is a need to test its applicability in tropical river systems, with narrow channels and mixed 

species. Also, it is crucial to compare its performance, with the 10 m high resolution sensors, 

such as Sentinel-2 MSI in mapping and monitoring invasive aquatic weeds at key 

phenological stages (Figure 2.6). 

 

Satellite image acquisition at key phenological stages may assist in distinguishing between 

different invasive alien plant species. Since water hyacinth is an evergreen species, detecting 

their coverage will not be restricted by seasonal variation but largely hindered by the sensor's 

spatial and vegetation characteristics. Unlike the broadband multispectral data, with improved 

spectral and spatial resolution sensors, such as the 10 m Sentinel-2 MSI which have the 

capability to positively improve our understanding on the spatial distribution of water 

hyacinth, especially in smaller freshwater bodies where it was previously a challenging task 

with broadband multispectral sensors. Its application in vegetation (Harmel et al., 2017; 

Shoko and Mutanga, 2017; Sibanda et al., 2015; Veloso et al., 2017) has so far produced 

plausible results. The study by Dube et al. (2017a) revealed that, the latest Landsat 8 sensor 

with improved radiometric and other sensing characteristics have spectral bands that can 

uniquely discriminate water hyacinth from the co-existing species in lakes (Figure 2.4). This 

observation is in line with previous work on the application of Landsat 8 OLI and 

Worldview-2 in mapping invasive species in savanna rangelands. The study further showed 

that the use of Landsat 8 OLI raw spectral bands combined with derived NDVI vegetation 

indices significantly improved the detection and mapping of bracken fern. 
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Figure 2.4: Remote sensing inherent spectral capabilities to different water hyacinth from 

other co-existing land cover types (Dube et al., 2017a). 
 

2.6 Potential of remotely sensed derivatives in mapping the spatial distribution 

of water hyacinth invasion 

Remote sensing technologies and their derivatives have since played a critical role in 

detecting, discriminating, mapping and monitoring the distribution of water hyacinth in large 

water bodies. Different spectral bands and vegetation indices from different sensors have 

been tested in mapping the spatial distribution of water hyacinth (Cheruiyot et al., 2014; Cho 

et al., 2008; Dube et al., 2017b). To mention just a few, Dube et al. (2017a) tested the 

detection and discrimination potential of the new Landsat 8 satellite data derived spectral and 

vegetation indices in mapping water hyacinth in freshwater ecosystems, in Lake Manyame of 

Zimbabwe. However, not all of these remotely sensed variables produced plausible 

performance in mapping its distribution. The interest in most of these indices lied in the 

improvement of classification accuracies (Asrar et al., 1984; Bariou et al., 1985; Qi et al., 

1991; McNairn and Protz, 1993; Li et al., 2011; Vidhya et al., 2014).  
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Table 2.1: Summary of remote sensing applications in detecting and mapping aquatic weeds 
 

Sensor (s) 

Image analysis 

technique (s) 

 

Results 

 

Reference 

MERIS Maximum Peak Height 

algorithm 

 of 0.58 

chl-a between 33 and 362.5 mg.  

error of 33.7% 

Mark et al., 2012 

Landsat 8 OLI 

Landsat-7 

ETM+ 

Variance test Landsat 8 OLI has OA = 72% 

compared to Landsat-7 ETM+ 

yielded lower OA = 57% 

Dube et al., 2017b 

Color-infrared 

(CIR) video 

imagery 

Maximum likelihood 

classification 

OA of 87.7%. 

Kappa= 0.828. 

Everitt et al., 1999 

SPOT 5 Linear spectral unmixing 

(LSU) and spectral angle 

mapper techniques. 

OCA =81%. Schmidt and Witte, 

2010 

MERIS Normalized Difference 

Vegetation Index 

(NDVI) slicing and 

maximum likelihood 

Maximum likelihood with an ACA= 

80% is better than NDVI slicing at 

75%. 

Cheruiyot et al., 2014 

HJ-CCD Classification tree 

models 

OA= 68.40% 

Kappa=0.6306, 

Luo et al., 2017 

Landsat 5 TM NDVI linear relationship (r2 = 0.28) 

LAI: r2 = 0.66 

Robles et al., 2015 

Landsat 8 OLI Discriminant Analysis 

(DA) and  

Partial Least Squares 

Discriminant Analysis 

(PLS-DA). 

OA= 95% Dube et al., 2017a 

MERIS 

Landsat 7 

NDVI and LSU OA=87%; R2=0.78; RMSE=0.13 

OA=84%; R2=0.73; RMSE=0.16 

Cheruiyot et al., 2013 

Worldview-2 

ASD 

spectroradiometer 

PCA -Unsupervised classification using 

the band combinations Red-Edge, 

Green, Coastal blue & Red-edge, 

Yellow, Blue produced 100%. 

-Band combinations NIR-1, Green, 

Coastal blue & NIR-1, Yellow, Blue 

yielded an accuracy of 82.35%. 

John and Kavya, 2014 

HyMap 

Hyperspectral 

Spectral mixture analysis Within Delta (51 ha) 

OA=93% for Brazilian waterweed 

OA=73% for water hyacinth 

Delta wide scale (177.000 ha) 

OA=29% for Brazilian waterweed 

OA=65% for water hyacinth 

Underwood et al., 2005 

Notes: (OA= Overall Accuracy; ANOSIM = ANalysis Of SIMilarities; ACA= Average Classification 

Accuracy; CT= Classification Tree; PCA=Principal Components Analysis; LSU= Linear Spectral Unmixing) 
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Table 2.2:  Remote sensing sensor specifications and associated acquisition cost per square 

metre (Adapted from Matongera et al., 2016). 
 

Sensor 

 

Spectral 

bands 

 

GSD (m) 

 

Description 

Swath-

width 

(km) 

Frequency 

(days) 

Cost of image 

acquisition 

(US $/km2) 

Landsat Thematic Mapper (TM) 7 30 

 

120 

Band (1-5 and 7) 

Band 6 

185 26 Free  

Landsat Enhanced Thematic 

Mapper plus (ETM+) 

8 30 

15 

Band (1-7) 

Band 8 

185 18 Free 

MODIS 36 250 

500 

1000 

Band (1-2) 

Band (3-7) 

Band (8-36) 

2330 1-2 Free 

Sentinel-2 13 10 

 

20 

 

60 

Band (2,3,4 and 

8) 

Band (5, 6, 7, 

8a, 11 and 12) 

Band (1,9 and 

10) 

290 5 free 

RapidEye 5 5 All bands 77 1 (off 

nadir) / 5.5 

(nadir) 

US $1.28 

Système Pour I’Observation de 

la Terre 5 (SPOT 5) 

High-Resolution Stereoscopic 

(HRS) 

High Resolution Geometric 

(HRG) 

Vegetation (VGT) 

 

 

5 

 

 

10 

 

 

Band (1-3) 

 

 

60 

 

 

2.5 

 

 

US $5.15 

Quickbird 5 20 

2.40 

Band 4 

All multi-

spectral bands 

16.8 1-3.5 US $24 

World View-2 8 2 

0.48 

All multi-

spectral bands 

Panchromatic 

band 

16.4 1.1 US $28.5 

World View-3 8 1.24 

 

0.31 

All multi-

spectral bands 

Panchromatic 

13.1 1 US $29 

 

The NDVI has been found to positively correlate with plant health or vigour, with 

concentrated green pigments or active photosynthetic rates, due to a prominent level of 

reflectance in the near infrared (NIR) bands of the light spectrum (DeFries et al., 1999). The 

work by Penuelas et al. (1993) concluded that the Water Band Index (WBI), developed based 

on the ratio between the water band 970 nm and reflectance at 900 nm, is strongly correlated 

with relative plant water content. Using reflectance at 857 and 1241 nm, Gao (1996) 

developed the Normalized Difference Water Index (NDWI) in California, USA to estimate 

vegetation water content. The findings of the study showed that NDWI is less sensitive when 

compared to NDVI and it is therefore, beneficial in predicting freshwater stress in plant 
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canopies and appraising invasive aquatic weed productivity. Further, Omute et al. (2012) 

used NDVI and numerous derivatives in monitoring water level and drought conditions of 

Lake Victoria. Cheruiyot et al. (2014) evaluated MERIS-based on aquatic vegetation 

mapping in Lake Victoria. In the study, two methods were applied, namely: NDVI slicing 

and maximum likelihood. From the results of the study, maximum likelihood produced 80% 

from average classification accuracy which was better than NDVI slicing at 75%. Although 

NDVI slicing and maximum likelihood produced larger errors over sparse vegetation, extent 

of the area and spatial resolution of the sensor, as well as methods applied influenced the 

overall classification accuracy.  

 

Further investigations are however still required to understand vegetation indices derived 

from the new generation of satellite sensors, such as Landsat 8 OLI and Sentinel-2 MSI 

(Dube et al., 2017b). As such it is deemed one of the most potential tools capable to 

accurately provide timely spatial and site-specific weed information that can be converted 

into knowledge used for decision support systems. The strength of the latest remote sensing 

technologies as demonstrated in latest environmental applications are centred around their 

unique and robust capability to spectral discriminating different plant species based on the 

subtle difference in their biophysical and biochemical properties (Agjee et al., 2015; Dube et 

al., 2017b). For example, the study by Dube et al. (2017a), has demonstrated the ability of the 

new Landsat 8 to spectrally separate water hyacinth from other co-existing plant species 

(Figure 2.4). This capability alone has permitted the remote sensing community to further 

fully explore its potential and even extrapolate to large scale mapping to understanding 

aquatic weeds distribution and propagation rates, as well as growth stages the world over 

(Shekede et al., 2008; Dube et al., 2014; Giardino et al., 2015).  



21 

 

 

Figure 2.5: Landsat satellite imagery derived aquatic macrophytes in Suwa, Sutami and 

Maninjau lakes (Oyama et al., 2015). 
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Figure 2.6: (a) Landsat 8 derived water hyacinth spatial distribution in Lake Manyame and Chivero and (b) in Lake Manyame (Dube et al., 

2017). 

(b) (a) 
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Figure 2.7: (a) The unsupervised classification of WorldView-2 imagery and (b) Aquatic macrophyte mapped through the Modified IHS PAN-

sharpened WorldView-2 (John and Kayva, 2014). 

(b) 
(a) 
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2.7 Available water hyacinth classification algorithms  

Spectral discrimination between vegetation types in complex environments is a challenging 

task, because different vegetation types have similar spectral signature (Xie et al., 2008). 

Applications of per pixel classifiers to images dominated by mixed pixels are often incapable 

of performing satisfactorily accurate classification (Zhang and Foody, 1998), due to poor 

spectral, temporal and spatial resolutions. In this case, complex environments such as rivers 

which require powerful techniques developed for remote retrieval to improve accuracies in 

discriminating vegetation types at plot level. Studies have demonstrated that classification 

accuracy can be greatly enhanced by applying expert knowledge and secondary data in 

extraction of land cover types (Shrestha and Zinck, 2001; Gad and Kusky, 2006). Maximum 

likelihood classifier (MLC) is typically stared as a classic and most extensively used 

supervised classification for satellite images resting on the statistical distribution pattern 

(Sohn and Rebello, 2002; Xu et al., 2005; Xie et al., 2008). A greater availability of remotely 

sensed data at higher spatial and spectral resolutions coupled with the development of 

machine learning algorithms could potentially improve classification accuracies (Abdel-

Rahman et al., 2014; Adelabu et al., 2014). In this regard, three popular machine learning 

algorithms namely: Artificial Neural Networks (ANN), Random Forest (RF) and Support 

Vector Machines (SVM) have mainly been implemented for classifying vegetation stress 

(Agjee et al., 2015). These algorithms emerged as proxies to conventional parametric 

algorithms; however, they produce high classification accuracies, more accurate and capable 

of processing high datasets. 

 

ANN is a non-parametric classifier that makes no assumptions about the distribution of the 

data (Dixon and Candade, 2008; Song et al., 2012), and it is useful in extracting vegetation-

type information in dense vegetation canopies (Filippi and Jensen, 2006). ANN is 

computationally efficient, more resistant to noise and perform well with small training 

datasets (Song et al., 2012). Regardless of small training datasets, Berberoglu et al. (2000) 

used ANN, as well as texture analysis to classify land cover classes and they found that the 

accuracy could be 15% greater than the accuracy achieved, when using a standard per pixel 

MLC. However, a fuzzy classification approach is usually useful in mixed pixel areas and 

was investigated for the classification of suburban land cover from remote sensing imagery 

(Zhang and Foody, 1998), the study of medium-to-long term (approximately 10–50 years 

period) vegetation changes (Okeke and Karnieli, 2006). Xu et al. (2005) adopted DT derived 

from the regression approach to determine class proportions within a pixel to produce a soft 
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classification, using Landsat ETM+ in New York. The study showed that DT produced 

higher results with overall classification accuracy of 74.45% as compared to maximum 

likelihood classifier (55.25%) and the supervised. 

SVM's adopted the method of structural risk minimization for class member discrimination 

which minimizes the classification error on unseen data without making prior assumptions on 

the probability distribution of the data (Mountrakis and Ogole, 2011). This is advantageous as 

data acquired from remotely sensed imagery usually have unknown distributions (Mountrakis 

and Ogole, 2011). However, the performance of the SVM algorithm is sensitive to the choice 

of kernel function and the setting of its associated parameters (Song et al., 2012).  

2.8 Challenges in remote sensing of water hyacinth  

The robustness of remote sensing in sustenance to water hyacinth management has not been 

fully explored. While many satellite products are freely available, a significant proportion of 

products are not freely available (Turner et al., 2013). High-spatial resolution sensors, such as 

LIDAR, WoldView-2 and Quickbird with less than 5 m spatial resolution can accurately 

detect and map the invasive water hyacinth although not yet tested. However, their 

acquisition costs, lower temporal resolution and smaller swath width remains problematic in 

detecting and mapping the spatial distribution of water hyacinth at local and regional scale. 

Satellite remotely sensed data analysis can be expensive given logistical requirements (i.e. 

hardware, software, qualified specialists and training) for the processing and analysis of large 

data-sets. Altogether, costs can be considerable, and hampers the widespread application of 

satellite monitoring in applied ecology and management of invasive water hyacinth (Strand et 

al., 2007; Turner et al., 2013). Furthermore, free remote sensing products, open-source 

software solutions, such as QuantumGIS or GRASS are on the rise. Training opportunities 

and clear documentation is missing, and this complicates the use of open software 

application. But this is constantly changing with open-source software increasingly used for 

training across disciplines (Rocchini and Neteler, 2012). 

 

Integration of inland data from ecologists, hydrologists and expert knowledge from remote 

sensing analysts is limited, leading to satellite remote sensing data frequently being 

underused and undervalued (Nagendra et al., 2013). Aquatic scientists, hydrologists and 

environmentalists would immensely benefit from application of remotely sensed data, 

particularly from active sensors or from high spatial resolution sensors. Nevertheless, these 

users often have limited access to remote sensing satellite imagery and the tools to process 
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the images. Time between users’ needs and the availability of satellite remote sensing can 

create hindrance in acquiring images that coincide with ground trothing. Invasive water 

hyacinth is often obscured in a setting of natural vegetation, water system, and are thus 

problematic to discriminate using moderate spatial or spectral resolution images. 

 

The potential of satellite remote sensing to support hydrology and environmental 

management is likely to be best achieved when effective collaborations between experts in 

remote sensing and experts in water resources monitoring are developed. Such collaborative 

work is rare, due to (i) the scarcity of a shared interdisciplinary space to assist collaboration; 

(ii) semantic gaps and the lack of common frames of reference; (iii) issues arising from 

mixed spatial scales; (iv) logistical difficulties associated with information transfer and 

management; and (v) difficulties associated with defining research objectives that are 

rewarding and scientifically valuable to members of both disciplines (Pettorelli et al., 2014). 

2.9 Possible future directions in remote sensing of water hyacinth  

 Although great progress has been made in sensors development in remote sensing and its 

application in mapping invasive water hyacinth distribution, it still remains a challenge. To 

the best of researcher’s knowledge, there is a limited documentation based on the use of 

remote sensing datasets in mapping spatio-temporal distribution of invasive water hyacinth. 

Nonetheless, new developments in scientific exploration in remote sensing capabilities are 

now advocating for possible launching of innovative robust systems being established to 

manipulate biochemical and biophysical spectral data for vegetation mapping (Cochrane, 

2000; Ustin and Gamon, 2010). There is a need for researchers to engage long-term 

monitoring and seasonal mapping of the aquatic weeds at a catchment scale (Matongera et 

al., 2017). Another future research challenge would be to test the use of new generation 

moderately fine spatial-resolution multispectral sensors (i.e. Landsat-8 and Sentinel-2), which 

are moderately cheap and readily available with strategically positioned spectral bands and 

improved temporal and radiometric properties. For instance, this is being applied in River 

Guadiana, this is a large river and it is impaired by storage reservoir in Southwestern Europe. 

More research work is needed to find the best variables (ancillary data) and predictive models 

that can be integrated with cheap, and sometimes free, multispectral datasets (Dube et al., 

2016). In this regard, there is a need to put more emphasis on spectral decomposition of 

analysis since spatial and spectral resolution of multispectral remote sensing systems are now 

suitable for most water hyacinth assessments. For future research, acquired remote sensing 
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data should be used as a problem solving and management tool. For this to be achieved, 

evolution of invasion water hyacinth and rapidity and direction of spread requires a detailed 

understanding of the impacts that climate, topography, soil, and anthropogenic factors have 

on invasive water hyacinth propagation and spread. 

2.10 Conclusion  

Literature shows that, the number of studies using remote sensing methods to estimate water 

hyacinth invasions are increasing. The majority of the available studies focused on mapping 

water hyacinth in large water bodies with little emphasis on small rivers. There is a need to 

increase the use of remote sensing which offers enhanced projections in detecting and 

mapping the spatio-temporal distribution of water hyacinth in these previously neglected 

water bodies, due to lack of appropriate spatial data. The arrival of freely and available 

satellite sensors, with a high revisit time, large coverage (swath-width), high radiometric, 

spatial and spectral resolution (Landsat 8 and Sentinel-2) is imperative in eradicating barriers 

restraining the rapid adoption of remote sensing technologies for the management of aquatic 

weeds. Since Sentinel-2 MSI data seem to provide promising potential in mapping water 

hyacinth in smaller water bodies, there is therefore a need for future research to evaluate the 

utility of models developed, using dataset, in mapping, monitoring and understanding 

seasonal water hyacinth growth dynamics in river systems. This information remains central 

if effective methods for their control are to be devised. 
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Abstract 

Early detection and mapping of the spatio-temporal distribution of invasive water hyacinth 

(Eichhornia crassipes) in inland hydrological systems are vital for a number of water resource 

management-related reasons. Field surveys, and current climate change projections 

(associated with longer dry-spells, and shortened rain seasons) have shown that climate 

change and the rapid spread of aquatic invasive species are increasingly affecting inland 

surface water availability in semi-arid regions of Southern Africa.  It is upon this premise that 

accurate, reliable, and timely information on the spatio-temporal distribution and 

configuration of water hyacinth is required in tracing their evolution, and propagation in 

affected areas, as well as in potential vulnerable areas. This work, therefore, attempts to test 

two robust push-broom multispectral sensors: Landsat 8 Operational Land Imager (OLI) and 

Sentinel-2 Multi-Spectral Instrument (MSI) in identifying, detecting and mapping the spatial 

distribution and configuration of invasive water hyacinth in a river system. The results of the 

study show that water hyacinth in small reservoirs can be mapped with an overall accuracy of 

68.44% and 77.56% using Landsat 8 and Sentinel-2 data, respectively. The results further 

demonstrated the blue, red, red edge (RE) 1, Short-wavelength infrared (SWIR)-1 and SWIR-

2 of both satellite datasets as the critical and outstanding spectral regions in detecting and 

mapping water hyacinth from other land cover types. Overall, the study highlights the 

unexploited prospects of the new non-commercial multispectral sensors in monitoring 

invasive species infestation from inland surface waterbodies in semi-arid regions (i.e. smaller 

reservoirs). 

Keywords: aquatic weeds; classification accuracy; eutrophication; mixed pixels; 

proliferation rates; semi-arid environments.  

 

3.1 Introduction 

Sub-Saharan Africa and other parts of the developing world currently face the largest wave of 

urban growth and industrial revolution in history (Mendes et al., 2014). Amongst other 

factors, the fast-urban growth, together with the rural-to-urban migration, generates 

continuous expansion of slums (e.g. approximately 70% of African urban dwellers live in 

slums) which cannot cope with the provision of proper sanitation infrastructures (Potts, 2013; 

Krishna et al., 2014; Rigg et al., 2014; APHRC 2014). Chawira et al. (2013) noted that rural-

to-urban migration and uncontrolled city growth have led to heavy urban water pollution 

(microbial and nutrient) via the discharge of poorly treated municipal wastewater in the 

freshwater ecosystem. Microbial and chemical freshwater pollution, end up being deposited 
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in surrounding waterbodies leading to water eutrophication and the proliferation of aquatic 

weeds. Previous work shows that the spread of aquatic weeds in most freshwater bodies are 

linked to several land management practices (e.g. fertilizers or nutrients), as well as poor and 

uncontrolled discharge of sewage to river systems that create a conducive breeding ground 

for the growth of undesirable species (Chawira et al., 2013; Giardino et al., 2015). In addition 

to nutrient concentrations, the spatial distribution and spread of these species are also 

influenced by environmental factors, such as depth of the river, topography, type of soil 

substrates, water turbidity, as well as exposure to wind (Pearsall, 1920; Rorslett, 1984; 

Harvey et al., 1987). Any changes in climatic conditions are most likely to alter the plant 

distribution and function (Shoko and Mutanga, 2017). 

 

Aquatic weed infestation is one of the major environmental challenges globally, threatening 

the integrity and functioning of most hydrological ecosystems (Cheruiyot et al., 2014). 

Moreover, the current projected climate change associated with longer dry-spells and 

shortened rain seasons coupled with the rapid spread of aquatic invasive species is likely to 

make inland water reservoirs in Southern Africa even much drier and scarce (Midgley et al., 

2005). Continuous observation and monitoring of the proliferation of aquatic weeds are thus 

essential for proper water resource management and for the development of appropriate weed 

control strategies and prioritizations of most infested areas (Albright et al., 2004). To date, 

this environmental problem has received limited attention from the responsible hydrologists, 

environmentalists, and researchers, due to either limited financial resources or the lack of 

technical expertise (Dube et al., 2014), assurance in product accuracy and high-resolution 

satellite data continuity and, in some instances, the lack of government will or prioritization. 

 

Despite the presence of these barriers, there are clear breakthroughs or inroads in remote 

sensing applications in water quality-related studies (Bresciani et al., 2011; Bonansea et al., 

2015; Masocha et al., 2017), wetland vegetation mapping (Huang et al., 2014; Li et al., 2015; 

Jin et al., 2017), and aquatic invasive alien species, especially in large reservoirs (Dronova et 

al., 2011). Unlike conventional field surveys, remotely sensed data are the key primary data 

source for mapping and monitoring the functioning and rate of invasion of hydrological 

systems, as well as identifying potential vulnerable areas, especially in developing countries, 

given the scarcity in ground data or lack of data access, due to institutional restrictions. 

Although there is limited appreciation of this technology by policy and decision makers in 

Africa, its relevance remains unquestionable. 
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Developing accurate, spatially explicit, fine-scale records on rates of invasions is a high 

priority (Panetta and Lawes, 2005). Therefore, remote sensing technologies emerge as a 

reliable approach in studying aquatic ecosystems. The availability of satellite data provides 

great potential for the spatial and temporal monitoring of aquatic weeds in a timely and cost-

effective approach. Recent studies utilized remotely sensed data in monitoring lake 

conditions, due to their expansive nature (McCullough et al., 2012; Hou et al., 2017). 

Broadband multispectral sensors have demonstrated success in monitoring these areas (Dube 

et al., 2014; Giardino et al., 2015; Shekede et al., 2008). However, little consideration has 

been paid in monitoring invasive water hyacinth in complex environments, such as smaller 

rivers, using these sensors. Satellite remote sensing of small freshwater systems has been 

limited by the sensing characteristics in terms of spectral, radiometric, temporal, and more 

importantly spatial (Hestir et al., 2015). Past non-commercial satellite missions could not 

provide appropriate measurement resolutions needed to fully resolve freshwater ecosystem 

properties and processes (Hestir et al., 2015). Due to the presence of mixed or ecological 

overlap of plant species in aquatic ecosystems, discriminating aquatic weeds from other 

aquatic plants remains a challenge, as it requires moderate to high spatial and spectral 

resolutions, in both visible and shortwave infrared regions (Hestir et al., 2008). This problem 

is also supported by Cheruiyot et al. (2014) who stated that although multispectral remote 

sensing has the capability to detect and map alien plants, the weeds are often obscured in a 

backdrop of natural vegetation, making it difficult to be detected or even mapped at a fine-

scale. In this case, sensors with high spatial, spectral, temporal and radiometric resolutions 

are needed on a broader scale for accurate ecological monitoring to understand water 

hyacinth distribution and to enhance management practices on both open and complex 

environments. 

 

Although the previous satellite products have been associated with limitations in mapping 

aquatic invasive species; new crop of non-commercial sensors, e.g. Landsat 8 OLI and 

Sentinel-2 MSI, with improved sensing characteristics have demonstrated promising 

prospects in vegetation mapping (Fu, 2003; Zhang et al., 2016). These sensors also show 

some potential for land use and land cover mapping (Kaufmann and Stern, 1997; Hassan et 

al., 2016), biomass estimation (Yavaşl, 2016) and plant and crop disease monitoring 

(Hillnhutter and Mahleni, 2008; Dhau et al., 2017). For instance, Shoko and Mutanga (2017) 

http://www.sciencedirect.com/science/article/pii/S0034425717303255#bb0140
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demonstrated the unique capability of the newly launched Sentinel-2 MSI sensor in detecting 

and discriminating subtle differences between C3 and C4 grass species with an overall 

classification accuracy of 90.41%. These sensors are therefore, perceived to provide new and 

invaluable opportunities for detecting, mapping, monitoring and understanding the 

proliferation of water hyacinth in smaller reservoirs – a previously challenging task with 

broadband multispectral satellite data. Refined sensing characteristics, which include the high 

spatial resolution (±10 m) and the presence of new and strategically positioned spectral 

wavebands red edge (RE); previously a characteristic of high resolution commercial sensors 

e.g. Worldview 2, Ikonos etc., brings with its unique improvements that could enable subtle 

detection and discrimination of aquatic weeds often obscured in the backdrop of natural 

vegetation. Besides, the greater and free availability of remotely sensed data at higher spatial 

and spectral resolutions coupled with the development of machine learning algorithms could 

potentially improve classification accuracies which maybe a great step towards water 

resource management (Peerbhay et al., 2016). Therefore, this study sought to test the 

capability of Landsat 8 OLI and Sentinel-2 MSI sensors in detecting and mapping the spatial 

distribution and configuration of invasive water hyacinth (Eichhornia crassipes) in the 

Greater Letaba river system in Tzaneen, South Africa. 

 

3.2 Materials and methods 

3.2.1 Field survey and preprocessing 

The capability of Landsat 8 OLI and Sentinel-2 MSI was tested in discriminating water 

hyacinth from other co-existing land cover types, such as bare land, plantation, and riparian 

vegetation, other vegetation, water, as well as built-up. Field data collection was conducted to 

record the location of water hyacinth and other land cover classes, at sub-metre accuracy, 

using Global Position System (GPS). Field data were collected from 24th June to 26th June 

2017. Field data collection was achieved, using randomly generated sampling points across 

the river system, using the Hawths Analysis Tool in ArcGIS 10.4 software. A total of 329 

points (47 points per land cover type) was generated and these were used to discriminate 

water hyacinth from other land cover types. Ground-truthing measurements coinciding with 

satellite image acquisition period were used. In this study, correspondence principle for 

image acquisition and ground-truthing measurements was set to three days. The period, allow 

for adequate matchups between ground-truth data and satellite imagery (Sriwongsitanon et 

al., 2011; Tebbs et al., 2013; Lamaro et al., 2013). Sites of recorded land cover types, using 

GPS were then imported into ArcGIS 10.4 software environment for classification purposes.  
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3.2.2 Remote sensing data acquisition and preprocessing 

Sentinel-2 MSI and Landsat 8 OLI remotely satellite images were acquired to test the 

sensors’ capability in discriminating water hyacinth from other vegetation cover types. 

Detailed spectral and spatial information on the satellite images used for analysis are 

presented in Table 3.1. Both cloudless satellite images covering the Greater Letaba river 

system were freely acquired from the online Landsat and Sentinel series archive manned by 

the United States Geological Survey (USGS) website (http://glovis.usgs.gov/web-link). The 

satellite images were acquired between 24th June to 26th June 2017 with two tiles of Landsat 8 

OLI and six tiles of Sentinel-2 MSI covering the study area. Satellite images were then 

atmospherically corrected using Dark Object Subtraction (DOS1) model under Semi-

Automated Classification (SCP) embedded in Quantum GIS (QGIS) 2.18.03 software. Pre-

processing was done, using QGIS software to convert all the image bands into reflectance. 

We then resampled spectral bands of Sentinel-2 MSI from 20 m to 10 m using nearest 

neighbour resampling method. All tiles in both sensors were mosaicked using ArcGIS 10.4 to 

cover the extent of the study area. The 329 field sampled points were then overlaid on the 

layer-stacked reflectance images to extract the corresponding reflectance values. The 

extracted reflectance values per spectral band were then exported as a table in Microsoft 

excel. The data was then used to calculate spectral vegetation indices (Table 3.2). The 

selected indices were chosen based on their capabilities in improving vegetation spectral 

responses (Pahlevan and Schott, 2013; El-Askary et al., 2014). For classification accuracy 

assessment, there is a disagreement between proportions of testing, as well as training sets of 

land cover types. Before proceeding with the analysis, the extracted spectral reflectance was 

randomly divided into 30% testing and 70% training sets, which is a requirement for all 

machine-learning algorithms (Adjorlolo et al., 2013; Adelabu et al., 2014; Sibanda et al., 

2015). 

3.2.3 Water Hyacinth mapping using the Discriminant Analysis (DA) 

A variety of classification algorithms have been developed and used to map the spatial 

distribution of invasive water hyacinth in the freshwater ecosystem. In this study, we used 

DA to test the capability of new generation sensors, Landsat 8 OLI and Sentinel-2 MSI data 

in mapping water hyacinth radiance from other land cover types. The choice of the model 

was based on its performance in classification as reported in previous studies (Sibanda et al., 

2015; Matongera et al., 2017; Shoko and Mutanga, 2017). Fernandez, (2002) describe 

discriminant analysis as multivariate statistical classifier used to model group discrimination 
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based on observed predictor variables of remote sensing in each observation into one of the 

groups.  

Table 3.1: Sensors spectral and spatial characteristics of Landsat 8 OLI and Sentinel-2 MSI 
Landsat 8 OLI Santinel-2 MSI 

Band Band width Resolution (m) Band Band width Resolution (m) 

Blue 0.45– 0.52 30 Blue 0.49 10 

Green 0.53 – 0.60 30 Green 0.56 10 

Red 0.63 – 0.68 30 Red 0.67 10 

NIR 0.85 – 0.89 30 RE 1 0.71 20 

SWIR-1 1.56 – 1.66 30 RE 2 0.74 20 

SWIR-2 2.10 – 2.30 30 RE 3 0.78 20 

 NIR 

NIR narrow 

0.84 

0.87 

10 

20 

SWIR 1 0.16 20 

SWIR 2 0.22 20 

NIR-Near infrared, SWIR-Shorter wave infrared, RE-red edge 

 

Table 3.2: Landsat 8 OLI and Sentinel-2 spectral and vegetation indices retrieval 
Index Formula Reference 

NDVI (NIR - Red)/(NIR + Red)  Tucker (1979) 

NDWI (Green - NIR)/(Green + NIR) McFeeters (1996) 

EVI 2.5 ((NIR - Red)/(1 + NIR + 6Red - 7.5Blue)) Huete et al., 1997 

SRI (NIR/Red) Jordan (1969) 

SAVI ((NIR - Red) (1 + L))/(NIR2 + Red + L) Huete (1988) 

GI Green/Red Zarco-Tejeda et al., 2005 

GNDVI (NIR - Green)/(NIR + Green) Gitelson et al., (1996) 

Clgreen (NIR/Green) – 1 Gitelson et al., 2002 

ARVI (NIR – (2*(Red – Blue)))/(NIR + (2*(NIR – Blue))) Kaufman and Tanré, 1992 

TVI 
 

Deering et al., 1975   

OSAVI (NIR - Red)/(NIR + Red + 0.16) Rondeaux et al., 1996 

RDVI 
 

Roujean and Breon, 1995 

VGI (Green -  Red)/(Green + Red) McFeeters (1996) 

NG Green/NIR + Red + Green Sripada et al., 2006 

DVI NIR – Green Tucker, 1979 

NDVI: normalized difference vegetation index; NDWI: normalized difference water index; EVI: enhanced 

vegetation index ; SRI: simple ratio index; SAVI: soil adjusted vegetation index; GI: greenness index;  GNDVI: 

green normalized difference vegetation index; Clgreen: chlorophyll index green; ARVI: atmospherically 

resistant vegetation index; TVI: transformed vegetation index; OSAVI: optimized soil-adjusted vegetation 

index; RDVI: renormalized difference vegetation index ; VGI: vegetation greenness index; NG: normalised 

green; DVI: difference vegetation index 
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DA uses a linear function (assumes multivariate normality with equivalent covariance 

matrices) for classification criterion derived from individualities within a set group of 

covariance matrices. The observations classified within the group discriminate land cover 

types into categories based on a measure of generalized squared distance. The algorithm was 

therefore, used to classify and derive confusion matrices from the derived water hyacinth 

maps. The model converts reflectance data of land cover types at each waveband into several 

components that account for the difference in reflectance amongst land cover types (Sibanda 

et al., 2015). The classification accuracy is formulated (confusion matrix) using an error 

matrix of predicted (classified) versus known (reference) occurrences of a target (Congalton, 

1991). Confusion matrix yield estimates of an overall accuracy, user accuracy and producer 

accuracy and may also be used to calculate statistical measures of accuracy (i.e. Kappa 

statistics) (Congalton and Green, 1999; Foody, 2004). To test the capability of sensors in 

detecting spatial distribution of water hyacinth, Table 3.3 and Figure 3.1 illustrates analysis 

procedures that were implemented in this study. For example, three analytical experiments: 

(i) spectral bands; (ii) spectral vegetation indices and (iii) combined spectral and vegetation 

indices were applied in Microsoft XL STAT 2013 to generate classification accuracies 

(Overall, user and producer accuracy).  

Table 3.3: Landsat 8 OLI and Sentinel-2 MSI experiments for water hyacinth 
Data type Sensors Spectral Information  Analysis 

Spectral bands (SB) Landsat 8 Blue, Green, Red, NIR, SWIR-1 and SWIR-2 I 

Sentinel-2 Blue, Green, Red, Red edge(RE)-1, RE-2, RE-3, NIR, NIR 

narrow, SWIR-1 and SWIR-2 

 

Spectral vegetation 

indices (SVIs) 

Landsat 8 NDVI, NDWI, EVI, SRI, SAVI, GI, GNDVI, Clgreen, 

ARVI, RVI, TVI, OSAVI, RDVI, VGI, NGI, DVI 

II 

Sentinel-2 

SB + SVIs Landsat 8 6 bands + 16 SVIs  III 

Sentinel-2 10 bands + 16 SVIs 

 

3.2.4 Statistical data analysis 

Prior to statistical analysis, exploratory data analysis was done to understand the data. 

Analysis of Variance (ANOVA) was used to identify spectral separability of water hyacinth 

amongst other land cover types. We conducted ANOVA to test if there is significant 

difference (α = 0.05) between water hyacinth and other land cover types based on the derived 

spectral data for the two sensors. Windows of spectral separability based on both Landsat 8 

OLI and Sentinel-2 MSI were used to test which band(s) can optimally discriminate water 

hyacinth from other land cover types.  
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Figure 3.1: Flowchart of method 
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3.3 Results  

3.3.1 Discriminating water hyacinth from other land cover types 

Figure 3.2 illustrates the derived spectral profiles for water hyacinth and other land cover 

types considered in this study. The spectral profiles were derived using averaged Sentinel-2 

MSI and Landsat 8 OLI derived spectral information (Figure 3.2(a, b)). Overall, the results 

show that water hyacinth can be discriminated from other land cover types, using the SWIR-2 

spectral regions of Landsat 8 and blue, SWIR-1, as well as SWIR-2 of Sentinel-2. Sentinel-2 

illustrates a clear window of spectral separability on the following bands: blue, RE 1, SWIR-

1 and SWIR-2 compared to Landsat 8 OLI. 

 
Figure 3.2: Averaged spectral reflectance for eight land cover types using (a) Landsat 8 OLI 

and (b) Sentinel-2 MSI sensors 
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3.3.2 Image classification Accuracies 

3.3.2.1 Analysis I: Water Hyacinth classification using raw spectral data 

Figure 3.3(a, b) illustrates classification accuracies of water hyacinth from other land cover 

types derived from Sentinel-2 MSI and Landsat 8 OLI datasets. It was observed that the 

Sentinel-2 MSI outperformed Landsat 8 OLI in discriminating water hyacinth producing an 

overall accuracy of 73% when compared to Landsat 8 OLI which yielded a slightly lower 

overall accuracy of 63.34%, with a deviation of 9.66% (Table 3.4). Furthermore, Sentinel-2 

produced good user and producer accuracies, when compared to Landsat 8 OLI. For water 

hyacinth, Sentinel-2 yielded user accuracy of 78.56% and producer accuracy of 57.89% 

(Figure 3.3) when compared to Landsat 8 OLI that yielded low classification accuracies with 

user accuracy of 20% and producer accuracy of 35.67% (Figure 3.3). In comparison to other 

land cover types, the plantations produced low accuracy with 36.41% in Sentinel-2. Overall, 

Landsat 8 had the lowest user and producer accuracies as compared to Sentinel 2 sensor. 

 

Figure 3.3: Classification accuracies of water hyacinth and other land cover types derived 

from (a) Sentinel-2 and (b) Landsat 8 spectral dataset. Dotted line represents good 

classification accuracies above 65% (Shoko and Mutanga, 2017). 
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3.3.2.2 Analysis II: Water Hyacinth classification using Landsat 8 and Sentinel-2 

derived vegetation indices.  

Water hyacinth classification accuracy using different spectral vegetation indices, 

demonstrated that the difference in sensors slightly improved performances when compared 

to the use of raw spectral bands. Figure 3.4(a, b) shows that Sentinel-2 outperformed Landsat 

8 in discriminating water hyacinth from other land cover types producing an overall accuracy 

of 73.31% (Figure 3.6). On the other hand, Landsat 8 OLI derived spectral vegetation indices 

yielded overall accuracy of 65.53%. Compared to the first analysis (I), Landsat 8 OLI overall 

accuracy increased by 2.19% (Table 3.4) and by 0.31% for Sentinel-2. Furthermore, user and 

producer accuracies increased in both sensors, respectively (Figure 3.4). Regardless of the 

increase in user and producer accuracy of water hyacinth in both sensors, Landsat 8 OLI 

yielded lower accuracies with user accuracy of 40% and producer accuracy of 47.64%. When 

compared to other land cover types, plantation and shrub land produced higher classification 

of 100%.  

 
Figure 3.4: (a) Sentinel-2 and (b) Landsat 8 classification accuracies (%) for water hyacinth 

and other land cover types using derived vegetation indices. 
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3.3.2.3 Analysis III: Water Hyacinth classification using combined Landsat 8 and 

Sentinel-2 derived spectral bands and spectral vegetation indices. 

 Figure 3.5(a, b) illustrates the classification accuracy of water hyacinth based on integrated 

datasets of spectral bands and spectral vegetation indices derived from Landsat 8 and 

Sentinel-2, respectively. The combination of spectral bands and spectral vegetation indices 

produced satisfactory results for both sensors. For example, Sentinel-2 yielded an improved 

overall classification accuracy of 77.56% (Figure 3.6) and, when compared to analysis I, 

displays an overall improvement in accuracy of 4.56% and 4.25% from analysis II (Table 

3.4). Although overall classification accuracy of Landsat 8 increased by 5.07% from Analysis 

I and 2.88% from Analysis II, the combined datasets produced overall accuracy of 68.41% 

(Figure 3.6). Integrated datasets produced user accuracy of 89.30% and producer accuracy of 

61% for water hyacinth. When compared to analysis I, user accuracy increased by 10.74% 

whereas the producer accuracy increased by 3.11%, furthermore, when compared to analysis 

II, user and producer accuracy dropped by 3.11%. From the observation, water hyacinth 

produced lowest classification accuracies with user accuracy of 44% and producer accuracy 

of 50% using Landsat 8 OLI. Additionally, we compared the overall classification 

performance of the two sensors in mapping water hyacinth using t-test, and the results 

derived from t-test showed that there was significant difference (t=6.313, p<0.04) in their 

performances. The 10 m Sentinel-2 across all the analysis stages (I, II and III) outperformed 

the 30 m Landsat 8 sensor. 
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(a) 

 
Figure 3.5: (a) Sentinel-2 and (b) Landsat 8 classification accuracies (%) for land cover types 

using combined spectral bands and spectral vegetation indices 

Figure 3.6 illustrates the overall classification accuracies using a combined dataset (spectral 

bands and spectral vegetation indices) derived from Landsat 8 OLI and Sentinel-2 MSI 

imagery.  
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Figure 3.6: Combined spectral bands and spectral vegetation indices overall classification 

accuracies derived from Sentinel-2 MSI and Landsat 8 OLI 

3.3.2.4 Capability of Landsat 8 OLI and Sentinel-2 sensors in mapping the spatial 

distribution of water hyacinth and other land cover types 

Figure 3.7(a, b) illustrates the derived thematic maps showing land use and land cover 

revealing water hyacinth within the study area, using Landsat 8 OLI and Sentinel-2 MSI.  

Sentinel-2 MSI was capable of detecting and distinguishing most river portions affected by 

water hyacinth from other land cover types. On the other hand, 30 m Landsat 8 OLI 

comparatively to Sentinel-2 MSI did not detect and map certain area infested with water 

hyacinth.   

 

Table 3.4: Deviation of classification accuracies between Sentinel-2 and Landsat 8 
 

Sensor 

 

Parameter 

 

Accuracy (%) 

Deviations in terms of accuracy (%) 

I II III 

Landsat 8 OLI Bands 63.34 - -2.19 -5.07 

 VIs 65.53 ±2.19 - -2.88 

 Bands + VIs 68.41 ±5.07 ±2.88 - 

Sentinel-2 MSI Bands 73 - -0.31 -4.56 

 VIs 73.31 ±0.31 - -4.25 

 Bands + VIs 77.56 ±4.56 ±4.25 - 
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Figure 3.7: (a) Strength of Landsat 8 OLI and (b) Sentinel-2 MSI in mapping the spatial distribution of invasive water hyacinth and other land 

cover types 
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3.4 Discussion  

The main aim of the study was to test the capability of new multispectral satellite data, 

Landsat 8 OLI and Sentinel-2 MSI sensors in detecting and mapping the spatial distribution 

of water hyacinth in freshwater ecosystem. The study proved that Sentinel-2 MSI 

outperformed Landsat 8 OLI in discriminating water hyacinth from other land cover types, 

such as water, plantation, built up areas, riparian vegetation, other vegetation, shrub land, as 

well as bare land. Besides, detecting and mapping the spatial distribution of water hyacinth is 

of importance in understanding its spatial pattern and extent before removal and management 

practices can take place. This information is critical to aquatic scientists, environmentalists, 

and hydrologists, as well as catchment managers, especially in complex environments. 

Management practices include biological control, furthermore, derived information will guide 

managers on how and where to start applying practices. 

 

The outcome of this study confirmed the capability of newly launched Sentinel-2 MSI in 

detecting and mapping water hyacinth in freshwater system on a river scale, when compared 

to Landsat 8 OLI. Using spectral bands datasets of both sensors, Sentinel-2 achieved an 

overall classification accuracy of 73%, whereas Landsat 8 had an accuracy of 63.34%. 

Statistically, when compared to Sentinel-2, Landsat 8 had a magnitude of 9.66%, which 

clearly demonstrates the sensor’s poor performance in mapping water hyacinth from the 

riverine and other related plants. The observed performance of Sentinel-2 MSI also 

confirmed by the recent study by Shoko and Mutanga, (2017) where they discriminated C3 

and C4 grass functional types in the Drakensburg with high accuracy (85.45%). In their 

study, they concluded that the overall high classification was primarily attributed to the 

presence of more spectral bands, which provided more windows for spectral separability of 

specified land cover types. In contrast to other bands, the blue, red, RE and SWIR spectral 

regions played a key role in boosting spectral separability of water hyacinth from other land 

cover type. The selection of these bands can be attributed to the improved and unique 

sensitivity to plant biophysical and chemical properties (Dube and Mutanga 2015). 

 

Furthermore, findings of this study showed that spectral vegetation indices derived from both 

sensors outperformed the overall performance of raw spectral bands in discriminating water 

hyacinth. For instance, the use of spectral vegetation indices for Sentinel-2 MSI yielded an 

overall accuracy of 73.31% whereas Landsat 8 OLI had an accuracy of 65.53%. More 

interestingly, Sentinel-2 MSI accuracy increased by 0.31% and by 2.19% for Landsat 8 OLI, 
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when compared to raw spectral band reflectance. These findings are in line with various 

observations from literature (Motangera et al., 2017; Shoko and Mutanga, 2017), which 

shows that satellite derived vegetation indices provide one of the best possible ways to obtain 

the subtle vegetation biophysical parameters. Good classification accuracies from the use of 

spectral vegetation indices maybe linked to the strength of the Normalised Difference 

Vegetation Indices (NDVI). Liu and Huete, 1995; Díaz and Blackburn, 2003; Sibanda et al. 

(2015) reported that the performance of vegetation indices like NDVI could be attributed to 

its ability to suppress background effects much better than individual spectral bands. Such 

background effects include atmospheric impurities, soil or shadow backgrounds, as well as 

zenith angle of the sensor. Moreover, the outstanding performance of Sentinel-2 MSI may be 

attributed to its spatial resolution, a unique spectral band setting, which together with spectral 

vegetation indices offers an advantageous alternative than available broadband and low 

spatial resolution sensors, such as Landsat data. 

 

The combined datasets (i.e. spectral bands and spectral vegetation indices) further proved its 

capability in discriminating water hyacinth from other land cover types. Although Sentinel-2 

showed the supremacy in the discrimination process, both sensors produced overall 

classification accuracy within the range of 68.41% to 77.56%. Generally, Sentinel-2 MSI 

outperformed Landsat 8 OLI by a huge margin of 9.66%. The decrease in Landsat 8 OLI with 

9.66% can be attributed to the sensor’s challenges emanating from the spectral confusion of 

water hyacinth with other land cover types within the study area. Considering its 30 m spatial 

resolution requirements in a river scale (width between 8 to 60 m), the sensor was incapable 

of classifying water hyacinth from other land cover types in narrow environments. In 

contrary, width of the river and spatial resolution of Landsat 8 OLI resulted in the sensor’s 

low sensitivity to water hyacinth hence slightly lower discrimination capabilities. Therefore, 

the observed capability of the newly launched Sentinel-2 MSI makes it a better and future 

alternative in discriminating and monitoring aquatic vegetation especially in a river system.  

 

Overall, classification accuracies in both images increased and this was influenced by 

integration of spectral bands and spectral vegetation indices. Besides, combined dataset from 

the10 m Sentinel-2 MSI spatial resolution enhanced the sensor’s potential to discriminate 

water hyacinth in the river systems. In this regard, results achieved in this study concur with 

research finding published by Matongera et al. (2017) who reported that combining spectral 

bands and spectral vegetation indices significantly improved the discrimination of bracken 
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fern weeds. In addition, the work by Sibanda et al. (2015) also pointed on the value of 

combining spectral bands with spectral vegetation indices obtained from Sentinel-2 in 

quantifying grass above ground biomass treated with different fertilizer treatments. High 

results produced are due to the increased number of variables sensitive to plant biophysical 

properties. 

 

Spatially, Sentinel-2 managed to depict the spatial distribution of water hyacinth along the 

course of river (upper, mid and lower stream). Furthermore, it can be seen in the Sentinel-2 

image that in the upper and mid-stream water hyacinth has clogged this freshwater 

ecosystem. These findings are in line with the observed land use patterns within the area 

where it can be observed that alongside these selected sections of the river there are 

commercial agricultural farms practicing intensive farming. However, nutrients from 

commercial farms contribute in eutrophication that creates a conducive breeding ground for 

invasive species to thrive (Aboyeji, 2013; Galadima et al., 2011; Carpenter and Biggs, 2009). 

Furthermore, the wide spread of water hyacinth can be influenced by nutrients washed into 

water system through runoff, as well as sewage disposal from upstream townships (Dube et 

al., 2017). Sewage spillage into open water bodies proliferates the biological oxygen strains 

to such a high level that all the available oxygen may be removed; subsequently, aquatic 

animals and even aquatic weeds can thrive or vice-versa, creating momentous distraction in 

the food chain (Aboyeji, 2013). 

3.5 Conclusion 

In this study, we tested two robust push-broom multispectral sensors: Landsat 8 and Sentinel-

2 in identifying, detecting and mapping the spatial distribution and configuration of invasive 

water hyacinth in a river system. The findings of the study derived using DA demonstrated 

that newly launched Sentinel-2 MSI outperformed Landsat 8 OLI in mapping water hyacinth 

producing an overall classification accuracy of 77.56% compared to 68.44% for Landsat 8. 

Improved water hyacinth classification results were further observed from the integration of 

Sentinel-2 spectral bands and vegetation indices. Furthermore, the variable importance results 

demonstrated selected blue, RE 1, SWIR-1 and SWIR-2 bands as the most critical and 

outstanding spectral regions for detecting and mapping water hyacinth from other land cover 

types. The newly launched 10 m spatial resolution Sentinel-2 MSI sensor showed enhanced 

capability in detecting, mapping and monitoring the spatial distribution, configuration and 

invasion magnitude of invasive water hyacinth in a river scale.    
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4. CHAPTER FOUR 

Mapping the seasonal dynamics of invasive water hyacinth (Eichhornia crassipes) in the 

greater Letaba river system using multi-temporal Sentinel-2 satellite data 

 

 

Thamaga K.H and Dube T., 2018. Mapping the seasonal dynamics of invasive water 

hyacinth (Eichhornia crassipes) in the Greater Letaba river system using multi-date 

Sentinel-2 Multi-Spectral Instrument. GIScience and Remote Sensing, TGRS-S-18-

00114. (Manuscript under review). 

Dry season 

Wet season 
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Abstract 

In this study, we used multi-temporal 10 m Sentinel-2 Multi-Spectral Instrument (MSI) 2017 

images to detect and map seasonal distribution and variations of water hyacinth in Greater 

Letaba river system in Limpopo Province, South Africa. Discriminant Analysis (DA), a 

multivariate statistical classifier which uses a discriminant or predictor function to classify 

land cover features into classes was applied to map the spatial distribution of water hyacinth 

and derive the classification accuracies namely; Overall Accuracy (OA), Producer Accuracy 

(PA), User Accuracy (UA) and kappa statistics. The derived water hyacinth maps showed 

that, approximately 63.82% and 28.34% of the river system was infested during the wet and 

dry seasons, respectively.  The use of Specifically, Sentinel-2 derived spectral metrics 

(spectral bands in conjunction with vegetation indices) showed that, water hyacinth can be 

mapped at with an OA of 80.79% (wet season), and 79.04% (dry season) and a kappa 

coefficient of 0.764 and 0.724, respectively. Similarly, spectral bands (wet: 79.48% and dry: 

75.98%) and vegetation indices (wet: 76.42% and dry: 74.42%) yielded slighter lower 

accuracies when compared to the use of the combined dataset. Findings of this study 

underscore the relevance of new satellite images in detecting and mapping the seasonal 

distribution of water hyacinth in river systems. Frequent revisit interval (5-day) and the 

improved spatial resolution of Sentinel-2 data provide new opportunities for seasonal 

monitoring of aquatic weeds.  

 

Keywords: freshwater system; phenological change; remote sensing; seasonal dynamics; 

temporal mapping  

 

4.1 Introduction 

Water hyacinth (Eichhornia crassipes), which originates from the Amazon basin of Brazil, 

remains the most troublesome aquatic weed, both locally and globally (Holm et al., 1991; 

Mirongs, 2014; Thamaga and Dube, 2018). Its free-floating habit makes it a very effective 

competitor in newly invaded freshwater ecosystems (Pyšek and Richardson, 2010). Water 

hyacinth turns to outcompete other aquatic plant species and forms dense free-floating mats, 

which in many instances completely cover freshwater surfaces, such as lakes, rivers, wetlands 

and dams (Malik, 2007; Shekede et al., 2008). Its spatial distribution dominates and 

suppresses phytoplankton and submerged vegetation (Roijackers et al., 2004). Furthermore, 

the uncontrolled expansion of water hyacinth is attributed to natural phenomenon, as well as 

the pervasiveness of eutrophication level in freshwater ecosystem (Law, 2007). The excessive 
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growth of water hyacinth causes various environmental (or ecological) and socio-economic 

impacts, which threaten freshwater availability and quality (Getsinger et al., 2014; Hills and 

Coetzee, 2017).  Water hyacinth thus pose serious threats to freshwater systems. For instance, 

the presence of these species in water can cause hypoxia, water quality deterioration 

(Ndimele et al., 2011; Mironga et al., 2011; Dube et al., 2014), change in macro-invertebrate 

species richness (Stiers et al., 2011), biodiversity loss (Villamagna and Murphy, 2010; Pyšek 

and Richardson, 2010; Khanna et al., 2011), as well as breeding ground for pests and vectors 

(Minakawa et al, 2008; Chandra et al., 2006; Borokini and Babalola, 2012). These dense 

mats further increase flood risk by obstructing water flows and irrigation system (Wilcock et 

al., 1999; Thouvenot et al., 2013), obstructs navigation (Holm et al., 1969) and impair 

recreational water activities, which decrease the quality of freshwater ecosystem (Halstead et 

al., 2003). In addition, water hyacinth chokes dams or lakes, resulting in the reduction of 

hydropower generation (Clayton and Champion, 2006), and promotes water loss through 

evapotranspiration.   

 

Water hyacinth grows best in tropical and subtropical environmental conditions with optimal 

temperatures ranging between 25 and 27 °C, pH of 6-8 and eutrophic, still or slow-moving 

freshwater systems (Malik, 2007). Under favorable climatic conditions, water hyacinth can 

reproduce both vegetatively and sexually, by seeds produced in capsules under the base of 

each flower (Penfound and Earle, 1948). The species can grow and reproduce throughout the 

year, although flowering occurs mostly during spring and summer seasons (Tiwari et al., 

2007). Growth rate of water hyacinth and risks in most open water bodies are driven by 

climate change and variability (i.e. rise in temperatures), high recharge from sewage disposal 

and nutrients through runoff from anthropogenic activities (Palmer et al., 2015; Pimentel et 

al., 2001). The propagation of these species and their threats to freshwater ecosystem requires 

immediate attention in terms of monitoring, to understand their spatial coverage and to put 

proper management practices in place. However, the use of field-data techniques in 

monitoring water hyacinth have proven otherwise as they are costly, time consuming, labour 

intensive and limited spatial coverage (Shekede et al., 2008; Dube et al., 2015).  To ensure 

sustainable regional or catchment monitoring of freshwater ecosystem, cost effective 

information on the spread of water hyacinth is critical. Given the spatial extent and 

remoteness of water hyacinth, there is a pressing need for establishing the most suitable water 

hyacinth earth observation technologies with appropriate spatial and temporal scales and 

sufficient descriptive power to capture ecologically substantial weeds distribution in river 
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systems. Multispectral remote sensing seem to emerge as the primary data source replacing 

field-data techniques. It provides a fast, cost-effective, and operative tool to detect and map 

the spatial distribution and spatial dynamics of water hyacinth across a broad geographical 

extent (Mironga 2004; Hestir et al., 2008; Dube et al., 2014). In this regard, remote sensing 

datasets can be utilised in diverse ways: for example, to identify areas at risk (Lodge et al., 

2006), predict the distribution or patchiness (Bradley and Mustard, 2006) and estimate the 

impacts of water hyacinth. Remote sensing also allows temporal analysis of species 

distribution, due to its repeated coverage. Temporal mapping of water hyacinth can also 

enhance our understanding about their seasonal shifts. Furthermore, temporal information on 

the distribution of water hyacinth will open new avenues for scientific investigations, 

focusing on the modification of freshwater, climate change influence and anthropogenic 

activities surrounding open water systems.  

 

Different types of satellite imagery have been applied extensively to study water hyacinth 

distribution and these include SPOT (Venugopal, 1998), MODIS (Fusilli et al., 2013), 

HyMap (Hestir et al., 2008), HJ-CCD (Luo et al., 2017), and Landsat TM, ETM+ or MSS 

(Dube et al., 2017). The study by Luo et al. (2017) demonstrated the capability of HJ-CCD 

images in mapping submerged aquatic vegetation species in the Taihu Lake. The study 

showed that satellite technologies can help to map submerged plants, with overall 

classification accuracy of 68.4%. Despite successful detection and mapping of submerged 

plants, the slightly lower accuracy was attributed to poor spatial resolution resulting in mixed 

pixels. On the other hand, Albright et al., (2004) used multi-temporal Landsat TM images to 

map water hyacinth infestation in Lake Victoria and associated river systems. Venugopal 

(1998), showed the usefulness of satellite images, e.g. SPOT in monitoring the infestation of 

water hyacinth in Bangalore, India. This study demonstrated that poor spatial resolution 

compromised the successful mapping of water hyacinth in water bodies. The major limitation 

with most studies on water hyacinth is bias on snapshot (i.e. single date) mapping. Single date 

species information limits an understanding on their temporal variability. Comprehensive 

information on the spatial distribution of water hyacinth and its annual and seasonal 

variability is critical in managing water resources (Molinos et al., 2015). The advent of new 

generation satellite sensors, such as Sentinel-2 MSI with improved sensing characteristics, 

offer new opportunities in understanding the distribution and spatial configuration of water 

hyacinth across seasons. This study therefore, sought to detect and map the spatio- temporal 

growth dynamics of water hyacinth in the Greater Letaba river system in Tzaneen, South 
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Africa, using multi-date Sentinel-2 satellite data. The sensor was chosen based on its 

technological advancement, such as an improved revisit interval (5days), unique spectral 

bands and refined spatial resolution, as well as its reported performance as demonstrated in 

literature. So far, Sentinel-2 MSI data has managed to provide valuable insights in C3 and C4 

grass mapping (Shoko and Mutanga, 2017), crop monitoring (Campos-Taberner et al., 2016; 

Zhang et al., 2018), inland and sea water monitoring (Huang et al., 2018; Harmel et al., 

2018), as well as agricultural mapping (Wang et al., 2013; Veloso et al., 2017). 

 

4.2 Materials and methods 

4.2.1 Field data collection  

Reference data from the field was collected to complement remotely sensed data. Field data 

collection was done from the 24th June to 26th June 2017 for the dry season and 18th to 20th 

October 2017 for wet season. A Garmin GPS was used to collect x,y location of water 

hyacinth and other dominant land cover types in the area (bare land, built up, shrub-land, 

water, other vegetation, riparian vegetation, as well as plantation). A total of 329 points were 

randomly generated, using Hwath’s Analysis Tool embedded in ArcGIS 10.4 software. Field 

data was used in the discrimination, mapping and validation of satellite derived water 

hyacinth of two seasons. Field data collection coincided with acquisition of remote sensing 

satellite images. 

4.2.2 Image acquisition and preprocessing 

In this study, six tiles (ortho-images in UTM/WGS84 projection) of cloudless Sentinel-2 MSI 

remote sensing data covering the entire study area were used. Dry and wet season satellite 

images (presented in Table 4.1) were downloaded from an online Sentinel Copernicus data 

hub. Before mapping water hyacinth, images were atmospherically corrected using the DOS1 

technique in Quantum GIS 2.18.03 software. Selection of this technique was based on its 

performance as reported in literature (Pax-Lenney et al., 2001; Liu et al., 2017; Sepuru and 

Dube, 2018; Thamaga and Dube, 2018). The technique applies the darkest pixel in the scene 

as an estimate of atmospheric path radiance (Lp) in all bands, assuming that, the atmosphere 

is homogenous across the entire scene (Matthews et al., 2010). The atmospherically corrected 

images were further converted from radiance to reflectance values. For this study, 13 bands 

(presented in Table 4.2) from Sentine2 were used to achieve the aforementioned objective. 

These included the blue, green, red, NIR, red-edge (1, 2 and 3), NIR-narrow and SWIR (1 

and 2). Band 1, 9 and 10 were excluded for analysis, due to their spatial resolution (60 m) and 
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relevance for the detection of atmospheric features, such as aerosol and water vapour (Drusch 

et al., 2012; Hagolle et al., 2015). The spectral bands with a spatial resolution of 20 m were 

resampled to 10 m using the nearest neighbour resampling method in ArcGIS 10.4 software. 

This was done to ensure that all bands had a similar spatial resolution. Lastly, six scenes of 

Sentinel-2 images for each season were then layered and mosaicked in ArcGIS 10.4 software. 

A total of 329 sample points were then overlaid on the images to extract multi-values for 

further analysis (e.g. vegetation indices presented in Table 4.3). Zonal statistical tool was 

used to calculate areal coverage of water hyacinth 

 

Table 4.1: Scenes of Sentinel-2 MSI used in the study for dry and wet season 
Season Month Scene 

Dry June 2017 RT_T36KTV_20170625T081348 

RT_T36KUU_20170625T080542 

RT_T36KTU_20170625T081227 

RT_T35KRP_20170625T074618 

Wet October 2017 RT_T35KQP_20171019T074941 

RT_T36KTU_20171019T074941 

RT_T36KTV_20171019T074941 

RT_T36KTU_20171019T074941 

RT_T35KRP_20171019T074941 

  

4.2.3 Data analysis 

In this study we used Discriminant Analysis (DA) to map and assess the spatial variations of 

water hyacinth in the Greater Letaba River system, for the wet and dry seasons. DA is a 

multivariate statistical classifier, which uses a discriminant or predictor function to classify 

land cover features into classes, using a measure of generalized squared distance (Dube et al., 

2017). The technique converts reflected data derived from satellite images into components 

that explain the variations in reflectance data amongst the land cover types. The algorithm 

offers cross-validated results with eigenvalue or variable scores that indicate the strength of a 

specific function in discriminating invasive water hyacinth from other dominant land cover 

classes. One of the assumptions of multivariate normality with equivalent covariance 

matrices is that the sample points are random, which was the case with land cover feature 

points used in this study. Besides, the algorithm applies the Box test (Chi-square and Fisher’s 

F asymptotic approximation), Wilks’s Lambda test (Rao’s approximation), Mahalanobis 

distances, and Kullback’s test to determine whether within-class covariance matrices were 

equal (Sibanda et al., 2015, Sepuru and Dube, 2018). These tests showed that there were 
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significant differences (α = 0.05) among land cover classes within the matrices. The field data 

points were then randomly split into training (70%) and testing (30%), and computed by 

subtracting the two disagreements from a total of 100%, which is required for all machine 

learning algorithms (Adelabu et al., 2014; Adjorlolo et al., 2013; Sibanda et al., 2015). Three 

analytic sets of variables namely: (i) spectral bands, (ii) spectral vegetation indices and (iii) 

integrated spectral bands and spectral vegetation indices were used to derive confusion 

matrices and to compute overall accuracy (OA), user accuracy (UA), producer accuracy (PA) 

and kappa statistics. 

 

Table 4.2: Sentinel-2 MSI sensor's spectral and spatial characteristics 
Band Band no. Central wavelength (nm) Spatial resolution (m) 

Coastal aerosol 1 0.443 60 

Blue 2 0.490 10 

Green 3 0.560 10 

Red 4 0.665 10 

RE-1 5 0.705 20 

RE-2 6 0.740 20 

RE-3 7 0.783 20 

NIR 8 0.842 10 

NIR narrow 8a 0.865 20 

Water vapour 9 0.945 60 

SWIR Cirrus 10 1.375 60 

SWIR 1 11 1.610 20 

SWIR 2 12 2.190 20 

*NIR-Near Infrared; SWIR-Shorter wave infrared; RE-red edge 
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Table 4.3: Sentinel-2 MSI spectral and Vegetation indices 

Index Formula Reference 

NDVI (NIR - Red)/(NIR + Red)  Tucker (1979) 

NDWI (Green - NIR)/(Green + NIR) McFeeters (1996) 

EVI 2.5 ((NIR - Red)/(1 + NIR + 6Red - 7.5Blue)) Huete et al., 1997 

SRI (NIR/Red) Jordan (1969) 

SAVI ((NIR - Red) (1 + L))/(NIR2 + Red + L) Huete (1988) 

GI Green/Red Zarco-Tejeda et al., 2005 

GNDVI (NIR - Green)/(NIR + Green) Gitelson et al., (1996) 

Clgreen (NIR/Green) – 1 Gitelson et al., 2002 

ARVI (NIR – (2*(Red – Blue)))/(NIR + (2*(NIR – Blue))) Kaufman and Tanré, 1992 

TVI 
 

Deering et al., 1975   

OSAVI (NIR - Red)/(NIR + Red + 0.16) Rondeaux et al., 1996 

RDVI 
 

Roujean and Breon, 1995 

VGI (Green -  Red)/(Green + Red) McFeeters (1996) 

NG Green/NIR + Red + Green Sripada et al., 2006 

DVI NIR – Green Tucker, 1979 

NDVI: normalized difference vegetation index; NDWI: normalized difference water index; EVI: enhanced 

vegetation index ; SRI: simple ratio index; SAVI: soil adjusted vegetation index; GI: greenness index;  GNDVI: 

green normalized difference vegetation index; Clgreen: chlorophyll index green; ARVI: atmospherically 

resistant vegetation index; TVI: transformed vegetation index; OSAVI: optimized soil-adjusted vegetation 

index; RDVI: renormalized difference vegetation index ; VGI: vegetation greenness index; NG: normalised 

green; DVI: difference vegetation index 

 

4.2.4 Accuracy assessment 

Three analytically procedures were followed to discriminate water hyacinth from other land 

cover classes (Table 4.4). One-way Analysis of variance (ANOVA) was used to test for 

significant differences in seasonal distribution of water hyacinth, using spectral bands, 

vegetation indices, as well as integrated dataset (spectral bands and vegetation indices). 

Table 4.4: Sentinel-2 MSI experimental measures of accuracy assessment for water hyacinth 
Analysis Data type Spectral information 

I Spectral bands Blue, Green, Red, Red edge(RE) 1, RE 2, RE 3, NIR, NIR narrow, 

SWIR-1 and SWIR-2 

II Vegetation Indices NDVI, NDWI, EVI, SRI, SAVI, GI, GNDVI, Clgreen, ARVI, RVI, 

TVI, OSAVI, RDVI, VGI, NGI, DVI 

III SB + VIs 10 bands + 16 SVIs  
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4.3 Results 

The results in figure 4.1 show the averaged spectral profiles for water hyacinth and other key 

land cover classes for the wet and dry season. It can be observed that, water hyacinth can be 

spectrally discriminated from other land cover types considered in this study mainly in the 

Red Edge (1, 2 and 3), NIR, NIR-narrow and SWIR (1 and 2) portions of the electromagnetic 

spectrum.  

 

     

 

(a) 

 
Figure 4.1: Averaged spectral reflectance derived from Sentinel-2 MSI (a) wet season and (b) 

dry season 
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4.3.1 Image analysis 

4.3.1.1  Analysis I: Water hyacinth classification accuracies derived using raw spectral 

bands   

Figure 4.2 shows classification accuracies derived using spectral bands as independent data 

for the dry and wet seasons. Spectral bands yielded an overall classification accuracy of 

79.48% and 75.98% and kappa coefficients of 0.764 and of 0.724 for the wet and dry 

seasons, respectively. Although both seasons produced good classification accuracies derived 

using spectral bands, a slight deviation of 3.50% was observed (presented in Table 4.5). 

Furthermore, Sentinel-2 MSI managed to produce user accuracy and producer accuracy 

ranging from 44% to 100% of water hyacinth and other land cover classes for the two 

seasons. Wet season mapping results resulted in produced user and producer accuracies of 

87.18% and 94.44% respectively. On the other hand, dry season classification resulted were 

achieved with user and producer accuracies of 84.62% and 66%, respectively.  

 

 
Figure 4.2: Classification accuracies of water hyacinth from other land cover types derived 

from dry and wet season using spectral bands as separate datasets. The line in dotted format 

represents satisfactory classification results above 65%.   
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4.3.1.2 Analysis II: Water hyacinth classification accuracies derived using spectral 

vegetation indices  

The use of spectral vegetation indices as independent dataset in discriminating and mapping 

water hyacinth yielded OA of 76.42% (kappa coefficient of 0.706) and 74.42% (kappa 

coefficient of 0.708) for the wet and dry season, respectively (presented in Figure 4.3). 

Comparatively, the OA dropped by 3.06% in wet season and by 1.56% in dry season 

(presented in Table 4.5) when compared to the use of spectral bands alone. UA and PA were 

derived with improved accuracies for the two seasons. As illustrated in Table 6, high UA 

(87.18% and 89.74%) and PA (94.44% and 66.04%), were observed for wet and dry season, 

respectively.  

 

Figure 4.3: Classification accuracies of water hyacinth from other land cover classes derived 

from dry and wet season using vegetation indices 

4.3.1.3 Analysis III: Water hyacinth classification accuracies derived using raw spectral 

bands and spectral vegetation indices.  

The use of integrated dataset (spectral bands and vegetation indices) resulted in further 

improvement in the OA. The integrated dataset managed to achieve an OA of 80.79% (kappa 

coefficient of 0.780) during wet season compared to 79.04% (kappa coefficient of 0.759) in 

dry season (Figure 4.4). Similar results were observed for the PA and UA. In this case, water 

hyacinth was classified with high UA and PA of 84.62% and 94.29% in wet season, as well 

as 89.74% and 68.63% in dry season, respectively. Overall, analysis III yielded high UA and 

PA from when compared to analysis II and I.  
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Figure 4.4: Classification accuracies of water hyacinth from other land cover types derived 

from dry and wet season using combined spectral bands and vegetation indices. 

 

The overall classification accuracies illustrated in Figure 4.5 were achieved by using spectral 

bands (Analysis I), vegetation indices (Analysis II), as well as integrated (spectral bands and 

vegetation indices) dataset (Analysis III) derived from multi-seasonal Sentinel-2 MSI. 

Analysis of variance (ANOVA) showed that there was a significant difference amongst the 

accuracies derived from the three experiments i.e. (t=1.86, p<0.001) analysis I, analysis II 

(t=1.761, p<0.435) and analysis III (t=1.710, p<0.472). 

 

 

Figure 4.5: Overall classification accuracies derived using Sentinel-2 MSI variables. 
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Table 4.5: Magnitude of classification accuracies of wet and dry season derived from 

Sentinel-2 MSI 

Season  Parameter Accuracy (%) Deviations in terms of accuracy (%) 

I II III 

wet season Bands 79.48 - -3.06 -1.31 

 VIs 76.42 ±3.06 - -4.37 

 Bands + VIs 80.79 ±1.31 ±4.37 - 

Dry season Bands 75.98 - -1.56 -3.06 

 VIs 74.42 ±1.56 - -4.62 

 Bands + VIs 79.04 ±3.06 ±4.62 - 

 

 

4.3.1.4 Seasonal mapping of the spatial distribution of water hyacinth 

Figure 4.6 shows the derived water hyacinth spatial distribution maps for the two seasons. 

Overall, Sentinel-2 showed the capability of detecting and mapping seasonal distribution of 

water hyacinth. It was also observed that the spatial distribution of water hyacinth can be well 

depicted during the wet season than in the dry season. In the lower, mid and upper parts of 

the river, it can be seen that, had high coverage of water hyacinth in summer (wet season), 

than in dry season. For instance, in the wet season, water hyacinth covered (Figure 4.7) a 

surface area of 68.82% and 28.34% in dry season, with a deviation of 40.48%.  
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Figure 4.6: Seasonal maps derived using Sentinel-2 MSI (a) wet season and (b) dry season
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Figure 4.7: Spatial coverage of water hyacinth in the Greater Letaba river system 

 

4.4 Discussion 

The study sought to map the seasonal distribution of water hyacinth (Eichhornia crassipes) 

using Sentinel-2 MSI satellite data, in the Greater Letaba river system in Tzaneen, South 

Africa. This study demonstrated that Sentinel-2 MSI has the capability to obtain high 

accurate and reliable information on the seasonal distribution of water hyacinth. The results 

showed that the use of improved spatial and spectral resolution satellite in mapping water 

hyacinth provides critical information or input to water resource managers, especially in areas 

where there is a shortage of freshwater. Besides, seasonal mapping of these species gives a 

better view in understanding its spatial distribution and configuration required for frequent 

monitoring, assessment of infestation levels, sustainable remedial, eradication and effective 

management practices (Shekede et al., 2008; Thiemann and Kaufmann 2002; Ndungu et al., 

2013; Dube et al., 2017). Sentinel-2 MSI demonstrated the capability of mapping water 

hyacinth in a river system. The study showed higher overall classification accuracy during 

wet season than dry season. The wet season is an optimal season where water hyacinth 

flowers and produces seeds under favourite climatic conditions (Kriticos, 2016).  

 

The use of integrated dataset (spectral bands and vegetation indices) showed the highest 

capability of detecting and mapping the temporal distribution of water hyacinth in freshwater 

system with an OA of 80.79% in wet season compared to 79.04% in the dry season. Results 

produced from the use of integrated dataset are satisfactory with a deviation of 1.75%. In this 

regard, findings achieved using integrated dataset produced better results than those achieved 

in analysis I and II, furthermore, this concur with the work by Sibanda, (2014), Shoko and 
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Mutanga, (2017); Sepuru and Dube, (2018). The integrated data managed to produce high 

user and producer accuracies of 84.62% and 94.29% in wet season, as well as 89.74% and 

68.63% in dry season. This illustrates the superiority of detecting the invasive water hyacinth 

during the wet and dry season. Findings of this study displayed seasonal variations in terms 

of mapping capabilities of Sentinel-2 MSI. This satellite data managed to produce OA of 

76.42% during wet season and 74.42% in dry season using spectral vegetation indices. 

 

Moreover, results derived from Sentinel-2 MSI showed the capability of detecting and 

mapping the spatial distribution of water hyacinth from other land cover classes of the study 

area in wet and dry season. For example, its 10 m spatial resolution accompanied by 10 

spectral bands in the visible, NIR, SWIR and red edge showed the capabilities in 

discriminating water hyacinth from other land cover classes. The abovementioned influence 

the capability of the sensor in detecting and mapping spatial distribution of water hyacinth, 

which showed satisfactory results with an overall classification accuracy of 79.48% produced 

during wet season and 75.98% in dry season, derived from spectral bands datasets. Outcomes 

of this study concur with previous studies highlighting the capability of using Sentinel-2 MSI 

in aquatic or vegetation mapping related studies (Dube et al., 2017; Shoko and Mutanga, 

2017). Seasonal variability in temporal distribution of water hyacinth showed that, the dry 

season had a deviation of ±3.50% in terms of accuracy when compared to the wet season 

results. The slightly poor performance from the dry season images can be attributed to the 

variability in nutrient load and weather conditions (Téllez, 2008; Waltham and Fixler, 2017). 

Extreme temperatures as a results of weather changes and flow dynamics fuel the spatio-

temporal distribution of this species in freshwater (Thornton et al., 2014; Brierley and 

Kingsford, 2009).  

 

The 10 m Sentinel-2 MSI showed its capability in detecting and mapping land cover classes 

identified in this present study. The generated maps evidenced the spatio-temporal variation 

of water hyacinth across the river system. Besides, it can be observed from the maps that the 

spatial pattern of water hyacinth in the upper, mid and lower stream differ seasonally. This is 

due to rainfall variability and water flow across the river system. The growth rate of water 

hyacinth during the wet season is higher when compared to that in winter (Bock, 1969; 

Rommens et al., 2003). Temperature rises and changes in the timing and amount of 

precipitation and runoff, as well as loads of nutrients from the surrounding farms, especially 
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during wet season contributes to eutrophication, which accelerates growth of this species 

(Mangas-Ramírez and Elías-Gutiérrez, 2010; Kriticos and Brunel, 2016). 

 

4.5 Conclusion 

The present study focused on mapping the spatio-temporal distribution of water hyacinth in 

the river system during the wet and dry seasons, using Sentinel-2 MSI satellite data. The 

findings of this study showed that Sentinel-2 MSI satellite provide new opportunities for 

mapping and monitoring of seasonal distribution of water hyacinth in open water systems.   

We conclude that: 

 The findings showed that the wet season had high coverage of water hyacinth than the 

dry season. 

 Sentinel-2 MSI with improved radiometric and spatial resolution managed to detect 

and map the seasonal distribution and spatial dynamics of water hyacinth in a river 

system. 

 The use of combined spectral bands and vegetation indices improved the detection 

and mapping of water hyacinth when compared to the use of these datasets as 

standalone predictor variables. 

Overall, the findings of this work provide new insights and critical on the usefulness of new 

generation sensors in monitoring aquatic water weeds and such findings can be key in 

decision making and policy development and draw remedial measures. 
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5. CHAPTER FIVE 

SYNTHESIS 

Remote Sensing of the spatio-temporal distribution of invasive water hyacinth in river 

systems 

5.1 Introduction 

The invasive aquatic weed, water hyacinth has been widely distributed throughout the 

tropical, subtropical and some warmer temperate regions of the world and has been 

categorised as problematic in freshwater ecosystems (Hill, 2003). Its rapid spread into 

freshwater ecosystems has the potential to destruct: aquatic life habitat, trap sunlight to 

penetrate through which results into killing of aquatic animals, obstructs navigation, impede 

recreation activities and reduces water quality (Shekede et al., 2008; Theel et al., 2008; 

Villamagna and Murphy, 2010; Schultz and Dibble, 2012). One of the critical tasks for 

proper management practices of invasive aquatic weeds is to understand their spatial extent 

and establish its severity. In this case, the accurate and estimation techniques that can 

precisely depict species information are required for mapping the spatial and temporal 

distribution and configuration of water hyacinth at a river scale. Although much has been 

done in mapping water hyacinth most of these studies focused on the snapshot analysis of 

water hyacinth distribution in large open waterbodies, such as dams and lakes, neglecting 

river systems. It is however, important to note that most of these rivers remain major primary 

water sources for the rural and small scale agricultural activities. Besides, the use of 

traditional methods suffered over time, due to lack of funding or limited logistics and 

instruments mandatory to harmonize research efforts (Zhang, 1998; Palmer et al., 2015).  

 

The use of satellite images e.g. MODIS, Landsat TM/ETM+ has been on the rise recently in 

mapping and monitoring the invasion of water hyacinth in different locations. These sensors 

are somehow challenged in accurate detection and mapping of water hyacinth especially in 

complex environments due to sensors spatial resolution which lead to pixel mixing. This has 

led to poor identification or mapping of species resulting in poor management efforts or 

strategies in place. The key information on the progress, spatial extent, as well as 

proliferation rates of water hyacinth remains scarce, due to the lack of resources and high-

resolution data (Shekede et al., 2008). However, the advancement in remote sensing recently 

i.e. Landsat 8 OLI and Sentinel-2 MSI with improved sensing characteristics as reported in 

biomass, Land use and water related studies provides new avenues for invasive species 

modelling (Carreiras et al., 2017; Veloso et al., 2017; Scharsich et al., 2017, Zhang et al., 
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2018; Toure et al., 2018; Yin et al., 2018). Therefore, new generation remote sensing is 

perceived to provide new opportunities for accurate detection, mapping and monitoring of 

aquatic weeds infestation in freshwater ecosystems at a local to global scale (Acklenson and 

Klemas, 1987). These sensors have improved sensors’ characteristics (time revisit, spectral, 

spatial and radiometric resolution), which assumed to provide reliable and accurate results in 

detecting, mapping and monitoring of water hyacinth in complex environments. Hence, 

objectives of the study were: 

1. To identify multispectral remote sensing variables that can optimally detect the spatial 

distribution of invasive water hyacinth in the Greater Letaba river system. 

2. To map the spatial distribution of invasive water hyacinth in the river over time. 

5.2.1 To identify multispectral remote sensing variables that can optimally detect the 

spatial distribution of invasive water hyacinth in the Greater Letaba river 

system.  

This work aimed at testing two robust push-broom multispectral sensors: Landsat 8 OLI and 

Sentinel-2 MSI in detecting and mapping the spatial distribution and configuration of water 

hyacinth in a river system. The obtained results demonstrated that the blue, red, RE 1, SWIR-

1 and SWIR-2 of both satellite datasets are the critical and outstanding spectral regions in 

detecting and mapping water hyacinth from other land cover types. Furthermore, the study 

showed that Sentinel-2 MSI outperformed Landsat 8 OLI, in detecting and mapping water 

hyacinth with the deficit of 9.66%. From the upper, mid and lower stream of the river system 

Landsat failed to accurately depict the spatial information of the species. Challenges results 

from the 30 m spatial resolution of the sensor and width of the river, which leads to mixed 

pixels or vegetation flush along the river system. In this regard, 10 m Sentinel-2 MSI with 10 

spectral bands used in this study and 5-day revisit enhanced the sensors’ capabilities in 

discriminating, detecting and mapping water hyacinth. The sensor’s accurate mapping 

promotes its potential for long-term or continuous observation and monitoring the 

proliferation of water hyacinth in freshwater system thus critical for proper water resources 

management.  

 

5.2.2 To map the spatial distribution of invasive water hyacinth in the river over time  

The growth rate and risks associated with water hyacinth are perceived to vary in most open 

water systems, due to climatic and seasonal variability, high recharge of sewage disposal 

from urban areas and nutrients through runoff, as well as anthropogenic activities among 



66 
 

other factors. However, little is known regarding the spatial distribution of water hyacinth in 

river systems and this makes management strategies to be complex. Use of single date spatial 

distribution information is not enough if these species are to be properly managed. This study 

therefore sought to detect and monitor seasonal distribution and variations of water hyacinth 

in Greater Letaba river system in Limpopo Province, South Africa, using multi-date 10 m 

Sentinel-2 MSI images. Sentinel-2 MSI offers several design features that may improve the 

classification accuracy of water hyacinth that can be mapped from multispectral satellite data. 

Findings demonstrated approximately 68.82% of the river system was infested with water 

hyacinth in wet and 28.34% in the dry season.  

 

5.3 Conclusion 

The main aim of the study was to map the spatio-temporal distribution of invasive water 

hyacinth in the Greater Letaba river system using remote sensing. Findings of this study 

highlighted the capabilities of multispectral remote sensing satellite imagery in terms of 

detecting and accurate mapping of water hyacinth. Based on the findings from objectives 

drawn in chapter 2, the following were obtained: 

 Two satellite sensors (Landsat 8 OLI and Sentinel-2 MSI) showed their capabilities in 

terms of detecting, discriminating and mapping of water hyacinth in a rivers system. 

The 10 m Sentinel-2 MSI with improved spectral and spatial resolution however 

outperformed Landsat 8 OLI in mapping the distribution of water hyacinth.  

 Remotely sensed derived variables demonstrated that, the use of integrated dataset 

(spectral bands plus vegetation indices) can improve water hyacinth classification 

accuracy than the use of these derivatives as independent dataset. 

 Water hyacinth was found to be pronounced in the in wet season than in dry season. 

In wet season, water hyacinth covered a surface area of 68.82% and 28.34% in dry 

season.  

 

5.4 Recommendations 

The results obtained in the present study, provide insight in understanding the spatial 

distribution of water hyacinth and promote the utility of remote sensing to water or aquatic 

related scientists. These results provide new insights in remote sensing developments and 

their potential application in aquatic invasive species mapping in small water bodies- a 

previously challenging task with broadband multispectral sensors. There is therefore a need 
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to shift towards the use of freely and readily available sensors with improved sensors 

characteristics. This study suggests the following recommendations for future research: 

1. There is a need to map different water hyacinth species in the rivers instead of treating 

them as one species.  

2. There is a need to determine the amount of water used by different water hyacinth 

species over time, this information will help to prioritize their removal and control 

strategies. 

3. Although the study showed the capability of the sensors in accurate mapping of water 

hyacinth using new generation sensors, it will be of importance for future research to 

further estimate the amount of water loss from these species. 

4. It is advisable for future research to studies determine the drivers of infestations. The 

information will be critical in understanding the environmental factors which favour the 

spread of water hyacinth and reduces freshwater quality. 

5. Future studies need to explore the potential of detecting other pre-visual physiological 

indicators of vegetation stress such as chlorophyll Florence and leaf water content 

using remote sensing. 

6. Furthermore, there is a need to study species nutrient enrichment.  

7. Lastly, there is a need to explore the use of weevil as a biocontrol measure in causing 

damage on water hyacinth.  
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