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Abstract 

 

Natural vegetation plays a significant role in global climate since it is involved in fluxes of solar 

radiation, CO2 sequestration, hydrological cycle. However, over the past few decades, there has been 

massive changes when it comes to both natural vegetation and cropland cover at regional and 

continental scales under the global changing which makes it very crucial to map and assess vegetation 

conditions across landscapes. Nevertheless, vegetation mapping using remotely sensed data comprises 

of many procedures, and approaches. Fortunately, there has been swift improvements in remote sensing 

technology as well as increased data availability which increases the accessible pool of data. Different 

sources of remotely sensed data are distinguished by their unique spectral, spatial, and temporal 

characteristics which can be utilized to serve the purpose of vegetation mapping such as vegetation 

health. This study aimed to map the health of indigenous vegetation within Luvuvhu River Catchment 

(LRC). This was achieved through (i) discrimination of croplands from natural vegetation across 

Luvuvhu River Catchment; (ii) the estimation of natural vegetation leaf water content, and (iii) the 

prediction of foliar nitrogen concentration using Sentinel-2 imagery. The study the used the normalized 

difference vegetation (NDVI) to map all vegetation in the study area using a threshold of > 0.2. The 

maximum likelihood classifier was then used to classify between two vegetation types which are 

croplands and natural vegetation. The maximum-likelihood classification results (n = 164) showed that 

about 331 602, 477 hectares (ha) of the catchment is covered with vegetation. The study achieved an 

overall accuracy of 98.41% and a KHAT of 0.949. Additionally, the study compared the capability of 

narrowband (red-edge centred), broadband and the combination of both broadband and narrowband 

derived vegetation indices to estimate vegetation leaf moisture content across Luvuvhu River 

Catchment (LRC). A stepwise linear regression model was used for modelling of vegetation leaf 

moisture content. The results showed that the combined vegetation indices model outperformed other 

models with R2 = 0.54 and RMSE = 0.085 g/cm2 while the narrowband achieved R2 = 0.48 and RMSE 

= 0.097 g/cm2, and finally, the broadband vegetation indices achieved R2 = 0.24 and RMSE = 0.096 

g/cm2. Through stepwise regression, the study concluded that the combined vegetation indices 

outperformed the other pair of models.  As a result, its coefficients were utilized to produce thematic 

maps showing the distribution of vegetation leaf moisture content across the study area using multiple 

linear regression in ArcGIS. Finally, the study made use of three different categories of spectral indices 

to fulfil its objectives. Narrowband, broadband, and combined spectral indices based on Sentinel-2 data 

were subjected to stepwise regression on R studio software to determine which category of spectral 

indices is more efficient in estimating plant nitrogen concentration. Results have shown that combined 

spectral indices performed better with R2 = 0,69, RMSE = 0,47% and MAE = 0,38%, followed by 

broadband spectral indices with R2 = 0,44, RMSE = 0.65% and MAE = 0,48%, and the last category is 

narrowband spectral indices with R2 = 0,35, RMSE = 0.81% and MAE = 0,65%. The coefficients of the 
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best performing model obtained from stepwise regression were used to compute multiple linear 

regression on QGIS to produce a map showing the concentration of plant nitrogen across the study area. 

The findings of this study suggest that the use of remotely sensed data effectively discriminated the 

afore-mentioned classes and allow automated extraction of features as well as being effective when it 

comes to data processing, cost reduction, and accuracy assessment. Thematic maps such as the ones 

produced in this study are fit for land cover change and large-scale modelling and can be utilized as 

reference point for further exploration. 

 

Keywords: Vegetation cover, Sentinel-2, spectral indices, maximum likelihood classifier, Vegetation 

leaf water content, broadband, narrowband, stepwise multiple regression, plant nitrogen. 
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CHAPTER ONE: INTRODUCTION 

 

1.1 Background of the study 

 

Terrestrial vegetation is the main element of the Earth’s climate system, as it influences fluxes of solar 

radiation, water, and occurrence of gases and their processes in the atmosphere (Hikosaka et al., 2016). 

It also holds a prominent place in the biosphere, not only by producing biomass, but also by the role it 

plays in assisting to understand global climatic change (Lemaire et al., 2005). Vegetation is one of the 

major sources of raw material for industrial use, fuel, and other ecosystem services (Schneider-Binder, 

2017). Vegetation biochemistry and biophysical variables are used to assess the health of vegetation 

including vegetation stress that may be triggered by drought and other climatic factors. They are also 

vital in monitoring how vegetation responds to fluctuations associated with climate change as well as 

assisting in the construction of climate and ecological models (Croft et al., 2014). These natural and 

anthropogenic activities influence perpetual changes in vegetation cover across the world.  

Over the past few decades, there has been a massive change in vegetation cover in the study area 

(Dagada, 2017). These changes are observed on both indigenous vegetation and cropland cover due to 

population growth, climate change and since natural vegetation have been converted subsistence, 

commercial farmlands, cleared for firewood and settlements (Griscom et al., 2010). Deforestation 

negatively affects the hydrological cycle which leads to soil erosion, high rate of baseflows if the 

capacity of the soil to infiltrate water persists (Brooks et al., 2009). Another issue of great concern is 

the report that different parts of the world are frequently experiencing extreme heat stress events (Wang 

et al., 2008). Luvuvhu River Catchment is also one of those areas that are greatly affected by extremely 

high daily temperatures (Dagada, 2017). Such record-breaking high temperatures are reported that they 

will significantly have influence on ecosystem processes and carbon (C) cycling (Cox et al., 2000). 

Therefore, it is vital for us to develop programs that conserve and restore vegetation since they will 

provide us with up-to-date vegetation cover status (He et al., 2014). It is also critical to have methods 

that assist with the early detection of plant water stress to understand forest fires, vegetation diseases as 

well as defoliation as a result of leaf water and nutrient deficiency (Meentemeyer et al., 2008). 

There is a large pool of studies on the estimation and mapping of vegetation biophysical and 

biochemical parameters (Zhang et al., 2021; Zhou et al., 2022; Dimitrov et al., 2019). Conventional 

approaches to monitor and assess vegetation cover, vegetation health and other aspects have been 

employed in the past. However, they are not effective when it comes to readily data provision at a large 

scale because they are labor-intensive and often too costly. The need to understand the state and how 

vegetation functions has resulted in the advancement of many different earth observational instruments 

and modelling methods (Hikosaka et al., 2016). Over the past decades, remote sensing has been a central 



2 
 

part of efforts to address many environmental problems since satellite and airborne instruments have a 

larger spatiotemporal scale (Hikosaka et al., 2016). The developments of remote sensing have gone 

through many changes in terms of instrument design, accuracy, consistency, and the ability to process 

complex datasets (Lynch, 2008). Satellite-based remote sensing platforms have a number of advantages 

such as high spatial resolution which offer an ability to obtain long-time data series which are consistent 

and comparable at a lower cost (Foley et al., 2006). Furthermore, sensors such as Landsat 7-8 and 

Sentinel-2 satellites offer free access to remotely sensed data. However, Landsat and MODIS have 

problems related to mixed pixels, which are 30 m2 for Landsat and 500 m2 for MODIS. The other 

problem has something to do with their obit period which is 16 days for Landsat and 26 days for SPOT 

(Cheng et al., 2016). More recently, satellites with higher resolution and short orbit period such as 

Sentinel-2, WorldView-2 and 3 have been developed (Hikosaka et al., 2016). 

Remote sensing of vegetation is mainly performed by obtaining the reflectance information from 

canopies using passive sensors. It is well known that the reflectance from plants changes with plant 

type, water content within the leaf tissues, and other intrinsic factors (Chang et al., 2016). The 

reflectance from vegetation to the electromagnetic spectrum (spectral reflectance or emission 

characteristics of vegetation) is determined by chemical and morphological characteristics of the surface 

of leaves (Zhang et al., 2012). Vegetation emissivity of plant canopies has been well studied using the 

near and mid infrared regions (Foley et al., 2006). Many plant characteristics besides growth and vigour 

quantification such as water content, pigments, sugar and carbohydrate content, and protein content 

among others can be easily extracted using indices from the near and mid infrared (Batten, 1998). Many 

studies have formulated various spectral indices for vegetation monitoring such as Normalised 

difference vegetation index (NDVI), crop water stress index (CWSI), normalized difference water index 

(NDWI), ratio index (Jiang et al., 2010). However, in light of recently launched sensors such as 

Sentinel-2, there has been new VI’s due to additional red-edge bands (Hoffmann et al., 2015). The use 

of red-edge section in a spectral index (i.e., NDRE, or normalized difference red edge index) instead of 

red band normally displays changes in plant pigment (Gitelson and Mezalyak, 1994). There are a 

number of considerations when formulating simple spectral indices, however, they remain the simplest 

and most effective way to assess vegetation health status (Hikosaka et al., 2016).  

In light of this background, the study aims to map indigenous vegetation health in the Luvuvhu River 

Catchment using Sentinel-2 data. To achieve this main objective, the study has the following specific 

objectives: 

i. Map the area covered by vegetation in Luvuvhu Catchment Area, and 

ii. Distinguish between the area covered with indigenous vegetation and croplands. 

iii. Mapping of indigenous vegetation leaf water content using Sentinel-2 data 

iv. Mapping of the indigenous plant nitrogen concentration through Sentinel-2 data 
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1.2 Research outline 

 

This thesis consists of five chapters. These chapters are General Introduction, three analysis chapters 

and the synthesis chapter. In each analysis chapter, the research objectives (i - iv) have been addressed. 

Chapter two discriminated indigenous vegetation from agricultural vegetation in Luvuvhu River 

Catchment using Sentinel-2 imagery. Chapter three evaluated vegetation moisture within the study area. 

Chapter four estimated and mapped plant N for the indigenous vegetation within the Luvuvhu River 

Catchment. This thesis was concluded with Chapter five (synthesis) where the findings of each research 

objective are presented and summarized. Chapter five ends with an outlook and suggestions for future 

research. 

 

1.3 General methodology 

 

The study used Sentinel-2 imagery to map the area covered by vegetation in Luvuvhu River Catchment 

using the < 0.2 threshold for NDVI, and the results were used to discriminate croplands and natural 

vegetation by the use of maximum likelihood classifier. The study then used data collected from the 

field with remotely sensed data to estimate vegetation leaf water content by employing different sets of 

vegetation indices and the use of stepwise regression to find the best model suitable for the task. Lastly, 

this study estimated plant nitrogen (N) concentration across the study area using the same Sentinel-2 

data and another set of vegetation indices and stepwise regression to find the model fit for the task. 
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CHAPTER TWO: DESCRIMININATING CROPLANDS AND INDIGENOUS VEGETATION 

WITHIN LUVUVHU RIVER CATCHMENT USING SENTINEL-2 IMAGERY 

 

Abstract 

 

Luvuvhu River Catchment (LRC) consists of a variety of vegetation types ranging from natural 

vegetation to croplands. Over time, there has been enormous change in the catchment due to increased 

human population growth, built-up areas and clearing up of natural vegetation for agricultural purposes. 

Quantifying the proportion of natural vegetation to the total vegetation in the Luvuvhu catchment is 

important for understanding hydrological and nutrient flows. This study aimed to quantify the extent of 

natural vegetation cover using remote sensing techniques in the Luvuvhu catchment. We used the 

normalized difference vegetation (NDVI) to map all vegetation in the study area using a threshold of 

NDVI >0.2. The maximum likelihood classifier was then used to classify between two vegetation types 

which are croplands and natural vegetation. The maximum-likelihood classification results (n = 164) 

showed that about 331 602, 477 hectares of the catchment is covered with vegetation. Land cover maps 

of LRC containing two classes were created with the aid of Sentinel-2 imagery using the maximum-

likelihood classifier supervised classification. The study achieved an overall accuracy of 98.41% and a 

KHAT of 0.949. The use of remotely sensed data effectively discriminated the afore-mentioned classes 

and allow automated extraction of features as well as being effective when it comes to data processing, 

cost reduction, and accuracy assessment. Thematic maps such as the ones produced in this study are 

suitable for land cover change detection and largescale modelling and can be utilized as a reference 

point for future research. 

 

Keywords: vegetation cover, NDVI, Maximum likelihood classifier, Sentinel-2  
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2.1. Introduction 

 

Vegetation covers almost one-third of the terrestrial surface of the Earth (Chu, 2020) and plays an 

essential role in the connections between the earth’s atmosphere, hydrosphere, and continental surface 

(Lemaire et al., 2005). It is mostly considered as a vital indicator that has a significant impact on 

biodiversity, ecological processes as well as a critical medium in water and energy balance, carbon 

cycling and so on (Fan et al., 2009). It holds a prominent place in the biosphere, not only by producing 

biomass, but also by the role it plays in assisting to understand global climatic change (Lemaire et al. 

2005). Vegetation is one of the major sources of raw material for industrial use, fuel, and other 

ecosystem services (Schneider-Binder, 2017). 

On the other hand, vegetation biochemistry and biophysical variables are important in indicating the 

health of vegetation as well as vegetation stress that may be triggered by drought and other climatic 

factors. It is also vital to monitor how vegetation responds to fluctuations associated with climate change 

as well assisting in the construction of climate and ecological models (Croft et al., 2014).  Considering 

the variety of vegetation parameters which include leaf nitrogen (N), chlorophyll (Chl) content and leaf 

area index (LAI) are of prime importance (Darvishzadeh, 2008; Houborg et al., 2007). For example, N2 

is one of the most crucial elements which has an enormous influence on how plants survive and the 

extent to which crops yield (Zhou and Mmelink, 2016). Appropriate nitrogen ratios are crucial to both 

biochemistry and biophysical characteristics of plants which influence vegetation health (Zhou et al, 

2016; Clevers and Kooistra, 2012). There is a distinct relationship between leaf Chl and N (Jia et al., 

2018). Chl content has long been utilized as a supplementary means to understand leaf N content and 

served as a guide on how much fertiliser should be applied as well as in estimating crop yields (Jia et 

al., 2018). Physiologically, leaf Chl can be used as a vegetational health indicator because it is sensitive 

to various environmental stress and interferences such as drought and heat (Zhu et al., 2019; Houborg 

et al., 2012). LAI has been used to validate vegetation physiological status and health, and has been 

long-established for vegetation biomass accumulation, and the extent to which a plant can 

photosynthesize, and its production rate (Mingzhu et al., 2019; Boegh et al., 2002). 

However, over the past few decades, there has a been massive change in both natural vegetation and 

cropland spatial coverage at regional and continental scales (Schneider-Binder, 2017. Consequently, 

due to population growth, areas that were covered by natural vegetation have been converted to places 

of residence, some cleared for firewood, agricultural fields (commercial and/or subsistence farming as 

well as grazing land). Exponential population growth leads to increased crop production to avoid 

malnutrition and starvation which brings about drastic reduction in natural vegetation cover (Mishra et 

al., 2021). Many scholars have indicated that massive vegetation clearing which is associated with 

expansion of croplands to cater the perpetual increase in human population is of concern (Koning et al., 
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2011).  However, this socio-environmental problem is yet to be solved (Koning et al., 2011). Literature 

reports that if farmers can maximize the potential of the land which is already converted to croplands 

they can still produce more while conserving the virgin land (Estel et al., 2016). Deforestation can also 

lead to high rate of baseflows if the capacity of the soil to infiltrate water persists (Brooks et al., 2009). 

However, if land-use practices that take place after vegetation clearing leads to reduced infiltration and 

influence soil erosion will result in low groundwater recharge (Griscom et al., 2010). Therefore, for us 

to develop programs that conserve and restore vegetation it is of utmost importance to acquire up-to-

date vegetation cover status (Yichun et al., 2008; He et al., 2005).  

Hence, comprehensive studies of vegetation cover change are very critical since it serves many purposes 

such as assisting in understanding spatial and temporal distinction that forms part of terrestrial 

ecosystem (Forkour, 2014). Vegetation mapping and classification is a very crucial task that ecologists 

are faced with for the reason that vegetation supports all living organisms and takes a very critical part 

in regulating climate change and influencing global CO2 sequestration (Xie et al., 2008). Therefore, it 

is very important that we understand the present state of vegetation cover, so that vegetation protection 

and restoration may be initiated (He et al., 2005). Studies have advised that vegetation cover maps 

should be updated continuously to improve environmental assessment (Yichun et al., 2008; Knight et 

al., 2006). Conventional approaches were often employed in the past to assess and monitor vegetation 

cover and vegetation health; however, they are not effective when it comes to readily data provision at 

a large scale because they are labor-intensive and often too costly. 

The progress made in satellite remote sensing technologies brought complete change to approaches that 

were previously used to assess natural (forest, water bodies, etc) and human resources. This 

development enables the feasibility to assess landscapes more frequently, more accurately (Jucker et 

al., 2017). The freely available remotely sensed data from Sentinel-2, have since its launch and 

provision, played a significant part in assessing natural resources and several ecosystem processes (Phiri 

et al., 2020). The great impact of freely accessible data is seen more in developing and underdeveloped 

countries where it is still difficult to access the remote sensing data (Phiri et al., 2020). Sentinel-2 data 

has been used to distinguish different types of crops and indigenous vegetation species (Immitzer et al., 

2016) and recognition of water bodies (Du et al., 2016). In regions where vegetation is vastly influenced 

by seasons like the subtropical regions with distinct rainy and dry seasons, it is crucial to use intra-

seasonal reflectance (Sedano et al., 2019). 

However, there are uncertainties associated with land cover classifications based on remote sensing 

data when it comes to the extent and spatial distribution of cropland in most rural areas across the world 

due to small-scale subsistence farming which overlaps with natural vegetation (Cord et al., 2010). 

Nevertheless, over the years, there has been remarkable improvement when it comes to the depiction of 

farmlands in West Africa by means of the newly established and moderate resolution sensors such as 
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PROBA-V and Sentinel-2 (Larmbert et al., 2016). Whereas other scholars have used different active 

sensors that have multi-temporal optical reflectance which can detect and distinguish land cover over 

the landscape such as Synthetic Aperture Radar (SAR) (Schulz et al., 2021).  

There are a number of classifiers that have been established and utilized to create land use and land 

cover maps. These classifiers have distinct performance which is influenced by their unique response 

to input data, definition of reference classes and conditions of the environment (Schulz et al., 2021). 

Furthermore, depending on geographic location, a classifier that worked in a particular environment 

may not produce desired results if used at another geographic location. Hackman et al. (2017) tested 

various classifiers such as Maximum Likelihood Classifier (MLC), Random Forest (RF), Support 

Vector Machine (SVM) and Decision Tree classification in Ghana for land cover classification and 

found that MLC outperformed other classifiers within that environment with 82.6% overall accuracy. 

A study by Yesuph and Dagnew (2019) indicates that MLC also reported high accuracies while other 

researchers found that SVM or RF performed better compared to MLC (Talukdar et al., 2020), 

particularly with several input datasets used together (Schulz et al., 2021). Classification error can be 

reduced by taking advantage of different classifiers depending on their strength and/or merging various 

classifiers to create a collective map with better results (Bullock et al., 2020). A study by Nzabarinda 

et al. (2021) reported that there are persistent significant changes that have taken place over the past 

few decades when it comes to land cover and land use. These changes have a negative effect on 

vegetation cover and on the sustainable development associated with natural resources such as 

indigenous vegetation. Therefore, in this chapter, this study sought to achieve the objectives below:  

i) Map the area covered by vegetation in Luvuvhu Catchment Area, and 

 ii) Distinguish indigenous vegetation from croplands. 
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2.2. Material and methods 

 

2.2.1 Description of the study area 

 

The Luvuvhu River Catchment is located in the northeastern region of Limpopo province, South Africa 

as shown in Figure 2.1. The catchment is situated between the latitudes 220 17’ 33’’ S and 230 17’ 57’’ 

S and longitudes 290 49’ 46’’ E and 310 23’ 32’’ E. The Luvuvhu Catchment Area covers an area of 

approximately 331 602, 447 hectares with an elevation in the catchment ranging between 200 to 1,700 

m resulting in shallow storage dams that are exposed to excess evaporation due to large water surfaces 

(Odiyo et al., 2012). The catchment is also characterized by topographic features such as the 

Soutpansberg mountain range on the eastern side of the catchment. This topographic feature rises to a 

height of approximately 1 700 m above mean sea level prior to reaching the low-lying surface of the 

Limpopo River Valley (Kundu et al., 2013). The landscape in other parts of the catchment has a mean 

ridge height of about 800 - 1 200 m while some places within the catchment whereas other parts of the 

catchment reach a peak above 1 500 m (Singo et al., 2012; Kundu et al., 2013). 

 

 

Figure 2.1 Location of the Luvuvhu River Catchment within Vhembe district municipality in South 

Africa. 
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Precipitation in the catchment is influenced by orographic uplift due to the east-west orientation of the 

Soutpansberg mountain range, where warm moisture is blown from the Indian Ocean and result into 

precipitation of about 1 200 mm to 1 500 mm/year in the forested mountain headwaters (Shongwe, 

2007). The slope gradient then drops rapidly into semi-arid forest and bushland which receives only 

200 mm to 600 mm/year (Singo et al., 2012). Within the catchment, the Soutpansberg mountain range 

influences massive differences in topography, and height fluctuations over short distances resulting in 

dramatic climatic variance within the LRC (Volenzo and Odiyo, 2018). LRC has a subtropical climate 

with distinct wet summers with regular and severe rainfall. From November to March, the area receives 

rainstorms followed by a dry winter with little precipitation from April to October. 

High temperatures influence the gradual increase in evaporation rates within the study area ranging 

between 1400 mm and 1900 mm/year (Nethononda, 2018). Climates have a significant impact on the 

vegetation type of a particular area, especially the length of wet seasons (Dagada, 2017). An estimated 

area of 168 km2 within the LRC is covered by vegetation of which the upper reaches of the catchment 

are dominated by alien vegetation (Nare et al., 2011).  

Land use within the study area is comprised of conservation areas, commercial forestry, rangeland, 

urban and rural settlement, commercial dryland agriculture as well as commercial irrigation agriculture 

(Hope et al., 2003). Kruger National Park (KNP) is South Africa’s foremost eco-tourism attraction 

which dominates the eastern part of the LRC (Griscom et al., 2010). The north-eastern part of the 

catchment is dominated with rural settlements; however, the north-eastern part of the catchment is the 

driest (Griscom et al., 2010). Irrigation farming practices within the LRC are the biggest consumer of 

Luvuvhu freshwater.  

 

2.2.2 Field data collection 

 

Fieldwork was conducted during summer early December 2021 between the 2nd and the 11th using 

stratified random sampling. The study region had both broadleaf and needle leaf plant species and their 

distribution differed throughout the study area. To integrate various plant species and canopy structures, 

dominating species within the sampled points only, were considered in this study. However, other plant 

species around the sampled points were also taken into consideration to supplement plant data collected. 

A total of 168 sampling points were generated and spread out within the study area with at least 2 km 

between the points to minimize pixel overlapping on satellite imagery. 82 points accounted for 

indigenous vegetation while 82 points account for cropland data, the latter collected randomly from 

Sentinel-2 10 m spatial resolution image composite. A total of 60% (𝑛𝑛 = 98) of data was randomly 
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selected as training data and 40% (𝑛𝑛 = 66) was used for validation, this rational discrepancy between 

the output values and the validation set will improve the integrity of the model while a large difference 

may nullify the model. The calibration data set was used for training the maximum likelihood classifier. 

The classification technique was assessed using the validation data set. Leica GPS 1200 (Leica 

Geosystems AG, Iteerbrugg, Switzerland) was used to record coordinates at the center of each plot an 

accuracy of approximately 3m. At each sampled point, depending on its heterogeneity, one dominating 

overstory plant species was selected for sampling. Each sample composed of five leaflets was collected 

from the sunlit branches of the exact sampled trees.  

 

2.2.3 Satellite data collection 

 

Satellite images from Sentinel-2 were downloaded from (https://scihub.copernicus.eu/) between 02 

December and 09 December 2021 for image classification. In 2015 and 2017, a pair of Sentinel-2 

satellites were launched. The launch of Sentinel-2A in 2015 and Sentinel-2B in 2017 has improved the 

remote monitoring of land surfaces and assessment of vegetation variables (Gitelson et al., 2014). 

Sentinel-2 provides data at an unprecedented spatial and temporal resolution (Frampton et al., 2013). 

Both Sentinel-2A and Sentinel-2B satellites have Multi-Spectral Imager (MSI) with a swath width of 

290 km and offer remotely sensed data in 13 spectral bands from the visible and near-infrared region to 

the shortwave infrared region, of which four bands are at 10 m, six bands at 20 m and the remaining 

three bands at 60 m spatial resolution (Xie et al., 2019; Richter et al., 2019). 

 

2.2.4 Image differencing and thresholding  

 

The NDVI was computed using the sentinel-2 data. The thresholding and differencing were done 

through Esri, ArcGIS ArcMap, the tool which was employed is the raster calculator, as stated above 

that the best value for identifying healthy vegetation starts from 0.2 hence (NDVI=>0.2) (Badamasi and 

Yelwa, 2010). The study used the NDVI threshold of 0.2 because any threshold below that does not 

indicate the presence of healthy vegetation if there is vegetation at all. In the raster calculator, the 

following formulae was used to extract the DN value of the selected threshold value Con 

("NDVI_img" >= threshold, "NDVI_img"). After the results have been obtained from the formula, 

the raster was then reclassified into two main classes which are non-vegetation and those which are 

Vegetation. The reclass raster was then converted to a polygon shapefile where it was renamed as “VEG 

ALL.shp”. The converted “VEG ALL.shp” file was then again altered in ArcGIS feature class tool 

editor, removing all the non-vegetation, in which the non-Vegetation were having the NDVI values of 

less than 0.2, were removed from the shapefile. The remaining was then used as the main vegetation 

https://scihub.copernicus.eu/
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shapefile layer. A Tool in ArcMap called the composite band tool was then used to compile or stack the 

images together to form one single major band image of the entire sentinel bands, and the composite 

band raster was then renamed to image.tif, after the “VEG ALL” shapefile was then used to crop or 

extract the composite band image, to produce results which were renamed to S2Image_VEG.tif. 

 

2.2.5 Vegetation cover mapping and validation 

 

Vegetation cover mapping was executed using a maximum likelihood classifier.  The MLC is based on 

the Bayes’ theorem which has assumptions that cell values of each reference class are normally 

distributed (Schultz et al., 2021). Mean values and covariance matrix are used to describe each reference 

class and each reference class is allocated by reducing a covariance-weighted gap among the reference 

cluster and the chosen pixel value (Schultz et al., 2021). In this study, we used MLC implemented in 

ESRI ArcGIS 10.7. Remote sensing applications have high computational performance, classification 

accuracy as well as the capacity to operate at largescale characterized by diverse feature spaces using 

fairly few training samples (Muller et al., 2015; Rogan, Rodriguez-Galiano et al., 2012). In this study, 

98 (60%) of sampling points generated during the field work were randomly selected for model 

calibration. A very high-resolution Sentinel-2 imagery was used to classify training points. In cases 

where there was confusion, the labelling was conducted in favor of natural vegetation since it was the 

dominant and mixed vegetation class in the catchment. 2 km was set as a minimum distance criterion 

to reduce spatial clustering of training points and related autocorrelation. The remaining (𝑛𝑛 = 66) points 

(40%) were used to validate the accuracy of the model as shown on Table 2.1. 

 

Table 2.1 A number of training and validation samples for each land cover class 

 

Class Training samples Validation samples 

Indigenous vegetation 49       33 

Croplands 49       33 

Total 98       66 
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2.3. Results 

 

Figure 2.2 shows the occurrence of indigenous vegetation across sampled points.  

 

 

Figure 2.2 The occurrence of sampled indigenous vegetation species 

 

2.3.1 Vegetation cover 

 

Vegetation mapping using optical remote sensing is very common and NDVI is the most broadly 

utilized approach (deFries et al. 1995; Xie et al., 2008). NDVI is one of the most used spectral indices 

in vegetation mapping due to the high reflectance of vegetation in the near-infrared and high reflectance 

in the visible red (Xie et al., 2008). The distinction between near-infrared and visible red can be used 

to assess vegetation cover and health status. Moreover, NDVI provides a good indication of the 

vegetation ‘greenness” since it correlates well with photosynthetic activity (Wang et al., 2007). The 

range of NDVI is between -1 to 1. Therefore, areas that have high vegetation cover have the value to 1 

while non-vegetated areas are close to 0 (and negative for within water bodies) (Bdamasi and Yelwa, 

2010). Areas of barren rocks and water could be represented by NDVI values of 0.1 or lower while the 

NDVI values between 0.2 and 0.5 indicate sparse vegetation covers. Areas with dense forest typically 

have high NDVI reflectance with values ranging between 0.6 to 1 (Turner et al., 2013). This study used 
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Sentinel-2 imagery to apply the NDVI algorithm in mapping the area covered with vegetation within 

the LRC. 

 

Near-infrared and visible red reflects in band 8 and band 4, respectively in the Sentinel-2 sensor. 

Therefore, we determined the NDVI values using the formula (1) below: 

                                               𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = (𝐼𝐼𝐼𝐼− 𝐼𝐼)
(𝐼𝐼𝐼𝐼+𝐼𝐼)

                                                               (1) 

where IR is near-infrared band and R is red band. 

 

The use of NDVI over the area of interest, LRC has depicted the results shown in Figure 2.3 

 

Figure 2.3 The NDVI distribution across the LRC. 

 

2.3.2 Vegetation classification 
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Figure 2.4 displays the vegetation cover map created for the LRC using Sentinel-2 imagery and shows 

that the most abundant vegetation cover across the catchment is classified as natural vegetation while 

the other portion of vegetation cover is classified as croplands. Grassland woodland, bushland and 

thickets dominate indigenous vegetation cover in LRC (Griscom et al., 2010). It is noted with great 

concern that the area covered with natural vegetation within the study areas has been decreasing over 

the years in the catchment. This is greatly owed to land conversion into agricultural land to suit the need 

of the growing population.  

 

Figure 2.4 Vegetation type distribution 

 

Table 2.3 Pixel count error matrix 

 

Class name                                 Indigenous Vegetation    Croplands          Total                            

Indigenous vegetation                                  3 595       30                        3 624 

Croplands                                               276                    15 275           15 551 

Total                                                            3 870       15 305           19 175 

User’s accuracy (%)                                  99.17                                                                                 
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Producer’s accuracy (%)                     99.23 

Overall accuracy (%)                                  98.41 

Kappa hat classification                                  0.949                                                                                  

 

Figure 2.5 The distribution of validation points across the LRC. 

 

2.4 Discussion 

 

The aim of the current study was to map the areas covered with vegetation within the LRC in the 

Limpopo province, thereafter, distinguish agricultural vegetation from indigenous vegetation. This 

study obtained an overall accuracy of 98.41% for vegetation cover mapping. This accuracy is within 

the range reported for subtropical environments which forms part of our study area, and these results 

are similar to the observations by Griscom et al. (2010). As recorded by Landis and Koch (1977), the 

study recorded KHAT of 0.949 which is almost “perfect”. The KHAT value makes the vegetation cover 

map satisfactory for the determination of inputs to vegetation cover classification, vegetation cover 

change analyses, ecological management, and coarse-scale hydrological modelling. Vegetation cover 

maps play a crucial role for variety of application, however, mapping vegetation at a large scale within 

heterogeneous ecosystem such as LRC in Limpopo province still comes with a number of challenges 
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since there is still a huge inconsistency when it comes to vegetation cover maps. Nonetheless, 

improvement in remote sensing, increased free access to satellite imageries and means to compute 

remotely sensed data have made it feasible to generate high-resolution vegetation cover products of 

large geographic areas. Information obtained from remotely sensed data can be utilized for monitoring 

terrestrial variations and trends which are influenced by climate variation, global climate change, 

environmental phenomenon, and human activities that influence the way that the ecosystem functions 

(Griscom et al., 2010). 

 

This study used data from Sentinel-2 imagery to map vegetation cover in the LRC. Sentinel-2 products 

have been widely used with remarkable results when it comes to vegetation health assessment as it can 

be applied to a variety of applications including mapping of the vegetated area, establishing boundaries 

between variety of vegetation types such as croplands and natural vegetation (Adjognon et al., 2019; 

Phiri et al., 2020). Sentinel-2 imagery can also be used to monitor the production of crops, nutrient 

content as well as the health status of vegetation (Phiri et al., 2020). A study on a global project by Fan 

et al., (2020) that involved a number of African countries such as Burkina Faso, South Africa, Morocco, 

and Madagascar reported on the effectiveness of using Sentinel-2 data for both small and large-scale 

farming. These studies range from small scale monitoring (i.e., field-level) to continental level. 

Sentinel-2 data has been widely used for real-time agricultural monitoring since there is a high demand 

for information for agriculture production. 

 

There are a number of spectral indices derived from remote sensing which are used to detect areas 

covered with vegetation and their health status, and amongst them, NDVI remains the one that is often 

used by researchers. NDVI is one of the most used spectral indices for vegetation mapping due to high 

reflectance of vegetation in the near-infrared and high reflectance in the visible red (Xie et al., 2008). 

The distinction between near-infrared and visible red can be used to assess vegetation cover and health 

status. NDVI provides a good indication of the vegetation ‘greenness” since it correlates well with 

photosynthetic activity (Wang et al., 2007). As shown in Figure 2, northern-eastern and southern central 

parts of the catchment recorded lower NDVI values compared with the rest of the catchment (Turner et 

al., 2013). Across those areas, large proportion of land has been converted from natural vegetation to 

several land-use activities which influence the values of NDVI across the catchment. There has been 

exponential growth in population within the catchment which resulted in large areas being converted to 

places of settlements and other infrastructural developments. Moreover, communities within the LRC 

are among the most disadvantaged communities in the country, where most people are still heavily 

relying on nature for service provision such as fuelwood for energy. There is a persistent propensity of 

cutting firewood for sale to upmarket areas. This is one of the extensive human activities behind the 

high rate of conversion from vegetated land to sparsely vegetated or bare land observed across the 

catchment, followed by land conversions to croplands and small-scale mining (sand and gravel). 
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In disparity, the north-western and south-western parts of the catchment are heavily characterised by 

dense natural vegetation, subsistence farming crops and commercial cultivation land uses recorded 

higher NDVI compared to the north-eastern and southern parts of the catchment. Good vegetation health 

found in the northern parts of the catchment is influenced by slope and nutrient-rich soil as well as deep 

rooting which enables plants to draw underground water. Croplands in the south-eastern part of the 

catchment have contributed to higher NDVI values recorded in the areas since there is supplementary 

water supply within the farms (Turner et al., 2013). Commercial farming is dominant near Albasini dam 

and along the Levubu farming district and some parts of Tshakhuma while small-scale farming is also 

spread out across the catchment especially along the riverbanks where the soil is fertile. Low-lying areas 

along the riverbanks within the catchment are utilized for agricultural activities due to flat fertile land 

easier access to water resources. A variety of fruits such as avocadoes, mangoes, bananas, and 

macadamia are intensively produced along the Soutpansberg mountain range, this is influenced by high 

rainfall recorded in the area. There has been devasting land clearing for agricultural activities, 

settlements as well as firewood harvest in areas that are not protected, this also affect the state of rivers 

within the catchment (Hope et al., 2004). Human impact on the landcover is observed with synchronous 

changes on vegetation cover and use. Some areas within the catchment area experience poor land use 

where natural vegetation is being cleared or it has been removed, thus increasing soil erosion. 

NDVI on its own cannot efficiently distinguish the entire collection of plant communities. This was 

realised during the use of NDVI to map vegetation since some of the croplands were giving similar 

NDVI values as natural vegetation within the same landscape making it impossible to separate them on 

a spectral basis (Turner et al., 2013). Therefore, optical data from Sentinel-2 was classified using the 

MLC implemented in ESRI ArcGIS 10.7 for land cover classification of the LRC heterogeneous 

landscape. The MLC is based on the Bayes’ theorem which has assumptions that cell values of each 

reference class are normally distributed (Schultz et al., 2021). Mean values and covariance matrix are 

used to describe each reference class and each reference class is allocated by reducing a covariance-

weighted gap among the reference cluster and the chosen pixel value (Schultz et al., 2021). The 

classified Sentinel-2 images show that in LRC, 331 602.477 ha is covered with vegetation of which 

natural vegetation covers 232 168, 773 ha while cropland covers 99 433.697 ha, this exhibits a decrease 

in natural vegetation cover in the catchment. This may be a result of increased agricultural practice, 

both commercial and subsistence farming, uncontrolled grazing, and cutting down of natural vegetation 

for firewood. Population growth within the catchment is also playing a significant role in reducing the 

vegetation cover within the study area since many parts of the catchment are being converted to 

settlement areas and shopping complexes among other infrastructural development. 

 

2.5. Conclusion 
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There are various classification techniques in remote observation studies. In this study, Sentinel-2 

images were used to map the area covered with vegetation using NDVI technique since it is one of the 

significant methods in mapping vegetation cover. Since NDVI cannot be used to differentiate between 

different types of vegetation, this study used MLC, which indicated that croplands have covered greater 

area compared to indigenous vegetation. The study achieved an overall accuracy of 98.14% and a 

KHAT of 0.949 which is almost perfect for classification. This substantiates that Sentinel-2 imagery 

can be utilized to map vegetation cover over at a landscape scale for vegetation health monitoring. 

However, vegetation cover on its own cannot be used to assess vegetation health, hence there are other 

vegetation parameters that can be assessed to conclude on vegetation health such as vegetation water 

content, nutrients, and others. 
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CHAPTER THREE: ESTIMATING LEAF MOISTURE CONTENT OF INDIGENOUS 

VEGETATION WITHIN LUVUVHU RIVER CATCHMENT USING SENTINEL-2 

IMAGERY 

 

Abstract 

 

Global climate change continues to exert pressure on the hydrological cycle especially in the arid and 

semi-arid environments of the world. Interestingly, healthy vegetation contributes to water balances 

thus helping in regulating global hydrological fluxes. The vegetation water content is one of the most 

important parameters of vegetation health. Remote estimation can be utilized for real-time monitoring 

of vegetation water stress. This study aims to estimate the leaf moisture content of natural vegetation 

using field data, and high spatial and temporal resolution Sentinel-2 imagery. The study compared the 

capability of narrowband (red-edge centred), broadband and the combination of both broadband and 

narrowband derived vegetation indices in estimating vegetation leaf moisture content across Luvuvhu 

River Catchment (LRC). A stepwise linear regression model was used in modelling vegetation leaf 

moisture content. The results have shown that the combined vegetation indices model outperformed 

other models with R2 = 0.54 and RMSE = 0.085 g/cm2 while the narrowband achieved R2 = 0.48 and 

RMSE = 0.097 g/cm2, and finally, the broadband vegetation indices achieved R2 = 0.24 and RMSE = 

0.096 g/cm2. Through stepwise regression, the study concluded that the combined vegetation indices 

outperformed the other pair of models.  As a result, its coefficients were utilized to produce thematic 

map showing the distribution of vegetation leaf moisture content across the study area using multiple 

linear regression in ArcGIS. It is also established that vegetation leaf moisture content across the study 

area is unevenly distributed, with the mountain range receiving relatively higher rainfall and resulting 

in higher vegetation leaf moisture content. Vegetation leaf moisture appears to be very low on the north-

eastern part of the study area. This study demonstrated that with the right spectral indices for moisture 

content estimation, Sentinel-2 data can efficiently estimate water content across the landscape. This 

study provides reference for estimating vegetation moisture content in LRC using data from the 

Sentinel-2 satellite. 

 

Keywords: Sentinel-2, vegetation water content, red-edge, spectral indices.  
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3.1 Introduction 

 

Vegetation leaf moisture content is a crucial parameter in natural vegetation and agricultural 

applications (Danson and Bowyer, 2004). Leaf moisture content is often determined as Equivalent 

Water Thickness (EWT) and it serves as an important primary indicator of vegetation water stress, 

vegetation diseases and act as principal input when vegetation models are created (Gaulton et al., 2013). 

Vegetation leaf moisture content also serves as an indicator of infection by tree diseases (Danson & 

Bowyer, 2004) and as an indication for fire risks across different ecosystems (Peterson et al., 2008). 

Most physiological processes of plants such as transpiration and photosynthesis cannot take place when 

there is no water involvement (Chapin et al., 2011). Water stress affects vegetation directly when it 

comes to growth and development, the rate of photosynthesis dry mass production as well as production 

of seeds (Zhou et al., 2013). However, when plants are stressed, they tend to maintain the leaf moisture 

content of the living leaves to maintain physiological processes of plants, this happens at an expense of 

losing old leaves so that the demand for water may decrease (BassiriRad et al., 2003). It is critical to 

have methods that assist with the early detection of plant water stress to avoid forest fires, vegetation 

diseases as well as defoliation as a result of leaf water deficiency (Meentemeyer et al., 2008). 

Traditionally, vegetation leaf water content is estimated manually by calculating the weight of fresh 

leaves and the weight of dry leaves of sampled plants (Wang and Liu, 2013). This method is accurate; 

however, it requires a lot of time, laborious and costly to carry out at a landscape scale (Zhang et al., 

2010). Remote sensing has gained popularity when it comes to multi-scale and real-time leaf content 

monitoring as an alternative to the use of laboratory estimates (Zhang and Zhou, 2019). The fast-

growing remote sensing technology is associated with large amount of literature on how remote 

estimations of vegetation leaf content is accurately estimated at a large scale within a very short space 

of time (Gao et al., 2015). Remote sensing techniques which are used to estimate vegetation moisture 

content over a large area includes the use of the radar, thermal optics, and optical remote sensing. 

Vegetation health, productivity, water deficiency and other physiological status of vegetation can be 

effectively monitored by the use of remote sensing techniques and immediately adopt necessary 

measures to protect the vegetation (Easterday et al., 2019; Gao et al., 2015; Zhang and Zhou, 2019).  

In the 1970s, the first Landsat satellite was launched, and with the use of this generation of sensors for 

vegetation monitoring such as estimation of leaf pigment content, one has to use the visible part of the 

spectrum while short-wave infrared (SWIR) is explored for leaf water estimation (Boren and Boschetti, 

2020). This is often achieved by developing simple ratio spectral vegetation indices such as the 

normalized difference vegetation index (NDVI) (Easterday et al., 2019). Many spectral vegetation 

indices have been formulated over the years after Jordan introduced the concept of vegetation index in 

1969 (Zhang et al., 2018). Spectral indices that are used to estimate vegetation leaf water content are 
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mostly based on NIR and SWIR bands since they are sensitive (Dong et al., 2019). Combining NIR and 

SWIR plays a crucial role in retrieving canopy water content at leaf level (Cecato et al., 2001). However, 

NDVI is one of the most commonly used spectral indices that serves as an indicator of plants’ 

photosynthetic capacity (Byrd et al., 2014).  It correlates well with leaf chlorophyll, green colour, and 

plant vigour (Jensen et al., 2011) and is frequently utilized to estimate vegetation cover, health, and 

growth (Tuxen et al., 2011; Easterday et al., 2019) and to quantify evapotranspiration (Nouri et al., 

2014).  

The launch of new a generation of satellite sensors such as WorldView-3, Sentinel-2, and RapidEye 

which have narrowband red-edge band(s) (in the region between 680 nm to 730 nm) have opened new 

paths for assessing leaf water content (Jiao et al., 2021; Easterday et al., 2019). Unlike the broadband 

sensors, narrowband instruments are capable of measuring individual spectral features such as 

composition of plant pigments (Bryd et al., 2014), vegetation leaf water content (Wang et al. 2018), 

canopy dry plant litter and/or wood, or other aspects of foliar chemistry (Zhang and Zhou, 2018). The 

impact of water stress on plant biochemical elements such as plant chlorophyll a/b has been well studied 

using the red-edge band; since the leaf chlorophyll make-up changes when the plants are experiencing 

a water stress, resulting in a shift of red-edge reflectance towards shorter wavelengths (Virnodkar et al., 

2020). Using reg-edge band instead of the red band when formulating spectral indices normally displays 

changes in plant pigment (Gitelson and Mezalyak, 1994) and has been connected with drought-induced 

distinction in leaf photosynthetic rates (Sims and Gamon, 2002). In most cases where optical 

instruments have been compared, narrowband imaging instruments provide more detailed information 

about vegetation features than multispectral instruments (Serrano et al., 2000). 

Optical-based estimation of water content typically involves empirical methods, relying on statistical 

relationships between field-measured vegetation water and water sensitive spectral indices. Over the 

years, many spectral indices have been formulated to estimate vegetation parameters such as crop water 

stress index (CWSI) normalized difference water index (NDWI) (Jiang et al., 2010), ratio index (Idso 

et al., 1981). Leaf water content estimation has been achieved with ease and good accuracy by the use 

of remotely sensed data to calculate spectral indices (Chen et al., 2016; Li et al., 2020; Junttila et al., 

2018). The use of remotely sensed data to calculate spectral indices is affected by the relationship 

between vegetation leaf water content and spectral indices which depend heavily on sampling methods 

in the field, image pre-processing and the statistical model to be used (Chen et al., 2006). However, 

despite these limitations, the use of vegetation indices is still recommended for the analysis of 

vegetation biophysical and biochemical parameters including moisture content (Wang et al., 2021), 

nutrient status (Ramoelo and Cho, 2018), photosynthesis (Bryd et al., 2014) and net primary production 

among others (Vina et al., 2011). This is especially true when the spectral configuration of optical 

satellites is focused on new spectral regions that are otherwise not present in conventional satellites. 



22 
 

The aim of this study was to estimate natural vegetation leaf moisture content using Sentinel-2 data 

using regression models and various vegetation indices. The study was guided by the following 

objectives: 

 

(i) Comparing the performance of narrow-band spectral indices vs broadband spectral indices in 

estimating leaf water content of natural vegetation 

(ii) Mapping of the leaf water content through the best model 
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3.2 Materials and methods 

 

3.2.1 Description of the study area 

 

The Luvuvhu River Catchment is located in the northeastern region of Limpopo province, South Africa 

as shown in Figure 3.1. The catchment is situated between the latitudes 220 17’ 33’’ S and 230 17’ 57’’ 

S and longitudes 290 49’ 46’’ E and 310 23’ 32’’ E. The Luvuvhu Catchment Area covers an area of 

approximately 331 602, 447 hectares and the elevation in the catchment ranges from 200 to 1,700 m 

which gives rise to shallow storage dams which are exposed to excess evaporation due to large water 

surfaces (Odiyo et al., 2012). The catchment is also characterized by topographic features such as the 

Soutpansberg mountain range in the east of the catchment, which reaches about 1 700 m above mean 

sea level before dropping off into Limpopo River Valley (Kundu et al., 2013). The general terrain of 

mean ridge height is approximately 800 - 1 200 m is common in some places within the catchment 

while other places reach a peak above 1 500 m (Kundu et al., 2013). 

 

Figure 3.1 The location of the study area 
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Precipitation in some parts of the catchment is influenced by orographic uplift due to east-west 

orientation of the Soutpansberg mountain range where the western movement of moisture from the 

Indian Ocean results in 1 200 mm to 1 500 mm/year in the forested mountain headwaters (Shongwe, 

2007). Semi-arid forest and bushland receive only 200 mm to 600 mm/year as the terrain drops across 

the study area. Extreme topographic diversity and altitude changes over short distances within the 

Soutpansberg result in dramatic climatic variance within the LRC (Volenzo and Odiyo, 2018). Luvuvhu 

River catchment is characterized by subtropical climate with rainy days during November to March, 

and little rainfall from April to October. High temperatures in the study area influence the gradual 

increase in evaporation rates ranging between 1 400 mm and 1 900 mm/year (Nethononda, 2018).  

Climates have a significant impact on the vegetation type of a particular area, especially the length of 

wet seasons (Dagada, 2017). Luvuvhu River, Dzondo River, Dzindi River, and other perennial rivers, 

as well as wetlands influence vegetation health conditions within the catchment. Vegetation found along 

riverbanks or beside wetlands is mostly greener throughout the year and they also help to reduce the 

impacts of floods. However, deforestation of riparian vegetation has taken place in most parts of the 

catchment to make land available for both commercial and subsistence farming. 

 

3.2.2 Field data collection 

 

Fieldwork was conducted from the 2nd of December 2021 to the 11th of December 2021 using simple 

random sampling. In contrast to typical methods used in plot investigations (Zhao et al 2019), a recently 

developed method for the collection of data from all species in the sampling sites was adopted (Zhang 

et al 2020). The typical method represents a quadrat survey focusing on the dominant species. The study 

region had both broadleaf and needle leaf plant species and their distribution varied across the study 

area. To incorporate various plant species and canopy structures, dominant species within the sampled 

location were considered for this study.  A total of 82 samples were collected within the study area. 

Data was randomly split into 60% training (n = 49) and 40% validation (n = 32) data sets. This 

reasonable difference between the values and the validation sets will usually improve the credibility of 

the model while a large difference may invalidate the model (Croft et al., 2014). The validation data set 

was used to assess the accuracy of the models. Standard Garmin eTrex 10 Handheld GPS with the 

maximum spatial accuracy of approximately of 3 meters was used to record coordinates at the center of 

each plot. A total number of five-leaf samples per tree from the sunlit branches of an individual trees 

were harvested for laboratory analysis. The leaves were weighed on-site using Digital Portable Kitchen 

Scale of accuracy 0.1g to obtain vegetation leaf wet weight and dry weight after being subjected to 

oven-drying for 24hrs at 70℃.  
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The vegetation leaf water content was calculated based on the difference of wet weight and dry weight 

of the leaves using the equation (1): 

                                                                 𝑤𝑤𝑤𝑤 = 𝑄𝑄1− 𝑄𝑄2
𝑄𝑄1

                                                                         (2) 

Where 𝑤𝑤𝑤𝑤 is water content, 𝑄𝑄1 is the wet weight, and 𝑄𝑄2 is the dry weight. 

 

3.2.3 Satellite data collection 

 

Satellite images from Sentinel-2 were downloaded from (https://scihub.copernicus.eu/) between 02 

December and 09 December 2021 for this study. When compared to other satellites such as Landsat 

that have low to medium spatial resolution Sentinel-2 offers better-quality data especially in temporal 

and spatial resolution (Novelli et al., 2019). Sentinel-2 images have 13 bands with spatial resolutions 

ranging from 10 to 60 m, with visible and near-infrared having the spatial resolution of 10 m, while 

infrared bands have spatial resolution of 20 m and lastly, other bands have spatial resolution of 60 m 

(Immitzer et al., 2016; Chastain et al., 2019). The Sentinel-2 potential for detailed Earth’s surface 

exploration (Natural vegetation and croplands) is owed to the 10 m spatial resolution. Moreover, the 

effectiveness of Sentinel-2 data when it comes to Earth’s surface exploration and monitoring is 

influenced by wide swath and freely available data. Monitoring of the Earth’s surface more effective 

includes the wide swath and the free access data policy (Phiri et al., 2019). Large areas are processed 

much easier and with higher accuracy due to the 290 km wide swath of 290 km which requires less 

need for normalisation and merging of data (Hansen and Loveland, 2012). The free open access to 

Sentinel-2 data offers a great alternative for high spatial resolution for many countries that are 

economically disadvantaged and struggle to access high-resolution satellite images (Turner et al., 2015). 

Sentinel-2 high spatial resolution images have already contributed to the 20 m land cover maps for 

Africa (Xu et al., 2019) and other regional land cover maps based on Sentinel-2 images, especially that 

most of the regional land cover/use maps have a spatial resolution of 30 m (Chen et al., 2015).  

 

3.3 Spectral variables 
 

To achieve the objectives of this chapter which was to compare the performance of narrowband and 

broadband spectral indices in estimating vegetation leaf water content, a list of narrowband and 

broadband-based indices was created based on literature review (Roumenina et al., 2020). For this 

study, three datasets were prepared, and stepwise regression was repeated for all of them. The first 

dataset included the narrow bands-based spectral indices (with focus given to the red-edge centred 

bands), the second dataset involved broadband-based spectral indices, and the third dataset included 

https://scihub.copernicus.eu/
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spectral indices from both narrow and broad bands part of the electromagnetic spectrum. Vegetation 

leaf moisture was calculated using formulas in Table 3.1 and 3.2. 

 

Table 3.1 Summary of selected optical red-edge based vegetation indices used in this study based on 
Sentinel-2. 

 

Vegetation index Formulas Reference 

Enhanced difference red edge 

vegetation index 

(NDVIRed edge)                                                      

NDVI1 =
(B08 –  B05)
(BO8 + 505) 

NDVI2 =
(B08−  B06)
B08 +  B06

 

NDVI3 =
B08 –  B07

B08 +  B07
 

 

Han et al., 2019 

Simple ratio (SR) SR2 =
B07
B04

 

 

SR3 =
B07
B06

 

 

SR4 =
B07
B05

 

 

Jordan, 1969 

Normalised difference red edge 

(NDRE) 
NDRE =

B06 − B05
B06 + B05

 

 

NDRE1 =
B07 − B05
B07 + B05

 

 

Sims and Gamon, 

2002 

Normalized Difference 

Vegetation Index with band 

B07 (NDVI7)  

NDVI7 =
B07– B04

B07 +  B04
 

 

Fern et al., 2018 

Red Model                                  Red_Model =  B08 –  B06 

 

Vina and Gitelson, 

2005 
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Table 3.2 Summary of selected optical broadband spectral indices used in this study based on 
Sentinel-2. 

 

Vegetation index Formulas Reference 

Normalised difference water 

index (NDWI) 
NDWI =

B03 − B08
B03 + B08

 

 

Gao, 1996 

Normalised difference 

vegetation water index 

(NDVI) 

NDVI =
B08 –  B04

B08 +  B04
 

 

DeFries et al., 1995 

Enhanced multi-band drought 

index (NMDI) 
NMDI1 =

B4 – (B10 − B11)
B4 + (B10 + B11)  

NMDI2 =
B4 – (B10 − B12)
B4 + (B10 + B12) 

NMDI3 =
B4 – (B11 − B12)
B4 + (B11 + B12) 

 

Wang et al., 2008 

Enhanced difference infrared 

index (NDII) 
NDII1 =

B10 − B04
B10 + B04

 

NDII2 =
B11 − B04
B11 + B04

 

NDII3 =
B12 − B04
B12 + B04

 

Wang et al., 2015 

Moisture stress index (MSI) MSI1 =
B10
B08

 

MSI2 =
B11
B08

  

MSI3 =
B12
B08

 

 

Meng et al., 2016 

Enhanced difference water 

index (NDWISwir) 
NDWI1 =

B03− B10
B03 + B10

 

NDWI2 =
B03− B11
B03 + B11

 

NDWI3 =
B03− B12
B03 + B12

 

 

Han et al., 2019 
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Shortwave infrared ratio 

(SIWSI) 
SIWSI1 =

B08 –  B10
B08 +  B11

 

SIWSI2 =
B08 –  B10

B08 +  B12
 

SIWSI4 =
B08 –  B11

B08 +  B12
 

SIWSI5 =
B08 –  B12

B08 +  B10
 

 

SIWSI6 =
B08 –  B12

B08 +  B11
 

 

Olesen et al., 2015 

 

For this study, 29 spectral indices which are directly sensitive to leaf water content and others that are 

not directly sensitive to leaf water content were selected for vegetation leaf water content. Spectral 

indices that were obtained from the combination of NIR (NDWI, NDVI), SWIR (SIWSI1, SIWSI2, 

SIWSI3, etc.) and other bands (NDVIrededge, Red_Model, etc.) were also considered for this study 

since NIR and SWIR bands since they are water sensitive bands (Dong et al., 2019). This study also 

made use of spectral indices which are red-edge centred (NDVIredege, SR1, SR2, SR3, Red_Model, 

etc.) since the impact of water stress on plant physiology such as plant chlorophyll a/b has been well 

studied using the red-edge band; since the leaf chlorophyll make-up changes when the plants are 

experiencing a water stress, resulting in a shift of red-edge reflectance towards shorter wavelengths 

(Filazzola et al., 2020). 

 

3.3.1 Statistical analysis 

 

3.3.1.1 Spatial interpolation 

 

For this study, Kriging interpolation method was used. Kriging is a geostatistical interpolation with 

multistep technique that considers both the distance and the degree of variation between known points 

when estimating the unknown points (Paramasivam and Venkatramanan, 2019). In Kriging, 

interpolated values are modelled by a Gaussian process governed by prior covariance and it is used to 

forecast geographic area. This method of interpolation was considered for this study to gain a general 

overview of how vegetation leaf moisture content is distributed across the entire catchment since 

sampled points are not spread throughout the study area. Kriging is expressed by equation (3) 

 

                                                                 ^𝑍𝑍(𝑠𝑠0) = 𝛴𝛴𝑖𝑖=1 
𝑁𝑁 𝜆𝜆𝑖𝑖 𝑍𝑍 (𝑠𝑠𝑖𝑖)                                                       (3) 
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Where 𝑍𝑍(𝑠𝑠) = the measured value at the 𝑖𝑖th location, 𝜆𝜆 = an unknown weight for the measured value at 

the 𝑖𝑖th location, 𝑠𝑠 = prediction location and 𝑁𝑁 = the number of measured values. 

 

3.3.1.2 Stepwise regression 

 

Field data were randomly split into training and validation data sets. 60% (𝑛𝑛 = 49) was used to construct 

a stepwise multiple regression for vegetation leaf water content, and 40% (𝑛𝑛 = 33) was used to validate 

the models. This study had three data sets and stepwise regression was repeated for each of them. The 

calibration of models was first done for (i) narrowband, then (ii) broadband, and finally (iii) combined 

vegetation indices using 60% of field data. Stepwise regression was done using R software (version 

3.0.2), (R development Core Team 2014) packages ‘rgdal’ (Michael, 2015; Bivand et al., 2015). The 

best model was selected automatically using ‘both directions’ stepwise regression with the ‘step lm’ in 

R which selects the higher coefficient of determination (R2) and lower RMSE. The estimates 

(coefficients) of the best model from stepwise regression were used to compute a multiple linear 

regression using a raster calculator in QGIS and the map showing vegetation leaf moisture content was 

created in QGIS. Multiple linear regression was computed using equation (4) 

 

                                                    𝑦𝑦 = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + ⋯𝐵𝐵𝑛𝑛𝑋𝑋𝑛𝑛 +  𝜀𝜀                                                         (4) 

 

Where 𝑦𝑦 = the predicted value of the dependent variable, 𝛽𝛽0 = the y-intercept, 𝛽𝛽1𝑋𝑋1 = the regression 

coefficient (𝛽𝛽1) of the first independent variable (𝑋𝑋1) and 𝜀𝜀 is a random error component. 

 

3.3.2 Model validation  

 

Validation data set that accounted for 40% (𝑛𝑛 = 39) of field data was used to validate the models. The 

three calibrated models were validated by predicting the outcome of the validation data set using 

remotely sensed data and compare with the observed data. The Root Mean Squared Error (RMSE) and 

Mean Absolute Error (MAE) were used as indicators of model validity using formulas that follow:  

 

                                                     𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  �𝛴𝛴𝑡𝑡=1
𝑇𝑇 (𝑥𝑥𝑡𝑡−𝑦𝑦𝑡𝑡)2

𝑇𝑇
                                                                    (5) 

                                                        𝑅𝑅𝑀𝑀𝑅𝑅 =  ∑ |𝑦𝑦𝑖𝑖−𝑥𝑥𝑖𝑖|𝑛𝑛
�̇�𝚤=1

𝑛𝑛
                                                                         (6) 

Where yt is the observed leaf water content, xt is the predicted leaf water content, xi is values at each 

sampled point, m(X) is the average value of the data set and n is the number of samples. 
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3.4 Results 

 

Table 3.3 Leaf moisture content of dominant species 

Species                                                                      Leaf moisture content (g/cm2) 

                                                              Min              Max                Mean             Range 

Ficus sur                                      0.33       0.38                 0.36               0.05 

Combretum erythrophyll            0.11       0.31                 0.20               0.20 

Albizia adianthipholia                           0.11       0.51                 0.36               0.40 

Acacia mellifera                         0.11       1.00                 0.41               0.89 

Celtis Africana                                       0.11       0.42                 0.28               0.31 

Acacia siberiana                         0 .00              0.38                 0.22               0.38 

Bridellia micrantha                         0.18       0.31                 0.22               0.18 

Acacia tortilis                                        0.13       0.33                 0.25               0.20 

Schlerocrya birea                         0.13       1.00                 0.47               0.87 

Dichrostackys cinerea                         0.13       0.45                 0.20               0.32 

Combretum molle                         0.11       0.40                 0.27               0.29 

Ficus sycamore                                      0.31       0.41                 0.37               0.10 

Terminalla sericea                         0.27       0.50                 0.35               0.23 

Other                                                   0.11       1.00                 0.41               0.89 

 

n = 82 

 

This study used 28 optical vegetation indices based on Sentinel-2 data. Indices were separated into three 

categories (narrowband, broadband, and combined indices), and stepwise regression was repeated in R 

studio software for each one of them using common training data set. In both three sets of data, indices 

that were not fit for the model of vegetation leaf water content were eliminated. Table 4 shows the 

results that were obtained from stepwise regression. Stepwise multiple linear regression model was 

constructed using equation (3) for the data set containing both narrow and broadband indices 

(RedEdgeNDVI2, RedEdgeNDVI3, NMDI1, Red_Model, NDII3, SWIR3, NDWI2 and NDWI3, SR1, 

SR2, SR3). The coefficients from these respective indices were used to map vegetation leaf moisture 

content across the catchment. 
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Table 3.4 Results of stepwise regression 

 

 Source Estimate Std. Error T value Pr(>|t|) 

 

 

 

Narrowband 

indices 

Intercept 
RedEdgeNDVI2 
NDRE1 
RedEdgeNDVI3 
Red_Model  
SR3   
SR4 
RedEdgeNDVI1               

-0.8551 
-3.1610 
6.1678  
6.35113   
-1.9441    
-1.1855  
1.2479 
1.0029 

0.4858 
1.1172 
2.0012  
1.6133   
0.4758  
0.3338   
0.3618 
0.3206 

-1.760 
-2.829 
3.082 
3.937      
-4.086 
-3.551 
3.449 
3.129 

0.091141 
0.009274 ** 
0.005102** 
0.000618*** 
0.000424*** 
0.001623** 
0.002089** 
0.004561** 

 

 

 

 

 

Broadband 

indices 

Intercept 
NDVI 
NDII1 
NDII3 
NDWI1 
NDWI3 
MSI1 
MSI2 
NMDI1 
NMDI2 
RVIgreen 
GNDVI 

6.677e+01 
-1.925e+00  
-8.305e+00 
2.271e+00    
-7.408e+01 
2.696e+00 
-3.230e+02 
3.110e-01 
3.250e-02 
-1.198e-01 
-7.724e-04  
-6.924e-02                                                                                       

4.320e+01         
1.807e+00        
2.614e+01        
2.370e+00          
5.902e+01        
2.362e+00         
1.929e+02        
6.476e-01         
6.249e-01         
2.130e-01         
1.029e-01         
7.738e-01         

1.546 
-1.066 
-0.318 
0.958 
-1.255 
1.141 
-1.675 
0.048 
0.052 
-0.562 
-0.008 
-0.089 

0.138 
0.299 
0.754 
0.349 
0.244 
0.267 
0.110 
0.636 
0.959 
0.580 
0.994 
0.930 

 

 

 

 

 

Combined 

indices 

Intercept 
RedEdgeNDVI2 
RedEdgeNDVI3 
NMDI1 
Red_Model 
NDII3 
NDWI2 
NDWI3 
SWIR3 
SR1 
SR2 
SR3 

2.7444            
1.4813             
2.4481              
-1.2311      
0.6272              
-2.8276        
-0.5639             
0.7844             
-0.9407             
-0.6774             
0.4637 
-1.3854                               

0.09072 
0.6307 
1.1943 
0.4320 
0.2293 
1.1217 
0.2022 
0.6039 
0.3263 
0.3530 
0.2627 
0.6198 

3.025 
2.349 
2.050 
-2.850 
2.736 
-2.521 
-2.789 
1.299 
-2.883 
-1.919 
1.765 
-2.235 

0.00668 ** 
0.02923 * 
0.05372 
0.00990 ** 
0.01274 * 
0.02031 * 
0.01134 * 
0.20873    
0.00920 ** 
0.06940 
0.09283 
0.03698 * 
 

Note: ***Model significant at the probability level 0.001 (p < 0.001); **Model significant at the 0.01 

probability level (p < 0.01); * Model significant at the 0.05 probability level (p < 0.05). 
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3.4.1 Vegetation leaf water content estimation 

 

Figures 3.2 – 3.4 show the results of natural vegetation leaf moisture content models which were 

constructed based on Sentinel-2 data. These models randomly selected 49 training points to train the 

model and used 33 as verification points, and the narrowband model produced an accuracy of R2 = 0.48, 

RMSE = 0.097 g/cm2, MAE = 0.080%, broadband model produced an accuracy of R2 = 0.25, RMSE = 

0.097 g/cm2, MAE = 0.075%, and the model containing both narrowband and broadband produced an 

accuracy of R2 = 0.54, RMSE = 0.085 g/cm2, MAE = 0.065%. Based on these results, the study has 

selected the model with both narrowband and broadband indices to estimate vegetation leaf water 

content across the study area. 

 

 

Figure 3.2 Red edge derived indices regression model for natural vegetation leaf water content 

estimation containing 7 different vegetation indices and 32 sample points for verification. 
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Figure 3.3. Moisture related indices regression model for natural vegetation leaf water content 

estimation containing 11 different vegetation indices and 32 sample points for verification. 

 

  

Figure 3.4 Combined indices regression model for natural vegetation leaf water content estimation 

containing 11 different vegetation indices and 32 sample points for verification. 
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3.4.2 Mapping the vegetation moisture content using selected vegetation indices and data from 

Sentinel-2 imagery 

 

For this study, ordinary Kriging was used to create an interpolation map of vegetation leaf water content 
in the study area. Kriging is a geostatistical interpolation with multistep technique that considers both 
the distance and the degree of variation between known points when estimating the unknown points 
(Paramasivam and Venkatramanan, 2019). In Kriging, interpolated values are modelled by a Gaussian 
process that is governed by prior covariance and it is used to forecast geographic area. This method of 
interpolation was considered for this study to gain a general overview of how vegetation leaf moisture 
content is distributed across the entire catchment and compare the results obtained from the models for 
accuracy since sampled points are not spread throughout the study area. 

 

 
Figure 3.5 Interpolation map of sampling points 

 

This study used sentinel-2 imagery and 11 vegetation indices for estimating vegetation water content to 

produce thematic maps which show how vegetation moisture is distributed across LRC. Sentinel-2 

imagery was available for the entire catchment; however, vegetation indices are only used to estimate 

vegetation water content for area covered with natural vegetation. Vegetation moisture varies across the 

study area as estimated on thematic map below. Areas dominated with needle leaves vegetation and 

where vegetation is very sparsely distributed also shows low resemblance of vegetation moisture 

content across the study areas. Also, areas with high rainfall such as areas found along the mountain 
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range, riparian vegetation, and vegetation in, and nearby wetlands tend to have higher moisture content 

as most of the vegetation indices-based maps are showing. Remote estimations of vegetation water 

content are relatively consistent with traditional field data results. 

 

 
Figure 3.6 Vegetation moisture content distribution map in the study area based on Sentinel-2 data 

and 12 indices. 

 

3.5 Discussion 

 

The aim of this study was to estimate natural vegetation leaf moisture content from Sentinel-2 data 

using regression models and various vegetation indices. This study also compared the performance of 

red-edge band spectral indices vs moisture based spectral indices in estimating leaf water content of 

natural vegetation. At the end, leaf water content was mapped through the best model. The study tested 

three groups of vegetation indices (red edge-based indices, moisture related indices, and combined 

indices) for vegetation leaf water content through stepwise regression in R, vegetation indices that were 

not fit for the model were eliminated in both models and the final model of combined indices was made 

of 11 vegetation indices of which their coefficients were used to produce thematic maps showing 

distribution of vegetation moisture content in the study area. The verification accuracy of the red edge-
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based indices model produced an accuracy of R2 = 0.48, RMSE = 0.097 g/cm2, MAE = 0.080%, 

moisture related indices model produced an accuracy of R2 = 0.25, RMSE = 0.097 g/cm2, MAE = 

0.075%, and the model containing both red edge-based and moisture related produced an accuracy of 

R2 = 0.54, RMSE = 0.085g/cm2, MAE = 0.065%. 

The findings of study showed that bands such as the red edge, NIR, and SWIR of the Sentinel-2 satellite 

are extremely sensitive to the leaf water content, this suggested that vegetation water content indices 

can be well-established using Sentinel-2 data. However, Zhang and Zhou (2015) indicated that 

vegetation indices are likely to detect other vegetation parameters and somehow exclude spectral water 

information, and in turn, there are vegetation indices which are only sensitive to spectral water 

information and exclude other vegetation parameters. To sustain the level suitable for vegetation basic 

functions, leaf water content per unit leaf area mostly fluctuates in response to severe water stress, at 

the same time, remote estimation of vegetation leaf water content is influenced by leaf structure and dry 

mass (Cecato et al., 2001).  

There is a vast variation in vegetation water content across the catchment which is influenced by a 

number of factors including plant species, growing conditions, phenological stages and climatic 

variation (Gao et al., 2015). Natural vegetation across the study area also varies greatly ranging from 

dense forest along the mountains, needle-leaved plants as well as broadleaved vegetation, all these 

plants have different leaf surface area depending on their respective species. The types of leaves and 

the nature of ecosystems where these plants are found also determine the level of moisture content, for 

example Ficus sycamore have broadleaves and are common where there are wetlands, this has a great 

influence in the vegetation leaf moisture content of this particular plant species. Physiological indicators 

that are commonly used to assess plant water conditions mainly include stomatal conductance (Zhou et 

al., 2007), leaf water potential (Dzikiti et al., 2010), canopy water content (CWC) (Cecato et al., 2002), 

leaf equivalent water thickness (EWT) (Ustin et al., 1998), live fuel moisture content (LFMC) (Wang 

et al., 2013), and relative water content (RWC) (Hirano and Maki, 2018).  

Vegetation water stress has been assessed using leaf water status and CWC as an indicator (Dzikiti et 

al., 2010) and is determined not only by vegetation water status or CWC but can also be observed on 

plant’s growth and development stages (Cecato et al., 2002). Signs that can be observed to reveal that 

plants are responding to low moisture content include opening of plant canopy, curling, de-colouring, 

as well as shrinking of leaves (Niijland et al., 2014). When a plant is undergoing the water stress phase, 

it can use photo-protection strategies to avoid malfunctioning such as decrease of the photosynthetic 

potential of the plant (Lichtenthaler, 1996). Should the water stress conditions persist, the plant’s green 

pigment (chlorophyll) decreases which affects the leaf absorbance and reflectance. A wide-scale 

mapping of leaf water content of natural vegetation is crucial for monitoring vegetation health and 

environmental flows such as evapotranspiration. 
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Vegetation indices-based thematic map that was established using (RedEdgeNDVI2, RedEdgeNDVI3, 

NMDI1, Red_Model, NDII3, SWIR3, NDWI2 and NDWI3, SR1, SR2, SR3) shows the distribution of 

natural vegetation moisture content in the study area. Thematic maps show that the study area only has 

small proportion wherein there is relatively high vegetation moisture content whereas the larger 

proportion of the study area shows lower vegetation moisture content. The south-eastern part of the 

catchment receives relatively high rainfall, which is influenced by the mountain range, and is 

responsible for healthier vegetation with higher vegetation moisture content compared to other areas 

that recorded lower amounts. The north-eastern part of the catchment also recorded significant 

vegetation water content; these are the areas that are not dominated by human settlement. 

 

3.6 Conclusion 

 

This study explored the feasibility of using Sentinel-2 imagery and different spectral indices from both 

narrow and broadband that are directly and indirectly sensitive to vegetation moisture content to 

estimate vegetation leaf water content of natural vegetation across the LRC. The study tested three 

groups of vegetation indices (red edge-based indices, moisture related indices, and combined indices) 

for vegetation leaf water content through stepwise regression in R, vegetation indices that were not fit 

for the model were eliminated in both models and the final model of combined indices was made of 11 

vegetation indices of which their coefficients were used to produce thematic maps showing distribution 

of vegetation moisture content in the study area. The verification accuracy of the red edge-based indices 

model produced an accuracy of R2 = 0.48, RMSE = 0.097 g/cm2, MAE = 0.080%, moisture related 

indices model produced an accuracy of R2 = 0.25, RMSE = 0.097 g/cm2, MAE = 0.075%, and the model 

containing both red edge-based and moisture related produced an accuracy of R2 = 0.54, RMSE = 

0.085g/cm2, MAE = 0.065%. This paper established that vegetation moisture content varies vastly 

across the study area, this is also influenced by the diversity of vegetation species that are dominant 

within that area. Based on the results of this study, it is also concluded that data obtained from the 

Sentinel-2 satellite can be used efficiently with the right vegetation water content indices to estimate 

vegetation leaf water content at a large scale. This is crucial to monitor drought, water stress and 

vegetation health in general. However, vegetation water content on its own, cannot be used to determine 

vegetation health, other factors that can be assessed to include chlorophyll, leaf area index (LAI) as well 

as nutrients such as nitrogen. 
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CHAPTER FOUR: MAPPING PLANT NITROGEN CONCENTRATION WITHIN 

LUVUVHU CATCHMENT AREA USING SENTINEL-2 IMAGERY 

 

Abstract 

 

Plant nitrogen estimation using real-time and non-convection methods is very crucial for ecosystem 

management. This study aimed at estimating plant N concentration of indigenous vegetation in Luvuvhu 

River Catchment (LRC) using both fields and remotely sensed data from Sentinel-2 imagery. The study 

used three different categories of spectral indices to fulfil its objectives. Red edge-based, nitrogen 

related, and combined spectral indices based on Sentinel-2 data were subjected to stepwise regression 

on R studio software to determine which category of spectral indices is more efficient in estimating 

plant nitrogen concentration. Results have shown that combined spectral indices performed better with 

R2 = 0,59, RMSE = 0,47% and MAE = 0,38%, followed by nitrogen related spectral indices with R2 = 

0,44, RMSE = 0.65% and MAE = 0,48%, and the last category is red edge-based spectral indices with 

R2 = 0,35, RMSE = 0.81% and MAE = 0,65%. The coefficients of the best performing model obtained 

from stepwise regression were used to compute multiple linear regression on QGIS to produce a map 

showing the concentration of plant nitrogen across the study area. Plant N varies with plant species and, 

the thematic map created show how plant N varies across the study area. The combined spectral indices 

for plant nitrogen concentration and mapping have proved to be efficient compared to narrowband and 

broadband indices alone in this study. 

Keywords: Nitrogen, Sentinel-2, Spectral indices, broadband, narrowband  
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4.1. Introduction 

 

Nitrogen (N) is a main regulator of several leaf physiological processes, such as photosynthesis, 

respiration, and transpiration (Reich et al., 2006), and it correlates well with chlorophyll (Chl)content, 

light use efficiency (LUT), and net primary production (Jiang et al., 2021). N is the principal component 

which restrains productivity of various terrestrial ecosystems (Richards et al., 2012). This is influenced 

by the fact that N is a well-known resource that limits plants’ productivity and growth (Ustin, 2013). 

Spatial patterns of N at leaf level help us to understand the part that terrestrial ecosystems play in the 

larger Earth system since they are connected to fluctuations of carbon, water, and energy (Ollinger et 

al., 2008). Canopy N is also associated with the capacity of vegetation to hold atmospheric N deposition 

(Lindsay et al., 2012), which has increased together with atmospheric carbon dioxide (CO2) over the 

years as a result of increased use of fossil fuel and production of artificial fertilizer using harmful 

chemicals (Galloway et al., 2008). 

As the main nutrient that limits plants’ growth, plant N availability, the way it fluctuates in ecosystems, 

and how it responds to global change will have long term significant impacts on C sequestration in 

various ecosystems (Luo et al., 2004). Photosynthetic C fixation and plant productivity are highly 

determined by leaf N concentration (Hungate et al., 2003). Several studies, mainly those that are carried 

out in greenhouses and chambers, have indicated that high temperatures can result in increased or 

reduced concentration of leaf N of trees (Hobbie et al., 2001; Luomala et al., 2003) and grasses in arctic 

or alpine tundra (Grogan & Chapin, 2000). Leaf N concentration of different plant function groups 

responds differently to increased temperatures even when they are within the same ecosystem (Arft et 

al., 1999). For instance, a study by Read and Morgan (1996) concluded that concentration of leaf N 

dropped in Bouteloua fracilis (C4 grass) but increased in Pascopyrum smithii (C3 grass) when 

temperature was increased. The way different plant functional groups respond to rising temperatures 

can lead to changes in community structure of plants, and plant N uptake (Lilley et al., 2001). Therefore, 

it is crucial to understand how plant N responds to heat stress so that we can predict ecosystem C and 

N cycling in future climatic scenarios (Lindsay et al., 2012). The distribution of plant N varies across 

the landscape due to many variables. 

Plant N concentration among plants found in natural ecosystems differs by over 32% (Hobbie et al., 

2005) and this varies with topographic gradients and cycling of nutrients, among species (Craine et al., 

2009), and in response to manipulations of resource obtainability for experimental purposes (Amundson 

et al., 2003). Plant N may also be affected by other factors such as land-use history, changes in CO2 

concentration, acid deposition, and limitation of another nutrient element supply (Goodale and Aber, 

2001; Hallett and Hornbeck, 1997). Overall, leaf N can be used as a measure to generalize patterns of 

N cycling, globally (Lindsay et al., 2012) as well as a vital indicator to assess changes in N cycling that 



40 
 

might accompany anthropogenic influence on ecosystems such as rising atmospheric CO2 (Hurber et 

al., 2011). Estimations of N at leaf level and canopy nitrogen concentration of vegetation allow for a 

better understanding of ecosystem functioning and biochemical processes (Lee and Nguyeni, 2005). 

Traditionally, chemical analysis has been used to obtain canopy and foliar N (Serrano et al., 2002). This 

approach is accurate, but destructive, time-consuming, and costly (Sáez-Plaza et al., 2013). Thus, make 

it impractical to measure canopy and leaf N for a large area of forests consisting of different vegetation 

types using the chemical analysis method. To our advantage, remote sensing has turned things around, 

such assessments and assessments can be carried out a low cost, and within a very short space of time 

across large spatial scales (Walshe et al., 2020). Remote sensing has been used for various applications 

in vegetation monitoring such as land cover change detection, species classification, land cover 

estimation, and defoliation (Walshe et al., 2020). Leaf nitrogen has been determined in forests (Singh 

et al., 2015), grassland and crop ecosystems using remote sensing techniques over the years (Yao et al., 

2015). 

Airborne and spaceborne serve as exceptional tools for temporal and spatial monitoring of leaf nitrogen 

since they provide continuous information in manifold spectral and directional settings (Ustin et al., 

2004; Cohen and Goward, 2004). A growing number of hyperspectral imagery reports have been 

exceptional when it comes to leaf and canopy N prediction for various plants community (Wang and 

Wei, 2016). However, hyperspectral data are often affected by high dimensionality and are relatively 

costly to acquire. On the other hand, multispectral data such as Sentinel-2 and field spectroscopy can 

be used primary data sources since they are relatively cheaper and easily accessible (Chemura et al., 

2018). Research on multiple layer radiative transfer models (MRTM) have shown that the vertical 

differences in leaf characteristics have a significant influence on canopy reflectance and affect retrieval 

of canopy traits especially on canopies that have lower leaf cover (Luo et al, 2013). Remote sensing of 

plant N beyond the leaf scale has been the derivation of presentative samples from a heterogeneous 

canopy (He and Mui, 2010). Leaf trait contents are distributed differently across vegetation canopies 

along vertical canopy profile of different species which makes it complex to estimate them (Tawanda 

et al., 2018). Other factors such canopy structure, mask of the strong water absorption (Dash and Curran, 

2004), viewing geometry and background make it a challenge to retrieve N at the canopy level (Grogan 

& Chapin, 2000). Plants mostly show higher nutrient content in the upper canopy and on leaves that are 

receiving direct or increased solar radiation (Weerasinghe et al., 2014). Spectral alteration such as using 

first/second derivatives and log transformation of reflectance, water removal, continuum removal, and 

wavelet analysis are approaches that are used to enhanced N retrieval (Zhao et al., 2013). 

Retrieval of many vegetation parameters such as plant N, leaf Chl, and others are dominated by 

empirical techniques such as spectral indices (Gitelson et al., 2003), traditional regression techniques 

such as stepwise multiple linear regression and partial least square regression, to a number of machine 
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learning approaches such as support vector regression (SVM), neural network and many more (Zhao et 

al., 2013). Spectral indices are one of the simplest and frequently utilized methods to estimate leaf 

biochemical contents such as N, Chl and vegetation leaf water content (Gitelson et al., 2003; Wang et 

al., 2018). N in leaf cells mostly occurs in proteins and chlorophylls (Kokaly et al., 2009). Plant N and 

Chl correlate well across various plant species (Homolova et al., 2013), therefore, spectral indices 

formulated for Chl have been employed as a means of N estimation (Le Maire et al., 2008). This study 

aimed to map plant N concentration using different categories of spectral indices and stepwise multiple 

linear regression in the Luvuvhu River Catchment. 

 

4.2. Materials and methods 

 

4.2.1 Description of the study area 

 

The Luvuvhu River Catchment is located in the northeastern region of Limpopo province, South Africa 

as shown in 4.1. The catchment is situated between the latitudes 220 17’ 33’’ S and 230 17’ 57’’ S and 

longitudes 290 49’ 46’’ E and 310 23’ 32’’ E. The Luvuvhu Catchment Area covers an area of 

approximately 331 602, 447 hectares with an elevation in the catchment ranging between 200 to 1,700 

m resulting in shallow storage dams that are exposed to excess evaporation due to large water surfaces 

(Odiyo et al., 2012). The catchment is also characterized by topographic features such as the 

Soutpansberg mountain range in the eastern side of the catchment. This topographic feature rises to a 

height of approximately 1 700 m above mean sea level prior to reaching the low-lying surface of the 

Limpopo River Valley (Kundu et al., 2013). The landscape in other parts of the catchment has a mean 

ridge height of about 800 - 1 200 m while some places within the catchment whereas other parts of the 

catchment reach a peak above 1 500 m (Singo et al., 2021; Kundu et al., 2013). 
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Figure 4.1 Map showing the study area 

 

Precipitation in some parts of the catchment is influenced by orographic uplift due to east-west 

orientation of Soutpansberg mountain range where the western movement of moisture from the Indian 

Ocean results into 1 200 mm to 1 500 mm/year in the forested mountain headwaters (Shongwe, 2007). 

Semi-arid forest and bushland receive only receive 200 mm to 600 mm/year as the terrain drops across 

the study area. Extreme topographic diversity and altitude changes over short distances within the 

Soutpansberg result in dramatic climatic variance within the LRC (Volenzo and Odiyo, 2018). Luvuvhu 

River Catchment is characterized by subtropical climate with distinct wet during November to March, 

and little rainfall from April to October during winter with little precipitation. High temperatures in the 

study area influence the gradual increase in evaporation rates ranging between 1 400 mm and 1 900 

mm/year (Nethononda, 2018).  
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4.2.2 Field data collection 

 

Fieldwork was conducted from the 2nd of December 2021 to the 11th of December 2021 using simple 

random sampling. The study region had both broadleaf and needle leaf plant species and their 

distribution varied across the study area. To incorporate various plant species and canopy structures, 

dominating species within the sampled point was the one considered for this study. However, other 

plant species around the sampled points were also taken into consideration to supplement plant data 

collected. A total of 85 sampling points was generated and spread out within the study area with at least 

2 km between the points to minimize pixel overlapping on satellite imagery. Data were randomly split 

into 60% training (𝑛𝑛 = 49) and 40% validation (𝑛𝑛 = 33) data sets. This reasonable discrepancy between 

the output values and the validation set will improve the credibility of the model while a large 

discrepancy may invalidate the model. Standard Garmin eTrex 10 Handheld GPS with the maximum 

spatial accuracy of approximately of 3 meters was used to record coordinates at the center of each plot. 

At each sampled point, depending on its heterogeneity, one dominating overstory plant species was 

selected for sampling. Each sample was composed of five leaflets taken from the sunlit branches of an 

individual trees. Wet weight of the leaves was measured in the field using Digital Portable Kitchen 

Scale of accuracy of approximately 0.1g. Leaf samples were then stored in coded brown paper bags 

which were folded to avoid leaves drying out. Wet leaf samples were placed in the oven for 24 hours. 

After 24 hours when the leaves have dried out, dry weight of the leaves was measured to obtain dry 

mass of the leaves. The oven dried samples of leaf N content (expressed in percentage) were sent to the 

laboratory for nitrogen analysis. 

 

4.2.3 Image acquisition and pre-processing 
 

Satellite images from Sentinel-2 were downloaded from (https://scihub.copernicus.eu/) between 02nd 

December and 09th December 2021 for image classification. In 2015 and 2017, a pair of Sentinel-2 

satellites was launched. The launch of Sentinel-2A in 2015 and Sentinel-2B in 2017 has improved the 

remote monitoring of land surfaces and assessment of vegetation variables (Gitelson et al., 2014). 

Sentinel-2 provides data at an unprecedented spatial and temporal resolution (Frampton et al., 2013). 

Both Sentinel-2A and Sentinel-2B satellites have Multi- Spectral Imager (MSI) with a swath width of 

290 km and offers remotely sensed data in 13 spectral bands from the visible and near infrared region 

to the shortwave infrared region, of which four bands are at 10 m, six bands at 20 m and the remaining 

three bands at 60 m spatial resolution (Xie et al., 2019; Richter et al., 2019).  

 

 

 

https://scihub.copernicus.eu/
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Table 4.1 List of sentinel-2 bands (Herman et al., 2018) 

 

Band                                     Description        Wavelength (µ/m)              Resolution (m) 

B1                                     Coastal aerosol                   0.443                      60 

B2                                         Blue                                0.490                      10 

B3                                        Green                                0.560                      10 

B4                                         Red                                0.665                      10 

B5                            Vegetation Red Edge                   0.705                      20 

B6                            Vegetation Red Edge                   0.740                      20 

B7                            Vegetation Red Edge                   0.783                      20 

B8                              NIR (near infrared)                   0.842                      10 

B8A                                   Narrow NIR                   0.865                      20 

B9                        SIWR (shortwave infrared)                 0.945                      60 

B10             SIWR (shortwave infrared) – cirrus               1.375                      60 

B11                               SIWR                                 1.610                      20 

B12                               SIWR                                 2.190                      20 

 

4.3 Derivation of spectral variables 

 

The first activity with regard to the mapping of plant N across the study areas was to resample Sentinel-

2 image strips to 30 m spatial resolution, then mosaic them to a single image. The regression model 

from stepwise regression was used to compute multiple linear regression (equation) using raster 

calculator on QGIS which was then applied to the masked image and resulted in the map showing plant 

N concentration across Luvuvhu River Catchment. This study used 27 vegetation indices that were 

listed in the literature (Baret, 2016; Kemenova et al., 2017). Selected optical indices based of Sentinel-

2 sensor are developed from visible NIR, and red-edge part of the spectrum. Study also explored 

chlorophyll-related spectral indices that use the red-edge part of the spectrum, and since chlorophyll 

serves as a proxy to nitrogen, such spectral indices can be explored for indirect nitrogen estimation in 
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the forest, which has yielded good results in many ecosystems such as grassland and for agricultural 

crops (Clevers and Gitelson, 2013). Vegetation indices were calculated using formulas on Table 4.2. 

Table 4.2 Summary of selected optical narrowband spectral indices used in this study based on 
Sentinel-2. 

 

Vegetation index Formula Reference 

Simple ratio2 (SR2) 

 

 

Simple ratio3 (SR3) 

 

 

Simple ratio4 (SR4) 

𝑅𝑅𝑅𝑅2 =
𝐵𝐵07
𝐵𝐵04

 

 

𝑅𝑅𝑅𝑅3 =
𝐵𝐵07
𝐵𝐵06

 

 

𝑅𝑅𝑅𝑅4 =
𝐵𝐵07
𝐵𝐵05

 

 

Jordan, 1969 

Normalised difference index 

(NDI) 
𝑁𝑁𝑁𝑁𝑁𝑁 =

𝐵𝐵05− 𝐵𝐵04
𝐵𝐵05 + 𝐵𝐵04

 

 

Delegiole et al., 2011 

Chlorophyll index green with 

B07 
𝐶𝐶𝐶𝐶𝐶𝐶7 = �

𝐵𝐵07
𝐵𝐵05

� − 1 Gitelson, 2006 

Chlorophyll index red edge 

with B07 (Clre7) 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶7 = �

𝐵𝐵07
𝐵𝐵05

� − 1 Gitelson, 2003 

MERIS terrestrial 

chlorophyll index (MTCI) 
𝑅𝑅𝑀𝑀𝐶𝐶𝑁𝑁 =

𝐵𝐵06− 𝐵𝐵05
𝐵𝐵05− 𝐵𝐵04

 

 

Dash and Curran et 

al., 2004 

green Normalised difference 

vegetation index (gNDVI) 
𝐶𝐶𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁1 =

𝐵𝐵06 −𝐵𝐵03
𝐵𝐵06 + 𝐵𝐵03

 

 

Gitelson et al., 1996 

Normalised difference red 

edge (NDRE) 
𝑁𝑁𝑁𝑁𝑅𝑅𝑅𝑅 =

𝐵𝐵06− 𝐵𝐵05
𝐵𝐵06 + 𝐵𝐵05

 

 

𝑁𝑁𝑁𝑁𝑅𝑅𝑅𝑅1 =
𝐵𝐵07− 𝐵𝐵05
𝐵𝐵07 + 𝐵𝐵05

 

 

Sims and Gamon, 

2002 

Red_Model 𝑅𝑅𝐶𝐶𝑅𝑅_𝑅𝑅𝑀𝑀𝑅𝑅𝐶𝐶𝐶𝐶 =  𝐵𝐵08 –  𝐵𝐵06 Xue et al., 2004 

Enhanced difference red 

edge vegetation index 

(NDVIRed edge) 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁1 =
𝐵𝐵08 −𝐵𝐵05
𝐵𝐵08 + 𝐵𝐵05

 

  

Han et al., 2019 
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𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁2 =
𝐵𝐵08 −𝐵𝐵06
𝐵𝐵08 + 𝐵𝐵06

 

 

 

 

Table 4.3 Summary of selected optical broadband spectral indices used in this study based on 
Sentinel-2. 

 

Vegetation index Formula Reference 

Difference vegetation index 

(DVI) 

DVI = B08 − B04 Richardson and Wiegard, 

1977 

Optimised Soil Adjusted 

Vegetation Index (OSAVI) 
OSAVI =

(1 + 0,16)(B08− B04)
B08 + B04 + 0,16

 

 

Rondeaux and Steve, 1996 

(GIPVI) GIPVI =
B08

B08 + B03
 

 

Dimitrov et al., 2019 

Normalised difference 

vegetation index (NDVI) 
NDVI =

B03 − B08
B03 + B08

 

 

DeFries et al., 1995 

Moisture stress index 

(MSI) 
MSI1 =

B10
B08

 

MSI2 =
B11
B08

 

MSI3 =
B12
B08

 

 

Meng et al., 2016 

Ratio Vegetation Index 

(RVI) 
RVI =

B08
B04

 

 

Jordan, 1969 

Shortwave infrared ratio 

(SWIR) 
SWIR1 =

B10
B11

  

SWIR2 =
B10
B12

 

SWIR3 =
B11
B12

 

 

Vanhellemont and Ruddick, 

2015 

Enhanced difference 

infrared index (NDII) 
NDII1 =

B10 − B04
B10 + B04

 

 

Wang et al., 2015 
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NDII2 =
B11 − B04
B11 + B04

 

NDII3 =
B12 − B04
B12 + B04

 

 

4.3.1 Model calibration 
 

For this study, n = 82 samples were collected from the field and dataset was randomly split into 60% (n 

= 49) training data and 40% (n = 33) calibration data in R studio software. Training data set was used 

to train the model for plant nitrogen concentration estimation in R studio software. The study used 

stepwise multiple linear regression for each data set to determine variables that are significant and 

insignificant for the final model. Variables that were not significant for the respective models were 

eliminated, and models remained with variables that were significant. 

 

4.3.2 Model validation 
 

Validation data set (n = 33) was used to assess the validity of the model. Three data sets that were 

calibrated using stepwise multiple linear regression were validated by comparing observed values and 

predicted values from the validation data set. The coefficient of determination (R2), root mean square 

error (RMSE), and mean absolute error (MAE) were used to describe and compute the relationship 

between observed and predicted plant nitrogen, and the three metrics can be expressed as follows: 

                                                                  RMSE =  �𝛴𝛴𝑡𝑡=1
𝑇𝑇 (𝑥𝑥𝑡𝑡−𝑦𝑦𝑡𝑡)2

𝑇𝑇
                                                       (5)                                                    

                                                                    MAE =  ∑ |𝑦𝑦𝑖𝑖−𝑥𝑥𝑖𝑖|𝑛𝑛
�̇�𝚤=1

𝑛𝑛
                                                             (6) 

Where xi and yi are the measured and predicted plant nitrogen, x is the mean of measured plant nitrogen, 

and n is the total number of samples. 

 

 

 

 

 

 



48 
 

 

 

4.4 Results 

 

4.4.1 Plant species from the sampled point 
 

Table 4.4 Sampled indigenous species with important statistical information  

 

Species                                                                              Plant nitrogen (%) 

                                                                      Min              Max             Mean          Range 

 
Ficus sur                                               1.19 2.21               1.68               1.02 
Combretum erythrophyll                     1.45 2.38               1.94                0.93 
Albizia adianthipholia                                  1.8              3.67               2.58                1.87 
Acacia mellifera                                  2.01 3.07               2.55               1.06 
Celtis africana                                               1.3              2.44               1.74               1.14 
Acacia siberiana                                  1.28    3.3                 2.49               2.02 
Bridellia micrantha                                  0.8              1.76               1.37               0.96 
Acacia tortilis                                               1.65  3.01          2.17               1.36 
Schlerocrya birea                                  0.8              4.45               1.59               3.65 
Dichrostackys cinerea                                  2.32 4.45               3.28               2.13 
Combretum mole                                  1.09    3.27          2.22               2.18 
Ficus sycamore                                               1.28 2.75               1.75               1.47 
Terminalla sericea                                  1.22 2.79               0.35      1.57 
Other                                                            1.07 3.26               2.32      2.19 
 
n = 82 

 

4.4.2 Stepwise regression results 
 

Stepwise regression was repeated for narrowband spectral indices, broadband spectral indices, and 
combined bands spectral indices where insignificant variables were eliminated from the models. 
Combined spectral indices have produced higher correlation between observed and predicted values of 
plant nitrogen with R2 = 0,59, followed by broadband with R2 = 0,44 and the narrowband indices with 
R2 = 0,35.  

 

Table 4.5 significant variables resulting from stepwise logistic regression analysis 

 

 Source Estimate  Std. Error  t-value  Pr(>|t|) 
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Narrowband 

indices 

Intercept 

SR1 

SR4 

NDRE1 

NDI 

gNDVI1 

Red_Model 

Red EdgeNDVI 

gNDVI 

4.840 

-0.010 

-2.489 

1.466 

-6.122 

5.478 

2.044 

5.677 

-6.502 

4.673 

1.391 

3.685 

21.605 

30.267 

12.586 

6.401 

26.300 

12.527 

1.036 

-0.073 

-0.675 

0.068 

-0.202 

0.435 

0.319 

0.2016 

-0.519 

0.311 

0.943 

0.506 

0.946 

0.841 

0.667 

0.752 

0.831 

0.609 

Broadband 

indices 

Intercept  

OSAVI 

MSI1 

MSI3 

NDVI 

NDII3 

2.421e+00     

-2.032e+05   

-9.921e+02          

6.409e+00          

2.357e+05          

-8.660e+00             

3.036e+00          

6.625e+04         

2.776e+02   

2.896e+00          

7.684e+04 

3.849e+00                  

0.797 

-3.067 

-3.574 

2.213 

3.067 

-2.250 

0.43241    

0.00499 ** 

0.00140 ** 

0.03588 * 

0.00499 ** 

0.03314 * 

Combined 

indices 

Intercept 

SR2 

SR3 

NDRE 

NDI 

Red_Model 

RedEdgeNDVI2 

MSI2 

SWIR1 

SWIR3 

NDII2 

NDII3 

-22.637 

-2.411 

17.933 

48.791 

39.727 

-3.499 

-47.209 

-6.903 

361.274 

20.141 

-61.308 

68.576 

10.067 

1.196 

8.790 

25.020 

26.055 

1.323 

22.850 

2.749 

174.804 

5.029 

-3.729 

4.037 

-2.249 

-2.016 

2.040 

1.950 

1.525 

-2.646 

-2.066 

-2.511 

2.067 

4.005 

4-3.729 

4.037 

0.035962 *   

0.057397 

0.054749   

0.065319 

0.142992     

0.015503 *   

0.052022   

0.020718 *   

0.051951    

0.00695 *** 

0.001324 ** 

0.000646 *** 

Note: *** Model significant at the probability level 0.001 (p < 0.001); **Model significant at the 0.01 

probability level (p < 0.01); * Model significant at the 0.05 probability level (p < 0.05). 

 

Results showed that from this model, spectral indices from the rededge were the most insignificant 

indices with all of them producing results at p>0.05. From this model, the most significant spectral 

indices come from the broadband part of the spectrum with OSAVI, MSI1 and NDVI having p<0.05, 

however, more than 60% of broadband spectral indices have shown negative relationship with regard 

to plant nitrogen concentration in the study area. OSAVI, MSI1 and NDII3 have showed significant 

negative relationship with NDVI and MSI3 showing positive relation with regard to plant nitrogen 
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concentration. About 40% of spectral indices selected from combined spectral indices model have 

shown to be significant with p < 0.05, with SWIR3 and NDII3 being most significant at p<0.001 and 

positive relationship with regard to plant nitrogen concentration. 

 

4.4.3 Performance of vegetation indices in mapping plant nitrogen 
 

Figure shows the results of indigenous plant nitrogen concentration models which were constructed 

based on Sentinel-2 data. These models randomly selected 49 training points to train the model and 

used 33 as verification points, and the narrowband model produced an accuracy of R2 = 0.35, RMSE = 

0.81%and MAE = 0.65, broadband model produced an accuracy of R2 = 0.44, RMSE = 0.65% and 

MAE = 0.48, and the model containing both narrowband and broadband produced an accuracy of R2 = 

0.59, RMSE = 0.47% and MAE = 0.35%. Based on these results, the study has selected the model with 

both narrowband and broadband indices to estimate plant nitrogen across the study area. 

 

 

Figure 4.2 Relationship between observed and predicted values of plant nitrogen using selected 

rededge indices from stepwise regression and 33 validation points 
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Figure 4.3 Relationship between observed and predicted values of plant nitrogen using selected 

nitrogen related indices from stepwise regression and 33 validation points 

 

 

Figure 4.4 Relationship between observed and predicted values of plant nitrogen using selected 

combined bands indices from stepwise regression and 33 validation points. 
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4.4.4. Kriging Mapping of plant N in LRC 
 

This study used ordinary Kriging to create the interpolation of plant N in Luvuvhu Catchment Area. 
Kriging is a geostatistical interpolation with multistep technique that considers both the distance and 
the degree of variation between known points when estimating the unknown points (Paramasivam and 
Venkatramanan, 2019). In Kriging, interpolated values are modelled by a Gaussian process governed 
by prior covariance, and it is used to forecast geographic area. This method of interpolation was 
considered for this study to gain a general overview of how plant N concentration is like across the 
entire catchment since sampled points are not spread throughout the study area. Data obtained from the 
interpolation map helps to improve the accuracy of the study since it gives general overview of plant N 
concentration. 

 

Figure 4.5 Interpolation map of sampling points 
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4.4.5 Plant N mapping using multiple linear regression and vegetation indices 
 

The spatial distribution of plant N correlates well with the distribution of various plants species across 

the catchment, this was observed during field visits. 

 

Figure 4.6 Plant nitrogen concentration distribution map in the study area based on Sentinel-2 data 

and 11 indices. 

 

4.5 Discussion 
 

The aim of this study was to estimate and map plant nitrogen concentration of indigenous vegetation in 

the Luvuvhu River Catchment in Limpopo province using Sentine-2 data. Remote sensing makes it 

feasible to monitor plant nitrogen concentration at a large scale effectively at low cost. However, remote 

sensing mostly obtains spectral reflectance of the canopy of vegetation which requires the need to 

understand spectral traits of vegetation to be mapped. This allows for the establishment of the 

relationship between physiological, ecological variables, and spectral reflectance which will allow rapid 

nitrogen estimation and vegetation health monitoring (Vigneau et al., 2011; Osbome et al., 2011). 

Spectral reflectance of vegetation is influenced by many factors which result in changes in spectral 
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reflectance across the study area (Liu at al., 2019). Therefore, this presents a challenge to come up with 

spectral indices which are simple and applicable for plant N estimation.  

In this study, three groups of spectral indices linked to the biochemical and physical properties of 

vegetation such as nitrogen, structure, and chlorophyll were used with Sentinel-2 imagery to estimate 

canopy foliar nitrogen in the study area. Three models were built for plant N concentration in this study, 

namely, rededge, nitrogen based, and combined spectral indices to explore the relationship between 

predicted and observed nitrogen values for plant nitrogen concentration estimation. Spectral indices 

constructed from the combination of bands (rededge and nitrogen based) in Sentinel-2 data have the 

potential to extract vegetation properties and be utilised for a wide range of application such as plant 

nitrogen, chlorophyll, and water content estimation (Li et al., 2014; Hunt et al., 2013).  A combination 

of spectral regression models which are suitable for plant N estimation are very useful for vegetation 

health monitoring. Stepwise regression was used to determine the category of spectral indices with 

better performance when it comes to predicting plant nitrogen.  

For this study, regression model of combined spectral indices was used since it showed higher 

correlation between the observed and predicted values of plant N which presents reference for the plant 

N monitoring using spectral indices in the subtropical environment. Comparatively, combination of 

broadband and narrowband spectral indices performed better for this study with R2 = 0,59, followed by 

broadband spectral indices with R2 = 0,44 and finally narrowband spectral indices with R2 = 0,35. 

Variation of plant nitrogen concentration is well explained by functional and species composition in the 

study area. This is dependable looking into studies from various ecosystems, such as temperate, tropical, 

boreal, and Mediterranean ecosystems (Asner et al., 2008; Mathis et al., 2021; Asner et al., 2009). 

Sentinel-2 allows the construction of chlorophyll-related spectral indices using the red-edge part of the 

spectrum, and since chlorophyll serves as a proxy to nitrogen, such spectral indices can be explored for 

indirect nitrogen estimation in the forest, which has yielded good results in many ecosystems such as 

grassland and for agricultural crops (Clevers and Gitelson, 2013). However, spectral indices also have 

many factors that mostly affect them and are usually affected by many factors and show various 

characteristics (Zheng et al., 2018). For vegetation parameters estimations, some of spectral indices 

have excessive capability for soil noise reduction (Rondeaux, 1996), while others are very useful by 

avoiding at saturation for vegetation spectra (Jordan, 1969). In cases where the ecosystem is nitrogen-

rich, the correlation between chlorophyll and nitrogen becomes weak (Schemmer et al., 2013). 

Therefore, it is very crucial to be considerate when choosing spectral indices that are related to 

chlorophyll for nitrogen estimation, and also to consider the features that are sensitive to nitrogen when 

selecting spectral indices to estimate plant nitrogen (Osco et al., 2020; Zheng et al., 2018). NIR serves 

as a principal constituent for various spectral indices (Rondeaux, 1996). However, in practice, the red 
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edge is one of the most utilized spectral features for vegetation health evaluation (Vigneau et al., 2011; 

Osbome, 2002).  

4.6 Conclusion 
 

This study compared the performance of three groups of spectral indices which are mostly related to 
nitrogen, chlorophyll, and structural properties, derived from Sentinel-2 imagery to estimate the 
concentration of plant nitrogen in a subtropical environment of South Africa. Plant nitrogen varies 
greatly across the study area depending on species composition. Results from stepwise regression 
showed that showed that plant nitrogen can be estimated using different groups of indices with 
acceptable accuracy in the subtropical environment. Comparatively, combination of nitrogen based and 
rededge spectral indices performed better for this study with R2 = 0,59, followed by nitrogen based 
spectral indices with R2 = 0,44 and finally rededge spectral indices with R2 = 0,35. Most of the structural 
related indices could estimate nitrogen at a moderate to good accuracy, due to the functional link 
between canopy structure and nitrogen resulting from functional type and species differences.  
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CHAPTER 5: CONCLUSIONS AND SYNTHESIS 
 

5.1 Introduction 
 

Over the last decades, accurate mapping, and monitoring of vegetation cover in the world, and 

especially in South Africa have been challenging, probably because of the complex structure of its 

canopy. Vegetation cover mapping using optical remote sensing is very common, and NDVI is the most 

widely used approach (deFries et al., 1995). However, NDVI on its own could not distinguish between 

natural vegetation and croplands since croplands were giving similar NDVI values to natural vegetation. 

This requires more robust classifiers, and their performance should also be independent of site 

characteristics. That led to the use of maximum likelihood classifier to assist distinguishing between 

croplands and indigenous vegetation. The study also used different spectral indices and stepwise 

multiple linear regression to estimate and map leaf water content and plant nitrogen concentration. 

This study aimed to map indigenous vegetation health in the Luvuvhu River Catchment using Sentinel-

2 data. To achieve this main objective, the study had the following specific objectives: 

v. Map the area covered by vegetation in Luvuvhu Catchment Area, and 

vi. Distinguish between the area covered with indigenous vegetation and croplands. 

vii. Mapping of vegetation leaf water content using Sentinel-2 data 

viii. Mapping of the plant nitrogen concentration through Sentinel-2 data 

 

5.2 To map the area covered by vegetation in Luvuvhu Catchment Area and distinguish 
between the area covered with indigenous vegetation and croplands. 
 

The first objective of this study was to map areas covered with vegetation across the catchment, then 

distinguish between croplands and indigenous vegetation. This study used NDVI with threshold of < 2 

to map areas covered with vegetation. A vegetation map of the study area was used to distinguish 

between croplands and indigenous vegetation using maximum likelihood classifier with overall 

accuracy of 98,41 and KAPPA hat of 0,949. It is also noted with great concern that there is a lot of 

natural vegetation disturbance or clearing in the study area. Vegetation is cleared for a number of 

reasons such as fuelwood, land occupation, agricultural expansion and many more. 
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5.3 Mapping of vegetation leaf water content using Sentinel-2 data 
 

One of the objectives of this study was to estimate and map water content across the study area. This 

was done by selecting spectral indices that are related to water content estimation. Selected indices were 

grouped into three categories (moisture based, rededge, and combined spectral indices), and stepwise 

regression was performed for each of them using training data. Study concluded that combined spectral 

indices performed better with R2 = 0,53, RMSE = 0,085g/cm and MAE = 0,065%, compared to 

narrowband indices with R2 = 0,48, RMSE = 0,097 g/cm and MAE = 0,080%, and broadband indices 

with R2 = 0,25, RMSE = 0,096 g/cm and MAE = 0,075%. Mapping of vegetation leaf water content 

was done using multiple linear regression in QGIS and a produced thematic map showing how 

vegetation leaf water content is distributed across the study area. The thematic map indicates that there 

is vast variation in terms of vegetation leaf water content across the study area wherein the mountain 

range, southwestern and parts of north western part of the catchment have higher vegetation leaf 

moisture content. The north-eastern parts of the catchment have relatively low vegetation leaf water 

content. 

 

5.4 Mapping of the plant nitrogen concentration through Sentinel-2 data 
 

The methodology used in chapter 3 was adopted for chapter 4 of this study. Stepwise linear regression 

was used on narrowband, broadband, and combined indices in R studio software using training dataset. 

With the use of stepwise regression, spectral indices that were not fit for the models were eliminated. 

The study compared the final models for each category of spectral indices and established that the model 

for combined spectral indices performed better (R = 0,59, RMSE = 0,47% and MAE = 0,38%) and was 

selected for plant N mapping using multiple linear regression in QGIS. It is also established that plant 

leaf concentration is unevenly distributed across the study area.  

 

5.5 Conclusion 
 

The main aim of this study was to evaluate the health of indigenous vegetation in Luvuvhu River 

Catchment using Sentinel-2 imagery. This study has shown that Sentinel-2 data can be used to estimate 

and map biophysical and biochemical variables of vegetation. Based on the findings of this study, it can 

be concluded that: 
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(i) Sentinel-2 can be useful in vegetation cover mapping using NDVI. The same images from 

Sentinel-2 were used to distinguish between croplands and indigenous vegetation using 

maximum likelihood classifier with an overall accuracy of 98.41% and KAPPA hat of 0,949. 

(ii) The combined spectral indices used to estimate vegetation leaf water content have produced 

better accuracy compared to other models with R2 = 0.53, RMSE = 0.085 g/cm and MAE = 

0.065%, followed by narrowband indices with R2 = 0.48, RMSE = 0.097g/cm and MAE = 

0.080%, and lastly, the broadband indices with R2 = 0.25, RMSE = 0.096g/cm and MAE = 

0.075%. Indices used for this chapter were selected based on their relation to leaf water content 

in other studies. 

(ii) The use of Sentinel-2 imagery, together with spectral indices related to biophysical and 

biochemical vegetation parameters have proven to be effective for plant N concentration at a 

landscape scale. Model with combined indices have outperformed other models with R2 = 0,59, 

RMSE = 0,47% and MAE = 0,38%. 

 

5.6 Limitations and recommendations 

Several limitations exist in this thesis in both chapters 3 and 4. The first limitation is the distribution of 

the sample points throughout the entire field. Sample points were often weighted towards the accessible 

side of the field. The issue with this is the enormous size of the study field. Evenly distributing the 

sample points throughout the entire field was not realistic in terms of labour and accessibility. Most 

parts of the study area were privately owned land, and often there were no personnel to grant permission 

to access the property. A suggestion for future research for this limitation is by having multiple teams 

retrieving the data in different sections of the field simultaneously. However, this would require more 

fieldwork members and a multiple set of equipment.  

 

Recommendations 

Insights on other explanatory variables could be included in future models that capture the prediction 

of canopy nitrogen. Other spatial field information, such as LAI, drainage and soil information could 

be used in future models along with spectral VIs. This information can give a better idea on the 

contributions of nitrogen content that occur below the canopy and could possibly give another direction 

into analysing plant nitrogen stress.  
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