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ABSTRACT  

Rangeland vegetation mapping and assessment of its productivity is an integral aspect of ecosystem 

management. This study aims to map grasslands of Masai Mara ecosystem and estimate above ground 

grass biomass for rangeland monitoring and management.  A review of previous vegetation maps show 

that there is need for a new mapping approach that solves the problem of misinterpretation of remote 

sensing data. Misinterpretation results from local distribution of rainfall which is highly variable in space 

and time in this area. Highly variable rainfall also affect rangeland seasonal productivity of forage in the 

rangeland. Therefore, a reliable model for estimating rangeland biomass that is not rainfall dependent is 

required. The methods used in mapping vegetation cover in this study involved; i) unsupervised image 

classification through ISODATA clustering and, ii) calculations of NDVI image stack statistics. Analysis 

of hyper-temporal Modis terra NDVI data produced classified NDVI and NDVI image statistics SD, 

Median and Trend. The image analysis outputs were used to design a sample scheme for fieldwork. 

Random stratified sampling was then followed to gather vegetation and biomass samples during fieldwork. 

Field samples were therefore analysed and used to characterize NDVI Classes into meaningful vegetation 

cover types. Biomass samples collected using quadrat and clipping technique were used to train biomass 

prediction model. Linear regression modelling technique was used to determine a statistically significant 

(p<0.05) model for predicting grass biomass. The statistical analysis also involved correlation coefficient 

calculation between measured grass biomass and explanatory variables SD, Median, Trend, distance to 

Bomas, animal density and NDVI as at Oct 2014. Root Mean Square Error (RMSE) was calculated for the 

model and used to assess its accuracy in prediction. The prediction model was validated using secondary 

data that was collected in Sept/Oct 2006 to check if the predicted values differ statistically to the 2006 

measured data. The results of this study showed that it is possible to map vegetation cover through 

NDVI-derived data such as SD, Median and Trend. The mapping procedure distinguished the area into 

six cover units (A, B, C, D, E and F). However, some of the differences that are easily detected through 

remote sensing are not clearly distinguishable through field percent cover estimates because of overlaps in 

cover estimations. The differences in mapped cover types were investigated through a statistical test of 

difference using field measured grass biomass. A Kruskal-Wallis test reveal that mean of biomass 

measurements are significantly different between vegetation cover units; C – E, D – E, and E – F. 

Statistical results from Spearman’s Rank correlation tests revealed that grass biomass is significantly 

correlated to variables SD, distance to Bomas and to animal density. Linear relationship also exist between 

grass biomass and NDVI though not significant. Significant model coefficients explaining biomass (R2 = 

0.653, N=42) was developed and used in predicting biomass. A Wilcoxon signed-rank test was done to 

compare between the model estimates and historical biomass measurements of 2006 and the results show 

that the two biomass datasets are not identical. This study concluded that the most reliable mapping 

approach to the effect of highly variable rainfall is through NDVI-Derived image products which measure 

the behaviour of vegetation over a longer period of time and not weather but climate dependent. 

However, it does not perform well in overlapping percentage cover estimates. This study have also 

demonstrated that SD, Bomas and NDVI measurements are key factors associated to measurable grass 

biomass and the approach used is not comparable to the one provided by IRLI, 2006 for this area since 

the results of the two studies are statistically significantly different. This study therefore recommends that, 

future studies should consider SD of NDVI more in vegetation cover mapping, assess biomass in 

different seasons with successive data and also include soil and herbivore grazing intensity in order to get 

an improved biomass prediction model. 

 

Keywords: Vegetation cover units, mapping, grass, NDVI, SD, Median, prediction, biomass, Masai Mara, hyper-temporal 
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1. INTRODUCTION 

1.1. Background  

Rangelands are in remote areas of the world with low human population densities and cover about 50% of 

the earth’s total surface area (Laliberte, Winters, & Rango, 2011). They comprise of grasslands, woodlands, 

wetlands and shrub lands. Generally, rangelands consist of shrub, grass, savannah and sparse woody 

vegetation. Throughout these areas, there are variations in vegetation types, climate, animal species and 

management systems that make rangelands vary in terms of their biological and economic productivity 

(Menke & Eric Bradford, 1992). Grasslands are essential parts of rangeland ecosystems in that, grassland 

biomass are key to maintaining the services of a rangeland ecosystem. In many countries, rangelands form 

part of protected areas and are a home to many wildlife species.  

The main use of rangelands is to provide forage for both grazing wildlife and livestock. Grassland 

production is determined by the amount and timing of rainfall, soil type, temperature and fire (Yeganeh, 

Khajedein, Amiri, & Shariff, 2012). Present trends of climate change cause variations in vegetation 

compositional state (Boorman, 1997) and this have implications on ecological systems and wildlife species 

distribution (Mundia & Murayama, 2009). As human population increases, the biodiversity in turn face 

stiff competition for the shrinking resources (Mundia & Murayama, 2009) causing many rangelands to be 

degraded. 

In East Africa, rangeland ecosystems have been undergoing unprecedented period of change, which have 

implications on their sustainability to wildlife and human beings. Climate variability and land-use changes 

have devastating effects on rangeland ecosystems and wildlife. Environmental changes and economic 

developments in and around rangelands contribute to wildlife disturbance, loss of biodiversity, pollution 

and reduction in food and water supply to wildlife.  

Masai Mara ecosystem, located South-west of Kenya, is a reserve surrounded by group ranches and 

conservancies and embodies many of the current issues in biodiversity conservation (Mundia & 

Murayama, 2009). This ecosystem is increasingly getting transformed by the agro-pastoral communities 

adjacent to it (Homewood et al., 2001). In addition, commercial farming and tourism activities transform 

and threaten the sustainable living of pastoral people and wildlife. These threats can be seen as effects of 

grazing observable in vegetation properties such as cover, cover fractions, plant species diversity and 

herbage production (Yang & Guo, 2011) in the grasslands.  Development of lodges and urban centres are 

among some of the landuse changes that have an impact to this reserve. Due to these developments, 

wildlife are disturbed and restricted to this ecosystem leading to competition for water and food within 

and around the reserve. 

Conservation and protection of rangelands require a clear understanding of local and temporal distribution 

of grasses for wildlife grazing. Masai Mara ecosystem is an immense rangeland and may prove difficult to 

assess its resources by just ground observation techniques. Remote sensing offers reliable techniques for 

monitoring, assessing and estimating rangeland productivity over time. Through satellite imagery data, 

evaluation and comparison of vegetation cover changes have been possible and it has proved to be a very 

useful tool for estimating grass production (Biro, Pradhan, Buchroithner, & Makeschin, 2013).  

Previous studies have showed that vegetation indices derived from remotely sensed data are correlated to 

grass or forage production in the rangelands (Yeganeh et al., 2012). Indices such as NDVI, SAVI and RVI 

have been used in such studies to show the relationship between grazers’ distribution and forage 

production. This relationship between NDVI and vegetation phenology have been used in mapping and 
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discriminating rangeland changes as could be observed on satellite image data (de Bie, Mobushir, 

Toxopeus, Venus, & Skidmore, 2008). However, the maps in most cases relied on a one time image data 

to map vegetation cover. Correlation of grass production and vegetation indices have shown that above 

ground grass biomass production vary from time to time (Yeganeh et al., 2012) depending on many 

affecting factors. The variations in biomass can be mapped and explained through hyper-temporal remote 

sensing image data collected over an area for different growing seasons.  

This study explored the potentials of hyper-temporal 16-day Modis Terra NDVI data in vegetation cover 

mapping and above ground grass biomass estimation. Through field assessment of vegetation 

composition, structure, density and percentage cover, classification of NDVI data was possible for 

vegetation mapping. Field samples of above ground grass biomass measurements were used to train a 

model for biomass estimates for the entire study area.  The aim of this study was to map grassland 

vegetation cover and estimate rangeland grass biomass through a reliable statistical model for this 

ecosystem.  

This study was carried out under the framework of MaMaSe Sustainable Water Initiative project. The 

initiative aims at improving water safety and security in the Mara River Basin to support structural poverty 

reduction, sustainable economic growth and conservation of the basin’s ecosystems. The initiative is 

through the financial support of the Netherlands Embassy in Nairobi, Kenya. It consists of broad-based 

public-private partnership including international and Kenyan government agencies, civil society, and 

private sector, NGO, and knowledge institutions. This study was in line with one of the of MaMaSe 

objectives which was to ensure that key forest and savannah ecosystems are protected or restored and 

wildlife get access to habitats and water resources needed at different times of the year, especially during 

drought years.  

 

1.2. Problem statement  

Masai Mara ecosystem was originally used for pastoral livestock and wildlife grazing. In recent years, the 

ecosystem has experienced major changes in landuse and tenure as a result of increased human settlement 

(Ottichilo, 2000). Originally, the land in this ecosystem was owned by the indigenous Masai people as 

communal land held in trust for them as trust land by Narok county council. In mid-1960’s, changes in 

land tenure system begun which have led to fragmentation and conversion of the rangelands in the 

northern part of the ecosystem to arable agricultural land. The areas that used to be for wildlife grazing 

during dry season are now reduced to farming lands because the soils there are fairly fertile and moisture is 

favourable for crop growing. Conversion of parts of Mara ecosystem to farmlands, fencing and different 

landuse practices together with other environmental factors such as drought have caused disturbance to 

animals and their  movements leading to a reduction in their populations in the recent decades (Ottichilo, 

2000). The reduction in wildlife grazing areas as a result of land fragmentation and fencing of what used to 

be pasture land have restricted animals to limited areas for grazing and water points causing competition 

for the life-supporting habitat services found in the ecosystem. 

Sustainable utilization of grass resources within this ecosystem by pastoralists, ranchers and wildlife calls 

for an understanding about the changes going on in the grazing areas at any particular time. In Masai Mara 

ecosystem, the number of negative changes in dominant grazing areas are attributed to overgrazing and 

ever rising human activities (Ottichilo, 2000) and this require new scientific knowledge to manage from 

time to time. There has been previous studies that attempted to quantify biomass accurately using 

traditional methods, (Boutton & Tieszen, 1983 and Boutton, Tieszen, & Imbamba, 1988). These attempts 

were based on statistical correlations of biomass to rainfall in most cases so as to make biomass 

estimations. Since rainfall in this area is highly variable in patterns over space and time (Ogutu, Piepho, 

Dublin, Bhola, & Reid, 2008), it is still a problem to come up with a good model for estimating biomass.  



APPLICATION OF HYPER-TEMPORAL NDVI DATA IN GRASSLAND MAPPING AND BIOMASS ESTIMATION IN THE MASAI MARA ECOSYSTEM, KENYA 

3 

Rainfall has been assumed to follow a bimodal distribution across Masai Mara Ecosystem, however, local 

distribution is highly variable in space and time leading to a very high level of misinterpretation of remote 

sensing images. Some land cover maps exist for this area, for instance, the one done by Mundia and 

Murayama (2009) was made through classification of images that are climate representative and not 

weather representative. This poses a challenge in mapping vegetation due to rainfall variability in this area. 

Classification of hyper-temporal NDVI image data offers an opportunity to overcome this challenge in 

mapping vegetation. Little has been done using NDVI-derived parameters to map vegetation in this 

ecosystem. The irregularity in the peaks of NDVI profile over the past 14 years illustrate growth in 

vegetation due to variability in precipitation in every growing season, see Figure 1.  

Application of remote sensing has been immense in recent times in monitoring rangeland pasture. In 

order to assess the capabilities of remote sensing technologies, satellite data have been used to assess 

changes in range vegetation phenology by considering vegetation indices such as NDVI, SAVI, RVI, EVI 

and MSAVI. Spatial variability of grazing animals over pasture land in Masai Mara have been assessed and 

mapped using satellite data (Oindo, 2008) so as to influence decisions on rangeland exploitation and 

management as well. Understanding of local and temporal distribution of grasses through properties 

measurable by remote sensing is more reliable than traditional methods which are limited to local areas 

(Yeganeh et al., 2012).  Modis multi-temporal image data have been applied in forage production analysis 

and according to Yeganeh et al. (2012) NDVI, SAVI and RVI indices have moderate correlations with 

forage over time. Remote sensing techniques have not been fully exploited to make quantitative 

measurements of biomass production and assessments of the changes in space over time for this area. 

However, there are a few studies, mentioned earlier, that have reported biomass production estimates for 

this ecosystem mainly through traditional estimation methods.  

Lack of a proper map for grassland vegetation that matter in this ecosystem, lack of proper model for 

biomass estimation and monitoring are the key problems that this study seeks to address by analysing 

hyper-temporal NDVI images to map and provide an understanding to the spatio-temporal dynamics of 

rangeland vegetation and production in relation to utilization practices by the people and wildlife. 
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Figure 1: A profile of NDVI over the past 14 years showing irregular peaks in every growing season 

1.3. Study Area Description 

Masai Mara Ecosystem is located to the south-west of Kenya, between 340 45’ E to 360 00’E and 00 45’S 

to 20 00’S and it covers an area of about 6500km2. The study area is roughly triangular in shape, see Figure 

2 and can be divided into three range units based on their biogeography and climate (Stelfox et al., 1986). 

These range units are the Mara and the National Reserve (which are composed of mainly Themeda 

grasslands), Loita plains (composed of dwarf shrub and Acacia drepanolobium grassland) and Siana (mainly 

hills and plains supporting Croton bush and other woody species interspersed with grasslands). In wet 

season, Loita plains formed the best part of the range for most grazers in the Masai Mara Ecosystem while 

during the dry season, the Mara unit formed the most part of the range for most grazing animals (Said, 

Skidmore, Leeuw, & Prins, 2003). 

Annual rainfall distribution in this area is bimodal, characterized by two rainy seasons and two dry seasons 

(Ottichilo, 2000). The wet season occurs in the months of March to May with its peak in April and the 

main dry season is from mid-June to mid-October (Stelfox et al., 1986). The area receives rainfall ranging 

between 600mm to 1000mm (Lamprey & Reid, 2004) with the lowest rain received in the eastern side and 

highest in the western side where climate is influenced by the Lake Victoria weather system. The soil 

moisture in the ecosystem is sufficient to sustain grass growth during the dry period. These characteristics 

make the area to be best described to be in eco-climatic zone IV (Lamprey & Reid, 2004), that is, the 

semi-arid to sub-humid zone. 

The vegetation in this area is supported by the soils weathered from ‘phonolitic tuffs’ derived from 

volcanic ash with moderately high fertility. The grassland plains of the Mara range dominated by Themeda 

triandra and Pennisetum species support majority populations of the grazing wildlife and livestock. 
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Figure 2: Study area map and its geographical location in Kenya 

 

1.4. Research objectives 

The main objective of this study is to use hyper-temporal NDVI data to map grasslands and estimate 

above ground grass biomass in the Rangelands of Masai Mara ecosystem. In order to realize this objective, 

the following specific objectives are used;  

 

i. To map grassland cover types of the ecosystem 

ii. To determine a model for estimating above ground grass biomass 

iii. To evaluate the relationship between grass biomass and Modis NDVI data 

 

1.5. Research questions 

This research was designed to help find answers to the following questions 

 

i. Can Modis NDVI data effectively distinguish complexes in Grassland vegetation cover? 

ii. What are the differences in actual above ground grass biomass by grassland cover type? 

iii. What are the main factors associated with actual measurable grass biomass in Masai Mara 

Ecosystem? 

iv. How do model estimated grass biomass compare to actual historical biomass data? 
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1.6. Hypothesis 

 

i. Standing biomass quantity by can significantly be explained by NDVI, NDVI derived data, animal 

density and distance to Bomas. 

H0: β1 = β2 = β2 … = βn = 0 

H1: At least one of the β is not 0 

 

ii. Measured grass biomass is not statistically the same in all the vegetation cover types. 

H0: There is no difference in measured grass biomass by vegetation cover type 

H1: There is a difference in measured grass biomass by vegetation cover type 

 

iii. NDVI-derived biomass as predicted for Oct 2006 and biomass as measured by ILRI in Sep/Oct 

2006 are identical. 

H0: Model estimated grass biomass and actual biomass measurements by ILRI are not identical 

H1: Model estimated grass biomass and actual biomass measurement by ILRI are identical 

 

1.7. Assumptions  

i. Grass cover types did not change over time 

ii. Relative wildlife abundance and distribution did not change over the 15 year study period 

 

1.8. Conceptual Diagram 

 
Figure 3: A conceptual diagram illustrating interactions between Grazers, Pasture and influencing factors 
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The schematic representation of the concept running through in this study is as shown in Figure 3 above. 

The interactions in the ecosystem is conceptualized as those around primary producers which in this case 

is pasture. Pasture is considered in terms of type and biomass. Type refers to grasses composition and 

their distribution across the ecosystem. Grasses types can be annual or perennial. In this concept, biomass 

refers to the total weight possessed by grasses in a given land cover area and is transferable from one 

trophic level to another through a natural process; grazing. Different landscape conditions, soil type, 

fertility and weather conditions affect or cause variability in the amount of pasture available for the grazing 

animals at any point in space and time. Grazers modify landscape to an extent thus affecting pasture 

conditions in space and time depending on their population, distribution and their grazing behaviour.  
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2. LITERATURE REVIEW 

2.1. Introduction 

This chapter reviews various scientific materials; published and non-published, gleaned and found to be 

relevant to this study. It gives a critical discussion of what have been done by other researchers showing 

different arguments, theories and approaches used by the researchers looking into issues regarding 

vegetation mapping, grassland biomass estimation and monitoring through remote sensing data. 

2.2. Grassland Mapping  

Grasslands are extensive parts of rangelands and in Eastern Africa, they are all found in the tropics. Most 

of the grasslands are in Arid and semi-arid areas and the vegetation are tolerant to the semi-desert 

environment (Grasslands of the world). The grasslands have been grazed over the past many years by 

wildlife and livestock and due to increase in human population and activities, the grasslands get 

encroached more so as to meet the ever increasing human demands. Rangelands are degraded by human 

activities and also selective removal and trampling by grazing animals thus changing grass species found in 

an ecosystem (Peterson, Price, & Martinko, 1998) and this happens when there is high grazing intensity. 

Mapping and monitoring is an important part of any process required for maintaining rangelands. Remote 

sensing images have proved to be very important recently in vegetation mapping activities (Xie, Sha, & 

Yu, 2008). The process of getting information about vegetation types and species by interpreting satellite 

imagery is referred to as vegetation mapping from remote sensing according to Xie et al. (2008). Mapping 

of vegetation through remote sensing is argued by Sha et al. (2008) that it is not easy and is a big challenge 

to get satisfactory classification with fine biotic details of vegetation from low and medium resolution 

imagery like those from Landsat TM and Modis sensors. However, Xie et al. (2008) highlights that Modis 

as a low resolution data source is applicable for mapping vegetation at a large scale making mapping at 

global, continental or national scales possible. They further say that the repeat time of Modis Terra satellite 

and Aqua of one to two days is important for mapping vegetation over time, which is a monitoring aspect. 

Monitoring needs data measurements about vegetation taken in a sequence over a time interval thus 

referred to as time series data. Time series data from Modis is reliable and have similar spectral matching 

techniques to hyperspectral data and the techniques have similar potentials in applications for identifying 

land cover classes from historical image data (Gumma et al., 2014).  

It is important to note that researchers have examined the use of maps in land cover change and 

monitoring. Sequential production of reliable vegetation maps depicting change or trend over time have 

been explored using various techniques. Mapping techniques have varied from one researcher to another. 

De Bie et al. (2008) in their analysis of hyper-temporal images for crop mapping argue that many 

researchers have done land cover mapping by interpreting single time frame multi-spectral images leaving 

out of the map the aspect of high temporal variation, a major characteristic of vegetation. To effectively 

map and monitor grasslands, it is important to define map units of interests depending on the behaviour 

of vegetation in time as can be measured by the satellite sensors de Bie et al. (2008). Different vegetation 

types and species show different spectral profiles that are distinct and useful for discrimination and 

mapping. In a study carried out by Jakubauskas et al. (2002) found out that grasslands show a unimodal 

phonological pattern same as corn. They further explain that similar species of vegetation (crops) tend to 

have similar temporal profiles in their phenology making them easy to stratify as a single unit.  



APPLICATION OF HYPER-TEMPORAL NDVI DATA IN GRASSLAND MAPPING AND BIOMASS ESTIMATION IN THE MASAI MARA ECOSYSTEM, KENYA 

9 

Zhang et al. (2003) in monitoring vegetation phenology explains that MODIS-based vegetation growth, 

production and seasonal variation estimates show spatio-temporal patterns that are related to land cover 

types. They further argue that in order to maintain or increase the percentage cover of grass species, 

minimize the percentage cover of invasive species, maintain structural diversity of native ecosystems and 

to improve their composition, hyper-temporal measurements of vegetation phenology is very important.  

Remote sensing has been used to map and discriminate these areas. However, there is no or limited, if any, 

studies that explains properly how to map vegetation in areas with highly variable rainfall patterns using 

remote sensing data. Hyper-temporal remote sensing add time stamp to spatial variability of vegetation 

measured but high variability in rainfall many at times make temporal profiles of similar vegetation differ 

from time to time causing a mix-up of vegetation types especially when mapping using multi-temporal 

images as de Bie et al. (2008) explains.  

  

2.3. Hyper-temporal image analysis techniques 

Hyper-temporal remote sensing data is one of the primary data sources used in many GIS related studies 

today. It consist of same image taken at regular time intervals to help study highly dynamic phenomenon 

(Boyd & Danson, 2006), that is, they use many different time periods of the same image. Therefore, 

various approaches of extracting information from the time series NDVI data have been applied by 

various researchers.   

Jakubauskas et al. (2002) explains application of the harmonic (Fourier) analysis technique as a method 

that reduces a complex raw curve of a time-dependent periodic phenomenon into sinusoidal waves, each 

wave defined by unique amplitude and phase values referred to as harmonics. As an improvement to the 

technique proposed by Jakubauskas et al. (2001), they illustrated harmonics as a technique that represent a 

periodic, repeating pattern of a phenomenon with a unique set of height, wavelength, and phase angle. 

Since the amplitude of a harmonic corresponds to the magnitude of surface greenness (NDVI), the 

phenological pattern of vegetation over multi-year period can be evaluated as illustrated by Jakubauskas et 

al. (2002). Each harmonic designates the number of cycles completed by a wave form over the defined 

period which vegetation is being assessed. Using variance of a harmonic as determined by the magnitude 

of its amplitude Jakubauskas & Legates, (2000) were able to characterize overall vegetation greenness by 

amplitude and phase values derived from NDVI biweekly composites. They found out using this method 

that grasslands and shrublands have lower additive term values than drylands and irrigated farmlands.  

A stack of time series data have also been analysed through unsupervised classification method where 

features have been characterized as patterns or points in a d-dimension space. Using an unsupervised 

classification, that is, the Iterative Self-Organizing Data Analysis Technique (ISODATA) of Erdas-

Imagine software, the time series image stack have been segmented to produce clusters (Beltran-abaunza, 

2009). The clusters are then subjected to subsequent calculations and analysis for both the minimum and 

average divergence values. This helps in evaluating the separability so as to assist determine the choice of 

the optimal number of clusters that generalize the time series data  (Skidmore et al., 2003; de Bie et al., 

2008; Ali et al., 2012 and Jiang et al., 2013). The decision of the optimal number of clusters is reached 

through visual inspection and every class identified in this kind of analysis is supported by a temporal 

NDVI profile expressing trend in vegetation. 
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Since the coarser spatial resolution of Modis images result into mixed pixels that make it difficult to 

differentiate between vegetation classes, using one image to do cover classification result into loss of 

information (Lobell & Asner, 2004). Using hyper-temporal image analysis techniques help solve this 

problem of mixed pixels (Wang, Ge, & Li, 2013). However, the decisions about the trend within a pixel 

and classification still rely more on the expert knowledge even though separability statistics proves to be a 

more reliable decision support technique.  

2.4. Grass biomass estimation 

Grass and grass production is an integral part of rangeland ecosystem. This is because grass is essential in 

maintaining rangelands and its services (Jin et al., 2014). Vegetation biomass have been estimated using 

different methods including, visual (Redjadj et al., 2012; Waite, 1994),  harvesting (O. Sala, Deregibus, 

Schlichter, & Alipe, 1981), capacitance meter (Terry, Hunter, & Swindel, 1981), spectral image data 

(Tucker, 1979) among others. It is important to know how much the productivity of a rangeland is and 

quantify the production so as to monitor trends over time. This is because herbage distribution determines 

the distribution of grazing animals across the ecosystem (Yu et al., 2010). Sala et al. (1988) argues that the 

spatial pattern of above ground biomass productivity follows a similar gradient to isohyets. This implies 

that the biomass production is influenced by the amount and distribution of rainfall across an ecosystem 

which has greater variations from year to year. However, this pattern may not be consistent in ecosystems 

where rainfall is highly variable. This productivity gradient have been demonstrated using coarse spatial 

resolution satellite data with high temporal resolution to show seasonal dynamics of vegetation (Justice, 

Townshend, Holben, & Tucker, 2007).  

Biomass estimates is required as part of any grassland monitoring process. Remote sensing presents itself 

as a tool for grassland monitoring because it provides a timely and synoptic view of grassland conditions. 

Traditional (Sala et al., 1988) and modern techniques both use statistical approaches to estimate biomass. 

In recent times, researches have focussed on estimating above ground biomass through correlation and 

other statistical techniques relating biomass to vegetation indices measurable through remote sensing (Cho 

et al, 2007,  Yu et al., 2010, Jin et al., 2014 and Zhao et al., 2014). Regression analysis is a technique that 

has been used extensively in these studies to model and predict biomass.  

2.5. Hyper-temporal NDVI vs Rainfall measurements for biomass estimation 

The relationships between peak biomass and rainfall have been analysed through various studies to prove 

that rainfall is linearly related to biomass production (Sala et al., 1988,  Wylie et al, 1992 and Ran et al, 

2006). Sala et al. (1988) argues that the pattern of biomass production in an area is largely accounted for by 

annual precipitation, accounting for 90% of variations in biomass estimates. In a study that used multi-

temporal NDVI data to quantify vegetation change, (Elmore, Mustard, Manning, & Lobell, 2000), 

discussed NDVI as a simple and reliable measure of greenness that showed correlation with field 

measurements. However, they further say that, the relationship that existed was less robust especially 

when measurements were subsequently taken to estimate change. They then attributed this to documented 

soil brightness and precipitation. Hyper-temporal image data have been used to quantify and map 

vegetation change because of its strength in repeat cycle (time) of the same image scene (de Bie et al., 

2008) and this takes care of rainfall variability as a factor causing non-robustness of NDVI in estimating 

productivity.  
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3. MATERIALS AND METHODS 

This chapter describes all the materials and methods used to undertake this study. The datasets, tools and 

techniques used to collect and process the data are explained in various sections of the chapter.  

3.1. Data and Materials 

3.1.1. Primary Data 

The main purpose of primary data in this study was for grassland cover mapping and above ground grass 

biomass estimation. The primary data were sourced through online download and field sampling. The 

dataset include, 16-day Modis Terra NDVI and field samples for biomass measurements and percentage 

cover for vegetation. Table 1 summarizes out all the datasets that were used in this study.  

MODIS Terra NDVI Images (2000 – 2014) 

Hyper-temporal 16-day Modis Terra NDVI was the primary satellite data used in this study. This data was 

downloaded from an online source, Reverb, operated by NASA and was used as the basis for grassland 

mapping and as an indicator of grass biomass. In every plant’s growth, phenology changes over time 

depending on species and growth conditions thus chlorophyll variability in different tissues lead to 

fluctuations in biomass (Tucker, 1979). These changes are detectable from the NDVI measured by satellite 

sensors. Since grass biomass vary in space and time, it was important to study vegetation phenology using 

a reliable and repeatable technique that will provide accurate and timely information on spatio-temporal 

coverage. This therefore required that a hyper-temporal data, a 16-day Modis Terra NDVI data be used in 

this study for grassland mapping and biomass estimation. The 16-day Modis Terra NDVI is provided as 

images averaging to 23 images per year and translating to a large image stack of 15 year NDVI data used in 

this study. 

Grass Biomass Measurements 

Spatial distribution of grasslands and grass species relates to the amount of biomass data that can be 

measured at any point in time (Jin et al., 2014). In this study, primary biomass data was collected in a 

fieldwork exercise where for above ground grass biomass, grass was clipped through quadrat method and 

weighed. Fresh and dry weights measurements were recorded in grams for every quadrat clipped. All the 

grass biomass samples were referenced to Lat/Long GPS point for further spatial analysis.  

Vegetation Percentage Cover Estimates 

Vegetation cover data such as plant species, percentage cover and height were collected as important 

characteristics of every sample site. In this study, vegetation cover was considered as any green vegetated 

area which can be monitored through a sensor viewing from any direction. The vegetation species on the 

other hand were referred to as plants of a certain scientific assemblage observed at ever sample point.  

3.1.2. Secondary Data 

Historical Biomass Data 

Secondary biomass data is a historical biomass measurement collected from the same study area in 

September to October 2006. The data was obtained from International Livestock Research Institute 

(ILRI) and their sampling method was based on a 0.25 by 0.5 m quadrats along a systematically placed line 

transect see distribution in Figure 4. Biomass measurements of eight quadrats for every sampling transect 
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were summed up to get biomass in grams per square meter.  The data was provided in excel spreadsheet 

containing variables; spatial XY, dry biomass weight in grams and quadrat information. 

 

 
Figure 4: Historical samples distribution in the Ecosystem vs 2014 sample scheme 

Animal Census Data 

Animal census data for the entire ecosystem was collected as a secondary data from ILRI Kenya. The data 

is dated as at the year 2010. This animal count data was used to relate abundances and densities of wildlife 

and livestock to grass biomass. The section of interest in this dataset was on the grazing population of 

wildlife and livestock found in the ecosystem. The data was provided in a 5km by 5km grid of Esri 

shapefile with attributes required. 

Bomas Data 

Bomas are temporarily fenced areas put up by pastoralists and consist of around fence of thorns where the 

Masai corral their livestock at night. This data was obtained through google earth image and used in this 

study.  

Other Datasets 

Other datasets used in this study include Digital Elevation Model (DEM), slope, roads, farms and 

conservancy boundaries. Roads and farm boundaries were digitized from google earth images. DEM was 

downloaded from SRTM online source and used as altitude data and for deriving slope.  
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Table 1: A table listing and describing data used 

 

  DATA FORMAT DESCRIPTION YEAR COLLECTED SOURCE 

1 

Modis Terra 
NDVI (2000 - 
2014) 

Raster (tiff or 
.img) 

NDVI image data used as the 
primary data 2014 

NASA 
through 
Reverb 

2 
Grass Biomass 
Measurements 

point shapefile, 
table 

biomass at sample locations 
measured and recorded in 
grams 2014 Fieldwork 

3 

Historical 
Biomass 
Measurements Table 

Contains biomass measured 
using quadrats method Sept-Oct 2006 ILRI 

4 
Vegetation 
Samples Table 

Collected during fieldwork 
and used in mapping 2014 Fieldwork 

5 Animal Census 
Vector (.shp) 
or dbf 

Animal counts useful in 
calculating density per 
vegetation class 2010 

DRSRS – 
obtained 
through ILRI 

6 Bomas KML/Shapefile 
Point data file collected from 
Google earth by digitizing 2014 Google Earth 

7 DEM  
Raster (tiff or 
.img) 

Useful in explaining  
homogeneity in vegetation 
strata for sampling NA 

SRTM online 
source 

8 
Roads and 
Farms Vector (.shp) 

Used in designing sample 
scheme and field navigation 
plan NA 

Digitized 
google earth 
images 

3.1.3. Materials  

Materials used include field equipment, computer hardware and software. Field equipment were, maps, 

1x1m metal quadrat, shears, clippers, sample bags, labels, digital photo camera, iPAQ, Garmin GPS and 

weighing scale. Some of the equipment were borrowed from ITC while others were acquired in Kenya. 

Computer software used include ArcGIS version 10.2, ERDAS-Imagine, ENVI (Modified ASAVGOL), 

Ms Excel, R, SPSS, Ms Word, Ms Visio, Mendeley for citation and referencing and Ms PowerPoint. 

3.2. Methods 

This section of the report describes the rationale for the application of different techniques used to 

conduct field sampling, identify mapping units, select and analyse satellite images and secondary data so as 

to realize the objectives of this research. Key steps followed in this study are summarized as shown in 

Figure 5 below. Details of each step are explained further in various sub-sections in this chapter and sub-

flowcharts provided where possible. 

As MaMaSe Research team, all work under sub-sections 3.2.1 and 3.2.2 were carried out together with 

each researcher taking lead in areas most relevant and specific to their individual topic.  
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General Flowchart of Methods 

 
Figure 5: A Flow chart illustrating schematically the general methods followed in the study 

 

3.2.1. Analysis of Modis Terra NDVI Data 

3.2.1.1. Noise removal 

Normalized Difference Vegetation Index (NDVI) collected for Moderate Resolution Imaging 

Spectroradiometer (MODIS) is based on the relative values in the Red (R) and near infrared (NIR) 

wavelengths and it is correlated to vegetation greenness and biomass production (Yeganeh et al., 2012). 

The formula for NDVI is (NIR - Red)/ (NIR + Red). Downloaded MODIS NDVI data come with cloud 

or noise that should be removed before any meaningful analysis can be done to the data. De-clouding and 

outlier removal was done using a filter. 

Filtering is a process that was run on the hyper-temporal NDVI stack using modified Adaptive Savitzky-

Golay filter (ASAVGOL). Modified ASAVGOL software was used to reduce noise in the data by forcing 

an upper envelope in the stacked hyper-temporal NDVI data. Figure 6 illustrates through two curves of 

NDVI information of a pixel of noisy data and a smooth curve after filtering process.  This filtering 

technique uses a simplified least squares procedure to smoothen and differentiate the NDVI data and 

during the fitting process, it allows iterations to the data (Beltran-abaunza, 2009).  
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Figure 6: Curves of filtered NDVI time series together with Noisy NDVI; plots of a pixel location. 

3.2.1.2. Unsupervised Classification 

Unsupervised classification of all the stacked NDVI data layers was done using ISODATA clustering 

algorithm of Erdas-Imagine software to generate a map with pre-defined number of classes. ISODATA 

forms clusters by using minimum spectral distance formula to the data (Arai, 2007). The method was used 

in this study in a way similar to that by de Bie et al. (2008) where the maximum number of iterations used 

during clustering was 50, rule of thumb requires that this be half number of classes and convergence 

threshold was set to 1.0 so that the classification do not stop earlier than 50 iterations. The iterations were 

performed across the entire classification and by initializing means along diagonal axis, the algorithm was 

set to generate, for a start 10 classes creating a map and a signature file. This procedure was then repeated 

for up to 200 classes, though it took a long time doing in batch, results were achieved. 

Once the data had been clustered, the next step was to identify the ‘best’ map with significant number of 

classes where the number of classes are kept low and same time avoid losing important information. By 

using divergence separability statistics, the ‘best’ map was selected from 191 maps that had classes ranging 

from 10 to 200 classes. In order to compare separability between classes, divergence statistical measure of 

distance was used. Through separability divergence (class separability) of all the generated cluster 

signatures, minimum and average separability data were produced. This process was done on cluster 

signatures for 10 class map and repeating it one-by-one to the last map and putting all the generated data-

pairs in excel spreadsheet. From this data in excel, a graph of minimum and average separability (Figure 7) 

was made and the peak in average and minimum divergence indicated the number of classes for the 

specific place. Based on these peaks of minimum and average divergence, the most adequate number of 

classes for further analysis of NDVI data was picked as 71 classes.  
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Figure 7: Curves of separability statistics; series 2 is the minimum and series 3 is the average divergence 

3.2.1.3. Modis Data to NDVI Statistics Analysis 

Stack NDVI data was analysed statistically through ‘Stack Statistics tool’ in Erdas Imagine software. The 

software embed stack statistics tools in Model Maker Functions which were used to make a model that 

calculated SD and Median from the time series stack NDVI data. Statistics maps calculated were classified 

using different classification methods in ArcGIS and by examining their histogram distributions and break 

values, meaningful number of classes was reached. Through verification and checking on google earth 

images, the maps were re-classified further to make classes of interest. The classification procedure for 

each of the statistics images is as follows; 

i) Standard Deviation of NDVI (SD) 

Natural breaks method was used to classify Standard deviation map into 8 classes (Figure 8b) in ArcGIS. 

This method is based on natural groupings of the data values. The method was used to identify class 

breaks that best group the standard deviation data with similar values and at the same time maximized the 

differences between classes. The classes were further related visually to google earth images whereby 

classes 1 and 2 of SD related to woody vegetation, 3 to degraded rangeland or grassland, 4 and 5 to a good 

condition rangeland or grassland and classes 6, 7 and 8 related to agricultural fields or bare land. 

Therefore, the data was reclassified into five distinguishable classes 2, 3, 4, 5 and 6, shown in Figure 8(b). 

Standard deviation map represents variation in vegetation phenology over a longer period of time and 

those areas with similar long term pattern are considered to belong to same vegetation cover type.  
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(a)                                                                               (b) 

 
Figure 8: Classification of Standard deviation values; (a) grouping through histogram (b) classified SD 

ii) Median of NDVI 

A classification process known as Standard deviation in ArcGIS was applied on Median NDVI values as 

shown in Figure 9(a). ArcMap calculates class breaks with equal value ranges that are proportional to 

standard deviation which in this analysis, interval size of ¼ was specified as a fraction of standard 

deviations. In reference to “ArcGIS Help 10.1”, smaller fractions of standard deviation generates more 

classes leading to classification of the data into 20 classes of which classes 12 to 17 were found to be the 

most relevant to this study. Classes 11 and lower relates to agriculture land and classes 18 and higher 

related to mixes of trees/woody vegetation/perennial crops. The data was therefore reclassified to nine 

classes from 10 to 18 as shown in Figure 9(b). 

This classification process was useful to aid distinguish different vegetation classes depending on different 

combinations with classified NDVI standard deviation and Median.  

 

(a)                                                                               (b) 

 
Figure 9: Classification of NDVI Median values; (a) grouping through histogram (b) classified Median 
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iii) Trend of NDVI 

Trend analysis was done in ENVI IDL software where calculations of probability of change for the NDVI 

time series was possible. Trend break analysis indicate that a trend in time series change between positive 

to negative values (Schucknecht et al, 2013), where negative values represent pixels that over time are 

changing negatively; can be related to degradation. Pixels with zero values mean no change. Trend values 

that are positive values represent positive change and can be related to good condition in vegetation.  

Classification of trend data in ArcGIS was similar to that applied to Median data. The classification 

method, Standard Deviation was used to classify Trend values to 7 classes as shown in Figure 10 where 

classes 1, 2 and 3 related to degrading rangeland, pasture or land that is being converted to agriculture. 

Classes 4 and higher related to relatively stable rangelands, pasture or agricultural land. Therefore, the data 

was further reclassified into 2 classes; 3 and 4, see Figure 10(b). 

(a)                                                                          (b) 

 
Figure 10: Classification of Trend values; (a) grouping through histogram (b) classified Trend Map 

3.2.2. Sample Scheme and Fieldwork 

Pre-Fieldwork 

In fieldwork preparation, 16-day Modis-Terra NDVI data was downloaded and analysed. A stack of 

hyper-temporal time series images from Modis Terra was analysed to produce the three statistics; Median, 

SD and Trend. Classified NDVI statistics maps were used to define the sample units uniquely. In this 

study, sampling was avoided in settlement areas and through google earth images, farmlands were digitized 

and used for fieldwork preparation. A buffer of 500m from roads was created and then intersected with a 

union of the three classified statistical outputs of NDVI. A spatial query was then executed in ArcGIS 

such that areas that were non-agricultural, and were within 500m from roads were selected to form part of 

the sample areas. Field maps showing classes of NDVI trends, standard deviation, median and google 

earth images were prepared and printed for use in the field. Maps were also prepared in digital form and 

loaded in iPAQ. A shapefile of the study area, roads, towns, sample area, median, SD and Google earth 

images were transferred into iPAQ to help in navigation during fieldwork.  

Stratified Random Sampling  

A stratified random sampling was followed in this study based on variability as could be detected through 

classified long term NDVI data, that is, NDVI standard deviation statistics. The area was first divided into 

homogenous strata according to the identified NDVI variability after intersection between SD, median 
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and trend that generated about 6000 polygons. Out of these polygons, those that had areas less than 20 

hectares were excluded resulting to 1110 polygons remaining. Single Part (polygons that were adjacent to 

each other and shared same combinations of attributes) procedure was done to merge polygons that were 

close to each other resulting to 672 polygons. These polygons formed the final strata from which random 

sampling was done to obtain 50 sample units which were at least 20 hectares in size, were within 500 

meters from the road and captured all the variability detectable through NDVI statistics. These formed 

the final sample units considered (Figure 11) within which sampling was done in the field. 

 

 
Figure 11: Considered sample scheme for 2014 survey 

Vegetation Percent Cover Sampling 

Vegetation sampling for composition, percentage cover, canopy height estimation and other vegetation 

characteristics was carried out during fieldwork exercise. Vegetation cover estimations involved observing 

and estimating percentage cover for different cover types present in a sample unit including trees, shrubs, 

herbs and grasses for every single sample unit that selected in the sample scheme. Percentage estimation 

of plant cover was guided by the scarcity or abundance of all the species and the degree of heterogeneity 

in their distribution in every sample unit.  

In areas where vegetation was homogenous or near-homogenous in the sample units, all the vegetation 

species found there accounted for near 100% cover estimates. In complex units, each cover type present 

was estimated by percentage and all the observed cover types accounted for a total of 100% or more 

depending on the amount of overlaps observed.  

In the field, for estimation purposes, a tree was defined as a wooded vegetation, single trunk and at least 

1.5m tall. High shrub is a wooded vegetation characterized by several main stems arising from the base 
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and height between 0.5 – 2m. Low shrubs are similar to high shrub in characteristics except that its height 

range from 0 – 0.5m. Herb are non-wooded, soft stem plants, seed-bearing with canopy rising few 

centimetres above ground. Grass was defined during percentage cover estimation as herbaceous plant with 

jointed stems and spiky, pointed, narrow leaves. Percentage cover for each vegetation type was based on 

team consensus after individual visual and expert judgement.  

Grass Biomass Sampling and Drying 

During fieldwork, standing biomass samples were collected through quadrat clipping and fresh weights 

taken at every sample point. At every point, first was to check for grass cover estimates depending on 

complexes observed (see Figure 12). A decision on whether the grass area was heterogeneous or 

homogenously covered by grass was made through observations and team consensus. If it was uniformly 

covered by grass then one quadrat clip was enough but if otherwise, that is a complex of many cover 

types, then two or more quadrat clips were made.  

The clipping technique involved placing of a 1m by 1m quadrat at random in grass areas in every sample 

unit. All the grasses that were bound by the quadrat were clipped, sorted, that is, dead grass, soil particles 

and any other litter that might have been collected during clipping were removed before fresh weights of 

green grass were taken and recorded. After taking the fresh weights of green grass, samples were kept in 

sample bags and taken for oven drying.  

 

   (a)                                                                        (b) 

 
Figure 12: Complexes in sample units (a) a complex of grass and bare; (b) a complex of grass, bush and trees 

Aboveground Grass biomass samples were clipped using shears and other small clippers, see Figure 13(a). 

Clipping was done to an extent that almost nothing remained within every quadrat. During clipping, it was 

not possible to achieve 100% clips of grass from every quadrat because of the conditions of grass and 

nature of complexes at every sample point. As a research team, we did put effort and clipped to at least 

95% of all the grasses bound by the one by one meter quadrat.  

Sample sorting involved separating brown/dead grass from green, see Figure 13(b). The weights of green 

grass samples were recorded in grams at a precision of two decimal places. Grass biomass samples were 

kept in a clearly labelled sample bags then taken to Masai Mara University Laboratory in Narok for oven 

drying. Drying was done at a temperature of 650 C for five hours. These drying conditions were 

appropriate according to the university laboratory SOP (K. Rutto, in a discussion) and also these samples 

were collected at the end of dry season and had stayed for some days in open air before the actual oven 

drying took place. Dried samples were weighed and readings recorded as were for the case of fresh 

weights. 
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(a)                                                                      (b) 

 
Figure 13: Pictures showing biomass clipping activity (a); and sorted sample (b) 

3.2.3. Field Data Pre-processing 

Vegetation samples data sheets and biomass measurements records were entered in Ms excel spreadsheet 

with sample numbers verified and referenced to their corresponding GPS coordinates. A point shapefile 

was created with the attributes of the dataset appended. The points were overlaid with sample scheme file 

and google earth images to check that they are proper and corresponds to the expected sample area. Once 

the coding system had been checked, the table was ready further analysis. For the complex sample units, 

vegetation percentage cover estimates were processed through weighting averages using the complex 

proportion estimates for each unit. For instance, a sample unit of two dominant cover types, say 70% 

grass and 30% bush, had two samples taken which were then weighted or reduced to a proportion 

represented by the complex percentages which then adds to form a single value for the sample unit. This 

was done so as to ensure representativeness of the differences as could be seen in the field. 

Attributes were added to field data points from the NDVI data. Attributes SD, Median, Trend, Animal 

density and distance to Bomas were extracted using a tool called ‘Extract values to points’ in spatial analyst 

tools of ArcGIS. This process is pixel based depending on the location of the points on a 2-D space. 

Biomass sample data were also joined to the points to form part of the major database. 

3.2.4. Vegetation Cover Mapping 

Grassland vegetation cover mapping process involved extraction and classification of vegetation types 

from a complex of multiple land cover types; grasses, trees, shrubs, herbs, bare soil and others. Modis 

NDVI images were used to perform vegetation cover mapping by describing NDVI classes from temporal 

changes of vegetation measurable through remote sensing data. NDVI spectral patterns were established 

from the stack NDVI to help characterize similar combinations of NDVI SD, median and trend that 

describe different NDVI classes that are unique for every vegetation cover type. This was possible 

through spectral profiles as shown in Figure 14. Classes of the unsupervised classification, as could be 

identified from spectral profiles, together with their corresponding SD, Median and Trend values, were 

used to characterize the differences in percentage cover as observed in the field into distinct NDVI 

classes.  
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Figure 14: A legend figure of 2 NDVI profiles used to detect differences between NDVI classes 

The mapping technique used here explored the relationship between percentage cover estimates and 

classified Modis NDVI data to distinguish different cover types. The relationship between SD and Median 

seem to have negative linear relationship whereby areas with high SD corresponded to those with low 

median values. This is to say that areas with SD class 2, which relates to woody cover, corresponded to 

high median values-class 17 and 18 compare Figure 8b and Figure 9b.  Considering this relationship and 

the cover percent estimates acquired from the field, unsupervised 71 classes were identified and re-

grouped to form distinct vegetation cover types.  

The approach considered a database of field sample cover estimates, NDVI classes, SD and Median values 

which were useful in making ‘between-class’ differentiation. This vegetation cover mapping method 

divided grass cover percentage estimates into strata depending on different combinations of NDVI class, 

SD and Median in relation to other cover estimates that could be identified within NDVI classes. This 

mapping approach is summarized in a flow chart shown in Figure 15 below. 
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Figure 15: A flowchart of vegetation cover mapping process  

3.2.5. Assessing the differences in measured grass biomass by grassland cover type 

The measured grass biomass samples were stratified into groups according to the mapped grassland cover 

units. Since the distributions of biomass for each of the strata were not normal, a non-parametric test was 

used to compare multiple independent samples of biomass testing the null hypothesis that the average 

biomass weights in each vegetation cover units were different (Ruxton & Beauchamp, 2008). It was 

necessary to test if there were variations in the means of grass biomass within each of the mapped 

vegetation cover types so as to determine forage production dissimilarities in different parts of the 

ecosystem.  

Tukey and Kramer (Nemenyi) test with Tukey-Distance approximation for independent samples post-hoc 

was done after the Kruskall-Wallis test to determine which group of means of grass biomass 

measurements had statistically significant differences from the others. Kruskal-Wallis is a non-parametric 

method preferred for comparisons of more than two independent samples (Delaney & Vargha, 1998). 

3.2.6. Statistical Analysis and Model Development  

Correlation and Regression analysis 

Model development required preparation of dependent (response) and independent (predictor) variables 

as the first step. Field biomass measurement was used as response variable to a list of predictor variables 

including; results from the analysis of hyper-temporal images (SD, Median and Trend), NDVI 

measurements (as at October 2014), animal abundance and distance to Bomas.  
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A distribution model was developed through statistical approach once the data had been prepared. 

Regression technique was applied to simulate the relationship between biomass (response) and multiple 

independent predictor variables. The first step was to do correlation and collinearity analysis so as to 

detect the relationships between biomass and the multiple predictor variables and also to check if the 

predictor variables were related. A non-parametric technique called Spearman’s Rank-Order correlation 

was used to test the null hypothesis that the correlation between biomass and the predictor variables was 

equal to zero against the alternative hypothesis that the correlation is greater than zero. Spearman’s Rank-

Order was used because the response variable (biomass) was not normally distributed (Puth, Neuhäuser, 

& Ruxton, 2015). The variables are said to be correlated if the association is linear, i.e., can be represented 

by a straight line on a scatterplot. The correlation can be positive, zero or negative with values ranging 

from -1 to +1. Spearman’s coefficient of rank correlation, rho, is calculated by applying the following 

formula (Puth et al., 2015);  

 

Where di is difference in ranks given to the two variable values for each item of the rank; n is the sample 

size 

In order to achieve a good regression model, a collinearity check was first done in the predictor variables 

using variance inflation factor (VIF) technique so as to determine if two or more variables tell the same 

information about the measured biomass. As a rule of thumb, VIF values greater or equal to 10 signifies a 

high collinearity in the predictor variables and such variables are always excluded from the model 

development.   

The multiple independent predictor variables were then regressed on biomass measurements following a 

backward stepwise procedure where the most parsimonious set of predictors that were most effective in 

predicting biomass were considered in the final model. All the independent variables were first entered in 

a simultaneous way into the analysis to develop a model and then by removing independent variables one 

at a time, considering their significance (p-values) in explaining biomass variation, subsequent models were 

built until a significant model  (p<0.05) and best R2 was reached. The model was established in R 

environment (a package for statistical analysis).  

The multiple linear regression equation fitted through the data was adapted from (Field, 2009). The basic 

equation used was in the form of model estimated statistical coefficients in a mathematical equation that 

modelled the response variable from a list of predictor variables. The basic equation; 

 Outcomei = (Modeli) + errori  

Addition of all the predictor variables give the model: Yi = β0+ β1.X1+ β2.X2 + β3.X3…+ βn.Xn + έ i  

Where Y is the response variable; β0 is the Line Intercept and β1, 2, 3…n are coefficients of the predictor 

variables and X1, 2, 3…n  are the predictors and έ i  is the difference between the observed Y value for 

the ith participant. 
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Modelling assumptions and Testing 

The four principle assumptions of linear regression modelling as explained by Marill, (2004) were 

considered and tested during the modelling process. The response and predictor variables were assumed 

to be linearly related with some elements of additivity, i.e., the relationship is a straight line function and 

the effect of different predictor variables on the expected predicted value of the response variable are 

additive. The other assumptions were that there is statistical independence of errors, homoscedasticity of 

errors (variations of data points around the fitted regression line assumed to be constant) and that the 

errors are normally distributed. Assumption of statistical independence means that as the research 

continued to remove each of the independent variables during the stepwise procedure, the deviation of 

each data point from the fitted line had no relationship on to the value of another data point in the dataset 

(Osborne & Waters, 2002 and  Marill, 2004).    

In this modelling process, it was inevitable for this study to check whether the parameters of the fitted 

regression model were distinguishable or undistinguishable from zero. A t test for parameters was done to 

test for null hypothesis that the parameters of the model are equal to zero or the alternative hypothesis is 

held. The assumptions were tested for a decision to accept or reject the model generated, i.e., the tests 

were used here to enable make a decision on the applicability of the model. The assumption of normality 

of the model residuals was checked using normal QQ plots (distribution is normal if the points on the QQ 

plot fall close to the diagonal reference line), histogram (should not be too skewed) and Shapiro-Wilks 

test. A Shapiro-Wilks test value greater that 0.05 was acceptable (Razali & Wah, 2011) for the errors to be 

assumed to be normally distributed. Linearity of predictor variables to response variable was diagnosed 

through a plot of residuals versus predicted values of the model. Durbin-Watson statistic and a plot of 

residual autocorrelations was used to test if there existed violation of independence, i.e., to test for a 

significant residual autocorrelation where Durbin-Watson statistics close to 2 was acceptable (Akter, 2014) 

for statistical independence of residuals. Homogeneity of variance of the residuals is one of the main 

assumptions in the regression analysis.   However, heteroscedasticity tests were pointless in this study 

since it doesn’t bias coefficient estimates but only make standard error incorrect. This study cared much 

about the fit of the model and heteroscedasticity did not matter much.  

Model validation 

A complete Leave One Out Cross Validation (LOOCV) method was used to calculate RMSE for the 

model since it was of no statistical significance to split the dataset for validation because the samples were 

few. A complete approach for LOOCV was done so as to give each data record an equal chance as a 

testing case. In this technique, regression process is done in iterations equal to number of samples. Cross 

validation does not use the entire data set when building a model. It leaves out some records before it 

models the data; removed data also refered to as testing set. The records left are refered to as training set 

which the technique uses to build the model. The testing set on the other hand are used to test the 

perfomance of the model built. This method provides unbiased estimation of prediction error for model 

selection. Accurate model have the lowest RMSE value for prediction. Using DAAG library in R, a 

function CVlm is called to perform the k-fold cross-validation which generates sum of squares as result. 

Square root of the overall result is what was  then compared to the RSE of the original model developed 

in the stepwise procedure. 

Once the assumptions were tested and decisions reached, the model was then evaluated so as to assess the 

best fit of the model. The significance of the model was checked before its application in biomass 

estimation. Significant p-value (<0.05) and good R-squared as well as low residual standard error enabled 

decision whether to use the model for prediction or not.  
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3.2.7. Spatial prediction of grass biomass 

This analysis was done for the entire ecosystem to explore spatially the distribution of measurable grass 

biomass. The function generated through regression procedure was used to make spatial predictions for 

biomass in grams/m2. The formula was applied on NDVI image, SD, and Distance to Bomas map 

(significant variables selected through the stepwise procedure) in ArcGIS using Raster Calculator tool to 

get a prediction map of biomass in grams per square meter. 

Using raster calculator tool in ArcGIS, a mathematical calculation was applied to raster files of the 

predictor variables using model coefficients generated. The output image was then converted to vector for 

further analysis. The output biomass vector was stratified based on vegetation cover map developed 

through a process described in section 3.2.4 of this document. The attribute table of the intersection map 

between Biomass estimate and grassland cover map was exported to Ms Excel for statistical analysis and 

summaries.  

3.2.8. Comparison of predicted biomass estimates to historical measured biomass data 

This analysis was done on secondary data that was obtained from ILRI. The sample points for this data 

were used to extract values of predicted grass biomass (Oct 2006) for purposes of comparison.  Wilcoxon 

signed rank test with continuity correction test is unpaired test that that is very useful to test for statistical 

mean differences in paired samples  (Fay & Proschan, 2010) and it was used to compare mean of the 

estimated biomass to corresponding means of samples collected on different dates.  

The data was paired since it was from the same geographic coordinate or the two samples were picked. 

The sample from ILRI were paired with extracted values from estimated biomass then the dataset 

compared through a nonparametric test. Without assuming normality of the data, it was tested at 0.05 

significance level to check if estimated biomass for October 2006 and measured biomass for the year 2006 

have identical data distributions.  
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4. RESULTS AND DISCUSSION 

4.1. Results 

4.1.1. Descriptive Statistics of Field Data 

The study designed fieldwork to collect data about above ground grass biomass and vegetation cover. The 

descriptive statistics were used to summarize field data were minimum, lower and upper quartiles, median, 

mean and maximum values. Table 2 shows the statistics for biomass weights (g/m2) as well as for 

percentage cover of different sampled cover types. There were 50 sample units out of which, biomass 

samples were possible to collect in 42 units. Data distribution boxplots for the field data are as shown in 

Figure 16 and their distribution histograms in Appendix 1. Outliers were easily detected using the 

summaries and graphic plots. By examining the summary table together with boxplots, biomass data 

appeared to be skewed to the right.  

 
Table 2: A summary table of the field data 

Summary 
Fresh 
Biomass 

Dry 
Biomass 

Grass 
Cover 

Tree 
Cover 

High 
Shrub 

Low 
Shrub Herbs 

Bare 
soil 

Minimum 22.87 19.09 0.6 0 0 0 0 0 
1st Quartile 68.35 44.58 31.52 0 0 0 0 3.6 
Median 134.92 79.52 54.3 0 2.5 0 0 30.8 
Mean 149.77 104.32 50.85 1.933 12.18 1.094 0.973 31.4 
3rd Quartile 186.91 141.26 68.33 0.85 16.9 0.575 0 58.85 
Maximum 386.32 288.24 97.8 48.3 95 19.5 15 73.1 

 
Figure 16: Distribution boxplots for the field data 
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4.1.2. Grassland classification map and legend 

The study collected data and acquired information regarding cover types for the ecosystem (Appendix 1). 

The information was used to characterize the area into specific classification units of NDVI to make them 

discernible from remotely sensed Modis NDVI data. Each unit in the map reveal characteristics of a given 

vegetation type distinguishable through NDVI, Median, SD and Trend and the attributes collected in the 

field. 

The NDVI data enabled the grassland cover types be divided into six distinguishable cover units, each unit 

uniquely identified by NDVI classes and NDVI derivatives. Percentage cover types as shown in the map 

legend and corresponding NDVI derived information are shown in Table 3. The vegetation cover classes 

were identified as units A, B, C, D, E and F as shown in Figure 17. The mapping result also show that 

cover unit C constitute the largest percentage cover of about 34% followed by unit E of about 26% of the 

total area. The category ‘Others’ represent NDVI classes that were not sampled and had unique 

combinations of Median and SD that were distinct from any of the sampled classes. 

 

Table 3: Mapping units by NDVI-Derived information and percentage cover 
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A 18 10 3,4,5 3,4 6 2 31 0 67 0 

B 25 11,12 2,3,4,5 3,4 7 1 58 0 41 0 

C 35 12,13,14 2,3,4,5 3,4 8 1 38 1 59 2 

D 39 13,14 3,4,5 3,4 13 1 51 0 47 0 

E 48 14,15,16 3,4,5,6 3,4 1 1 70 20 9 0 

F 39,52,57 15,16, 17,18 2,3,4 4 59 2 31 13 49 3 

Other NA NA NA NA NA NA NA NA NA NA 

 

The differences in vegetation cover are distinguished through different combinations of NDVI class, 

Median, SD and Trend such that they show the differences in vegetation types as observed in the field. 

For instance, Unit B and F in the map indicate that they units are different vegetation types when we 

visually compare the observed cover percentage. Comparing Median values for different cover units as 

depicted in the map, it follows that unit B has low median while F has high median. There are overlaps in 

the combinations of NDVI derived data to define field cover estimates. Remote sensing successfully 

distinguished vegetation cover in NDVI classes depending on the spectral reflectance of the vegetation. 

However, the map result doesn’t show proper categorization of the observed cover percentage since 

overlaps exist in reality. Each mapping unit is shown to have at least a dominant cover but through remote 

sensing data, the differences are not easy to see in Median, SD and Trend combinations. Median to an 

extent show the differences but still some overlaps could be seen.  
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Figure 17: A Vegetation Cover Map of Masai Mara Ecosystem 

The units A, B and C (Classes 18, 25 and 35 respectively) are overlapping in cover, making it difficult to 

distinguish percentage vegetation cover through remote sensing. The study decided to keep them as 

separate because the classes are distinctively different from remote sensing. The average annual vegetation 

behaviour in this area is shown as average long term spectral response are shown in Figure 18. The figure 

shows that the peak of growing season is around May-June and lowest NDVI measurements around Sept-

Oct, with curves very distinct for every vegetation unit. 
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Figure 18: Spectral profiles of Classes 18, 25 and 35; annual monthly averages 

4.1.3. Comparison of actual grass biomass by cover type 

Measured grass biomass was grouped and compared by mapped vegetation cover units. A comparison of 

multiple independent samples was carried out using Kruskal-Wallis to test if there were statistically 

significant differences in biomass samples measured within the mapped cover units A, B, C, D and F.  

H0: µ1=µ2=µ3=µ4=µ5=µ6  

H1: at least one of the means is different 

 
The result of the Kruskal-Wallis test statistics is highly significant (Kruskal-Wallis chi-squared = 23.1442, 

df = 5, p-value = 0.0003168) at a significance level p ≤ 0.05, leading to a conclusion that the means of 

biomass measurements collected within each of the six identified cover classes are not equal. However, it 

is not possible to tell through Kruskal-Wallis test which of the group or groups are different from the 

others. A distribution boxplot is created as shown in Figure 19 below to create an overview of the data 

within each of the groups.  
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Figure 19: Boxplots of Biomass by grassland vegetation cover types 

Since at least one of the group means is different from the others, a post hoc analysis was carried out for 

pairwise comparisons of the samples. The results reveal that mean of biomass measurements are 

significantly different between vegetation cover units; C – E, D – E, and E – F, as shown in a matrix 

containing a pairwise comparisons p-values (Table 4).  

Table 4: Pairwise comparisons using Tukey and Kramer (Nemenyi) test with  
Tukey-Dist. approximation for independent samples 

 
Unit A Unit B Unit C Unit D Unit E 

Unit B 0.9460 - - - - 
Unit C 0.9991 0.4617 - - - 
Unit D 0.9659 0.3055 0.9911 - - 
Unit E 0.2886 0.4496 0.0066 0.0089 - 
Unit F 0.9753 0.2832 0.9953 1.0000 0.0052 

 

4.1.4. Correlation of measured grass biomass to explanatory variables 

Analysis of associations between measured biomass was done using Spearman’s Rank-Order (rho) test. It 

was important to assess linear relationships between biomass and the associated variables before so as to 

understand the strength of their relationships. Since biomass data (Shapiro: W = 0.8439, p-value = 4.426e-

05) does not assume normality in distribution, a non-parametric test of association was done to establish 

the strength of associations between biomass measurements and variables SD, Median, Trend, NDVI Oct. 

2014, , distance to Bomas and grazers density. Table 5 presents results from Spearman’s Rank-Order (rho) 

correlation analysis with an indication of the significance of the association (p-value ≤ 0.05).  
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Table 5: Spearman's Rank Correlation Coefficients  

 
Spearman's Rank 

 
Estimate (rho) p-value 

SD 0.76 0.000 

MEDIAN 0.14 0.377 

TREND -0.02 0.914 

NDVI Oct 2014 0.10 0.545 

Distance to Bomas 0.59 0.000 

Grazers Density -0.38 0.021 

 

The type of relationship is indicated by a positive or negative sign meaning that a linear regression line can 
be fit through the data as shown on the scatterplots in Figure 20. The results of Spearman's Rank show 
that SD has a strong positive correlation with measured grass biomass while Trend has almost no 
associations with biomass. Grazer’s density have a moderate negative association to measured grass 
biomass.  

 
Figure 20: Scatter plots of biomass and correlation variables with lines of best fit 

4.1.5. Multiple Linear Regression Analysis for Biomass prediction 

In order to have a robust regression model, it was an important step to evaluate collinearity in the 

predictor variables. A check on correlation between the predictor variables was done using Spearman’s 

rho correlation coefficients. In Table 6, significantly (α = 0.05) correlated variables are stared indicating 

that the data should be checked for possible multi-collinearity. The results of the multi-collinearity 
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evaluation reveal that there is no collinearity between the predictor variables even though there exist some 

sort of relationships between them. The calculated Variance Inflated Factors (VIF) were all less than 10, 

indicating no collinearity between the independent variables. The relationships were also inspected visually 

using scatterplots (Appendix 7) and from the graphs and VIF calculation, it was concluded that there was 

no serious collinearity issue between the predictor variables. 

Table 6: Correlation Matrix Table of Spearman’s rho estimates 

 
SD Median Trend 

Oct. 
NDVI 

Grazers 
Density 

Median 0.10 

    Trend -0.01  0.39*  
   Oct. NDVI 0.09 0.70*** 0.26 

  Grazers Density -0.41*  -0.08 0.20 -0.17 
 Distance to Bomas (m) 0.60*** -0.08 0.19 -0.05 -0.35 

The Regression Model 

A stepwise linear regression analysis was conducted to evaluate the relationship of sample biomass 

measurements with the predictor variables so as to generate a linear regression function for biomass 

prediction. The results of this analysis indicate that the quality of the prediction (R) of biomass by the 

independent variables (SD, NDVI by Oct 2014 and Distance to Bomas) is 80.8% indicating a good level 

of prediction. The results also show the coefficient of determination (R2) for this model as 0.653. This 

means that the predictors accounts for about 65.3% of variability of the biomass data with adjusted R2 of 

62.5%. The difference between R2 and Adj. R2 indicate that the regression equation generated maybe over-

fitted to the data by 2.8% meaning that the upward bias in R2 is not very big in terms of percentage.  

Table 7: A table of Model coefficients explaining biomass (R2 = 0.653, N=42) 

 

Unstandardized Coefficients 
Standardized 
Coefficients 

t Sig. B Std. Error Beta 

 
(Constant) -303.170 74.937  -4.046 .000 
SD  6.484 2.371 .326 2.734 .009 
NDVI Oct 2014 1.289 .335 .370 3.848 .000 
Distance to 
Bomas (m) 

.004 .001 .483 4.045 .000 

 
The anova test was done and the results (F(3, 38) = 23.8; p < 0.0005) show that the model is a good fit for 

the data, an indication that the independent variables statistically significantly predict biomass in grams per 

meter square. The obtained model unstandardized coefficients, B1, (table) indicate how much biomass 

value vary with each of the predictor variables when all the others are held constant. The unstandardized 

coefficients as statistically significant (t >2; p <0.05). The model coefficients results shown support 

statistically (t-value and p-value) the rejection of the null hypothesis that either of the model parameters 

equals to zero. The alternative hypothesis that at least one of the model parameters is not equal to zero is 

upheld. 

Model Assumptions Test Results 

The assumption of linear regression analysis that the residuals are normally distributed was checked 

graphically using Q-Q plot and Histogram as well as non-graphical method, Shapiro-Wilks test. The Q-Q 

plot (Appendix 8) show that the points do not fall perfectly well on the diagonal line, more so, on the 
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lower-left and upper-right. This is not considered as severe outliers to sufficiently lead to rejection of 

statistical normality at 0.05 significance level. Shapiro-Wilk W test tested for the hypothesis that the 

residuals of the model have a normal distribution and the result of this test (W = 0.958, p-value = 0.126) 

reveal that the true distribution of the errors is normal.  

Serial correlation or autocorrelation was checked and tested using residual autocorrelation plots and 

Durbin-Watson statistic. The plot show that there is no autocorrelation of the residuals and this is 

confirmed through Durbin-Watson test of statistical independence in errors results, DW = 1.97, p-value = 

0.8812. This means that there is no major structural problems in the regression model created. 

4.1.6. Validation and Biomass Prediction 

The Leave One Out Cross Validation (LOOCV) method that was used to perform a cross validation of 

residual sums of squares, that is, a corrected meaure of prediction error averaged across all folds produced 

an RMSE value of 50. 86. This can be compared to the original model which had residual standard error 

of 48.1 and this difference in terms of RMSE between validation model and the original model is 5.7%. 

There is a difference but it is not much to say one model is better or poorer than the other.  

The regression model generated was used to estimate biomass in grams per square meter. The variables 

relationship explained by the model (R2 = 0.653) enabled quantification of grass biomass by applying the 

coefficients generated to each image pixel relating to the predictor variable; SD, NDVI and distance to 

Bomas. The linear regression model generated that was used in a biomass distribution mapping equation is 

as shown in the formula below.  

 

Biomass (g/m2) = -303.17 + 6.484*SD + 1.289*Oct NDVI + 0.00447*Dist. Bomas 

  

The result of the predicted biomass distribution in the study area show that biomass production is 

averagely lower than 100 grams per square meter in the Mara and sample portions of Loita and Siana 

range areas as at October 2014. Masai Mara National Reserve, one of the protected areas in Narok 

County, had on average more than 150 grams per square meter of grass biomass. In Figure 21, a map of 

biomass distribution is presented with a legend not in equal interval, showing biomass ranges in grams per 

square meter.  

The model was applied in the same way as for October 2014 for the past 14 year for the same period in 

time. The prediction maps differ from one year to the other for the month of October indicating that 

measurable grass biomass vary every year (Appendix 9).  
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Figure 21: Biomass distribution as at October 2014 

4.1.7. Comparisons between model estimates and historical biomass data 

A Wilcoxon signed rank test with continuity correction test was conducted to test the null hypothesis that 

the two biomass samples; measurements collected by ILRI see spatial distribution in Figure 23 and the 

estimations from the model generated are identical. The matched sample distributions are shown in the 

boxplots of Figure 22 indicating that measured biomass from ILRI are right skewed while sample 

estimates of 2006 follow a normal distribution.  

 
Figure 22: Boxplots of historical actual biomass and predicted biomass 
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A Wilcoxon signed-rank test showed that the two samples of grass biomass are not identical at a 

significance level 0.05 as the resulting p-value (Z= -7.238314; p-value = 4.543e-13) is less than 0.05.   

 
Figure 23: Distribution of Sample points by ILRI on top of the 2006 Sep/Oct biomass estimates 

The year 2006 map show that there was on overage very low measurable grass biomass for the period Oct. 

on average, that period the predicated average measurable grass biomass was dominantly lees that 30 

grams per square meter. ILRI 2006 sample points were more distributed in Mara and Masai Mara range 

areas. Loita and Siana were not targeted in their sampling.  
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4.2. Discussion 

4.2.1. Analysing Hyper-temporal Modis NDVI Data for Vegetation Cover Mapping 

Definitions for grasslands vary in many ways from one researcher to another depending on the scope at 

which they look at it. Some prefer defining grasslands based on vegetation while others distinguish them 

based on climate and soils. Definitions can range from global to local scale. According to White, Murray, 

and Rohweder, (2000), grassland is defined as vegetated areas predominantly covered by grasses, with little 

or no tree cover. A definition by FAO (Reid, Serneels, Nyabenge, & Hanson, 2005) refer to grasslands as 

“land covered with herbaceous plants with less than 10 percent tree and shrub cover”. White et al., (2000) 

categorically highlights definitions of grassland based on classification of vegetation whereby forests 

constitute complete tree canopy cover with three or more overlapping vegetation groups, woodlands as 

areas with 50 to 100 percent tree canopy cover and a graminaceous layer, savannahs are defined as those 

areas composed of 10 to 15 percent cover by woody plants and finally, well-developed grass and 

grasslands are those areas with less than 10 percent tree cover.  

This study presents an approach of discerning vegetation cover based on analysis of remote sensing 

NDVI data. The results of this study show that grasslands can be distinguished and mapped from remote 

sensing data following the vegetation classification scheme as highlighted by White et al., (2000). The 

mapping result show that the characteristics of the vegetation observed in the field can be categorised into 

6 cover units using Modis NDVI data. Mapping units coded A, B, C, D, E and F are complexes of 

vegetation types differentiable through remote sensing data. Observed percent cover can be grouped into 

two; living and non-living. This means that the legend of the map produced is interpreted in a way such 

that percent cover for trees and high shrub, low shrub, herbs and grass constitute the living while on the 

other hand, litter, bare and stony represent non-living. The percent cover in each cover unit sums up to 

more than 100% because of overlaps between ground layer cover and tree and high shrub layer. Naturally, 

trees and high shrubs provide an overlap in cover percentage whereby under the canopy of trees and high 

shrub, low shrubs, herbs and grass are found depending on environmental conditions supporting 

vegetation growth.  

The map in Figure 17 reveal that mapping units A, B, C, D and E can be classified as grasslands and/or 

savannah since tree and high shrub cover an area less than 15%. The differences in these classes are also 

indicated in the non-living part which in most cases, the bare portions. Bare percent indicates to a greater 

percentage the status of the vegetation in a grassland cover type; either degrading or degraded. The high 

percent cover of tree and high shrub in map unit F means that the unit is under the vegetation class 

woodlands.  

Studies have used Remote Sensing NDVI data before to distinguish vegetation based on phonological 

variations of different cover types (Skidmore et al., 2003; de Bie et al., 2008; Ali et al., 2012 and Jiang et al., 

2013). This study did not stop at using NDVI but moved further to classify hyper-temporal NDVI data 

from Modis Terra into statistics Median, SD and Trend. Median NDVI statistics distinguishes vegetation 

based on the optimum measurable NDVI over a long period of time. Median is used because it is less 

sensitive to fluctuations or extreme values of NDVI that result from highly variable rainfall in the area as 

well as human effects to vegetation. Variability in measureable NDVI is detected and mapped through SD 

and it shows how, in long term, vegetation in the area deviates from the mean NDVI. When the SD gets 

large it means that the vegetation cover is not in a stable state over that period of time, it fluctuates more 

every time. However, it is important to note that the strength of SD is to map variability in vegetation and 

insinuates status of vegetation.  
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The vegetation dynamics in this ecosystem dates back to early 60s when human settlement started to 

rapidly increase in the ecosystem. Dublin, Sinclair, & McGlade, (1990) notes that the woodlands in Mara-

Serengeti rapidly begun to decline in 1960s and greater parts fully got converted to grasslands by 1980. 

Land conversion to different uses has not stopped in this area yet. Therefore, mapping of vegetation cover 

units using Median and SD captures the vegetation dynamics resulting from human activities or heavy 

grazing by wildlife. Trees and high shrub and woody areas have less variations in measured NDVI (low 

SD) and this is depicted by the map where the low values of SD combine with high Median as seen in 

Unit F.  

Mapping areas with very low median and high SD relate to very unstable vegetation. For instance, Map 

Unit A and F depict a scenario where Unit A have low median and relatively high SD combinations with 

highest percent in bare meaning it is a grassland that is degraded or degrading. On the other hand Unit F 

is a combination of high median with relatively low SD dominated by trees and high shrub, an indication 

of non-varying vegetation. It was possible also to depict the peaks of vegetation growing season through 

spectral profiles of long term NDVI (Appendix 2). The profiles show that the mapped vegetation are 

different but follow same annual pattern. This means that the differences mapped are due to plant species 

and the effects of weather and human activities cause variation. The mapping approach could not discern 

some observed percentage cover properly however, they were kept as separate mapping units because they 

were distinct in their annual spectral curves of the NDVI data. 

The mapping approach used in this study performed averaged well in depicting the differences in 

vegetation cover observed in the field through the analysis and application of NDVI Median, SD and  as 

well as NDVI Trend. All the mapping units from A – E have a trend in vegetation phenology for at least 

some parts meaning that the conditions of vegetation in the units are either improving or deteriorating.   

The bare conditions observed could be attributed to degradation of vegetation except for the cover Unit F 

which has only positive trend. Degradation in this case refer to change from the original vegetation cover 

to bare see Figure 24 (b). Bare can be as a result of overgrazing or land being converted to other uses such 

as crop farming, road construction etc. Cover Unit F also has high bare percent as depicted in the main 

map which can be attributed to high trees that do not allow growth of low shrubs, herbs or grass under 

their canopy. 

(a)                                                                             (b) 

 
Figure 24: Cover Units as observed in the field; (a) high bush with bare, (b) human activity in the rangeland-new 
roads are constructed to facilitate tourism activities 
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4.2.2. Differences in measured grass biomass by grassland cover type 

Measured grass biomass as grouped according to vegetation classes mapped through the process discussed 

earlier in section 4.2.1. Results of Kruskall-Wallis test carried out to check if the means of measured grass 

biomass were different by cover type indicate that the means are different from one cover type to the 

other. A post hoc analysis revealed that measured grass biomass are significantly different in mapping 

units C – E, D – E, and E – F.   

The difference between Unit E and C, D and F could be as a result of different land management 

practices. Cover unit E is dominantly found in Masai Mara National reserve while the others are dominant 

in the surrounding conservancies and community land around. As said earlier, human pressure is a key 

driver of change observed in this ecosystem. Measurable grass biomass in this case could be an indicator 

of the differences that result from the human influence to the ecosystem. Grazing and farming activities 

could be rampant in the cover units C, D and E causing the significant difference in the measured 

biomass. Measured grass biomass could also be different in different cover units due to different grass 

species in each of these mapping units. Grasses species and palatability can also make grazers select where 

to graze and live. Another reason to key differences is through the distribution of grazers across the 

ecosystem. In some parts of the ecosystem you get wildlife dominate over the livestock. This is because of 

the restriction from the reserve management that grazing of livestock is only allowed in the park during 

dry season (KWS interview).  

4.2.3. Assessing the main factors associated with measurable grass biomass in Masai Mara 

i) Correlation analysis 

Linear relationships between dry weights of grass biomass and variables SD, Median, Trend, NDVI, 

distance to Bomas and grazer’s density were analysed for the entire ecosystem. The correlation coefficient 

results demonstrated that the strength of linear relationships between biomass weights and the variables 

SD, distance to Bomas and grazers density were significant at alpha 0.05. The relationships were not 

significant with variables Median, Trend and NDVI by Oct (see Table 5). The relationship was strong with 

SD (rho = 0.76) and moderate with the distance to Bomas (rho = 0.59). The relationship was positive 

between biomass and SD, Median, NDVI by Oct and distances to Bomas. On the other hand, it was 

negative with Trend and grazer’s density. 

Correlation coefficient significance tests between biomass measurements and the variables were to show if 

there exist a linear relationship between them which has a nonzero slope. The purpose of this test was not 

to tell about causality but association between the variables. It will be wrong to interpret the results of this 

analysis by saying, for instance, that large deviations from mean NDVI lead to high measurable grass 

biomass. This result can be deduced to mean what having high SD implies to grass biomass. If 

correlations coefficient get close to or is zero, it implies that there is no linear relationship between the 

variables (Taylor, 1990). However, this does not mean that Biomass and the variables are not related, they 

might be related through nonlinear relationships.  

The relationship between biomass and SD, which is a strong positive linear correlation is not surprising 

and is in support of the idea that low SD value means least or non-varying vegetation characteristic, that 

is, a more stable vegetation over time. In this ecosystem, there is intense grazing from the large numbers 

of wildlife and livestock hence getting grass with near zero variation is not real. It is also possible to get 

very low long term NDVI standard deviation values in areas covered by trees, high shrubs and non-
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palatable vegetation. Non-grazed areas or areas with little or non- palatable type of grass species may also 

record low SD and low measurable grass biomass. However, this ecosystem is a free-range dominated by 

grass species Themeda triandra which are very much palatable (Stelfox et al., 1986). Thus, variation in 

grasses is much more in the ecosystem in this current situation where modifications are more so caused by 

human activities than the animals themselves. Annual movements of the wildebeest, zebras and elands, 

back and forth into the ecosystem from Serengeti national park in Tanzania intensively graze on the grass 

rich ecosystem to near completion before they migrate back. This means that those grasslands that record 

high measurable grass biomass can also record high standard deviations because of the left-overs at the 

end of dry season and re-growth after the migratory animals have left. 

The results of this study also indicate that there is no significant relationships between measurable grass 

biomass and NDVI value measured by the time of this study (October 2014) and the long term Median. 

The analysis reveal that there is a positive linear relationship between biomass and the two variables 

though not significant. This can be alluded to the fact that field sampling took place at the beginning of 

the short rains, just at the end of the dry period. Grass re-growth at the beginning of short rains 

influenced the satellite measured NDVI of the month of October. Previous studies (McNaughton, 1985;  

Stelfox et al., 1986) have found a strong relationship between biomass and  rainfall and wildlife 

distribution. Stelfox et al., (1986) describes the period after September as the period of stabilization of the 

non- migratory wildlife in this ecosystem. Therefore, having the factors, beginning of short rains and 

emigration of the wildlife, effects of re-growth explains the relationship of the measured biomass to the 

NDVI as at October and Median NDVI at this particular point in time.  

Wildlife distributions was found in this study to have a significant negative correlation. A part from this 

being as a result of the large migratory wildlife and non-migratory animals concentrating on the re-

growths, the other reason why biomass is negatively correlated to animal densities as McNaughton, (1985) 

explains is about the diets of grazing animals. Some areas are rich in some minerals required by grazers 

thus attracting them. Areas rich in nitrogen have fast re-growth and attracts animals. In this ecosystem, 

wildlife and livestock coexist outside the national reserve since it is not fenced. Traditionally livestock are 

corralled at night in Bomas by the Masai pastoralists. After Bomas being abandoned, they develop into a 

nutrient-rich, treeless glades that can persist for centuries (Donihue, Porensky, Foufopoulos, Riginos, & 

Pringle, 2013). The glades attract both native and domestic large herbivores thus the negative linear 

relationship between measurable biomass to the distance from Bomas. Bomas are also put up not far from 

water points. This means that Bomas attract animals for two things; nutrient-rich grass and water. 

(a)                                                                              (b) 

 
Figure 25: Bomas as seen from Google Earth image (a); Wildlife and Livestock graze together near an existing 
Bomas (b) 
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ii) Regression Analysis and Spatial Prediction for Grass Biomass 

Biomass measurements collected from the field were used as training dataset for biomass distribution 

model. The patterns of the existing relationships between measured above ground grass biomass and the 

associated variables were investigated through a regression analysis. The actual measurements of the 

relationships were indicated by the coefficient of determination R2. The scatterplots in Figure 20 indicate 

that SD, NDVI in Oct, distance to Bomas and grazers’ density can significantly explain, to some 

percentage, the variations in the measureable above ground grass biomass in the ecosystem. They can be 

used to fit a model for predicting grass biomass in the Masai Mara ecosystem. Stepwise linear regression 

was used to evaluate the relationships and establish the function for estimating biomass.  

A multiple regression was run to generate a prediction formula for grass biomass using SD, NDVI as at 

Oct 2014 and Distance to Bomas as these were found through a stepwise procedure to be the most 

significant variable to use. These variables statistically significantly predicted biomass, F(3, 38) = 23.8, p < 

0.0005 and R2= 0.653. The selected variables added statistically significantly to the prediction, p< 0.05, 

where their relative contribution to the prediction are in the order; SD, followed by NDVI for Oct 2014 

and Distance to Bomas. In this modelling procedure, some highly predictive variables were left out for the 

sake or a good model. For instance, the variable Grazers density was left out not because it was a poor 

predictor but due to its moderate negative correlation with the variables distance to Bomas see Table 5 

and Table 6, the strength of its association with grass biomass was assessed in comparison to that of 

Distance to Bomas then a decision was made. 

The results of this regression analysis demonstrate that remote sensing data can be used to predict an 

estimate of grass biomass in Masai Mara. The reason being, SD, NDVI and distance to Bomas are 

variables that can be acquired through remote sensing at a reasonable cost for large scale applications. 

NDVI data used in this study is a freely available data and Bomas data are also visible and easy to collect 

through free google earth images. This saves the cost of data collection and still get results with an 

accuracy of more than 65%. The large population of wild herbivores and livestock who have different 

nutrient requirements that graze in this ecosystem (Bhola et al., 2012) coupled with ever increasing human 

activities in the ecosystem  necessitates a constant assessment of biomass availability which is possible 

through application of this model.  

 Spatial variation and distribution map for measurable grass biomass was produced through application of 

the coefficients of the model variables to make a biomass map for the ecosystem (Figure 26). Masai Mara 

National Reserve had on average the highest measurable grass biomass by October 2014 predicted by the 

model. This can be attributed to the management at the reserve especially in the Mara triangle to the west 

of the reserve. The lowest measurable grass biomass estimate were found just right at the edges of the 

reserve, especially to the Eastern/north eastern side of the reserve. This can be linked to the influence of 

human population, that is, the pastoral community grazing large numbers of cattle from the edges towards 

the reserve. Ottichilo, Leeuw, & Prins, (2001), attributes the decline of resident wildebeests in Masai Mara 

to habitat loss from human encroachment at the periphery of the national reserve boundary. This is in 

support to why there is little biomass estimates more so outside the park.    

In Figure 26 below, it shows spatial biomass predictions overlaid with conservancies boundaries. The area 
called Talek is not a conservancy but an urban centre developing just at the edge of the Masai Mara 
National reserve. In general, measurable grass biomass is low in the conservancies than within the national 
reserve.   
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Figure 26: Biomass distribution within conservancies in Mara 

In monitoring grass biomass, it is important to consider biomass produced in every growing season. The 

growing peaks of grass in between the months April/May just before the great wildebeest and zebra’s 

migration in the ecosystem which occur around June-July. This is the period that grazing is intense in this 

ecosystem and it ends around Aug-Sept, see Appendix 2. However, biomass vary from year to year as 

could be seen in predicted maps of same period of this study for the past 14 years. Appendix 9 show maps 

of predicted biomass to differ from year to year. This means that a part from intense grazing in the 

ecosystem, there are other factors which influence measurable grass biomass.  

4.2.4. Comparison between estimated grass biomass and actual historical biomass 

A pairwise comparison test was done to compare estimated grass biomass with biomass samples acquired 

from ILRI in 2006. A prediction samples of Oct 2006 map were paired to the ILRI data for comparison. 

The results of Wilcoxon signed rank test reveal that the two samples collected by ILRI, Kenya and model 

estimates for 2006 are not identical at a significance level 0.05 as the resulting (Z= -7.238314; p-value = 

4.543e-13) p-value is less than 0.05.  

The difference can be attributed to the different approaches to biomass measurements. ILRI data was 

collected using 8 quadrats (0.25m by 0.5m) in transects and then averaged comparable to what this study 

used, 1x1m quadrat. The results are not comparable because of the sampling design that was used. ILRI 

used systematic sampling method while this study used random stratified sampling.  

The non-identical nature of these two samples can also be attributed to the timings of the two studies. 

ILRI’s data of more than 170 samples collected in Sept-Oct 2006 in comparison to 3 weeks data collection 

exercise in Oct 2014 that yielded 42 samples that this study used. A lot might have changed in this 

ecosystem that in continuous state of modifications which affect measurable grass biomass. Rainfall is also 

highly variable and unreliable in this ecosystem as mentioned earlier in this study.  
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5. CONCLUSIONS AND RECOMMENDATIONS  

5.1. Conclusion  

This study aimed at advancing research in the analysis and applications of hyper-temporal Modis terra 

NDVI data to estimate and assess key factors associated with grass biomass. The design and approach of 

this study was to first map the vegetation cover units in the ecosystem and then provide techniques for 

estimating grass biomass for the grasslands. Using GIS and Remote sensing techniques, a sample scheme 

for vegetation survey and biomass sampling was designed and used to collect data for vegetation mapping 

and biomass estimation modelling. The study was to find an approach to science that will give the most 

accurate estimates of grass biomass explained by the characteristics of vegetation cover mapped.  

The mapping approach followed in this study succeeded in mapping out the differences in vegetation 

cover types through analysis of hyper-temporal remote sensing data. Long term standard deviation of 

NDVI and Median captured well the dynamics of vegetation in a rapid and constantly changing 

environment. The difference in degrading, degraded and stable vegetated area was mapped through this 

technique. However, due to overlaps between cover percentages observed, it is not easy to differentiate 

properly the mapped classes although they are distinct through remote sensing data. Unsupervised 

classification of hyper-temporal Modis NDVI data is a powerful technique and reliable in mapping 

vegetation since it is climate dependent and not weather dependent.  

Measured grass biomass is linearly correlated to remote sensing data; long term SD, Median and NDVI. 

Measurable grass biomass is significantly explained through the outputs of analysis of hyper-temporal 

NDVI data. Statistics of standard deviation and median of NDVI explains to a greater extent the amount 

of measurable grass biomass because as deviations from satellite-measured NDVI reduces or increases, it 

indicates that grass is in a stable condition. This study have further shown that animal density, presence of 

Bomas and human activities in the ecosystem affect the amount of measurable grass biomass negatively. 

As the amount of human activities such as increased animal keeping, farming and development of tourist 

facility increase in this ecosystem, significant variations in measurable grass biomass are reported. 

Therefore, the study concludes that SD, Bomas and NDVI measurements are key factors associated to 

measurable grass biomass. 

The prediction of grass biomass using field measurements and remote sensing data significantly indicate 

the spatial and temporal characteristics of grasslands productivity.  This is useful in monitoring grass 

biomass in space and time. The correlation coefficients between biomass and remote sensing data showed 

differences. This means therefore that the purpose of which to use each of the remote sensing products 

has to be clear right from the beginning.  

In comparison to historical dataset and methods, the biomass technique used in this study is no 

comparable to the approach followed by ILRI in 2006. However, this study had a better approach that 

used few biomass samples and achieved a significant biomass prediction with accuracy of 65%. The 

methods are not comparable with methods applied by previous studies since it combines traditional 

clipping method with a remote-sensing based sampling approach to get as much as representative samples 

as possible. This improves the level of prediction and mean of estimates higher than that from the method 

applied in previous sampling. 
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5.2. Limitations  

Key limitations to this study were that limited samples could not allow for clear differentiation between 

different grassland types in terms of percentage cover. The overlaps in estimated cover percentages could 

not be discerned through remote sensing properly. Secondly, the study lacked enough data to use for grass 

biomass model validation.  

5.3. Reccommendations  

This research was able to use effectively remote sensing data to design a sample scheme for vegetation 

surveying and biomass sampling. Field sampling data that was collected provided the basis for a better 

vegetation cover map and estimated grass biomass. The study recommends the following for future 

research. 

 

 Future mapping projects should consider long term Standard Deviation of NDVI since it 

captures weather-based vegetation variability better than just one time stamp satellite imagery. 

 Biomass estimation through remote sensing and statistical models can be improved using data 

collected for several successive years or seasons to enhance the stability of estimates and compare 

the variability in estimates over seasons. 

 It will also be useful to include soil data and herbivore grazing intensity in future research in 

regard to grassland vegetation mapping and biomass estimation for this ecosystem. 
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APPENDICES 

Appendix 1: Data Table for the Map Legend 

NDVI Class Median Class SD Class Trend Class 
Tree & High 
Shrub Low Shrub Grass Litter Bare Stony 

18 10 5 3 4.80 1.37 27.34 0.00 71.29 0.00 

18 10 3 4 0.90 3.31 30.13 0.00 66.56 0.00 

18 10 4 3 10.80 0.00 35.84 0.00 64.16 0.00 

25 11 2 4 17.60 0.00 26.94 0.00 73.06 0.00 

25 11 3 4 25.00 7.61 27.17 0.00 65.22 0.00 

25 11 4 3 0.00 0.79 35.64 0.00 63.56 0.00 

25 11 3 3 0.00 0.89 40.10 0.00 59.01 0.00 

25 12 5 4 18.40 1.65 47.11 0.00 51.24 0.00 

25 12 4 3 0.00 0.00 50.00 0.00 50.00 0.00 

25 11 4 4 3.00 0.00 53.61 0.00 46.39 0.00 

25 11 4 4 3.00 0.00 58.76 0.00 41.24 0.00 

25 11 5 4 5.00 0.00 68.42 0.00 31.58 0.00 

25 12 4 4 0.50 0.00 70.00 0.00 30.00 0.00 

25 11 5 3 17.15 0.00 70.56 0.00 29.44 0.00 

25 12 5 3 14.70 0.00 80.82 0.47 18.71 0.00 

25 12 3 4 0.50 0.00 85.00 0.00 15.00 0.00 

25 11 4 3 0.00 2.17 97.83 0.00 0.00 0.00 

35 14 2 4 25.25 0.00 20.69 6.00 69.97 3.33 

35 13 3 3 22.20 3.75 20.79 0.00 63.26 12.20 

35 13 3 4 5.50 0.00 31.58 0.00 68.42 0.00 

35 13 4 4 3.00 0.00 33.33 0.00 66.67 0.00 

35 12 3 3 0.50 0.00 35.00 0.00 65.00 0.00 

35 13 4 3 0.00 0.45 40.72 0.00 58.82 0.00 

35 13 5 4 6.00 0.00 58.82 0.00 41.18 0.00 

35 12 4 3 5.00 0.00 63.16 0.00 36.84 0.00 

39 15 2 4 50.00 0.00 20.83 0.00 75.00 4.17 

39 14 3 4 20.50 0.00 37.50 0.00 62.50 0.00 

39 14 3 3 25.00 1.52 42.30 0.00 56.19 0.00 

39 13 5 3 2.50 0.00 55.00 0.00 45.00 0.00 

39 15 4 4 48.70 0.00 55.95 0.00 44.05 0.00 

39 14 4 3 17.00 4.76 57.14 0.00 38.10 0.00 

39 14 4 4 1.00 0.00 64.36 0.00 34.65 0.99 

48 12 3 4 0.00 0.00 49.00 0.00 51.00 0.00 

48 14 6 4 0.00 3.00 57.00 35.00 5.00 0.00 

48 14 5 4 0.00 0.50 59.70 34.83 4.98 0.00 

48 15 6 4 2.00 0.00 65.31 30.61 4.08 0.00 

48 15 5 4 0.00 0.00 67.39 28.99 3.62 0.00 

48 15 4 4 0.00 0.00 67.86 28.57 3.57 0.00 

48 15 5 4 1.00 0.00 68.35 28.78 2.88 0.00 

48 15 4 3 1.00 0.00 69.50 28.37 2.13 0.00 

48 15 4 3 0.50 0.00 70.37 29.63 0.00 0.00 

48 16 5 3 1.00 0.00 70.37 29.63 0.00 0.00 
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48 14 5 4 0.00 5.00 72.00 3.00 20.00 0.00 

48 14 4 4 0.00 0.00 73.40 0.60 26.00 0.00 

48 15 5 3 0.00 0.52 94.24 5.24 0.00 0.00 

48 16 5 4 2.00 0.00 96.94 0.00 3.06 0.00 

52 17 4 4 81.00 0.00 0.58 58.48 35.09 5.85 

52 15 3 4 57.50 0.00 8.46 0.82 89.91 0.82 

52 16 2 4 32.00 0.00 25.71 0.00 74.29 0.00 

52 16 3 4 30.95 0.00 87.46 0.00 12.54 0.00 

57 17 3 4 96.00 0.00 0.62 37.27 49.69 12.42 

57 18 2 4 75.30 19.50 48.00 7.50 15.00 0.00 
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Appendix 2: Profiles of Map NDVI Classes; depicting vegetation growing seasons 
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Appendix 3: Histograms of field data 
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Appendix 4: Data Table for Biomass and Predictor Variables 

Fresh 

Weight (g) 

Dry 

Weight (g) 

Median 

NDVI 

SD 

NDVI 

TREND 

NDVI 

Oct NDVI 

(2014) 

Altitude 

(m) 

Density 

Grazers 

Slope 

(degrees) 

Dist. To 

Bomas 

88.69 62.07 121 23 -0.0114 153 1935 298.88 1.18 13260.8 

200.49 168.47 129 31 -0.0336 126 1953 262.04 1.56 19743.6 

180.92 108.73 128 31 -0.0139 120 1946 262 0.94 20321.4 

22.87 19.09 135 24 -0.0374 182 1757 288.88 1.87 424.264 

57.8 39.92 159 25 -0.0134 134 1586 506 1.25 100 

130.71 71.91 135 27 -0.0482 138 1691 250.24 1.64 316.228 

179.48 93.47 137 27 -0.0055 164 1730 409.28 1.49 1208.3 

190.7 147.62 131 30 -0.0461 122 1949 259.32 0.79 17489.7 

84.92 59.37 117 27 -0.0330 111 1907 281.24 2.25 19376.3 

69.76 51.57 147 24 -0.0512 144 1736 261.44 3.03 1118.03 

50.05 29.43 146 23 -0.0043 151 1687  0.73 3962.32 

139.31 103.97 145 27 -0.0623 134 1604 336.04 1.47 1769.18 

114.11 81.88 149 30 -0.0043 140 1724 328.68 1.49 3080.58 

46.05 42.25 161 20 -0.0042 153 1842 642.04 2.96 905.539 

26.8 23.51 158 23 -0.0439 147 1835 441 2.1 824.621 

55.64 35.26 157 25 -0.0048 144 1858  2.27 316.228 

147.23 61.44 157 28 -0.0057 141 1719 505.88 0.76 400 

264.18 195.07 160 32 0.0123 157 1521 505.84 2.63 13928.4 

247.36 154.71 159 34 0.0032 155 1617 95.28 1.91 18011.4 

29.57 23.76 162 21 0.0020 153 1874  2.03 4328.97 

64.31 36.97 146 28 -0.0108 172 1725 569.28 1.47 984.886 

41.76 28.19 170 22 0.0080 173 1821 218 2.3 4500 

359.81 285.08 169 29 -0.0129 188 1567 204.48 1.12 15715.6 

281.94 182.71 173 31 -0.0304 185 1567 426.92 0.11 22574.3 

119.42 76.03 118 30 -0.0456 111 1912 228.32 0.94 19997 

350.35 281.08 168 30 -0.0415 190 1586 40 0.88 10948.1 

342.95 245.9 167 31 -0.0148 190 1591 204.48 1.65 14058.4 

187.3 147.88 162 35 0.0063 159 1589 95.28 0.73 18313.4 

94.68 40.71 175 18 -0.0085 172 1692  0.56 2502 

151.77 83.82 176 25 0.0335 138 1921 288.88 3.04 1341.64 

83.94 52.61 165 29 0.0057 177 1743  3.05 1216.55 

386.32 288.24 176 31 0.0095 182 1505 113.6 1.25 28212.4 

51.57 33.88 129 18 0.0408 150 1477  1.8 4285.4 

351.94 287.85 159 29 0.0095 157 1591 379.96 1.12 23272.5 

143.87 95.02 126 25 -0.0219 113 1863 442.48 1.75 15009.7 

171.93 122.19 125 27 -0.0432 141 1726 164.52 1.03 583.095 

94.33 66.53 127 28 0.0099 118 1911 305.4 0.59 14042.8 

166.6 98.07 157 30 -0.0052 161 1592 415.4 2.39 9200.54 

67.88 55.61 157 27 -0.0335 163 1830 248.96 2.64 1077.03 

126.32 77.15 129 28 -0.0145 124 1903 305.4 0.39 13877.3 

139.13 105.16 139 27 -0.0457 132 1696 250.24 2.7 316.228 

185.73 117.34 138 24 0.0034 139 1748 336.36 0.15 2408.32 
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Appendix 5: Section of Historical biomass (2006) data and Estimated biomass (2006) 

Sample Lat Long DryWeight 2006 BiomassEst 2006 

1 -1.395583 35.132985 148 35.21 

2 -1.348995 35.110244 99 49.99 

3 -1.358459 35.105883 103 52.09 

4 -1.483486 35.181460 69 62.00 

5 -1.490800 35.176321 73 49.78 

6 -1.443350 35.187065 139 47.52 

7 -1.448846 35.179621 73 51.68 

8 -1.453997 35.172160 154 65.37 

9 -1.460353 35.165648 138 52.44 

10 -1.465188 35.157890 74 44.97 

11 -1.470025 35.150164 44 65.12 

12 -1.298566 35.161693 44 21.96 

13 -1.306575 35.164768 35 29.49 

14 -1.334155 35.163119 78 16.36 

15 -1.343038 35.158964 114 22.51 

16 -1.351686 35.155108 49 41.26 

17 -1.200144 35.288954 44 42.51 

18 -1.205723 35.291603 41 33.17 

19 -1.216074 35.296199 36 58.84 

20 -1.226626 35.290913 42 34.41 

21 -1.235453 35.284393 68 31.37 

22 -1.243175 35.276586 42 19.78 

23 -1.248090 35.264501 48 8.71 

24 -1.253099 35.255035 42 25.39 

25 -1.226131 35.259661 47 38.00 

26 -1.218441 35.255530 43 3.51 

27 -1.210414 35.251804 47 35.64 

28 -1.202231 35.248053 28 6.00 

29 -1.194073 35.244364 40 38.88 

30 -1.180682 35.233336 49 50.32 
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Appendix 6: Boxplot of Biomass weight and all the predictors 

 

 

Appendix 7: Scatterplots of all the predictor variables used 
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Appendix 8: Model diagnostics 
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Appendix 9: Biomass Predictions in grams per square meter for the past 15 years 
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Appendix 10: Field-Data-Sheet-land-cover-use-Mara-rangelands 1 
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Appendix 11: Field-Data-Sheet-land-cover-use-Mara-rangelands 2 
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Appendix 12: Field-Data-Sheet-land-cover-use-Mara-rangelands 3 

 


