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ABSTRACT  

Soil erosion by water has become a worldwide issue due to its environmental and 

socioeconomic impact in the light of rising concerns over climate change. To minimize the 

impact of soil erosion by water in West Africa, several erosion control measures have been 

adopted and are being practiced. The type of erosion control measure practiced depends on the 

climatic zone in which the area falls. In South-West Burkina Faso where this study was 

undertaken, rainfall is relatively high compared to the other areas within the country. As a 

result, the use of stone bunds/lines is the most commonly practiced erosion control measure. 

But after the implementation of these erosion controls, very little has been done on evaluating 

the impact of these erosion controls on vegetation (crops and natural vegetation) improvement 

using remote sensing data. This is because until recently, organized erosion control measures 

more especially using stone bunds over thousands of hectares of both agriculture and non-

agriculture lands was rare. This study, therefore, investigated the effect of stone bunds erosion 

control measure on vegetation trend using remote sensing data. A time series analysis of NDVI 

data from 2004 to 2017 was conducted to find: (i) the trend of vegetation in the whole study 

area and (ii) the trend of vegetation in areas with stone bunds erosion control and areas without. 

Subsequently, a comparison using the ANOVA test was done between the trends of NDVI in 

these two areas. Also, a seasonal analysis of the crop heights of cotton and millet was conducted 

using photographs from UAV. Lastly, a pixel-wise trend was conducted for climate variables 

(rainfall and temperature) and a correlation analysis was also performed between NDVI and 

climate variable time series. The results showed that, the NDVI trend of the whole study area 

is significantly increasing at a rate of 3.7 x 10-4 ΔNDVI/month at 95% confidence interval (CI). 

Similarly, areas with stone bunds erosion control and areas without stone bunds erosion control 

had significant increasing trends ranging from 3.14 x 10-4 to 3.95 x 10-4 ΔNDVI/month and 

3.83 x 10-4 to 3.91 x 10-4 ΔNDVI/month respectively. In comparing the NDVI trends of the 

two areas, the result from the ANOVA test showed that there is no significant difference 

between the NDVI trends of areas with stone bunds erosion control and areas without stone 

bunds erosion control (p-value = 0.319). Although, the mean NDVI trends for the whole area 

gave a positive trend, the results of the pixel-wise analysis showed that, positive, stable and 

negative NDVI trends were widespread in the study area with a range of -0.001 to a maximum 

of 0.002 ΔNDVI/month. Only 10.6% of the NDVI trends was statistically significant at 95% 

CI. In comparing the crop heights in areas with stone bunds erosion control and areas without, 

at 95% CI, the t-test revealed that there is no significant difference between the means of the 

crop heights of cotton (p-value = 0.389) and millet (p-value = 0.884) in these two areas. For 

trends of climate variables, rainfall and temperature had a positive increase in the monthly 

trend of 0.12mm/month and 0.01°C/month respectively. In terms of the correlation between 

NDVI and climate variables, there was a positive correlation between NDVI and rainfall 

(Kendall τ of 0.513), whiles a negative correlation (τ = -0.322) was observed between NDVI 

and temperature. The results from this study will help future studies of evaluation of erosion 

control measures in West Africa. By combining data from other satellites such as the Sentinel, 

this will go a long way to help to bridge the problem of data availability for vegetation time 

series analysis.   
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1.0 CHAPTER 1: INTRODUCTION  

  

1.1 Background  

Since the 1980s, soil erosion by water has become a worldwide issue owing to its impacts on 

the environment and socio-economics activities (UNEP, 1986; UNFCC, 1997; IPCC, 2000). 

Especially, accelerated erosion, which is caused by anthropogenic activities (Foth, 1990; 

Blinkov, Kostadinov and Marinov, 2013). Global Assessment of Soil Degradation (GLASOD) 

study has reported that about 15% of the earth’s ice-free land surface is affected by various 

kinds of land degradation, with 55% of it attributed to accelerated soil erosion (Bridges and 

Oldeman, 1999). Also, more than 80% of agricultural fields world-wide experience moderate 

to severe erosion whiles 10% suffers slight to moderate erosion (Bouma and Batjes, 2000; Li 

and Fang, 2016). Prolonged soil erosion in certain areas around the world have reached a stage 

of irreversibility (Blinkov, Kostadinov and Marinov, 2013). Considering the slow rate of soil 

formation, any soil loss of more than 1 t/ha/yr may be regarded as irreversible within a time 

span of 50 to 100 years (Gobin et al., 2004a; Blinkov, Kostadinov and Marinov, 2013). 

Currently, the effects of erosion on sustainable agriculture and ecosystem services have become 

alarmed in the era of growing concerns over climate change and food security (Cilek et al., 

2015; Posthumus et al., 2015).   

Climate change influence on soil erosion has mainly been associated with rainfall (high 

intensity of rainfall will result in high erosivity), plant biomass (plant maturity) and crop 

management practices (adaptation measure) (O’Neal et al., 2005; Nearing, Pruski and O’Neal, 

2004).  The changes in rainfall distribution, amount and intensity have a direct impact on soil 

erosion (Li and Fang, 2016). The rate of water induced soil erosion is likely to rise as a result 

of the effects of climate change and land use if no measures are put in place to control it. This 

is because, it is estimated that rainfall will increase in Africa and other areas around the globe 

(IPCC, 2001; Mooij et al., 2005; Nyeko-Ogiramoi, Willems and Ngirane-Katashaya, 2013; 

Paroissien et al., 2015). On the contrary, rainfall impacts on soil erosion are sometimes positive. 

Prolonged rainfall period may result in the increase in plant growth, thereby minimizing runoffs 

and erosion (Nearing, Pruski and O’Neal, 2004). With the potential of increase in the rate of 

soil erosion due to climate change and land use, modelling future erosion rate is an important 

way of measuring the vulnerability of agriculture and the natural environment (Mullan, 2013). 

The accurate prediction of the extent of  impact caused by climate change and a balance of the 
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consequences of other different factors still remain uncertain (Li and Fang, 2016). However, 

with the use of soil erosion models, researchers have made future projections.   

Soil erosion models (empirical or event-based) which have the capacity for estimating, 

assessing and predicting risk of soil erosion have been developed, tried, tested and used all over 

the world (Morgan et al., 1998; Cilek et al., 2015; Fernández and Vega, 2016). Although each 

model has its own strength and weakness, researchers are relentless in improving these models. 

Soil erosion models such as, the Universal Soil Loss Equation (USLE) (Wischmeier and Smith, 

1978), the Revised Universal Soil Loss Equation (RUSLE) (Renard et al., 1991), the European  

Soil Erosion Model (EUROSEM) (Morgan et al., 1998), the Soil and Water Assessment Tool  

(SWAT) (Arnold et al., 1998), SHETRAN (Ewen, Parkin and O’Connell, 2000) and many 

others  have existed over the years and have been applied in research. The current practice is 

the integration of remotely sensed data (such as Land use/cover data and DEM) and Geographic 

Information System (GIS) data into erosion models (Kefi et al., 2009; Farhan, Zregat and 

Farhan, 2013; Carvalho et al., 2014; Lu et al., 2004; Chen and Du, 2014; Tang et al., 2014; 

Ganasri and Ramesh, 2016; Rawat, Mishra and Bhattacharyya, 2016; Parveen and Kumar, 

2012).   

The development and implementation of organized soil erosion controls started from the 20th 

century and its ‘golden period’ was the period of 1945 to 1990 (Dotterweich, 2013a). Countries 

such as Russia in the 19th century started researching into the design and application of soil 

conservation measures to reduce soil lose in cultivated fields (Golosov and Belyaev, 2013). 

Currently, there are wide spread of erosion control measures all over the world but few of them 

are reported in research works ( Zhao et al., 2013; Blinkov, Kostadinov and Marinov, 2013; 

Dotterweich, 2013b; Golosov and Belyaev, 2013).   

To minimize the impact of water induced soil erosion in Africa, several erosion control 

measures (example, agroforestry, stone bunds, earth bunds, stone storage dam, mulching, 

terracing, cover cropping, afforestation, etc) have been adopted and is being practice 

(Vanlauwe et al., 2014; Zougmoré, Jalloh and Tioro, 2014; Maisharou et al., 2015; Chirwa and 

Mahamane, 2017). The type of erosion control measure practiced depends on the climatic zone 

in which the area falls. In semi-arid areas of West Africa, specifically, South-West Burkina 

Faso where this study was undertaken, rainfall is relatively high compared to the other areas 

within the country. As a result, the use of stone bunds/lines is the most practiced erosion control 

measure (Nyamekye et al., 2018). Stone bunds though an indigenous practice by farmers in 

Africa (Zougmoré, Jalloh and Tioro, 2014) has been adopted and improved by researchers. The 
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implementation of organized stone bunds erosion control measure begun in the early 1980’s in 

Africa, especially in Northern Ethiopia (Tigray Highlands) and West African Sahel 

(Gebremichael et al., 2005; Reij, Tappan and Belemvire, 2005). This was as a response to the 

series of drought years, which had devastating consequences on the entire region in the 1970’s 

(Reij, Tappan and Belemvire, 2005). Due to its effectiveness in reducing soil erosion 

(Zougmoré, Jalloh and Tioro, 2014; Taye et al., 2015), government and non-governmental 

organizations (NGOs) are assisting (technical and logistical support) its implementation in 

many areas within the region (Zougmoré, Jalloh and Tioro, 2014).   

The effectiveness of an erosion control measure is mostly associated with the improvement of 

vegetation cover, increase in crop yield and reduction of top soil removal (Gobin et al., 2004b; 

Zhao et al., 2013; Ibrahim et al., 2015; Gomiero, 2016). On agricultural lands, many research 

in Africa (Vancampenhout et al., 2006; Adimassu et al., 2014) have shown positive relationship 

between erosion control with stone bunds and crop/plant growth. This is because, the stone 

bunds help to minimize soil and soil nutrients transport and also increase soil water through 

infiltration (Sawadogo, 2011; Zougmoré, Jalloh and Tioro, 2014; Subhatu et al., 2017; 

Mekuriaw et al., 2018). Gebremichael et al. (2005) showed that the implementation of stone 

bunds in the Tigray region of Ethiopia reduced the annual soil loss by 68%. In terms of crop 

yield, Nyssen et al. (2007) reported an average increase in grain yield of about 53% from 3 to 

21 years after the implementation of stone bunds in the highlands of Northern Ethiopian. In a 

similar study conducted at Saria Agricultural Research Station in Burkina Faso, Zougmoré et 

al. (2004)  also reported a significant increase in yield in all crop types under stone bunds 

erosion control measure. In a natural environment where erosion controls have been 

implemented as an intervention to stop or minimize land degradation due to soil erosion, it is 

expected that the vegetation cover will gradually improve naturally or be accelerated by 

afforestation (Li et al., 2011). The fast improvement of vegetation cover on an erosion 

controlled land will in turn help to minimize the rate of erosion drastically.   

The use of remote sensing techniques for capturing data is unarguably the most efficient and 

effective way and widely used mode of assessment and analysis of degraded lands or changes 

in land productivity (Yengoh et al., 2014; Ibrahim et al., 2015; Hird et al., 2017; Nash et al., 

2017a). It involves the assessment of historic and future (projections) trends in land degradation 

or productivity. The use of  vegetation indices  from remote sensing data in extracting physical 

and biophysical properties of vegetation have been developed over the years (Tucker, 1979; 

Liu and Huete, 1995). The underlying assumption of the development and use of these indices 
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is that, some arithmetic combination of the spectral bands of remote sensing data can reveal 

biophysical and biochemical variables. Such variables include, canopy chlorophyll content, 

photosynthetic capacity, leaf area index (LAI) and distribution, gross primary productivity 

(GPP), water content in leaves, deficiencies in minerals and sign of pest and disease attacks 

(Chen and Cihlar, 1996; Blackburn, 1998; Boegh et al., 2002; Jensen and Im, 2007).   

The development of systems to monitor vegetation phenology of large fields using the 

Normalized Difference Vegetation Index (NDVI) (Rouse Jr et al., 1974; Tucker, 1979) started 

more than 45 years ago. It was an important milestone in the development of automatic methods 

for analyzing plant growth and biomass (Myneni et al., 1997) because it is by far the most 

widely used vegetation index (Higginbottom and Symeonakis, 2014; Yengoh et al., 2014). The 

NDVI is a spectral ratio index based on the red and infrared bands (Rouse Jr et al., 1974; 

Tucker, 1979). It measures vegetation greenness and has proved to be positively correlated with 

vegetation productivity (Nash et al., 2017b). The capability to measure chlorophyll status from 

remote sensing data allowed plant health to be measured in large fields (Perez-sanz, Navarro 

and Egea-cortines, 2018). It has also been used to estimate crop yields, plant growth and 

performance (photosynthetic activities), vegetation cover and rangeland carrying capacities 

among others (Amri et al., 2011; Li et al., 2015; Lausch et al., 2016; Liu, Wimberly and 

Dwomoh, 2017; Nash et al., 2017b). The use of NDVI to identify the period of photosynthetic 

activities can be interpreted to show the period of growing season. This is because, the period 

of maximum NDVI corresponds to time of highest photosynthesis. The NDVI with seasonality 

shows photosynthetic activity during the growing season; and the rate of change in NDVI may 

be associated with the speed of rise or decline of photosynthesis (Yengoh et al., 2014).   

  

  

  

  

  

1.2 Problem Statement  

Although there have been many research work on the implementation of water induced soil 

erosion controls all over the world (Wortley, Hero and Howes, 2013; Dang et al., 2014; 

Mekonnen et al., 2015), very little has been done on evaluating the impact of these erosion 

controls on vegetation (crops and natural vegetation) growth using remote sensing data in West 
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Africa. This is because until recently, organized erosion control measures more especially using 

stone bunds over thousands of hectares of both agriculture and non-agriculture lands were rare 

(Zougmoré, Jalloh and Tioro, 2014). The reason being that, agriculture in West Africa is done 

on a subsistence level (Bayala et al., 2012). As a result, the implementation of erosion control 

measure such as stone bunds are also practiced on a per farm basis (small scale) and by farmers 

who can afford the cost involved in the implementation.   

Consequently, evaluating the impact of stone bunds erosion control on vegetation phenology 

using remote sensing data was virtually impossible due to the small scale and the fragmented 

nature of its implementation. Currently, the few studies conducted on the evaluation of stone 

bunds erosion control on soil and soil nutrients transport and vegetation improvement were 

done on an on-site basis (Nyssen et al., 2007; Adimassu et al., 2014) and hardly apply remote 

sensing technology. These studies have alluded that implementation of stone bunds erosion 

control substantially helped to minimize soil and soil nutrient transport (Gebremichael et al., 

2005; Adimassu et al., 2014)  and had a positive impact on crop yields and the regeneration of 

woody and herbaceous vegetation (Zougmoré et al., 2004; Vancampenhout et al., 2006; 

Sawadogo, 2011).   

In the quest to rehabilitate degraded lands by minimizing the effect of soil erosion, stone bunds 

erosion controls are now widespread and are being implemented on a larger scale in Burkina 

Faso through the efforts of successive governments and non-governmental organizations 

(NGOs) (Sawadogo, 2011; Zougmoré, Jalloh and Tioro, 2014). For instance, projects such as 

PABSO (project to develop the South-western lowlands) and EKF (Energy and climate Fund) 

aimed at combating land degradation in South-west region of Burkina Faso through the 

implementation of stone bunds erosion control and other sustainable land management 

approaches.  

Consequently, the use of remotely sensed data, more especially medium to high resolution data 

such as Landsat in evaluating and monitoring post implementation of stone bunds erosion 

control on vegetation growth is vital in assessing the recovery of degrading lands.  

  

  

1.3 Objectives of Study  

The overall goal of this research is to analyze the effect of stone bunds erosion control measure 

on vegetation trend using a fine scale remote sensing approach in the Ioba Province of Burkina 

Faso.   

 Concurrent with the overall objective, the specific objectives are to;  
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i. To analyze NDVI time series for vegetation trend in the Ioba province from 2004 to 

2017.  

ii. To investigate if areas with stone bunds erosion control measure have a similar NDVI 

trend and if these trends are different from areas without stone bunds erosion control 

measure.  

iii. To compare the short-term changes in crop height between areas with stone bunds 

erosion control measure and areas without using photographs from Un-manned Aerial 

Vehicle (UAV).  

iv. To analyze the trend of climate variables (rainfall and temperature) and determine their 

relationship with NDVI trends from 2004 to 2017.   

  

1.4 Research Questions  

i. What is the overall trend of vegetation in the Ioba province?  

ii. Do areas under stone bunds erosion control show the same vegetation trend as areas 

without? iii. Are there differences in the crop height in areas with stone bunds erosion controls 

and areas without? iv. What are the trends of climate variables (rainfall and temperature) and 

their relationship with NDVI trends?  

  

1.5 Justification for the Study  

Accelerated soil erosion has become a major issue of concern in the era of climate change due 

to its effect on food security. To mitigate the impact of soil erosion, several soil erosion methods 

have been introduced in West Africa and are being practiced, most especially in heavily 

affected areas. Burkina Faso is one of the countries in West Africa which is heavily affected 

by soil erosion (Nyamekye et al., 2018). As a result, local farmers, governments and NGOs are 

all assisting to minimize the impact of soil erosion. Several projects dating back from 1970s to 

date have tried to combat soil erosion and rehabilitate degraded lands (Nyamekye et al., 2018).   

Most of these projects only seek to implement these erosion control measures without doing a 

post implementation evaluation on the impact of the erosion control measure on vegetation 

improvement. In the natural environment, once the vegetation cover improves, it will in turn 

serve as a measure to control soil erosion. Also, on agricultural lands, once soil erosion is 

prevented, it is likely that crops will grow well, and yield will also improve. In view of these, 
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vegetation cover improvement can be used to assess if an erosion control measure is yielding 

the required results.   

This research work will inform decision makers the level of vegetation improvement that has 

been achieved by the implementation of stone bunds as an erosion control measure in the Ioba 

province of South-west Burkina Faso.  

With the devastation nature of soil erosion by water on the environment and its consequences 

on vegetation growth on both agricultural lands and the natural environment, it is worth 

researching into issues of soil erosion control especially its impact on vegetation improvement.   

  

1.6 Outline of Thesis   

The subsequent chapters of this thesis comprise of chapters 2 through to chapter 8. Chapter 2 

outlines a review of pertinent issues and research in relation to the subject of this research. 

Issues of soil erosion in West Africa, Landsat data and its issues, vegetation indexes with 

special emphasis on NDVI and UAV technology. The focus is on the use of the 

abovementioned technology and datasets for vegetation phenology analysis. Chapter 3 

highlights the study area, its geographic location, biophysical and socio-economic 

characteristics. Chapter 4 describes the data (satellite and ancillary) and the pre-processing 

done to make the data suitable for use. In chapter 5, the methodology employed to achieve the 

set objectives was laid out. Chapter 6 presents the results obtained from the methodology and 

the discussion of the results is presented in chapter 7. Conclusions and recommendations for 

future studies are outlined in chapter 8.  

  

  

2.0 CHAPTER 2: LITERATURE REVIEW  

  

2.1 Introduction   

This chapter presents some terminologies used in this research and a review of some concepts 

in remote sensing and soil erosion. It has been organized into eight sections. Section 2.2 

provides some definitions and explanations of some terminologies used in soil erosion control 

evaluation and remote sensing. Sections 2.2 to 2.5 deal with soil erosion, its control measures 

and how climate change is impacting on it. Section 2.6 focuses on data and data issues with 

regards to Landsat sensors. Sections 2.7, 2.8 and 2.9 describe the use of satellite data in 
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vegetation trend analysis and NDVI applications. The last section, 2.10 highlights Un-manned 

Aerial Vehicle (UAV) application in vegetation monitoring and mapping.   

  

2.2 Definitions   

  

i. Soil Erosion  

Soil erosion is the wearing away of the earth’s surface by the force of wind and water, and 

consists of soil particle dislodgement, entrainment, transport, and deposition. Soil erosion by 

water is the constant process of water detaching and transporting soil particles downslope to 

the lowest point in a basin, be it an ocean or closed basin (MaCool and Williams, 2008). Soil 

erosion by wind involves the transport of soil particles by suspension, surface creep, or saltation 

over distances ranging from a few centimeters to hundreds of kilometers (Bullock, 2005).  

  

ii. Soil Erosion Control Measure  

Erosion control measure is the practice of preventing or controlling the extent of erosion. In the 

case of water erosion, by reducing the flow velocity of runoff water. Increasing the infiltration 

capacity, land cover and surface roughness of the soil. The most widely practiced erosion 

control measures include: conservation agriculture (including reduced tillage and notill 

farming, suitable crop rotations, mulching, cover crops), strip farming, contour farming, the 

installation of vegetative buffers and strips, and terracing (Vogel, Deumlich and Kaupenjohann, 

2016).   

  

iii. Stone Bunds/Lines  

A stone bund/line may be defined as an embankment of stones, rocks or lateritic duricrust built 

along the contour across a sloping land to reduce or stop the velocity of overland flow, and 

consequently to reduce soil erosion (Morgan, 1995).  

  

iv. Vegetation Phenology  

It is the timing of periodic developmental stages in the life cycle of plant such as bud burst, 

crown growth, flowering, and senescence, that are closely related to the seasonal variation in 

climate trends. It is an essential and critical component of environmental science, and 
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influences biodiversity, species interactions, their ecological functioning, and their effects on 

fluxes of water, energy, and biogeochemical elements at various scales (Kimball, 2014).  

  

v. Optical Satellite Image  

These are satellite images captured in the visible bands, near infrared and short-wave infrared 

portions of the electromagnetic spectrum. Because optical images are obtained from the visible 

bands and infrared bands, they are only captured in the day time. Also, bad weather (e.g. cloudy 

weather) is a big hinderance to optical images and they render them almost useless. The most 

popular optical satellite image is the Landsat data.   

  

vi. Un-manned Aerial Vehicle (UAV)  

Un-manned Aerial Vehicle also known as drones are a class of aircrafts that can fly without an 

on-board presence of pilots. Unmanned aircraft systems consist of the aircraft component, 

sensor payloads and a ground control station. They can be controlled by onboard electronic 

equipment or via control equipment from the ground (Narayanan and Ibe, 2015). Its sensors 

(e.g. camera and infrared device) make it a useful tool for capturing aerial images for remote 

sensing applications.   

  

  

  

  

2.3 Soil Erosion by Water, Mechanisms and Processes   

Soil erosion by water starts when raindrops hit exposed soil with an explosive effect, launching 

soil particles into the air (Pimentel et al., 1995). The process involves particle detachment, 

entrainment, transport and deposition (Choi et al., 2005; MaCool and Williams, 2008) and their 

effect may be on-site where soil detachment and transport occurs or off-site, where eroded soil 

particles are deposited (Posthumus et al., 2015). Deposition mostly takes place in a low lying 

area (Boix-fayos, Vente and Albaladejo, 2009). The detachment processes occur when soil 

particles are separated from the soil matrix at the surface due to the impact of raindrop and 

runoffs (Zhang et al., 2003; Fu et al., 2011). The detached particles are transported mostly by 

the runoffs and the splash from the raindrops. The deposition detached soil particles occurs 

when sediment load of eroded particles exceeds its corresponding transport capacity (Choi et 
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al., 2005). The factors that influence the transportation and deposition of the sediments by 

runoff include; sediment size distribution, coarseness, slope of the terrain, vegetation and stone 

covers (Kiani-harchegani, Sadeghi and Asadi, 2018).  

The sources of energy needed to undergo the erosion process is obtained from the raindrops 

and the onward surface flow of water (Young and Wiersma, 1973; Nearing et al., 2017). The 

relative importance of the fundamental processes of soil erosion depends on whether the 

processes are occurring on inter-rill or rill areas and in the levels of the controlling variables. 

Understanding the soil erosion process is necessary in the design of assessment criteria and the 

development of an appropriate soil erosion control measure (Choi et al., 2005).  

  

2.4 Soil and Water Conservation Practices in Burkina Faso  

Soil and water conservation methods practiced worldwide to control water induced soil erosion 

may be classified into two main groups; the barrier method and the cover method (Young, 

1989).  In the barrier method, techniques such as terraces, bunds and stone wall, grass strips 

and hedgerows are used as fences to obstruct the washing away of sediments and soil nutrients 

by runoffs. The cover method involves the use of plants, crop residue and other types of waste 

to prevent raindrops from striking the surface of the soil and minimizing the flow velocity of 

runoffs. Although the two methods can be complementary, the barrier methods are costly and 

needs a lot of time to construct. As a result, the cover method is mostly practiced at the local 

level (Bobe, 2004).   

In Burkina Faso, soil erosion is one of the major hinderance to sustainable agriculture and 

socio-economic development (Nyamekye et al., 2018). As a result, from time in memorial, 

local farmers have adopted some soil and water conservation practices. But the type of 

conservation method practiced in an area depends on the agro-climate zone in which the area 

falls. In areas with very low rainfall such as northern Burkina Faso, the zai and half-moon 

which involves the concentration of rainfall and soil organic matter in smaller pits and 

moonlike dugouts respectively are the main water conservation method used (Zougmoré, Jalloh 

and Tioro, 2014). However, in the central and southern Burkina, the intensity of rainfall is much 

higher causing high surface runoff, therefore, the use of stone bunds or walls and grass strips 

are common (Nyamekye et al., 2018).   

Most of the current soil and water conservation methods being implemented by the government 

and NGOs in Burkina Faso are knowledge from indigenous practice that has been refined by 
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scientist and researchers (Sawadogo, 2011). Since combating soil erosion is a national affair, 

technical and logistical supports are given to local farmers for large scale implementation 

(Zougmoré, Jalloh and Tioro, 2014).  

  

2.5 Soil Erosion Control using Stone Bunds   

The use of stone bunds as a mechanism to combat soil erosion is an indigenous practice by 

farmers in Africa (Zougmoré, Jalloh and Tioro, 2014) especially, where land degradation due 

to water induced soil erosion is severe. Due to its effectiveness in reducing soil erosion, 

governments and NGOs are assisting in the large-scale implementation of the technique after 

series a of studies on the parameters (for example, gradient, spacing, number of stone lines per 

bund, etc.) (Zougmoré, 2003) used in the technique and support (technical and logistical) for 

the collection and transportation of the stones (Zougmoré, Jalloh and Tioro, 2014).   

The construction of stone bunds along contours is an efficient method to harvest rain water and 

minimize run-off (Zougmoré et al., 2004). Contour stone bunds are erosion control structures 

built with quarry rock, stones or lateritic duricrust (Figure 2-1) in a series of two or more. The 

stones are arranged in lines to follow the contour of the terrain. Before the stones are laid, a 

linear trench with a depth of about 10–15 cm is dug. Normally, they are built to a height of 

about 20-30 cm high and a spacing of about 20-50 m apart depending on the slope of the terrain 

(Zougmoré, Jalloh and Tioro, 2014). Nonetheless, the height can go higher depending on the 

volume of overland flow.   



 

12  

  

 
  

Figure 2-1: Stone bund constructed with lateritic duricrust on cropland in Manzour (a) and 

Dibogh (b) in the Ioba province of Burkina Faso. Images captured on 29th May, 2017 during 

field visit.   

  

The on-site impact of stone bunds on soil erosion can be grouped into short, medium and long 

term effects based on the period the bunds will become effective to mitigate soil erosion 

(Morgan, 1995). In the short term, some researchers have highlighted the reduction of slope 

length and the creation of retaining walls to check runoff and sediment. There is also a reduction 

in the rate of overland flow and erosivity. These effects of the stone bunds appear immediately 

after construction (Gebremichael et al., 2005). The medium and long-term effects, include the 

reduction in hillslope gradient by progressive terrace formation, the growing of vegetation 

cover on the bunds themselves and the change in land management (Nyssen et al., 2007). The 

off-site effects of stone bunds result in an enhanced hydrological conditions of the area and 

decline in sediment accumulation in rivers and dams (Nigussie et al., 2005).    

( a )   

( b )   
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The successes of stone bunds have been recorded by several research (Zougmoré, Jalloh and 

Tioro, 2014; Taye et al., 2015), especially in Ethiopia where a lot of research work have been 

conducted on the post implementation of stone bunds (Vancampenhout et al., 2006; Nyssen et 

al., 2007; Wolka, Moges and Yimer, 2011). For instance, in the works of Gebremichael et al. 

(2005) the construction of stone bunds in the Tigray region reduced the annual soil loss by 

68%. In terms of crop yield, a study conducted by Nyssen et al. (2007) outlined an average 

increase in yield of about 53% between the space of 3 to 21 years after implementation. In a 

similar study, Vancampenhout et al. (2006) also reported a significant increase in yield for all 

crop types. On-farm studies has alluded to the effectiveness of stone bunds in the increase of 

soil moisture and reduction in soil erosion and downhill sediment transport (Zougmoré, Jalloh 

and Tioro, 2014). The technique is mainly effective for the reduction of run-off and enhancing 

water infiltration (Zougmoré et al., 2004).  

  

2.6 Climate Change Impact on Soil Erosion   

Climate change impacts resulting from changes in precipitation and temperature (Li and Fang, 

2016) has impacted soil erosion since the 1940s (Leopold, 1951; Langbein and Schumm, 1958). 

Extreme conditions of rainfall and temperature due to climate change have mostly affected soil 

erosion due to the removal of natural vegetation for the purposes of agriculture and other 

activities. Also, the use of land management practices unsuitable for the land in use (Bullock, 

2005). Rainfall is regarded as the primary causative agent of soil erosion and directly influence 

soil particles and sediment detachment and transport by runoff (Li and Fang, 2016). Numerous 

research on climate change impact on erosion have proposed that the rise in rainfall intensity 

and distribution will exposed the vulnerability of many lands to erosion if nothing is done to 

protect these lands (Pruski and Nearing, 2002a; Kundzewicz et al., 2007).  

Soil erosion rates may change as a result of changes in rainfall patterns for various reasons, but 

the most direct effect is the increase in the erosivity rate of rainwater (Williams et al., 1996; 

Pruski and Nearing, 2002a; Nearing et al., 2005). The responds of soil erosion are on both the 

total amount of rainfall and the variation in rainfall intensity. Nevertheless, the main driver of 

soil erosion seems to be the intensity and energy but not the rainfall amount alone (Nearing et 

al., 2005). Studies have shown a predicted increase in soil erosion rate of about 1.7% for every 

1% in a statistical rise in total rainfall amount and intensity (Pruski and Nearing, 2002b).  

Another pathway of influence of soil erosion by climate change relates to temperature and 

carbon dioxide (CO2) driven fluctuations in plant biomass. A system where climate change 
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affects plant biomass, and where biomass variations influence runoff and soil erosion in a 

complex manner (Williams et al., 1996; Pruski and Nearing, 2002a).   

The amount of CO2 in the atmosphere has a direct impact on the rate of biomass produced by 

various plants through direct CO2 fertilization effects (Stockle et al., 1992). Such biomass 

variations affect tree crown and ground residue, which affect erosion rates. The rise in CO2 can 

also improve stomatal resistance, suppress transpiration, and result in a more moisture soils, 

favorable to higher erosion due to runoff (Schulze, 2000). Temperature may also influence 

evapo-transpiration rates, which affect soil moisture, and in turn may impact the level of 

infiltration and runoff rates (Pruski and Nearing, 2002a)  

Again, changes in land use and agricultural practice to adapt to the current climatic regime can 

result in an indirect effect of climate change on soil erosion (Williams et al., 1996). 

Adjustments in the dates of crop sowing and harvesting and the use of crops which can adapt 

to the climate and entire changes in the land use are possible, all of which can potentially change 

the rates and trends of soil erosion  (Nearing et al., 2005). Soil erosion is therefore likely to be 

influenced badly under future climate variability in several studies across the world most 

especially in tropical regions such as West Africa (Paroissien et al., 2015). This will in turn 

threaten the food security in the sub-region.   

   

2.7 Data and Data Issue  

2.7.1 Landsat Data   

The Landsat mission conceived in the 1960s has seen seven successful satellite launches 

contributing to an unprecedented 47-year records of Earth Observations that captured global 

land surface conditions and dynamics (Williams, Goward and Arvidson, 2006; Loveland and 

Dwyer, 2012). It has demonstrated its value by providing consistent moderate spatial and 

temporal resolution and multispectral images which is accessible to the public free of charge 

since January 2008 (Woodcock et al., 2008; Fraser et al., 2014; Birtwistle et al., 2016). Due to 

its moderate resolution, accurate radiometric calibration, and high geometric precision, the 

Landsat sensors have become the leader in satellite data for land surface classification, 

monitoring and change analysis (Wulder et al., 2008; Bhandari, Kumar and Singh, 2012) in 

many application areas such as agriculture (Leslie, Serbina and Miller, 2017; Hamuda et al., 

2018), soil (Aksoy, Özsoy, and Dirim 2009; Azabdaftari and Sunar 2016; Nawar et al., 2014), 

water (Laili et al., 2015; Hellweger et al., 2004), forestry (White et al., 2017; Onojeghuo and 
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Onojeghuo, 2015) and settlements (Hu et al., 2016; Esch et al., 2009; Bhatti and Tripathi, 

2014).  

Its numerous sensors over the years and its overlapping operational periods (Figure 2-2) have 

guaranteed consistency and continuity of capturing land surface. Due to the periodic 

enhancements in the data, it has increased the usefulness of the data for scientific and 

commercial applications (Loveland and Dwyer, 2012). It has also resulted in a reduced 

temporal resolution (from 16 to 8 days) when two sensors are combined in some instance (She 

et al., 2015).    

The Landsat Global Archive Consolidation (LGAC) initiative managed by the United States 

Geological Survey (USGS) Earth Resources Observation and Science (EROS) Centre has 

about four million Landsat images around the globe since 1972, with about 400 scenes added 

daily (Loveland and Dwyer, 2012; Wulder et al., 2016).  

  

 
  

Figure 2-2: Landsat satellite series operational periods (source: Forkuor et al. 2017)  

  

Due to the changes in the USGS-NASA (National Aeronautics and Space Agency) Landsat 

data policy in late 2008, the U.S. Department of the Interior announced that all Landsat data 

would be “web-enable”, meaning that a standard Landsat product would be made available 

from the USGS archives via electronic distribution at no cost to the end user. Implicit in this 

announcement was sustainment of the longstanding policy of non-discriminatory access to the 

archive. Achieving this revolutionary change in Landsat data policy required a transformation 

in the product generation and distribution systems  (Loveland and Dwyer, 2012).  

2.7.2 Landsat Data Issues  
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Although the Landsat mission has long-term plans for periodic and systematic data capture 

(Williams, Goward and Arvidson, 2006) and enhanced and free availability to Landsat images 

through global archive consolidation efforts (Woodcock et al., 2008; Roy, Ju, Kline, et al., 

2010; Loveland and Dwyer, 2012), the Landsat image availability for many areas is less than 

required (Roy, Ju, Mbow, et al., 2010). Landsat data just like any other optical image is 

challenged with clouds and cloud shadows (Wijedasa et al., 2012; Pouliot and Latifovic, 2018), 

especially in tropical regions. Again, haze and image artefacts resulting from sensor 

malfunctioning (Zhang, Li and Travis, 2007; USGS, 2013) have reduced the usability of many 

Landsat scenes. In persistent cloudy regions such as West Africa, the available images are 

insufficient for time series analysis, both within and between years (Gómez, White and Wulder, 

2016). In the case of sensor artifacts, the Landsat 7 Enhanced Thematic Mapper plus (ETM+) 

instrument is the worse among all the Landsat mission since May 2003 (Storey et al., 2005).  

Figure 2-3 shows the resulting data arising from the sensor artifact of Landsat 7 ETM+.   

  

Figure 2-3: A section of Landsat 7 ETM+ SLC-off image; image date: 19/01/2010, path/row 

196/052, band combination 4-3-2)  

  

2.8 Satellite Data in Vegetation Phenology Studies  

The use of satellite data to study vegetation phenology trends have significantly improved our 

knowledge on seasonal and yearly variations in vegetation (Fensholt et al., 2009), especially in 

the era of climate change (Richardson et al., 2013; Tang et al., 2015; Qiang et al., 2016). In 

vegetation phenology studies, the use of time series approach is fast gaining grounds than the 
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bi-temporal approach of comparing two images in time (Singh, 1989; Coppin et al., 2004). This 

is because in the time series approach, data is captured for the whole growing period so changes 

directly associated to seasonality could be parted from the other changes (Coppin et al., 2004). 

Numerous research on regional and global scale of vegetation trends (Herrmann, Anyamba and 

Tucker, 2005; Forkel et al., 2013; Liu et al., 2015; Tian et al., 2016; Zhang et al., 2017; 

Lamchin et al., 2018) have been done and have identified that vegetation phenology is driven 

by rainfall and temperature interactions (Hickler et al., 2005; Verbesselt, Hyndman, Newnham, 

et al., 2010). The use of satellite data to monitor vegetation phenology over a wide area started 

more than four decades ago (Rouse Jr et al., 1974; Tucker, 1979). Currently, there is a wide 

utilization of satellite data in vegetation phenology studies.   

Satellite data like the Advanced Very High Resolution Radiometer (AVHRR), Satellite Pour 

l’Observation de la Terre (SPOT) VEGETATION and the Moderate Resolution Imaging 

Spectro-radiometer (MODIS) are the most frequently used data in vegetation trend studies to 

due to their high temporal resolution and large scene coverage (Xie, Sha and Yu, 2008; 

Higginbottom and Symeonakis, 2014; Eckert et al., 2015; Leroux et al., 2017). But its coarse 

resolutions  (250 m to 8 km) (Hostert et al., 2015) cannot  detect and monitor small-scale 

change categories of land cover and ecosystems (Coppin et al., 2004; Rao et al., 2015). 

Especially those from agriculture activities (Schroeder et al., 2011; Begue et al., 2014) and as 

such it is useful for regional and global scale application (Ju and Masek, 2016). Since trends in 

greenness are very important at the local level (Zhu et al., 2017), the use of medium to high 

resolution data is vital in this quest (White et al., 2017).  

  

2.9 Applications of NDVI   

The use of the ratio of red and near-infrared bands to study vegetation started in the late 1960s 

(Yengoh et al., 2014). Tucker (1979) was the first to use it for determining total dry matter 

accumulation, first from hand-held instruments and later from National Oceanic and 

Atmospheric Administration (NOAA) AVHRR satellite data. He demonstrated that the 

growing season integral of frequent NDVI measurements represented the summation of 

photosynthetic potential as total dry matter accumulation (Yengoh et al., 2014). Currently, 

NDVI has been used in a lot of studies around the globe ( Higginbottom and Symeonakis, 2014;  

Xie, Sha and Yu, 2008; Cao et al., 2018; Meroni et al., 2019) for vegetation monitoring and 

mapping. The use of NDVI data has blossomed into many fields of natural resources 
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investigation such as land use/cover dynamics, drought, desertification, soil erosion, vegetation 

fires, biodiversity monitoring and conservation, and soil organic carbon (Yengoh et al., 2014).   

  

2.10 Un-manned Area vehicle (UAV) Application in Vegetation Mapping/Monitoring The 

potential for environmental remote sensing using small UAV has been highlighted since the 

last 30 years (Hardin et al., 2018). The last decade has seen a rising expansions and 

improvement in UAV technology, together with the improvement of the sensing devices 

installed on them have provided brilliant avenue for remotely sensed applications (Pajares, 

2015). A UAV system is mainly made up of sensor payload for data capture, automatic piloting 

for control of the entire craft, Global positioning System (GPS) for navigation, Inertial 

Measurement Unit (IMU) for attitude measurement, data link for signal transfer and ground 

station for mission planning and information interaction (Hackney and Clayton, 2015).   

The UAV has been extensively applied for monitoring vegetation and environmental 

parameters aiming at optimization. Due to its high to ultrahigh spatial resolution imagery which 

can be obtained in real time, it is used for precision agriculture and environmental and 

ecosystems studies at a fine scale (Candiago et al., 2015; Gago et al., 2015; Lu and He, 2018).   

The UAV has been used in numerous research such as agriculture, urban vegetation mapping 

and ecosystems monitoring (Zhong et al., 2018). In the field of agriculture, it can be used to 

identify the signs of diseases and pest infestation, crop growth and maturity. For example, in 

the works of Herwitz et al. (2004), they highlighted the worthiness of UAVs to notice irrigation 

and fertilization anomalies and crop maturity in crop field. Similarly, Candiago et al. (2015) 

reported some experiences related to the analysis of cultivations (vineyards and tomatoes) with 

Tetra-cam multispectral data. In the area of ecosystem studies, Lu & He (2018) used it for 

species classification in a heterogenous grassland ecosystems. They concluded that, the 

advantages of the UAV being, flying at relatively low altitudes, better image resolution and 

cost effective, a very high temporal resolution, it will be the preferred choice in such studies.   

  

  

  

3.0 CHAPTER 3: STUDY AREA  
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3.1 Introduction   

This chapter describes the area where this study was conducted. It is divided into two main sub-

sections. The first sub-section highlights the geographical location of the study area in Burkina 

Faso. The second sub-section elaborate on the biophysical characteristics (land cover/use, 

topography, geology and soils, climate and the socio-economic characteristics) of the study 

area.   

3.2 Geographical Location   

The Study was conducted in the Ioba province of Burkina Faso in West Africa. It is located 

between latitude 011o 20' 47" and 010o 42' 20" N and longitude 003o 26' 05" and 002o 37' 28" 

W with a total land mass of about 2,648 km2. Hydrologically, the study area falls within the 

Black Volta basin which stretches from Mali (Western neighbour) through to Ghana (southern 

neighbor). The Ioba together with Bougouriba, Poni and Noumbiel are the four provinces in 

the South-West Region of Burkina Faso. The Ioba province, which is the north-most province 

in the South-West Region, sits on the north-western border of Ghana along the Black Volta 

River (Mouhoun) (Figure 3-1a). The province is further divided into 6 communes (Dano, 

Dissihn, Ouessa, Oronkua, Guéguéré and Koper) with Dano as its administrative capital. The 

names of the communes represent the major towns in the province. There are several rural 

settlements scattered within the farming areas in each commune.  

Four basins with implemented stone bunds erosion controlled systems on both agricultural 

lands and natural vegetation were selected for vegetation improvement analysis. The basins, 

Batiara, Badiere, Namere and Dibogh, located in the Dano, Gueguere, Dissinh and Koper 

communes (Figure 3-1c) have a size of 4634.82 ha, 8211.32 ha, 8214.36 ha and 4634.07 ha 

respectively. The non-erosion controlled areas, which describe areas without stone bunds 

erosion controlled systems, were selected from four different sites based on field campaigns 

and with the help of google earth images. The areas are, Bankandi, Biengane, Bisserke and 

Wizini.  
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Figure 3-1: Map of study area; (a) location of the study area within West Africa, (b) DEM of 

the study area, (c) location of test sites within the study area.  
3.3 Biophysical Characteristics  

3.3.1 Land Cover/Use  
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The study area falls within the Sudanian savanna climatic zone and as such the natural 

vegetation is made up of forest, savanna woodland, arboraceous or scrubby savanna and 

abundant perennial grasses. The dominant woody species includes Gardenia sp, Combretum 

micranthum, Parkia biglobosa (African locust bean), Vitellaria paradoxa (Shea tree), Bombax 

costatum, Berlinia grandifotia (Zoungrana et al., 2015). The major land use in the area is 

agriculture (crop production). The main staple crops cultivated are millet (Pennisetum 

glaucum), sorghum (Sorghum bicolor), maize (Zea mays) and cowpeas (Vigna unguiculata). 

About 80% of the area cultivated are occupied by these staple crops (Ouattara, 2007). Cotton 

(Gossypium hirsutum) is the most important cash crop cultivated (Hipt et al., 2017). Most 

farmers cultivate cotton because of its lucrative nature alongside food crops. The type of 

farming practice in the area is parkland agroforestry (Nikiema, 2005). This is whereby useful 

indigenous tree species are left on crop lands to become part of the farmland. The establishment 

of a parklands system relies on indigenous agricultural practices which involves the clearing of 

natural vegetation for cultivation, but woody species and tree crops which have economic value 

are left on the land to be part of the crop fields (Nikiema, 2005). Parkland trees are trees/tree 

crops which have economic value. They are used for food (cooking oil, fruits), medicine, 

firewood, shelter, tools and forage. Example include, Vitellaria paradoxa, Parkia biglobosa 

and Lannea microcarpa.  

In the study area, crop cultivation depends more on increase in farm size than increase in yield 

and this has resulted to the fast conversion of the other land cover/use types (example forest 

and savanna grassland) to agriculture (Ouattara, 2007). Because rainfall in the Sudanian has a 

short period (May to October) followed by dry season (November to April), there are several 

irrigation dams purposely for dry season cultivation. The crops under irrigation are mostly 

vegetables (tomatoes, onion, cabbage, pepper etc). Crop cultivation is subsistence with farmers 

using hand hoe as the tillage tool (Callo‐Concha, Gaiser and Ewert, 2012). As a form of residue 

management, farmers after harvesting use stems of sorghum/millet to cover the soil. The main 

soil and water conservation practice is the use of stone bunds (Zougmoré, Jalloh and Tioro, 

2014). The study area has several networks of rivers but most of them are seasonal (flows when 

there are rains and dries up in the dry season). The most prominent rivers are the Bougouriba 

and the Black Volta rivers. The southern part of the study area is home to the Bontioli National 

Park which is the biggest protected area in the province.    

3.3.2 Topography  
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Topographically, the Ioba province is relatively flat with some slight undulating areas with 

concave and convex slopes. The elevation is between 230 m and 566 m above msl (mean sea 

level) (Figure 3-1b). In Dano, the relief is characterized by the Ioba mountains, the fragments 

of an ancient eroded Birimian mountain range oriented in the North-north east to South-south 

west (NNE-SSW) direction (Schmengler, 2010). From the field campaign, it was observed that 

the hilltops are characterized by lateritic residuum (duricrust). Also, there are few inland valleys 

where water discharges forming a seasonal or permanent river/stream. These valleys are mostly 

suitable for growing rice during the rainy season and vegetables during the dry season.   

  

3.3.3 Geology and Soils   

The geological formation lies predominantly on a Paleoproterozoic granitoid made up of  

Birimian rocks (Callo‐Concha, Gaiser and Ewert, 2012). Granites dominate the Birimian rocks. 

Magmatic rocks such as dolerites (gabbro) and andesites can also be found in the area. Evidence 

of strong physical and chemical weathering can be found. This is evident in the presence of 

metamorphic rocks  like quartzite and its mineralized forms such as pyrite and quartzolite 

(Schmengler, 2010).  

The soil in the study area are mostly lixisols made up of sandy loams of more than 70% being 

sand. This is as a result of the parental material (granitic rock) and the impact of erosion and 

leaching of clay particles. Because of its low organic matter content, they have high rate of 

water infiltration and low water retention  capacity in the top layers making it susceptible to 

erosion and compaction (Callo‐Concha, Gaiser and Ewert, 2012; Forkuor, 2014). A study 

conducted by Schmengler (2010) in Dano which involved an integrated scale-dependent 

method to evaluate on-site and off-site impacts of soil erosion at hillsides and catchment scales 

concluded that, the average soil loss rates of less than 5 t ha-1 yr-1 and maximum erosion rates 

of more than 50 t ha-1 yr-1 can be achieved in erosion hotspots. Other minority soil types in the 

area include, leptosols, fluvisols, Rhodic cambisols and luvisols. Rhodic cambisols have clay 

to silty clay texture. Due to their high cation exchange capacity, richness of bases and good soil 

fertility, they are favorable for agriculture. Leptosols which have clay loam to loam texture,  

have very shallow topsoil and limited water holding capacity (Schmengler, 2010). Soils in 

cultivated areas have poor organic matter content. Consequently, farmers use organic and 

inorganic fertilizers in other to obtain an appreciable yield ( IUSS, 2006). Secondly, the use of 

soil and water conservation structures is being practiced to minimize erosion of the little 

nutrients left.   
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Lateritic residuum (duricrust, loose gravels and pisolithic soils) are also common in the area. 

Loose lateritic gravels and pisoliths are widespread and have formed lags on truncated and 

preexisting preserved relict surfaces (Arhin, Zango and Ruerrger, 2015). The duricrust are 

mostly found on hill top, hill sides and sometimes in valleys. Butt and Bristow (2013) reported 

that, the duricrusts in the study area are mainly ferricretes, that is, Iron-oxide cemented 

sediments.  

Because of scarcity of land, some farmers are forced to plant between these lateritic duricrusts.   

  

3.3.4 Climate  

Climate patterns in West Africa are as a result of the movement of the Inter Tropical 

Convergence Zone (ITCZ) (Landsberg, 1972). The ITCZ is manifested by the convergence of 

the north-eastern winds originating from the Sahara desert and the flow of the south-west 

monsoon from the Atlantic (Nicholson, 2013). The classical definition of the ITCZ is the 

convergence of the trade winds of the two hemispheres (Nicholson, 2009). This zone is 

characterized by low pressure, rising motion, clouds and precipitation (Nicholson, 2009). The 

northward migration of the ITCZ during northern spring and summer is linked to the start of 

the monsoon system over West Africa (Sultan and Janicot, 2000).  

The most prominent feature of the West African climate system is the West African monsoon 

(WAM). It occurs during the boreal summer due to the differential warming over the land 

surface and the ocean (Roudier et al., 2011). It contributes to majority of the yearly rainfall and 

is therefore importance for people who rely on rainfed agriculture for sustainable economy  in 

West African (Fink, Vincent and Ermert, 2006; Omotosho and Abiodun, 2007; Weldeab, 

Schneider and Andersen, 2007; Akinsanola and Ogunjobi, 2015; Klein et al., 2015). Several 

precipitation systems associated to the WAM have been identified to cause rainfall over West 

Africa in the period of summer monsoon. These are made up of organized mesoscale 

convective systems (MCSs), monsoon rains, and unorganized local thunderstorms or showers 

and others (Fink, Vincent and Ermert, 2006).   

In the Sudanian savanna, the climate is characterized by high temperature and a uni-modal 

(single peak) rainfall pattern. The rainfall period is mostly between May and October followed 

by a long period (November to April) of dry season (Figure 3-2). In the dry season, the 

harmattan winds carry dust-laden air masses made up of very high concentration of aerosol 

from the Sahara, reaching its peak in January (Schmengler, 2010).  
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3.3.4.1 Rainfall  

In the Ioba province, the high variability of onset of rains, has bedeviled local farmers with the 

problem to decide when to grow their crops (Laux, Kunstmann and Bardossy, 2008). 

Depending on the year, it may be at the beginning, mid or end of May. The first scattered 

rainfalls in April are still considered as dry season rains (referred to as the “Mango rain”) and 

this signifies the end of the dry season (Schmengler, 2010).  In the rainy season, rainfall is 

characterized by heavy down pours which sometimes last for few minutes. The average annual 

rainfall from 2000 to 2017 is about 988mm with 2016 being the year of highest rainfall (about 

1166mm) and a value of about 715mm was recorded as the lowest which occurred in 2005. 

Rainfall peaks are mostly observed in the month of August (Figure 3-2) with a maximum value 

of about 300mm (from 2000 to 2017 station data). Studies by Omotosho (2008) and Nicholson 

(2013) have shown declining rainfall totals in WA in the past few decades and this has been 

associated with the seasonal cycle and a westward travelling intra-seasonal scale atmospheric 

circulation pattern in the monsoon layer (Sultan and Janicot, 2000).   

 

Figure 3-2: Average Monthly Rainfall and Temperature in Ioba Province from 2000 to 2017 

(data obtained from Burkina Faso Meteorological agency through WASCAL for climate 

station in Dano)  

3.3.4.2 Temperature   

In Burkina Faso, there is a significant difference in temperature as you move from south to 

north. The Sudanian savanna zone experiences a relatively low temperature compared to the 

other climatic zones. During the dry season, day-time temperatures are very high and mostly 
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peaks in the month of March/April (Figure 3-2) with average value of 37.7 °C from 2000 to 

2017. In the rainy season, lowest day-time temperatures (average of about 30.8 °C) are recorded 

in the months of July, August and September. Temperatures are mostly low (values as low as 

12.1 °C can sometimes be recorded) at night-time in the months of December and January and 

these low temperatures are as a result of the harmattan winds. The average annual temperature 

in the study area is about 28.1 °C. Studies conducted by Ouédraogo (2004) and Sandwidi (2007) 

show an increase in average temperature of about 1 °C between 1960 and 1990 over West 

Africa.  

  

3.3.5 Socio-Economic Characteristics  

3.3.5.1 Demography  

Burkina Faso is one of the countries in West Africa with the highest population growth (rate of 

about 3%). In the Ioba province, data from the National Institute of Statistics and Demography 

of Burkina Faso shows an increase in population of about 10% from 1985 to  

2006. Despite this increase, population density in the province is less than 100 people per km2 

(Forkuor, 2014). The province has a very high population of rural dwellers (about 90%). Out 

of this, women and young people (below 18 years) form the majority. The growing population 

in the rural areas has caused an expansion in agriculture. This has gradually intensified leading 

to a decrease in land fallow periods and cultivation of marginal lands which have negatively 

affected soil fertility (Callo‐Concha, Gaiser and Ewert, 2012; Yira and Diekkrüger, 2016). 

Since 1990, an average of 2% of savanna in the study area is converted annually to agricultural 

land leading to the destruction of natural vegetation and encroachment on reserved forest (Yira 

and Diekkrüger, 2016).   

  

3.3.5.2 Livelihood and Income  

The rural population are mostly smallholder, subsistence farmers (cropping and livestock 

rearing), with poor technology and low investments (Callo‐Concha, Gaiser and Ewert, 2012). 

Crop cultivation is mostly rainfed and occurs from May to October. Nonetheless, there are very 

few irrigated areas, which are mostly used for vegetable production. The major limitations for 

crop cultivation are lack of farming inputs (for example, fertilizers and pesticides) and labor, 

and poor soil and water conservation management (Kassam et al., 2009). Although access to 

credit is a major problem in the area, the few farmers who get them use it to cultivate cash crops 
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(specifically, cotton). The proceeds from the cash crops are used for household expenditure and 

for buying farm inputs for the up-coming farming season. The people need to make a long-time 

savings in other to buy bicycles and motorbikes for commuting.   

In the study area, few people are engaged in off-farm activities. Trading activities and provision 

of services mostly occur in the major towns. In the rural areas, women are engaged in 

processing and sale of local beer, shea butter, fruits and firewood gathering. The men engage 

in animal rearing such as cattle, goat, sheet, pig and poultry to support their expenditure. During 

market days, the trade in agricultural products such as cereals, vegetables and livestock is 

organized mostly by peasant producers and intermediaries (Callo‐Concha, Gaiser and Ewert, 

2012).    

Aside agriculture, another source of income engaged mostly by the youth is illegal small-scale 

mining. Although it started in some few years, its lucrative nature cannot be under estimated 

compared to the income the people generated from agriculture. Consequently, the local people 

are ready to sell or rent their arable lands to these miners (most of them migrated from other 

parts of the country and neighboring Ghana) for lump sum without considering the destructive 

nature of the mining activities.   

Non-availability of agricultural lands has led to the outmigration of the youth to cities. The few 

youthful population remaining also engage in seasonal outmigration (Callo‐Concha, Gaiser and 

Ewert, 2012). During the dry season, they migrate to the southern part of neighboring Ghana 

in search for jobs such as laborers on cocoa plantations, small scale mining concessions and 

menial jobs in the cities. Those who find lucrative jobs become permanent migrants and on a 

regular basis send remittances to their family back home.  

  

  

  

  

  

4.0 CHAPTER 4: DATA AND DATA PRE-PROCESSING  

  

4.1 Introduction   

In this chapter, the data used in this study and the pre-processing that were carried out prior to 

the analysis have been outlined and explained. From the objectives of the research, two main 
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data sets were involved. The first section (4.1) describes the Landsat data (NDVI) used in the 

study. It also highlighted on the source and the steps undertaken in the online processing of 

Landsat images into NDVI data. Section 4.2 introduces the aerial photos obtained from the 

UAV survey conducted on a regular basis from the start of crop cultivation until harvesting. 

The last section (4.3) explains the ancillary data used in the study. They include reference data 

collected through field visits and climate (rainfall and temperature) data acquired from 

stakeholder institutions.   

  

4.2 Landsat Data   

Landsat data were used for analyzing the vegetation trend for the whole province and 

subsequently for areas with stone bunds erosion control and non-erosion controlled area. The 

study area is located within 196/052 (path/row) with the Worldwide Reference System (WRS).   

All available Landsat data from 2004 to 2017 with cloud cover less than 30% were considered 

for further processing into NDVI data. Images from Landsat 8 Operational land imager (OLI), 

Landsat 7 ETM+ and Landsat 5 Thematic Mapper (TM) sensors were selected from the USGS 

database through the earthexplorer platform (http://earthexplorer.usgs.gov/). Due to the 

scarcity of Landsat data in the region as a result of persistent cloud cover especially during the 

rainy seasons, a total of 109 images out of 168 (one image was selected from each month) for 

the study period were suitable. Out of the 109 images, 21 images were TM images, 51 were 

ETM+ SLC-off images and 37 were OLI images. Although, the data with more than 30% of 

cloud cover were rejected, some of the months did not have data at all in the USGS database 

(Table 4-1). In all, data for 59 months were either non-available in most cases or full of clouds 

and therefore cannot be used. Figure 4-1 shows the distribution of missing data within the 

period of study. The 109 selected Landsat scenes were then processed using the USGS Earth 

Resources Observation and Science (EROS) Center’s Science Processing Architecture (ESPA) 

on-demand interface (https://espa.cr.usgs.gov/). On the ESPA platform, the processing of TM 

and ETM+ data into surface reflectance (SR) were done using the Landsat Ecosystem 

Disturbance Adaptive Processing System (LEDAPS) (USGS, 2017) and the OLI data with the 

Landsat 8 Surface Reflectance Code (LaSRC) algorithms (Vermote et al., 2016). Further 

processing of SR data into spectral indices (NDVI in this case) was also done on the ESPA 

platform. The ESPA processing system also generates the pixel quality assurance (QA). The 

QA band contains the pixel condition such as clouds, cloud shadows and snow in Landsat data 

based on the spectral and spatial information. The QA band is generated using the CFmask, C 

http://earthexplorer.usgs.gov/
http://earthexplorer.usgs.gov/
https://espa.cr.usgs.gov/
https://espa.cr.usgs.gov/
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code based on the Function of Mask (Fmask) algorithm proposed by Zhu and Woodcock (2012) 

and Zhu, Wang, and Woodcock (2015). In the case of this study, the QA band had only clouds 

and cloud shadows without snow. The QA bands were used to mask-out the NDVI pixels with 

clouds and cloud shadows. The NDVI images together with the pixel QA band (Figure 4-2) 

and the Metadata file were then downloaded for analysis.   

  

 
Figure 4-1: Distribution of Missing data within the period under study (the blue dots are the 

available data points and the red strips represent missing data)  

  

  

  

Table 4-1: Landsat NDVI time series data obtained from the USGS database (path/row, 

192/052)  
YE

AR 
JAN FE

B 
MAR APR MA

Y 
JUN JUL A
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OCT NOV DE
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04 
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06 
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LEGEND  L8-OLI  L7-ETM+ SLC-off  L5-TM  

  

 

  

Figure 4-2: Sample of Landsat data from each sensor downloaded from the ESPA platform 

after processing. (Data acquired on: L5-TM: 29-10-2011; L7-ETM+ SLC-off: 28-10-2008;  

L8-OLI: 29-10-2017, note: NDVI values are multiplied by 10,000)                                                    
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4.2.1 The LEDAPS and LaSRC Algorithms  

The LEDAPS and LaSRC atmospheric correction algorithms hosted on the ESPA platform aid 

in rapid processing of large quantities of Landsat level-1 data into SR products. It was initially 

used to generate a SR record of over 2000 Landsat images over North America (Masek et al., 

2006) and has subsequently been extended globally through NASA/USGS Global Land Survey 

(GLS) program (Feng et al., 2012). Several studies (Masek et al., 2006; Feng et al., 2012; Ju 

et al., 2012; Maiersperger et al., 2013; Vermote et al., 2016) have examined the performance 

of the LEDAPS and the LaSRC systems, compared them to many reference data and have 

found it useful for processing of Landsat top of atmosphere (TOA) reflectance to SR data. The 

LEDAPS SR algorithm described in Masek et al. (2006) uses the Second Simulation of the 

Satellite Signal in the Solar Spectrum (6S) radiative transfer code to calculate the transmission, 

intrinsic reflectance, and spherical albedo for relevant atmospheric constituents (Vermote et 

al., 1997). It then computes the SR by accounting for the effects of atmospheric scattering and 

absorption on the TOA reflectance. In general, the LEDAPS correction scheme is applied to 

reflective bands to adjust for the effects of molecular scattering and absorption of atmospheric 

constituents including gases, ozone, water vapor, and aerosols, as well as for Rayleigh 

scattering (Vermote et al., 1997; Feng et al., 2012; Maiersperger et al., 2013). The 6S is an 

enhanced form of the Simulation of the Satellite Signal in the Solar Spectrum (5S) developed 

by the Laboratoire d’Optique Atmospherique.   

The processing involves, first and foremost the conversion of Landsat 5 or 7 Level-1 data to 

TOA reflectance and brightness temperature using published calibration coefficients. Then the 

6S radiative transfer model is used to derive lookup tables for application of the correction 

(Maiersperger et al., 2013). The LEDAPS depends heavily on independent auxiliary data 

sources for air pressure, air temperature, ozone, and topography, and also uses a 

scenedependent dense dark vegetation (DDV) approach (Kaufman et al., 1997) for aerosol 

retrieval. A fixed continental aerosol model is used for estimating the aerosol optical thickness 

(AOT) parameter, which in turn is used for final correction.   

The LaSRC algorithm proposed by Vermote et al. (2016) has a similar approach like the 

LEDAPS but the LaSRC takes advantage of some of the new spectral bands (e.g., the cirrus 

band and the new blue band) that are less subject to atmospheric absorption, as well as using 

better ancillary datasets (Vermote et al., 2016). The LaSRC is based on a rigorous radiative 

transfer model, the Vectorial (V) version of the 6S code known as the 6SV. The method adopted 
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for atmospheric correction relies on the inversion of the relatively simple equation in the 

Lambertian case with no adjacency effects, that accounts for a simplified coupling of the 

absorption by atmospheric gases and scattering by molecules and aerosols (Vermote et al., 

1997). This approach has been applied to MODIS data since the year 2000 to produce daily 

and 8-day SR products.  

  

4.2.2 Function of Mask (Fmask) Algorithm   

The Fmask algorithm, which was first proposed by  Zhu and Woodcock (2012) and later 

improved and expanded by Zhu et al. (2015), is an object-based cloud, cloud shadows, and 

snow detection algorithm for Landsat images. The input data are TOA reflectance for the 

reflective bands and brightness temperature (BT) for the thermal bands.   

The first stage of the Fmask algorithm uses rules based on cloud physical properties (which 

involves the combination of several spectral tests such as NDVI and NDSI) to identify the 

Potential Cloud Pixels (PCPs) and clear-sky pixels. This test is one of the fundamental tests in 

cloud identification. The clear-sky pixels are then used to compute cloud probability separately 

for water (by combining temperature and brightness probabilities) and land (by combining 

temperature and variability probabilities). This separation is done because there can be 

variations in the temperature distributions as well as the range of reflectance of water and land 

in time and space (Zhu and Woodcock, 2012). The temperature probability is very effective 

because clouds are typically colder than the subjacent land surface (Frantz et al., 2018).  

The next stage, which involves detection of potential cloud shadows, is done by applying the 

flood-fill transformation (Soille, Vogt and Colombo, 2003) to the near infra-red (NIR) band. 

This is achieved because the diffusive radiation in the shadows will be relatively smaller at 

longer wavelengths (for example NIR and SWIR bands), making the shadowed pixels darker 

than their surroundings (Luo, Trishchenko and Khlopenkov, 2008). This darkening effect of 

cloud shadows is most obvious in the NIR band (Zhu and Woodcock, 2012).   

In the final stage, the cloud and cloud shadows are marched by predicting the possible cloud 

shadow location based on the geometric relationship between a cloud and its shadow. By using 

the satellite’s view angle, the solar zenith angle and the solar azimuth angle, the projected 

direction of the cloud shadow can be calculated. With the idea that clouds and their shadows 

have similar shape, the cloud object is then matched with the potential shadow. In the case of 
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cloud and cloud shadow detection in Landsat 8 images, Zhu et al., (2015) added the cirrus band 

to facilitate better detection of thin cirrus clouds.   

The Fmask algorithm as tested by Zhu and Woodcock (2012) gave a cloud overall accuracy of 

96.41%, cloud producer's accuracy of 92.1%, and cloud user's accuracy of 89.4%. Based on 

the accuracies achieved by the Fmask algorithm, some researchers (Foga et al., 2017; Frantz 

et al., 2018) have rated the algorithm as one of the best so far.   

   

4.2.3 NDVI Data  

The NDVI data used in the study were processed on the ESPA processing platform. They were 

generated at 30m spatial resolution on a Universal Transverse Mercator (UTM) in a Geo TIFF 

file format. The NDVI was calculated as the ratio of the difference between the near-infrared 

band (NIR) and the red band (R) and the sum of these two bands (equation 4-1) in the traditional 

fashion (Rouse Jr et al., 1974; Tucker, 1979).   

 𝑁𝐷𝑉𝐼 =                     (4-1)  

Where NIR is reflectance in the near-infrared band and Red is reflectance in the visible red 

band. The NDVI values ranges from −1 to +1 with positive values corresponding to vegetation.  

The higher the value, the greater the chlorophyll content (greenness) of the vegetation.   

  

4.2.4 Gap-filling of Landsat 7 SLC-off Images  

In May 2003, a small mirror in the optical path of the Landsat 7 Enhanced Thematic Mapper 

plus (ETM+) instrument known as the Scan Line Corrector (SLC) failed permanently (Zhang, 

Li and Travis, 2007; USGS, 2013). The failure of the SLC whose function was to compensate 

for the forward motion of the satellite during data acquisition has resulted in images with 

wedge-shaped gaps that range from a single pixel near the centre of the image to about 14 pixels 

along the east and west edges (Maxwell, 2004; Maxwell, Schmidt and Storey, 2007). On 

average, each scene has lost about 22% of the image’s data. Nonetheless, the remaining spectral 

information exhibits the same radiometric and geometric qualities as images taken before the 

failure (Storey et al., 2005). This type of ETM+ images is known as SLC-off images. In 

searching for the available Landsat images, the choice of OLI and TM for a particular month 

always supersedes the choice of ETM+ SLC-off image (since OLI and TM does not have the 



 

33  

  

above defect) unless they are hindered by excessive cloud cover. In that instance then the 

ETM+ SLC-off image was chosen. As reported by USGS (2013), for local scale applications 

(e.g. mapping or event monitoring) the effect of the data gaps may have substantial influence 

on the results. Due to this and the fact that the ETM+ SLC will be combined with OLI and TM 

there was the need to fill the gaps in the ETM+ SLC-off images.   

After the failure of the SLC, many algorithms have been proposed to fill the gaps in the SLCoff 

image. The first among such methods were the Localised Linear Histogram Matching (LLHM) 

and the Adaptive Window Linear Histogram Matching (AWLHM) developed by a joint 

USGS/NASA (National Aeronautics and Space Administration) research team (Scaramuzza, 

Micijevic and Chander, 2004). Subsequently, other methods (Zhang, Li and Travis, 2007; 

Pringle, Schmidt and Muir, 2009; Mariethoz, Renard and Straubhaar, 2010; Chen et al., 2011; 

Zhu, Liu and Chen, 2012; Zeng, Shen and Zhang, 2013; Zhang, Li and Civco, 2014) have been 

developed and have proved superior to the premiere methods. In all these approaches, one thing 

is common. They use auxiliary data from previously or currently acquired Landsat image (SLC-

on or SLC-off images from Landsat 7 or TM images from Landsat 5) to fill the missing data 

(gaps).  

In this study, the gap-filling algorithm, Geostatistical Neighbourhood Similar Pixel Interpolator 

(GNSPI) proposed by Zhu, Liu and Chen (2012) was used. The GNSPI combines deterministic 

interpolation and geostatistical principles. The technique uses physical or empirical models to 

first detrend the data in the target image (the image whose gaps is to be filled) and subsequently 

uses ordinary Kriging to predict the residual. The algorithm involves a six step process; data 

de-trending using empirical or physical models (steps 1 & 2); estimation of the semi-variogram 

of the residuals arising from the de-trending model (step 3); prediction of the residuals of the 

locations without observation from ordinary kriging (steps 4 & 5); and the final prediction of 

locations without observation is obtained by adding back the trend (step 6). Although the 

GNSPI has similar accuracies compared to other methods when using a temporarily close input 

images (images used to fill the gaps in the target image), the strength of the GNSPI is visible 

when using temporarily further input images. The GNSPI is therefore a better choice in cloudy 

areas because of the difficulty in obtaining a temporarily close input image. The choice of this 

method was due to the heavy cloud cover especially during the rainy season in the study area.  

A comparative studies conducted by Yin et al. (2017) and Romero-sanchez et al. (2015) rated 

the GNSPI very high over several others. The algorithm is written in the Interactive Data 

Language (IDL) and was run in ENVI 5.3 + IDL 8.5. The following parameters were set 

because they gave optimum results after a lot of trials; sample size of 20, the maximum window 
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size of 12, the estimated number of classes was 5, the number of images in the time series 

excluding the input image was 1, the range of minimum and maximum DN values of the image 

was [0, 1], and the block size was 500.   

All the Landsat 7 NDVI images used in the study were SLC-off images and so needed to be 

gap-filled. Figure 4-3 shows the flow of the algorithm processes to arrive at the final results. 

The input images were selected as close as possible to the target images where necessary. The 

TM, ETM+ SLC-on and ETM+ SLC-off images were used as input images. The use of SLCoff 

images is possible because the location of the scan gaps are different for each SLC-off scene 

(Storey et al., 2005). The algorithm requires a minimum of one input image but a second or a 

third input images (known as a time series image) would be required if the input images are 

ETM+ SLC-off images. This is because a single ETM+ SLC-off images may not be able to 

completely fill all the gaps in the target image. The Portions of the target image with data (no 

gaps) were not altered in the gap filling process. The output gap-filled images were visually 

assessed to check if there were some gaps still left on them. The results show that all the gaps 

were completely filled, and the image looks spatially continuous with no anomalies or artefacts 

on them. A sample of the ETM+ SLC-off (target image) and the gap-filled images are show in 

Figure 4-4.  

 

  

Figure 4-3: Flow chart of GNSPI algorithm (Adapted from Zhu et al., 2012)  
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Figure 4-4: Comparison of Landsat ETM+ SLC-off image with a corresponding gap-filled 

image (date acquired: 07/02/2017, NDVI values is by a factor of 10,000, black strips show areas 

of no data)  

  

4.2.5 Image Subset   

Since the study area (Ioba province) covers a small portion of the Landsat scene (path/row 

196/052), there was the need to subset the study area from the Landsat scenes. The subset 

process was done in R software by writing a loop command to subset all the images using the 

study area shape (Figure 3-1) as the subset feature. This process was used because all the 

images did not have the same extent and as a result it was difficult to stack all the images 

together and perform a subset on the stack. Both the NDVI images and the pixel QA images 

(clouds and cloud shadows) were undertaken through the subset process.   

  

4.2.6 Cloud Masking   

Landsat image availability for land use/cover studies in West Africa has been a big challenge 

due to excessive clouds and cloud shadows especially in rainy season. Since the period of the 

study spans all seasons (rainy and dry), there were some amount of clouds in some of the images 

especially images from the rainy season. The presence of clouds in satellite images can 

sometimes cause high saturation of pixels (Scaramuzza, Micijevic and Chander, 2004). 

Therefore, the was the need to remove the cloud and their shadows pixels. The detection of 

clouds and their shadows using the CFmask algorithm on the ESPA platform made it easier 

and quicker to deal with them. The clouds and cloud shadows image (Figure 4-2) was used to 

mask out the clouds and shadows. This task was also executed in R software.  
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4.3 Aerial Photograph  

In other to estimate the crop heights of both erosion controlled and non-erosion controlled sites, 

an UVA was used to capture aerial photos of the sites. Two sites each of erosion controlled and 

non-erosion controlled were selected and flown. The initial planning was to capture photos 

every two weeks beginning from the start of the planting season (mostly in June) till the time 

the crops attain their highest growth (mostly in September). But this was not achieved because 

of unfavorable weather conditions and logistical challenges. Table 4-2 shows the site 

information and the dates of the flights. The first images were captured on the 1st of June 2018 

when farmers were still preparing their land for cultivation. This was necessary to obtain the 

digital terrain model (DTM) which will serve as the basis for estimation of crop height from 

subsequent digital surface model (DSM) when the crops are growing. In most cases, the flight 

was taken between 10am and 3pm to minimize shadows from trees. A minimum of 200 and a 

maximum of 235 photos were captured on each site. Figure 4-5 shows samples of aerial photos 

used in the study.   

  

Table 4-2: UAV flight site information and corresponding dates of flight. The EC and NEC in 

site ID stands for erosion controlled and non-erosion controlled.   

  

Site ID  Location  Size 

(Ha)  

  Date of flight    

1st  2nd  3rd  4th  5th  6th  7th  

DS-ECA001  Tambiri  25.44  

       

DS-ECA002  Dadme  24.80  

DS-NECA001  Dissinh  25.37  

DS-NECA002  Kpomane  24.61  
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Figure 4-5: Samples of UAV photos used for crop height estimation at Tambiri ECA; (a) 

captured during land preparation (01-06-2018), (b) captured during the final stages of crop 

growth (28-09-2018), pixel size = 2.2cm  

  

4.3.1 UAV Flight Planning   

The Da-Jiang Innovations’ (DJI) Phantom 4 pro UAV together with the GL300F controller 

connected to an iPad pro (model A1674) for display were used to capture the aerial 

photographs. The Phantom 4 pro is a rotor-wing UAV with four rotors (quadcopter) and has 

on-board a Global Navigation Satellite System (GNSS) receiver for positioning. Its weight is 

1.338g (without the propellers and battery) with a maximum flight time of 30 minutes. It has a 

20 megapixel camera that produces an RGB image with an ultra-high-definition (UHD) 4000 

pixels (4K) resolution and a field of view (FOV) of 84° (DJI, 2016).   

The flight planning was done using the DJI Ground Station (GS) pro v1.0 application. The DJI 

GS pro software was chosen because it offers a simple flight planning and allows the aircraft 

to automatically control the planned mission. It automatically generates efficient flight paths 

(grids) after defining the required area to be captured and setting the camera parameters. Once 

the mission is started, the aircraft will follow the grids throughout (DJI, 2017). Secondly, it is 

a free software but only compatible with iPad product line. The following flight parameters 

were used for all the sites; altitude, 80m; front overlap, 70%; side overlap, 55%; shutter interval, 

3 seconds. Parameters such as the speed of the UAV and the resolution of the photos (pixel 

size) were calculated automatically from the distance and time intervals and the altitude 

respectively. Therefore, a speed of 8m/s (meters per second) and a resolution of 2.2cm per pixel 

were realized. Several factors were considered before the selection of the above parameters 

     

  

  

  

  

  

( b )   ( a )   
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with the most paramount being the prohibition of UAV flights of more than 100m above 

ground. Although, Burkina Faso does not have a UAV/drone Law, this was adhered to because 

of international best practices. Also, the trade-off between the parameters and the battery life 

was considered. A drone flight permit (No. 2017-00508) was obtained from Burkina Faso’s 

Ministry of Security prior to its usage.   

  

4.4 Climate Data  

Rainfall and temperature data were obtained from the Burkina Faso meteorological agency 

through West African Science Service Centre on Climate Change and Adapted Land-use 

(WASCAL). The data comprised daily readings obtained from the climate station in Dano 

(Latitude 11.15°N and Longitude 3.0667°W) from 2004 to 2017. A quality assessment done 

on the rainfall data revealed some missing data. Although the missing data were very few (less 

than 5%), there was the need to fill the data gaps. The two most widely used satellite rainfall 

data (the Tropical Rainfall Measuring Mission (TRMM) and the Global Precipitation 

Climatology Project (GPCP)) were tested for filling the missing values in the station data 

obtained from the meteorological agency of Burkina Faso. The analysis was executed in R 

software. Although both datasets gave similar results (Table 4-3), the TRMM was chosen over 

the GPCP because it had a better resolution (5km as against 111km of GPCP).   
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Table 4-3: Statistics of gap-filling of missing values in the station data obtained from the 

Meteorological agency of Burkina Faso. TRMM_Fill and GPCP_Fill represents the station data 

filled with TRMM and GPCP respectively.   

  

Data  Mean  SD  Correlation (Kendall’s tau)  

  

T-test  

  

Station   2.65  8.37  
    

TRMM  2.73  6.13  
    

GPCP  2.85  6.14  
    

TRMM_Fill  2.56  8.17  
    

GPCP_Fill  

  

2.57  

  

8.18  

      

  
  

  

Station Vs TRMM  
  

0.35  -0.18  

Station Vs GPCP  
  

0.34  -0.30  

Station Vs TRMM_Fill  
  

1  0  

Station Vs GPCP_Fill   1  0  

  

  

4.5 Ancillary Data  

4.5.1 Shapefiles  

Polygon shapefiles defining areas with stone bunds erosion control were obtained from the 

Climate change adaptation project (EKF project) under the Ministry of Agriculture of Burkina 

Faso. The project, which aimed among other things at the restoration of 20,000 hectares of 

degraded land through the construction of physical structures such as stone bunds, rock 

dams/dikes and the treatment of gully erosion. The polygons cover four basins located within 

four communes in the Ioba province in the south-west region of Burkina Faso (see section 3.0). 

Several shapefiles such as the study area polygon, Dams and reservoir polygons and other 

artificial and natural features shapefiles were also obtained from the project database.  

  

4.5.2 Field Mapping and Verification   

Firstly, field visits were made to verify the erosion control area polygons obtained from the 

EKF project and identify the types of land cover in each polygon. With the help of Google  
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Earth engine and a handheld GPS device, navigations were made around the boundaries of the 

polygons and through them to ascertain whether the area has stone bunds erosion control 

measure implemented.   

Secondly, non-erosion controlled polygons were marked by overlaying the erosion controlled 

polygons and the study area polygon on Google Earth engine. The high-resolution nature of 

the images on Google Earth necessitated the process because the stone bunds could be clearly 

seen on the images. After defining the non-erosion controlled areas, the same process of field 

verification conducted on erosion controlled areas were employed to ascertain if the boundaries 

marked do not have stone bund erosion control.  

  

4.5.3 UAV Site Information and Validation Data Capture  

A data sheet was designed to record the UAV site information and validation data capture  

(Appendix A). The form was made up of four sections (A, B, C and D). Section ‘A’ is on the 

general information about the site such as site ID, locality, date and time of the flight and central 

GPS coordinate of the site. Also, one photograph each was taken facing the north, east, south 

and west. Section ‘B’ deals with the terrain characteristics. This include, the slope, evidence of 

erosion and presence of duricrust. Section ‘C’ is on land use/cover information and 

measurements. For each cultivated field, records of crop type, age of crop at the time of the 

flight, crop height, planting distance and density per metre square was taken. Also, information 

on type of fertilizer used was recorded. Section ‘D’ deals with the UAV flight information such 

as flight grid type, flight height, Scene overlap and camera angle.    

The terrain characteristics were necessary to ensure that erosion controlled and non-erosion 

controlled sites had similar features so that there will be no biases in comparing the crop growth 

from these two sites. The crop height measurements were necessary because it will be used to 

validate the crop heights extracted from the DSM generated from the aerial photographs. Millet 

and cotton were considered and measured because they were the dominant crops in the study 

sites. At each site, measurements were done on at least two different farms for each crop type. 

The measurements were taken by randomly defining a one metre square grid and finding the 

average of the heights of the crops within the square grid. On each farm, four of such square 

grids were laid. The GPS coordinates of each measured grid was recorded. This was necessary 

to identify the exact farm visited since the UAV flight covered a wider area with similar farms 

but different planting times.  
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5.0 CHAPTER 5: METHODOLOGY  

  

5.1 Introduction   

This chapter explains the detailed processes used in this study to achieve the set objectives. 

Three levels of analysis (made up of two spatial scales) were done. The first spatial scale which 

is in two-fold includes, a detailed analysis of NDVI trend of the whole Ioba province. Secondly, 

sites within the province representing stone bunds erosion-controlled areas (ECA) and 

nonstone bunds erosion-controlled areas (NECA) were also analyzed and compared. The 

second spatial scale which involved a continuous monitoring of crop growth at finer scale using 

UAV was done on two selected sites each of ECA and NECA for comparison. Lastly, because 

vegetation growth is influenced by climate, an analysis of the trend of climate variables (rainfall 

and temperature) and their relationship to the NDVI trend was conducted to ascertain if the 

change or otherwise of climate variable have impacted the vegetation growth over the period. 

The above-mentioned processes run through sections 5.2 to 5.4. A schematic diagram of the 

scale of analysis is presented in Figure 5-1.  

  

 

  

Figure 5-1 Overview of the different scale of analysis performed in the study  
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5.2 NDVI Time Series Analysis   

The main purpose of time series analysis is to read about the past observations of an event and 

then collect them carefully to develop a suitable model which describes the essential structure 

of the event (Jain and Mallick, 2017). The derived model can then be used to forecast future 

trends of the event (Fernández-Manso, Quintano and Fernández-Manso, 2011).   

The NDVI time series is univariate, meaning it is composed of one attribute that is observed 

over time. This implies that, for an NDVI observations, o1, o2, o3, …on, there is a corresponding 

time steps of t1, t2, t3, …tn. An NDVI time series over a long period usually consists of three 

components, a long term directional trend, seasonal (systematic movements) and additional 

irregular (unsystematic) component depicting short term fluctuations (Kuenzer, Dech and 

Wagner, 2015). In remote sensing time series analysis for land surface dynamics, each of these 

three components can be used separately or together depending on the research focus 

(Verbesselt, Hyndman, Zeileis, et al., 2010).    

The NDVI time series datasets used for the study were captured by three different Landsat 

sensors (Landsat 5, 7 & 8). The study area just like many other tropical regions of the earth is 

Landsat data scarce. The existence of clouds most especially during the growing seasons is a 

big challenge to optical satellite images. The scarcity of Landsat images was a big hindrance 

to the time span of this research. Out of 168 Landsat images required to cover from 2004 to 

2017 (one image per month), only 109 images were found credible for the study. The remaining 

59 images were in most cases not available in the USGS database or were simply un-usable 

because of excessive cloud cover. In a time series, missing values may result in serious 

problems in subsequent processes and analysis because most time series algorithms rely on 

complete datasets (Moritz et al., 2015). With about 35% of the data time-steps missing at 

random, it was very difficult to get a robust and widely accepted time series tool for analysis 

since most time series tools require a regular time step (Moritz et al., 2015). Therefore, the 

missing values needed to be filled in order to obtain a regular time series. This process in 

statistics is referred to as imputation.   

Two types of NDVI time series analysis were conducted in this study. First, all the NDVI values 

for each pixel in the Ioba province were aggregated to a mean NDVI value representing the 

whole area. Secondly, the Ioba province, ECA and NECA were undertaken through a per pixel 

based NDVI time series analysis for smaller scale assessment.   
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All pixels representing water bodies (dams and rivers) and settlements were masked out of the 

stack image before the analysis. Figure 5-2 shows the flow chart of the method used in the 

NDVI time series analysis.   

  

 

  

Figure 5-2: Flow chart of the method used in the NDVI time series analysis  
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The idea of this analysis was to be able to obtain a pixel-wise trend of NDVI between the period 

of study. The analysis processes which is shown in Figure 5-2 involved first, finding the NDVI 

trend for all pixels within the study area and finally extracting the areas of significant trend 

using a 95% confidence interval (CI).  

  

5.2.1 Imputation of NDVI Time Series Data  

Missing data is a common problem in data capture more especially in situations whereby the 

data collection device (for example satellite sensors) is greatly influenced by weather and some 

environmental factorss. In the use of satellite images, particularly optical images (Landsat, 

ASTER, Sentinel 2, etc.), missing data mostly arises due to sensor failure and extensive cloud 

cover. In the case of a sensor failure, the data may not be captured at all but in the case of cloud 

cover, the data captured cannot be used. These missing data points results in irregular time 

series of satellite data. Since remote sensing time series contains the temporal and the spatial 

characteristics of land surface features, the filling of missing data (imputation) requires a more 

robust algorithm in order not to disturb the series’ statistical properties (Yozgatligil et al., 

2013). But most standard imputation techniques cannot be applied directly because they rely 

on inter-attribute correlations (multivariate time series) to estimate values for the missing data. 

For a univariate time series like the one used in this study, the imputation algorithm needs to 

employ time dependencies (Moritz et al., 2015). A pixel-based imputation was therefore done 

using the auto-regressive integrated moving average (ARIMA) model and Kalman filter in R 

statistics software. This approach was adapted from Moritz et al. (2015) but was modified to 

suite the raster dataset. The imputation process begun by first creating empty raster layers of 

the same size and shape as the study area to fill each of the missing time steps. A total of 59 

empty raster layers were created. The distribution of the empty raster can be seen in Figure 4- 

1.  

  

5.2.2 ARIMA Model and Kalman Filter for NDVI Time Series Imputation  

The imputation procedure was executed in a three-step process. The first step involved the 

fitting of an ARIMA model using the function ‘auto.arima’ under the ‘forecast’ library in R 

statistics. The function ‘auto.arima’ was preferred to the native ‘arima’ function because the 

‘auto.arima’ function automatically searches the probable model found in the provided order 

constraints and returns the best ARIMA model (in-sample fit) based on the penalized likelihood 
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such as the Akaike’s Information Criterion (AIC) (Hyndman and Khandakar, 2008). Before 

this process, the raw NDVI time series data stack was converted to a time series object of class  

‘ts’ from the ‘tseries’ package. Missing data points were represented with empty raster. It was 

expected that at the end of the imputation process all the empty raster layers will be filled with 

NDVI values to obtain a regular NDVI time series over the study period. After fitting the 

ARIMA model, the Kalman filter was applied to solve the linear optimal recursive filtering. 

The third and final stage was the filling in of the missing values using the estimated values 

from the Kalman filtering process. Since this process was pixel-based, the estimated NDVI 

values for each missing data point were written into the respective empty pixel.  The imputation 

process was executed in R statistics and codes (Appendix B) were adapted from Moritz et al.  

(2015).    

  

5.2.2.1 ARIMA Model   

The autoregressive integrated moving average (ARIMA) model developed by Box and Jenkins 

(1976) is a univariate statistical model for forecasting future occurrences and also for prediction 

of missing values in a time series (Biswas et al., 2014). It has gained popularity in the field of 

economics but recently, few references can be made to it in the field of remote sensing, although 

it has a great potential for performing short-term predictions (Fernández-Manso, Quintano and 

Fernández-Manso, 2011). The capabilities of ARIMA model such as moving average (MA), 

exponential smoothing, neural network, and its forecasting give it a huge advantage over the 

other models (Han et al., 2010; Valipour, 2015).   

Generally, an ARIMA model is described by the notation ARIMA (p, d, q) where, p, d and q 

stand for orders of non-seasonal auto-regression, integration (differentiation) and moving 

average, respectively. For a time series with polynomial trend of degree d, the trend can be 

eliminated by considering a process 𝑑𝑌𝑡 obtained by differencing. The observed process 𝑋𝑡 = 

𝑑𝑦𝑡 is an ARMA (p,q) satisfying stationary process. The original (𝑦𝑡) becomes autoregressive 

integrated moving average of order (p, d, q) if;   

   

 𝜑 𝑒𝑡  (5-1)  

  



 

46  

  

Where 𝑝𝐵𝑝 is an autoregressive (AR) operator,  

 𝜃𝑞 𝜃𝑞B𝑞 is a moving average (MA) operator, B is the backward 

shift operator, �𝑝 and 𝜃𝑞 are polynomials of order p and q respectively with all roots of 

polynomial equations outside the unit circle, 𝑒𝑡 is the random errors.  

If a time series contains a seasonal periodic component, the ARIMA model can be generalized 

to deal with seasonality by defining a general multiplicative Seasonal ARIMA model known 

as SARIMA. The ARIMA model is then transformed into;  

  

 𝑒𝑡   (5-2)  

  

Where, 𝑤𝑡 is the differenced stationary series, 𝑃, 𝜃𝑞 and Θ𝑄 are polynomials of order p, 𝑃, 

𝑞, 𝑄 respectively.  𝑃 𝑎𝑛𝑑 𝑄  are the order of seasonal auto-regression and moving average, 

respectively of the model. 𝑤𝑡 is defined by;  

  

 𝑤𝑡 𝐷𝑦𝑡   (5-3)  
  

For 𝑃 = 1, then Φ𝑝(𝐵𝑠) = 1 = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 × 𝐵𝑠 which implies that 𝑤𝑡 depends on 𝑤𝑡−𝑠 since 

𝐵𝑠𝑤𝑡 = 𝑤𝑡−𝑠 where 𝑤𝑡 are formed from the original series 𝑦𝑡 by simple differencing and also 

by seasonal differencing 𝑠 to remove seasonality. For example, if 𝑑 = 𝐷 = 1 and 𝑠 = 12, then  

  

 𝑤𝑡    (5-4)  
   

= (y𝑡−𝑦𝑡−12)�−�(y𝑡−1−𝑦𝑡−13)  (5-5)  
After fitting the model, the missing values in the time series were then estimated using the 

Kalman filter.  

  

5.2.2.2 Kalman Filter   
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Kalman filter is among the most popular and widely utilized state estimation technique (Pan et 

al., 2016) in the assessment of linear systems. In essence, it is an ideal recursive filtering 

algorithm under linear and Gaussian assumptions  (Pan et al., 2016; Chen et al., 2017). The 

main strength of the Kalman filter is in its ability to provide an intelligent guess of missing 

values and forecast future position of a given object in a dynamic system by using all available 

knowledge about the system (Pan et al., 2016; Hamuda et al., 2018). The Kalman filter can be 

implemented from the following deduction as shown in Chen et al. (2017). For example, for a 

linear system defined by the state and measurement equations;  

  

𝒙(𝑘) = 𝑭(𝑘 −�1)𝒙(𝑘 −�1)�+�𝒒(𝑘 −�1)  

  

𝒚(𝑘) = 𝑯(𝑘)𝒙(𝑘) + 𝒓(𝑘)  

(5-6)  

(5-7)  

where x(k)  Rn denotes the n-dimensional state vector, y(k)  Rm represents the m-dimensional 

measurement vector at instant k. F and H stand for, respectively, the system matrix (or state transition 

matrix) and observation matrix. q(k − 1) and r(k) are mutually uncorrelated process noise and 

measurement noise, respectively, with zero mean and covariance matrices  

  

E [𝒒(𝑘 −�1)𝒒𝑇(𝑘 −�1)]�=�𝑸(𝑘 −�1)  

  

E [𝒓(𝑘)𝒓𝑇(𝑘)] = 𝑹(𝑘)  

Generally, Kalman filter is made up of two steps;   

 i.  Predict: The prior mean and covariance matrix are given by;  

  

𝐗̂ (𝑘|𝑘 −�1)�=�𝐅(𝑘 −�1)𝐗̂ (𝑘 −�1|𝑘 −�1)  

  

 (5-8)  

(5-9)  

(5-10)  

(5-11)  

𝐏(𝑘|𝑘 −�1)�=�𝐅(𝑘 −�1)𝐏(𝑘 −�1|𝑘 −�1)𝐅𝑇(𝑘 −�1)�+�(𝑘 −�1)  

  

ii. Update: The Kalman filter gain is computed as;  𝐊(𝑘) = 𝐏(𝑘|𝑘 −�

1)𝐇𝑻(𝑘) (𝐇(𝑘)𝐏(𝑘|𝑘 −�1)𝐇𝑇(𝑘) + 𝐑(𝑘))−1  

(5-12)  
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The posterior state is equal to the prior state plus the innovation weighted by the Kalman filter gain;  

𝐗̂ (𝑘|𝑘) = 𝐗̂ (𝑘|𝑘 −�1)�+�𝐊(𝑘) (𝒚(𝑘)�−�𝐇(𝑘)𝐗̂ (𝑘|𝑘 −�1))  

  

Additionally, the posterior covariance is recursively updated as follows;  

𝑇 
𝐏(𝑘|𝑘) = (𝐈 −�𝐊(𝑘)𝐇(𝑘))𝐏(k|k −�1)�(𝐈 −�𝐊(𝑘)𝐇(𝑘)) + 𝐊(𝑘)𝐑(𝑘)𝐊𝑇(𝑘)  

(5-13)  

(5-14)  

  

5.2.3 Statistical Assessment  

Imputation of NDVI time series using the proposed method is only meaningful if there is a 

statistically significant relationship between the raw data with missing values and the 

imputed/filled NDVI time series. In view of this, the Kendell’s correlation test was performed 

on the two-time series. In addition, a student t-test was also performed to find out if there was 

a significant difference between their means. The Kendell’s correlation test showed a high 

positive correlation (tau of 0.95) between the two-time series. The student t-test also showed 

that statistically, there is no difference between the means of the two-time series (Table 5-1).    

  

Table 5-1: Statistics of raw and filled NDVI time series   
Data  Mean  SD  Correlation (Kendall’s tau)  

  

T-test  

  

Raw NDVI (with 

missing data)   

0.304  0.162  

    

Filled NDVI  0.356  0.124    

Raw vrs Filled NDVI      0.96  0.00  

  

  

  

5.2.4 Decomposition of NDVI Time Series   

The NDVI time series analysis was performed using the break for additive seasonal and trend 

(BFAST) algorithm. The BFAST developed by Verbesselt, Hyndman, Newnham, et al. (2010) 

is an algorithm that involves the decomposition of time series into trend, seasonal, and 

remainder components with methods for detecting and characterizing abrupt changes within 

the trend and seasonal components. The BFAST therefore, differentiates temporal variations 
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from phenological change and executes a phenological change detection (Verbesselt, 

Hyndman, Newnham, et al., 2010). The BFAST can perform analysis on several satellite data 

time series as well as other disciplines involving seasonal or non-seasonal time series data, for 

example, hydrology, climatology, and econometrics (Verbesselt, Hyndman, Newnham, et al.,  

2010). The process was executed in the R statistical tools under the package ‘bfast’ (Appendix 

C).   

  

5.2.5 NDVI Time series Trend Detection and Analysis  

Changes in vegetation greenness can be characterized into seasonal change, gradual change and 

abrupt change (Verbesselt, Hyndman, Zeileis, et al., 2010; Zhu and Woodcock, 2014). In most 

cases, the seasonal change has a recurring pattern that is often considered as a source of noise 

in the analysis. Gradual change arising as a result of vegetation growth, land degradation due 

to anthropogenic activities, climate change, extreme drought, pests infestation and other 

factors, change greenness slowly over long period of time (more than five years). Abrupt 

change on the other hand, generally caused by land use/cover change, may have a huge impact 

on greenness over a short period (between one and two years) (Zhu et al., 2017). Linear 

regression method for trend detection has been widely utilized in vegetation dynamics with 

NDVI time series data (Ju and Masek, 2016).   

The use of Mann-Kendall (Mann, 1945; Kendall, 1948) test have proven to be robust in 

detecting significant slope in vegetation trend and is particularly effective for estimating trends 

within small series. The Mann-Kendall test is a non-parametric and robust to outliers. It uses 

the Theil-Sen's slope estimator procedure (Theil, 1950; Sen, 1968), which is a rank-based test 

for estimating the slope and intercept in a time series by determining the median of all estimate 

of the slopes calculated between observation values at all pair-wise time steps (that is, a total 

of n(n - 1)/2 slopes) (Neeti and Eastman, 2011; Liu et al., 2015). The Theil-Sen technique has 

the capability of rejecting wild values (of up to 29%) without affecting the slope (Neeti and 

Eastman, 2011). The Theil-Sen’s slope is calculated using the expression in equation 5-15.  

 𝑄 = 𝑋 𝑗−𝑋𝑖          (5-15)  

𝑗−𝑖   

Where 𝑄 is the slope between data points 𝑋𝑗 and 𝑋𝑖.  

 𝑋𝑗 and 𝑋𝑖 are the NDVI data measurements at time j and i respectively.  
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The Mann-Kendall statistic test the significance of the slope obtained from the Theil-Sen’s 

approach. The Mann-Kendall test examines the slopes between all pair-wise combinations of 

samples. The data is ranked with reference to time and each data point is treated as the reference 

for the data points in successive time periods. Kendall’s statistic, S is defined as;  

  

 𝑛−1 𝑛 

 𝑆 =�∑�∑�𝑠𝑖𝑔𝑛(𝑥𝑖 − 𝑥𝑗)  (5-16)  
𝑗=1 𝑗=𝑗+1 

  

  1     𝑖𝑓  𝑥𝑖 − 𝑥𝑗 < 0  

𝑠𝑖𝑔𝑛(𝑥𝑖 − 𝑥𝑗) = [ 0    𝑖𝑓  𝑥𝑖 − 𝑥𝑗 =  0  

−1   𝑖𝑓  𝑥𝑖 − 𝑥𝑗 > 0 

Where n is the length of the time series data set and xi and xj are the observations at times i and 

j, respectively. Unlike the Theil-Sen slope measure, the Mann-Kendall statistic is a test for the 

presence of a monotonic trend and not strictly a linear trend. Therefore, it is interpreted as a 

test for the presence of a non-linear trend. When significant, the Mann-Kendall test indicates 

the presence of a monotonic trend while the Theil-Sen slope is a best linear estimate of its 

character (Neeti and Eastman, 2011). The Mann-Kendall statistic varies between −1 and +1. A 

value of +1 shows a continuous increasing trend that never decreases. The contrary is true when 

the value is −1 and a 0 value demonstrate a stable or no consistent trend (Lamchin et al., 2018).  

In this study, the Theil-Sen slope estimator was used to determine the median trend of the  

NDVI time series, and the Mann-Kendall test was then used to determine if the time series 

exhibited a significant mono-tonic increasing or decreasing trend using a p-value of less than  

0.05 (95% CI). The non-significant trends were not considered for further analysis.    

5.2.6 Detecting Trend Change (breakpoint) within NDVI Time Series  

Depending on the vegetation type, NDVI time series may contain a strong seasonal component 

linked with the growing seasons (de Jong et al., 2012). Most standard NDVI trend detection 

algorithms are unable to account for the seasonal variation in NDVI time series and therefore 

uses a seasonal or yearly aggregation or do a comparison of specific years (Coppin et al., 2004). 

The BFAST algorithm which is a more robust method for NDVI time series breakpoint 

detection has been widely used for this task because of its ability to account for seasonality and 
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enables the detection of trend change within the time series (de Jong et al., 2012; Watts and 

Laffan, 2014).  

The BFAST process for time series breakpoint detection has two main components, a 

decomposition model and the iterative detection of change. For the decomposition model, a 

piecewise linear trend and a seasonal model is iteratively fitted using an additive decomposition 

model. The general decomposition model is;  

  

 𝑌𝑡 = 𝑇𝑡 + 𝑆𝑡 + 𝑒𝑡   (𝑡 =�1,�…�,�𝑛)  (5-17)  
  

Where, 𝑌𝑡 is the observed NDVI data at time t, 𝑇𝑡 is the trend component as given in equation 

(5-18), 𝑆𝑡 is the seasonal component, and 𝑒𝑡 is the remainder component.  

The assumption is that, 𝑌𝑡 is a piecewise linear trend with segment-specific slopes and 

intercepts on 𝑚 + 1 different segments. Which implies that, there are m breakpoints 𝜏 ,�…�,�𝜏  

so that,   

  

 𝑇𝑡 = 𝛼𝑖 + 𝛽𝑖𝑡     (5-18)  
  

Where, 𝑖 =�1,�…�,�𝑚 and 𝜏  and 𝜏  𝑛  

An estimate, 𝑆 𝑡 begins the iteration of the seasonal component using a non-parametric STL 

(Seasonal decomposition of Time series by Leoss) method (Cleveland et al., 1990).   

In the iterative detection of change, estimation of parameters (𝑇𝑡 and 𝑆𝑡) are done by iteration 

until the position and number of breakpoints remain unchanged. The iteration is described by 

a 4-step process outlined below;  

Step 1: If the ordinary least square-moving sum (OLS-MOSUM) test shows the occurrence of 

breakpoint in the trend component, as well as its position and number (𝜏 ,�…�,�𝜏 ) is estimated 

via least squares from the seasonally adjusted data    𝑌𝑡 − 𝑆 𝑡.   

Step 2: The estimation of the trend coefficients 𝛼𝑖 and 𝛽𝑖 (knowing the trend breakpoints) are 

done using a robust linear regression model based on M-estimation to take into consideration 

potential outliers. This produces the trend estimate using equation (5-18).   



 

52  

  

  

 𝑇 𝑡 = 𝛼 𝑖 + 𝛽 𝑖𝑡     (5-19)  
  

Step 3: If the OLS-MOSUM test shows the existence of a breakpoint in the seasonal 

component, the position and number of the seasonal breakpoints represented as 𝜏 ,�…�,�𝜏   

(where p is the seasonal breakpoint) are estimated from the de-trended data 𝑌𝑡 − 𝑇 𝑡 using least 

squares.   

Step 4: The position and number of breakpoints are compared to the previous iteration and the 

fitting procedure is completed if they remain the same.  

The above BFAST algorithm used in the study was executed in R statistics using the package  

‘bfast’. The algorithm has three different options (‘dummy’, ‘harmonic’ and ‘none’) for the 

seasonal model when fitting the seasonal component and detecting seasonal breaks (i.e. 

significant phenological change). In this study, the ‘harmonic’ seasonal pattern was used as the 

regression model at 0.05 significant level (95% CI). A value of 0.14 was used as the minimum 

segment size between potentially detected breaks in the trend model. This value is expressed 

as a fraction relative to the sample size (i.e. the minimum number of observations in each 

segment divided by the total length of the time series).   

  

5.2.7 Comparison of NDVI Trends Between ECA and NECA   

To compare the NDVI trends of both ECAs and NECAs the analysis of variance (ANOVA) 

test was used. The ANOVA test is used to test the significance of an experiment or a survey.  

Because two independent variables is under consideration, the two-way ANOVA test was 

applied.   

The test was conducted among the NDVI trends obtained from the four different study sites 

each of ECA and NECA (within groups) and between the NDVI trends from the ECA and the 

NDVI trends from the NECA (between groups). The results from this statistical analysis will 

reveal if there are differences or not in the NDVI trends of ECAs and NECAs.  
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5.3 Extraction of Crop Height using Photographs from UAV   

The aerial photographs captured from May to September 2018 were used to estimate the crop 

heights of three crops (maize, millet and cotton) in two selected sites of ECA and NECA each. 

The timing of the UAV flights was planned to cover the growing period of the crops until it 

reaches its maximum height. The first data was collected right after land preparation (before 

crop were sown) was used to generate DTM which serves as the bases for obtaining the crop 

height from the DSM for each time step. The details of the height estimation process have been 

outlined in the subsequent sections (5.3.1 - 5.3.6). The first stage involves the use of Agisoft 

PhotoScan software for processing of photos to obtain the DEMs and the second stage involves 

the extraction of crop height from the DEMs using R statistic software. Figure 5-3 shows the 

flow chart of the process.  

  

 

  

5.3.1 Photo Processing  

After the acquisitions of images for all the time steps, the photos were processed using the 

Agisoft PhotoScan licensed under the Department of Remote Sensing, Julius Maximillians 

University of Wuerzburg, Germany. The Agisoft PhotoScan is an advanced image-based 

threedimensional (3D) modeling solution aimed at producing high quality 3D object from still 

images. Generally, the final goal of photographs processing with PhotoScan is to build a 

textured 3D model (Agisoft, 2018). The general workflow for the processing involves three 

stages; (i) align photos, (ii) build dense point cloud and (iii) build DEM.   
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The processing started by creating a new project and importing the images. A quality assurance 

checks was done to identify blurred and distorted images which may affect the results, but all 

the images passed the checks for all the photos processed. Also, none of the imported photos 

were automatically flagged by the software as not calibrated (NC) which indicates that the 

camera focal length cannot be estimated due to insufficient data in the EXIF (Exchangeable 

Image File Format) file.   

After importing the photos and quality checks done, the next stage of the processing was to 

align the photos. To align the photos, the software first finds the approximate camera positions 

measured (with the help of the GNSS receiver on-board the UAV) during the data capture 

stored in the metadata of the photos.  Secondly, the photos under-go relative orientation 

(oriented to each other). After subsequent trials, the following parameters was found to give 

the optimum results for the alignment procedure; the accuracy of the alignment process was set 

to highest, under pair preselection, reference option was used. Although setting the accuracy 

to highest increases the processing time, this was necessary because the software uses the 

original photo size to compute the camera positions the highest accuracy possible. Any other 

settings cause a downscaling of the original photo size. Also, since all the other processes (such 

as DEM and Orthophoto generation) are based on the aligned photo obtaining an optimum 

accuracy is vital. The reference option also helps to reduce processing time by determining the 

overlapping pairs of photos by their approximate position obtained from the GNSS receiver. In 

summary, the relative orientation is made up of, (i) the detection of feature points and (ii) 

selection and matching of overlapping image pairs. The final product of the alignment process 

is the generation of a sparse point cloud.    

The second step of the photo processing in the Agisoft photoScan was the building of dense 

point cloud. Using the estimated camera positions the software computes the depth information 

for all the cameras to be joined into a single dense point cloud. The following parameters were 

set for the reconstruction process. Under quality, which specifies the desired reconstruction 

quality the option high was used. Parameters to achieve a high-quality results can be set, but 

this will require a high performance computer in other to achieve a shorter processing time. 

Interpretation of the quality parameters here is similar to that of accuracy settings given in the 

alignment process. The next parameter set was depth filtering. During dense point cloud 

generation, Agisoft PhotoScan calculates depth maps for every image. In the presence of noisy 

or badly focused images, there can be some outliers among the points. To remove the outliers, 

the software has many in-built filtering algorithms suitable for different projects. The option 
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mild was used under the depth filtering so that small important details which are spatially 

distinguish in the scene to be reconstructed are not sorted out as outliers.  

The third and final stage of the photo processing was the creation of the DEM. During the 

creation of the DEM the dense point cloud was used as the input data the option enabled 

interpolation mode was selected so that the gaps in the dense point cloud are filled by 

interpolated points. The created DEM was then exported as a TIFF file for further processing 

in R statistics software. The above processing mode and parameters was used to processing all 

the photos captured in this research.  

  

5.3.2 Accuracy Assessment   

During the photo processing, an accuracy assessment report was generated after the relative 

orientation. An error obtained from the difference between the camera position from the 

approximate coordinates and the camera position according to the relative orientation was 

generated. In all cases, the total error was less than 6m. Also, the RMSE per-pixel was 

calculated from the re-projection. The values were within a range of 0 to 0.70 in all the 

processing.  

  

5.3.3 Geo-referencing of Generated DEMs  

Although the single-frequency GNSS receiver of the drone did not give a high position 

accuracy (accuracy can reach up to 10m), no exterior orientation using ground control points 

(GCPs) was done. This is primarily because no GCPs were laid during data capture. Secondly, 

considering the nature of the research, a positional accuracy of about 10m was considered ok 

although the generated DEMs for the same area in each time step had a considerable shift from 

each other. To mitigate the shift in the DEMs, the DTM from the first data capture was used to 

geo-reference the subsequent DEMs. The RMSE for the geo-referencing was less than 9.0e-5 

in all cases.    

  

5.3.4 Extraction of Crop Height   

To obtain the crop height for each time step, the normalized surface model (nDSM) was 

calculated. The nDSM helps to differentiate elevated objects from the terrain or near-ground 

objects (Haala and Walter, 1999). To calculate the nDSM, the DTM obtained from the UAV 
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photos captured before the crops were sown was subtracted from the DSMs obtained when the 

crops were growing (equation 5-20). The resultant nDSMs represents the crop height at each 

time step. This process was executed in R statistic software using the ‘overlay’ function under 

the ‘raster’ package.   

  

 𝑛𝐷𝑆𝑀 = 𝐷𝑇𝑀 −�𝐷𝑆𝑀                                     (5-20)  

  

5.3.5 Validation of Extracted Crop Height  

The crop heights measured on the field during each UAV flight was used to validate the 

respective extracted crop height (nDSM).  This was done to quantify the error in the crop height 

extracted. Random heights were selected from the generated nDSMs and two error statistics, 

Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) were calculated for the two 

different sites of stone bunds erosion control and without stone bunds erosion control. The 

above statistics are defined in equations 5-21 and 5-22.  

    

𝑛 

 𝑀𝐴𝐸  𝑂𝑖|  (5 -21)  

𝑖  

  

 𝑅𝑀𝑆𝐸   (5-22)  

𝑖  

  

Where P and O are the extracted and measure crop height respectively, and n is the number of 

measured samples.    

   

5.3.6 Comparison of Crop Height between ECA and NECA  

To compare the crop heights of areas with stone bunds erosion control and areas without, a 

graph was plotted to show the trends of the crop height for millet and cotton in two different 

areas. A Mann-Kendall’s ranked correlation test was used to test for the correlation between the 
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two trends of crop height. Also, the student t-test was used to ascertain if there is a difference 

between the means of the crop heights of the two areas.    

  

5.4 Time Series Analysis of Climate Variables (Rainfall and Temperature)   

Time series analysis of climate variables specifically, rainfall and temperature are essential to 

know whether there have been changes in the trends of rainfall and temperature which has a 

big impact on primary productivity. Rainfall and temperature trend analysis, on different spatial 

and temporal scales, have been a topical issue in the past century because of the attention given 

to global climate change from the scientific community (Akinsanola and Ogunjobi, 2015). In 

order to ascertain if there have been changes in the trend of rainfall and temperature in the study 

area, a time series analysis from 2004 to 2017 was performed using climate station data from 

Dano. The analysis was executed in R statistics using the ‘forecast’ library (Appendix D). The 

total monthly and yearly rainfall were analyzed. For temperature, the minimum, mean and 

maximum values between the period of study were analyzed.    

  

5.4.1 Trend Analysis of Climate Variables   

In order to determine the trend of rainfall and temperature from 2004 to 2017 of the study area, 

the Mann-Kendall’s test was used to determine if the rainfall and temperature time series 

exhibited a significant mono-tonic increasing or decreasing trend using a p-value of less than  

0.05 (95% CI). The Mann-Kendall’s test has been described in section 5.2.5 above. The analysis 

was executed in R statistics environment (Appendix D).   

  

5.4.2 Pixel-wise Relationship between NDVI and Climate Variables  

To examine the relationship of the spatial responds of NDVI to climate variables (rainfall and 

temperature) from 2004 to 2017, a non-parametric Kendall’s ranked correlation test was used.  

The Kendall’s ranked correlation coefficient referred to as the Kendall’s tau (τ), lies on a scale 

of −1 to 1, where values of 1, -1 and 0 signifies a perfect positive, a perfect negative 

relationship, and no overall ordinal relationship at all, respectively. But due to the use of 

concordance and discordance ratio in calculating the Kendall’s τ, it is sometimes scaled from 

0 to ∞, with values of 1 in the case of statistical independence. Where the value of 1 represents 

a perfect relationship and 0 no relationship. The Kendall’s ranked correlation coefficient is 

expressed in equation 5-23.  
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𝑛𝑐 − 𝑛𝑑 (5-23) 𝜏 =  

𝑛𝑐 + 𝑛𝑑 

  

Where 𝑛𝑐 𝑎𝑛𝑑 𝑛𝑑 are the total numbers of concordant and discordant pairs respectively.    

To perform a pixel-wise correlation between NDVI and climate variables, the total monthly 

rainfall and the average monthly temperature obtained from the Dano climate station were 

converted to a grid data of 30m spatial resolution. The 30m spatial resolution was appropriate 

in order to conform to the spatial resolution of the NDVI data. The relationships were computed 

from the strength of the linear correlation between NDVI-rainfall and NDVI-temperature. 

Subsequently, areas with a statistically significant relationship (95% CI) between NDVI and 

the climate variables were extracted. The process was implemented in R statistics environment 

and is listed in Appendix E.   

  

  

  

  

  

  

  

  

  

6.0 CHAPTER 6: RESULTS  

  

6.1 NDVI Time Series Analysis  

6.1.1 The whole Ioba Province  

Based on the average monthly NDVI time series analysis, the overall trend of vegetation 

phenology of the Ioba province from 2004 to 2017 has been obtained (Figure 6-1). The average 

monthly NDVI had a minimum value of about 0.12 to a maximum of about 0.68 with high 

values corresponding to the period of rainfall (April to October). The results of the trend 
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analysis produced a significant increasing trend in NDVI over the period (0.00037 

ΔNDVI/month, p-value = 0.043).   

  

 

  

6.1.1.1 Break Point Detection and Characterization   

Figure 6-2 shows a detected change in the decomposed components (seasonal, trend and 

residual) within the NDVI time series using the ‘bfast01’ function in the bfast package. The 

change was statistically significant at 95% confidence interval (α=0.05) with a magnitude of 

about 0.40 in the trend component. Because this research focused on the long-term trend, only 

the trend component was considered for further analysis. A classification of the trends of the 

two segments using the ‘bfast01classify’ function in the bfast package revealed that the type of 

shift in the trend is caused by an interruption. Furthermore, only the trend of the second segment 

was significant at 95% confidence interval producing a p-value of 0.001.   

Figure  6 - 1 :  The bfast decomposition of monthly NDVI time series into seasonal, trend and  

residuals components. The sum of the three components equals the response or raw data series.  

The seasonal amplitude is approximately 0.5 NDVI.   
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Figure 6-2: Monthly NDVI time series with one abrupt change. The magnitude of change in 

trend is about 0.40. The time of the change is indicated by the vertical dotted line. The 

confidence interval of the estimated time of change is shown in red.  

  

6.1.1.2 Pixel-based Trend Analysis  

To explore the trends of NDVI of the study area in a smaller scale, a pixel-wise trend analysis 

was performed. Figure 6-3 illustrates spatial distribution of the trends obtained from the 

pixelwise analysis of NDVI time series from 2004 to 2017 using the Theil-Sen estimator. The 

trend values range from -0.001 to a maximum of 0.002 ΔNDVI/month with value above and 

below 0 representing a positive and negative trend respectively and 0 shows a stable or no-

trend. From Figure 6-3, areas showing stable/no-trend to negative trends were wide spread 

especially in the northern and the central parts of the study area. Areas of positive trends were 

more prominent in the southern, western and eastern fringes and were also interspersed with 

negative and stable trends in other parts of the study area. Positive trends were mostly found in 

irrigated areas, afforestation areas and along rivers/streams. Those found along rivers/streams 

depicts the linear shape of the rivers/streams.   
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Figure 6-3: Slope values for trends derived from monthly NDVI observations from 2004 to 

2017.  

  

In order to determine the significance of the trends, analysis of their variability was performed 

using the Mann-Kendall test. Figure 6-4 shows the p-value map of the trend for the whole area 

which aided in the extraction of the significant trend map at 95% confidence interval (α = 0.05). 

Figure 6-5 shows only trends with significant monotonic regression slope values. From Figure 

6-5, it can be observed that some areas with positive trends were excluded from the significant 

trend map. Areas of stable trends were widespread across the whole study areas while areas of 

negative trends were few and could hardly be seen on the map. On the whole, areas of 

significant NDVI trends were about 10.6% of the total land size.  
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Figure 6-4: P-value map for trends of monthly NDVI observations from 2004 to 2017.  

  

  

Figure 6-5: Significant slope values for trends at 95% confidence interval derived from 

monthly NDVI observations from 2004 to 2017.  
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6.1.2 Areas with stone bunds Erosion control measure  

Figure 6-6 shows the spatial distribution of NDVI trends in four different sites (Badiere, 

Batiara, Dibogh and Namere) with stone bunds erosion control from 2004 to 2017. All the four 

sites had similar NDVI trend values ranging from -0.002 to 0.002 ΔNDVI/month. The spatial 

pattern of NDVI trends for Badiere and Batiara site looks more similar visually with a mixture 

of positive, stable and negative trends. However, the trends for the Dibogh and Namere sites 

were different. The Dibogh site showed more positive trends compared to the other three sites 

with few prominent areas of negative trends and dispersed areas of stable trends. Figure 6-8 

shows the significant trend map extracted using the p-value map in Figure 6-7. From Figure 6-

8 all the three trends (Positive, Stable and Negative) were represented in the significant trend 

map although positive trends were more prominent and continuous compared to the others. The 

Dibogh site had few significant negative trends compared to the other three sites. At 95% 

confidence interval, areas characterized by significant change in NDVI were generally small in 

all the four sites.    
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Figure 6-6: Slope values for trends derived from monthly NDVI observations of sites with 

stone bunds erosion control measure from 2004 to 2017, a, b, c & d represent Badiere, Batiara, 

Dibogh and Namere sites with stone bunds erosion control.   
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Figure 6-7: P-value map for trends of monthly NDVI observations of four sites with stone 

bunds erosion control measure from 2004 to 2017. The names of a, b, c & d represent Badiere, 

Batiara, Dibogh and Namere sites with stone bunds erosion control.  
The Batiara site produced the highest area of significant trend of about 29.98% followed by the 

Badiere site with 28.9%. The Namere and Dibogh sites had 21.1% and 12.8% respectively of 

the total area being significant.   
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Overall, the results of the Theil-Sen slope estimator showed a positive increasing trend ranging 

from 3.14 x 10-4 to 3.95 x 10-4 ΔNDVI/month for all the four sites, but the Mann-Kendall trend 

test showed that only the trends of Badiere, Batiara and Namere were statistically significant 

at 95% confidence interval producing a p-value of 0.036, 0.035 and 0.044, respectively (Table 

6-1).   

  

Table 6-1: Statistics of the overall NDVI trend of sites in areas with stone bunds erosion control 

measure  

  

Site  
Sen's slope (x 

10-4 / month)  

Lower  

Bound (x 10-4)  

Upper  

Bound (x 10-4)  

P-value 

(95% CI)  

Badiere  3.95  0.300  7.51  0.036  

Batiara  3.77  0.329  6.86  0.035  

Dibogh  3.14  -0.219  6.01  0.066  

Namere  3.82  0.125  7.21  0.044  
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6.1.3 Areas without Stone Bunds Erosion Control Measures  

Figure 6-9 shows the spatial distribution of NDVI trends in the four sites without stone bunds 

erosion control, namely, Bankandi, Biengane, Bisserke and Wizini from 2004 to 2017. Like 

 
Legend: Negative No-trend/stable Positive Not Significant 

( a )   

d ) (   c ) (   

) b (   

Figure  6 - 8 :  Significant slope values for trends at 95% confidence interval derived from monthly   

NDVI observations of four sites with stone bunds erosion measure from 2004 to 2017. The names  

of a, b, c & d  represent Badiere, Batiara, Dibogh and Namere sites with stone bunds erosion  

control.   
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the areas with stone bunds erosion control, the areas without stone bunds control also had 

similar NDVI trend values ranging from -0.002 to 0.002 per month. The spatial pattern of 

NDVI trends for Bankandi and Bisserke shows a widespread of stable and negative trends with 

few areas of positive trends unlike the Biengane and Wizini sites. The negative trends in the 

Bisserke site is more prominent than the other three sites. Figure 6-10 shows the p-value map 

used to extract the areas of significant trends. At a 95% confidence interval, areas characterized 

by significant trend are shown in Figure 6-11. From the figure, areas of positive trend were 

more significant in all the four sites. Most of the negative trends in the Bisserke site were 

eliminated in the significant trend map. Like that of areas with stone bunds erosion control, the 

areas covered by significant NDVI trends forms about one-third of the total area. The Bisserke 

site obtained the highest coverage of significant trend (about 32.7%), followed by Bankandi 

with 31.8% and 23.2% for the Wizini site. The Biegane site recorded the lowest percentage of 

significant area coverage.   

On the whole, all the four sites in areas without stone bunds erosion control reported a positive 

increasing trends in NDVI from the Theil-Sen’s slope estimator test and the Mann-Kendall 

trend test showed that all the four sites were statistically significant at 95% confidence interval 

producing a p-value of less than 0.042 in all cases Table 6-2.  

  

Table 6-2: Statistics of the overall NDVI trend of sites in areas without stone bunds erosion 

control measure  

  

Site  
Sen's slope (x 

10-4 / month)  

Lower  

Bound (x 10-4)  

Upper  

Bound (x 10-4)  

P-value 

(95% CI)  

Bankandi  3.86  0.377  7.05  0.034  

Biengane  3.91  0.196  7.24  0.041  

Bisserke  3.87  0.329  7.34  0.035  

Wizini  3.83  0.285  7.10  0.035  
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Figure 6-9: Slope values for trends derived from monthly NDVI observations of four sites without 

stone bunds erosion control measure from 2004 to 2017, a, b, c & d represent Bankandi, 

Biengane, Bisserke and Wizini sites without stone bunds erosion control.  
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Figure 6-10: P-value map for trends of monthly NDVI observations of sites without stone bunds 

erosion control measure from 2004 to 2017. The names of a, b, c & d represent Bankandi, 

Biengane, Bisserke and Wizini sites without stone bunds erosion control.  
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Figure 6-11:Significant slope values for trends at 95% confidence interval derived from monthly 

NDVI observations of four sites without stone bunds erosion measure from 2004 to 2017. The 

names of a, b, c & d represent Bankandi, Biengane, Bisserke and Wizini sites without stone 

bunds erosion control.  
  

  

6.1.4 Comparison between Areas with and without Stone Bunds Erosion Control Measures  

Figure 6-12 shows the trend lines of areas with stone bunds erosion control and areas without 

 
Legend: Negative No-trend/stable Positive Not Significant 

( a )   ( ) b   

( c )   ( d )   
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stone bunds erosion control. From the Figure, the overall NDVI trends of areas with stone 

bunds were similar to those of areas without stone bunds.   

  

 

  

Figure 6-12: Comparison of overall NDVI trends in areas with stone bunds erosion control 

and areas without from 2004 to 2017. Badiere, Batiara, Dibogh and Namere are areas with 

stone bunds erosion control and Bankandi, Biengane, Bisserke, and Wizini are areas 

without stone bunds erosion control.   

  

Table 6-3 shows the results of the ANOVA test to compare the difference between the NDVI 

trends of areas with stone bunds erosion control and areas without stone bunds erosion control.  

From the results, the p-value (0.319) is greater than the alpha level (α = 0.05). This suggest that 

there is no significant difference between the NDVI trend of areas with stone bunds erosion 

control and areas without stone bunds erosion control. Also, a p-value of 0.406 within rows 

means that, there are no differences in NDVI trends among the four different sites with stone 

bunds erosion control likewise the four different sites without stone bunds erosion control 

measure.   

  

  

  

Table 6-3: Results of the ANOVA test between NDVI trends of areas with stone bunds erosion 

control and areas without  

  

SUMMARY  Count  Sum  Average  Variance  

Namere   Dibogh   Batiara   Badiere   

Wizini   Bisserke   Biengane   Bankandi   
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1  2  0.12815  0.06408  1.192E-06    

2  2  0.12987  0.06494  1.397E-06  

3  2  0.11700  0.05850  6.694E-05  

4  

  

2  

  

0.13145  

  

0.06573  

  

8.887E-07  

  

     

ECA  4  0.24651  0.06163  3.702E-05  

NECA  

  

4  0.25996  0.06499  3.766E-07  

       

Source of  
Variation  

SS  df  MS  F  P-value  F crit  

Rows  6.438E-05  3  2.146E-05  1.34706  0.40621  9.27663  

Columns  2.262E-05  1  2.262E-05  1.41994  

  

0.31909  

  

10.12796  

  

Error  

  

4.780E-05  

  

3  

  

1.593E-05  

        

   
        

Total  0.00013  7      
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6.2 Extraction of Crop Height using Photographs from UAV  

6.2.1 Generated DEMs  

Figure 6-13 shows a sample of the DEMs created from the UAV images. Figure 6-13(a) is the 

DEM obtained from the photos taken during land preparation in an area with stone bunds 

erosion control measure, whiles Figure 6-14(a) is for an area without stone bunds erosion 

control measure. These were used to obtain the DTM of the crop fields. Figure 6-13(b) and 

Figure 6-14(b) shows a sample of the DEMs obtained during crop growth for both areas with 

and without stone bunds erosion control respectively. These DEMs were used to obtain the 

DSM of the crop fields. Figure 6-15 and Figure 6-16 shows a sample of the DTM and DSM of 

crop fields in an area with stone bunds erosion control measure and area without respectively, 

used for analysis.   

  

 
  

  

( a )   ( b )   

Figure  6 - 13 :  DEMs generated from UAV photos in an area with stone bunds erosion control  

measure;   ( a) DTM during land preparation, (b) DSM when crops were growing. Units of DTM  

and DSM is metres   

DTM   D S M   
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a ) (   ( b )   

Figure  6 - 14 :  DEMs generated from UAV photos in an area without stone bunds erosion  

contro l measure; (a) DTM during land preparation, (b) DSM when crops were growing   

DTM   D S M   

 
  

  

  

  

  

  

  

  

  

  

) a (   ) b (   

Figure  6 - 15 :  DEMs of crop fields in an area with stone bunds erosion control; (a) DTM of  

crop fields, (b) DSM o f crop fields   



 

76  

  

 
  

6.2.2 Extracted Crop Height  

Figure 6-17 show the extracted crop height (nDSM) of cotton fields in an area with stone bunds 

erosion control measure and an area without, whiles Figure 6-18 show that of millet in both 

areas.  

 
  

( a )   ( b )   

Figure  6 - 16 :  DEMs of crop fields in an area without stone bunds erosion control; (a) DTM  

of crop fields, (b) DSM of crop fields.    

( a )   ( b )   

Figure  6 - 17 :  A sample of extracted crop heights (nDSM) of cotton at 16 weeks old; (a) ECA,  

( b) NECA   
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Table 6-4 shows the values of extracted crop heights of millet and cotton in areas with stone 

bunds erosion control measure and areas without for various time steps. From the Table, it is 

evident that the crops in areas with stone bunds erosion control measure and those in areas 

without stone bunds erosion control have similar crop height for each time step. Millet in areas 

with stone bunds erosion control had a mean height of 0.15 m at 2 weeks old and grew up to 

3.47m at 16 weeks while at areas without stone bunds erosion control, it had a mean of 0.13m 

at 2 weeks old to 3.44 at 16 weeks old. In the case of cotton in areas with stone bunds erosion 

control, the mean heights values at age 2 weeks and 16 weeks were 0.13m and 1.10m 

respectively whiles 0.14 and 1.06 were obtained in areas without stone bunds erosion control.  

  

  

  

  

  

  

  

  

  

Table 6-4: Extracted crop height (in metres) of millet and cotton for growth season in areas 

with stone bunds erosion control and areas without.   

  

( a )   ( b )   

Figure  6 - 18 :  A sample of extracted crop heights (nDSM) of millet at 16 weeks old; (a)  

ECA,  ( b) NECA   
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Crop 

type  

Age of 

crop  

(wks)  

 ECA    NECA   

Min(m)  Max(m)  Mean(m)  Min(m)  Max(m)  Mean(m)  

 Millet  2  0.12  0.17  0.15  0.11  0.15  0.13  

  5  0.31  0.39  0.35  0.32  0.41  0.37  

  7  0.82  0.85  0.84  0.79  0.87  0.83  

  10  1.16  1.28  1.22  1.2  1.34  1.27  

  13  1.85  2.34  2.10  1.8  2.45  2.13  

  16  3.11  3.87  3.49  3.14  3.74  3.44  

        

Cotton    2  0.11  0.15  0.13  0.11  0.16  0.14  

  5  0.19  0.26  0.23  0.2  0.25  0.23  

  7  0.36  0.45  0.41  0.34  0.43  0.39  

  10  0.51  0.59  0.55  0.50  0.60  0.55  

  13  0.70  0.77  0.74  0.69  0.76  0.73  

 16  1.05  1.15  1.10  0.98  1.13  1.06  

  

  

6.2.3 Validation of Extracted Crop Height  

Table 6-5 shows the error statistics obtained by validating the UAV extracted crop heights of 

millet and cotton using the measured heights from the field.  The MAE, RMSE and the 

coefficient of determination (R2) are presented for each crop type in areas with stone bunds 

erosion control and areas without. From the Table, it can be observed that similar values of 

MAE and RMSE were obtained from the extracted heights of both areas with stone bunds 

erosion control and areas without stone bunds erosion control.   

  

Table 6-5: Accuracy estimates derived from the validation of extracted crop height in areas 

with stone bunds erosion control (ECA) and areas without (NECA)  

  

Site  Crop type  MAE  RMSE  R2  

ECA  Millet  0.107  0.108  0.93  

Cotton  0.105  0.106  0.96  

NECA  Millet  0.108  0.111  0.92  

Cotton  0.105  0.109  0.95  
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6.2.4 Comparison of Crop Heights between Areas with Stone Bunds and Areas without  Figure 

6-19 shows the trend of crop heights for millet in areas with stone bunds erosion control and 

areas without. From the graph it can be observed that the trend of crop height for areas with 

and without stone bunds erosion control measure are similar with overlapping segments in most 

cases. However, a very slight differences can be observed when the crops were 10 to 16 weeks 

old.   

  

 

 NECA 

  

Figure 6-19: Comparison of growth trend of millet between areas with and without stone bunds 

erosion control measure  
  

Similar to the trend of in millet growth, the trend of cotton in both areas with stone bunds and 

areas without stone bunds also had similar trends (Figure 6-20). With the exception of the 7th 

and the 16th weeks all the other time steps had crop heights very similar.   
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 NECA 

  

Figure 6-20: Comparison of growth trend of millet between areas with and without stone 

bunds erosion control measure  
  

The results from the Mann-Kendall’s ranked correlation test shows that the crop height of both 

cotton and millet in areas with stone bunds erosion control and areas without are highly 

correlated. A kendall τ of 0.969 and 0.954 were obtained for cotton and millet respectively with 

p-value of 0.000 in both cases.   

The student t-test also gave a value of 0.0008 and a p-value 0.884 for millet in areas with stone 

bunds erosion control and areas without, whiles cotton had -0.005 and a p-value of 0.389, all 

at 95% confidence interval.   
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6.3 Time Series of Climate Variables and their Relationship with NDVI  

6.3.1 Rainfall Analysis  

A preliminary analysis of the rainfall data shows that, the distribution of monthly rainfall is 

mainly concentrated in the period of April to October. Also, high rainfall values were recorded 

in the months of August and September in the period of the study. The three highest total 

monthly rainfall values of 308.8, 305.6 and 303.9 mm were recorded for August 2008, 

September 2015 and September 2006 respectively. Although the months of November to 

February are noted to be months of little or no rainfall, a substantial amount of rainfall was 

recorded in November 2004 (69.5 mm). The results from the rainfall analysis revealed a 

positive trend in the avarage monthly rainfal from 2004 to 2017 at a rate of 0.12 mm/month 

(Figure 6-21). But the Mann-kendall test showed that the trend of rainfall is not statistically 

significant at 95% confidence interval (z-score of 0.91 at a p-value of 0.36). Also, no break 

point(s) were observed in the time series for the period of study.   

  

 

  

Figure 6-21: Monthly variation of rainfall from 2004 to 2017  

  

  

y = 0.12x + 67.8   

R 2   =  0.004    

Time (years)   
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Although the analysis reported a positive trend in rainfall which is not statistically significant, 

a critical look at the rainfall anomalies (Figure 6-22) over the period showed a slightly higher 

total increase (682.3 mm) above the average for the 14-year period compared to the total 

decrease (681.7 mm) over the period. The difference between the total increase and the total 

decrease is 0.6mm. It may be therefore a bit misleading to conclude that rainfall trends are 

increasing over the period of the study judging the positive trend (0.12 mm/month).   

Within the 14-year period, seven years (2006, 2008, 2010, 2011, 2012, 2015 and 2016) had a 

total annual rainfall above the period’s (14 years) average baseline of 935.7mm whiles the other 

seven years (2004, 2005, 2007, 2009, 2013, 2014 and 2107) also had a total annual rainfall 

below the baseline. The first four years (2004-2007) on the average experienced a marginal 

decrease in rainfall whiles on the average, an increase was also observed from 2008 to 2012. 

The highest value (of 230.5 mm) above the 14-year average baseline was observed in the year 

2016 while the lowest (of -220.1 mm) occurred in 2005. Throughout the study period, the 

longest consecutive values above the period’s average baseline of 935.7 mm was three years 

and this was observed from 2010 - 2012. Two consecutive years of values below the baseline 

were also recorded in 2004 - 2005 and 2013 - 2014.  

     

 

  

Figure 6-22: Mean annual rainfall anomaly from 2004 to 2017 for the study area (Mean annual 

rainfall value is 935.7 mm, calculated from the Dano climate station data)  

The Theil-Sen slopes estimator and significant Mann-Kendall test results for rainfall time series 

for individual month are shown in Table 6-6. Overall, the months, May, June, July, September 
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and October showed a positive trend of 0.952, 4.02, 2.662, 2.656 and 2.877 mm/month 

respectively in rainfall within the period of study and whiles the months March, April and 

August showed a negative trend (-0.10, -0.20 and -0.25 mm/year) in rainfall. However, none 

of these trends were statistically significant at 95% confidence interval (Z-score between 0.99 

and -0.33). The months, January, February, November and December reported no consistent 

trend in rainfall over the study period. However, the consistent trend of January was statistically 

significant at 95% confidence interval with a Z-score of 2.28.    

   

Table 6-6: Results of Mann-Kendall’s and Theil-Sen’s statistics of total rainfall for each month. 

Confidence interval = 95% (α=0.05). Total number of years = 14 (Beginning year; 2004, 

Ending year; 2017).    

  

Month  Z-score  p-value  Intercept  Trend (mm/year)  

January  2.28  0.022  0  0  

February  0.37  0.714  0  0  

March  -0.33  0.739  6.2  -0.010  

April  0  1  37.6  -0.200  

May  0.77  0.443  76.9  0.952  

June  0.66  0.511  92.2  4.02  

July  0.44  0.661  163.9  2.662  

August  -0.11  0.913  227.7  -0.250  

September  0.44  0.661  163.3  2.656  

October  0.99  0.324  18.8  2.877  

November  0  1  0.1  0  

December  -0.77  0.440  0  0  

  

Generally, there is an increase in total yearly rainfall from 2004 to 2017. Apart from 2005 and 

2013 which recorded lower values of 715.6 mm and 823.5 mm, all the other years had rainfall 

values more than 850mm. Out of the 14-year period, the years 2008, 2010, 2012 and 2016 

recorded a total annual rainfall of more than 1000 mm with 2016 being the wettest year with a 

value of 1166.2 mm. The avaerage annual rainfall from 2004 to 2017 was 935.7 mm. Half of 

the years under consideration obtained annual rainfall values above the average and the other 
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half was below the average. The results from the Theil-Sen’s slope estimator reveals a positve 

trend of inter-annual rainfall with a trend value of 13.80 mm/year but the Mann-kendall test 

shows that the trend is not statistically significant at 95% confidence interval producing a 

zscore of 1.64 at a p-value of 0.10.    

  

 

  

Figure 6-23: Yearly rainfall variation from 2004 to 2017  

  

6.3.2 Temperature Analysis  

Figure 6-24 shows the variations in monthly temperature from 2004 to 2017. The series shows 

that, average monthly temperature gradually increases at a rate of 0.01 °C/month over the 

period. A critical look at the temperature series reveals that high temperature values of more 

than 30 °C were mostly recorded in the months of February, March, April and May whiles low 

values of about 24 °C were recorded in January and December. For the period, the highest  

(33.95 °C) and lowest (23.30 °C) monthly averages were recorded in April 2016 and January 

2008 respectively. Although the Theil-Sen’s slope estimator gave a positive trend in 

temperature over the period, the Mann-kendall test shows that the temperature trend is not 

Time (years)   

y = 13.80x + 832.2   

R 2   = 0.212   
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statistically significant at 95% confidence interval (z-score of 1.72 at a p-value of 0.16). Also, 

no break point(s) were observed in the time series for the period of study.  

  

 

  

Figure 6-24: Monthly temperature variability from 2004 to 2017 (mean values)  

  

Figure 6-25 presents the temperature anomaly from 2004 to 2017. It can be observed that the 

temperature anomaly is different each year, and the fluctuation range is between −0.7 and 0.8 

°C with the obvious negative anomalies occurring before 2013. Overall, nine out of 14 years 

had annual temperature values below the mean value of 28.26 °C calculated from the station 

data from 2004 to 2017. Positive anomalies were consistent each year at the later part of the 

period (from 2014 to 2017). The highest value (of 0.79 °C) above the 14-year average baseline 

was observed in the year 2016 while the highest value below the baseline (lowest value) of - 

0.70 °C occurred in 2010.  

  
0.8 

y = 0.01x + 27.8   

R 2   = 0.017   

Time (years)   
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Figure 6-25: Mean annual temperature anomalies from 2004 to 2017 for the study area (Mean 

annual temperature value is 28.26°C, calculated from the Dano climate station data)  

  

The results of temperature analysis for individual months from 2004 to 2017 obtained from the  

Mann-Kendall’s and Theil-Sen’s test are presented in Table 6-7. The average temperature 

values of the month were used in the analysis. It can be observed that generally all the months 

exhibit a positive trend in temperature between the period under study. A minimum slope of 

0.005 oC/year was recorded in the month of September and this value increased steadily through 

other months to a maximum of 0.209 oC/year for the month of November. Although all the 

months recorded a positive trend in average temperature, only the months, March, May and 

November had trends (0.12, 0.094 and 0.209 oC/year with z-score of 2.30, 2.08 and 3.07 

respectively) which are statistically significant at 95% confidence interval.   
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Table 6-7: Results of Mann-Kendall’s and Theil-Sen’s statistics of mean temperature for each 

month. Confidence interval = 95% (α=0.05). Total number of years = 14 (Beginning year; 

2004, Ending year; 2017). Months with bold values were statistically significant.   

  

Month  Z-score  p-value  Intercept  Trend (°C/year)  

January  0.77  0.443  24.9  0.076  

February  0.99  0.324  28.3  0.100  

March  2.30  0.021  31.0  0.126  

April  1.53  0.125  30.9  0.088  

May  2.08  0.038  29.2  0.094  

June  1.20  0.228  27.8  0.049  

July  0.99  0.324  26.4  0.039  

August  0.55  0.584  26.2  0.012  

September  0  1  26.8  0.005  

October  0.88  0.381  28.0  0.051  

November  3.07  0.002  26.7  0.209  

December  0.55  0.584  25.3  0.054  

  

  

6.3.3 Relationship between NDVI and Climate Variables   

6.3.3.1 Overall monthly correlation and regression between NDVI and climate variables  

The results from the Mann-Kendall ranked correlation test gave a Kendall score of 7005, tau  

(τ) of 0.513 with a 2-sided p-value of =< 2.22e-16. This (τ = 0.513) shows that there is a positive 

association between NDVI and rainfall in the study area from 2004 to 2017. The scatter plot in 

Figure 6-26 illustrate the linear association between mean monthly NDVI and total monthly 

rainfall over the duration of the study with a slope of 0.0013.  The regression model produced 

a coefficient of determination, R2 of 0.54, which implies that if a time series of total monthly 

rainfall is provided the assumed model (linear relationship in Figure 6-26) will be able to 

predict approximately 54% of the variance of mean monthly NDVI fluctuations.   
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Figure 6-26: The overall relationship between mean monthly NDVI and total monthly rainfall 

from 2004 to 2017  

  

In the case of temperature, Mann-Kendall ranked correlation test gave a Kendall score of - 

4515, tau (τ) of -0.322 with a 2-sided p-value of =5.943e-10. The negative value of τ (-0.322) 

is an indication that there is a negative association between NDVI and temperature in the study 

area from 2004 to 2017. The scatter plot (Figure 6-27) illustrate the linear association between 

mean monthly NDVI and temperature over the 14-year study producing a negative slope of 

0.0329.  The regression model produced a coefficient of determination, R2 of 0.18, which 

implies that the assumed model (linear relationship in Figure 6-27) will be able to predict 

approximately 18% of the variance of mean monthly NDVI fluctuations when given a time 

series of mean monthly temperature.  
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Figure 6-27: The overall relationship between mean monthly NDVI and mean monthly 

temperature from 2004 to 2017  

  

From Figure 6-28 both precipitation and temperature correlate with NDVI, but the effect of 

rainfall seems more significant than that of temperature. This is because the variability of 

rainfall is high, and this correspond with NDVI whereas temperature has a low variability. 

Also, it can be observed that NDVI starts to increase in line with the onset of the rainfall and 

periods of high rainfall corresponds to high NDVI values in most cases but in terms of 

temperature, low values mostly correspond to high NDVI values.   
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 Time (years)Time  Temperature 

  

Figure 6-28: The overall relationship between NDVI and climate variables (total monthly 

rainfall and mean monthly temperature) from 2004 to 2017  

  

6.3.4 Pixel-wise Correlation between NDVI and Climate Variables   

Figure 6-29a represents the spatial patterns of Mann-Kendall’s correlation coefficient  

(Kendall’s τ) between NDVI and rainfall. From the results, it was observed that, NDVI and 

rainfall had a positive correlation across the whole study area producing a Kendall τ of 0.15 as 

the minimum to a maximum of 0.64 with a mean of 0.48. Although the NDVI of the whole 

study area correlated positively with rainfall only about 2% of the area was statistically 

significantly at 95% confidence interval (α = 0.05) (Figure 6-29b). In general, high positive 

correlations were mostly found in areas with rainfed croplands and natural vegetation whiles 

low positive correlations were found in riverine, wetlands and irrigated areas. From Figure 

630a, unlike the correlation between NDVI and rainfall which is positive, NDVI correlates 

negatively to temperature throughout the study area. The correlation coefficients (τ) ranges 

from -0.08 to -0.47, with less than 1% being statistically significant at 95% confidence interval  

(α = 0.05) as shown in Figure 6-30b. Areas of high negative correlation was widespread 

compared to areas of low negative correlation.  
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Figure 6-29: Relationship between NDVI and rainfall from 2004 to 2017; (a) Kendall's 

correlation coefficient (τ), (b) areas of significant correlation at 95% CI (α = 0.05)  

  

  

( a )   

( b )   
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Figure 6-30: Relationship between NDVI and temperature from 2004 to 2017; (a) Kendall's 

correlation coefficient (τ), (b) areas of significant correlation at 95% CI (α  

= 0.05)  
  

  

7.0 CHAPTER 7: DISCUSSION OF RESULTS  

( b )   

( a )   
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7.1 Introduction   

This section discusses the results presented in chapter 6.0. The section is divided into three 

main sub-sections. Section 7.2 discusses the results obtained from the NDVI time series 

analysis for the Ioba province, ECA and NECA. It also discusses the comparison between the 

NDVI time series of ECA and NECA. The next sub-section (7.3) discusses results obtained 

from the extraction of crop height using UAV photographs for selected sites in areas with 

erosion control and areas without erosion control. The last sub-section (7.4) discusses the time 

series analysis of climate variables (rainfall and temperature). It also discusses the relationship 

that exist between the NDVI time series and the climate variables.  

  

7.2 NDVI Trend Analysis   

7.2.1 The whole Ioba province  

From the result presented in section 6.1.1.1 the breakpoint occurred in June 2013. This date 

represents the start of Landsat 8 data in the time series. Therefore, this break in the time series 

can be associated with the difference in the NDVI values of Landsat 8 compared to that of 

Landsat 5 & 7. In a research to compare the difference between NDVI from Landsat 8 OLI and 

Landsat 7 ETM+ conducted by Li, Jiang and Feng (2014), Xu and Guo (2014) and Ke et al., 

(2015), they found out that though there are differences in the NDVI values of Landsat 8 and 

Landsat 7 the magnitude is small and the two datasets have a high linear correlation coefficient 

(R2 from 0.84 to 0.98). They also concluded that vegetated land cover types were found to have 

better NDVI agreement than non-vegetated land cover types. Based on the results from the 

characterization of the break in the trend and the works of the above researchers, the breakpoint 

was not considered for further analysis.  

The vegetation trend in the study area may relate to different triggers either natural or 

anthropogenic, but since the study area is located in a semi-arid environment, vegetation 

greenness is strongly related to the seasonal rainfall cycle (Herrmann, Anyamba and Tucker, 

2005). Therefore, changes in the rainfall trends, amount and distribution may have a huge 

impact on the NDVI values. Although there has been variability in the rainfall trends in the 

study area from 2004 to 2017, the overall NDVI trend still showed a significant positive 

increase with a value of 3.7x10-4 ΔNDVI/month at a p-value of 0.043. This may be attributed 

to the quick responds of vegetation to a moderate amount of rainfall in the area.   
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From the pixel-wise analysis, significant positive trends were mostly observed along water 

bodies, irrigated areas and afforestation areas. This is as a result of the continuous all year 

photosynthetic activities occurring in these areas as a result of the presence of soil moisture. 

Few areas of negative significant trends occurred along water bodies whiles most of them 

occurred on rainfed croplands and open vegetation. The negative trends in rainfed croplands 

can be associated with the variability of annual rainfall as a result of climate change. The 10.6% 

area of significant NDVI trend in the whole study area implies that almost 90% of the NDVI 

trend from 2004 to 2017 in the Ioba province is not statistically significant at 95% confidence 

interval. The low level of significant NDVI trends may be highly associated to human activities. 

For instance, since agriculture is the main occupation for rural dwellers, the high population in 

the rural areas has caused an expansion in agriculture resulting in the fast conversion of other 

land use/cover types to crop lands and encroachment on reserved forest (Ouattara, 2007).  

Secondly, because of reduction in farm size, farmers do not allow trees to grow in their farm. 

From the field interviews, seeds dispersed by either water or wind are cleared immediately they 

sprout. This is done because too many trees will reduce their farm size and consequently their 

yield because for them yield is relative to farm size.  

Also, the emergence of illegal small-scale mining in the area has led to the conversion of natural 

vegetation and crop land to bare surfaces and pools of water after rainfall. Soils excavated by 

the miners are left in heaps and pits dug are left uncovered even after mining.  

  

7.2.2 Areas with Stone Bunds Erosion Control Measure  

Generally, all the four sites in areas with stone bunds erosion control measure saw a significant 

positive trend in NDVI trend from 2004 to 2017 with slope values ranging 3.14 x 10-4 to 3.95 

x 10-4 ΔNDVI/month. This indicates that the vegetation cover in these areas has improved 

within the period of the study. This improvement in vegetation may be as a result of the erosion 

intervention that has been implemented. Although, the mean NDVI trends for each of the sites 

gave a positive trend, the results from the pixel-based analysis shows that, positive, stable and 

negative NDVI trends were widespread in all the sites. overall, only about 23.15% of the total 

area under stone bunds erosion control showed significant trends in NDVI from 2004 to 2017.    

  

7.2.3 Areas without Stone Bunds Erosion Control Measure   
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Similar to areas under stone bunds erosion control measure, the areas without stone bunds 

erosion control also recorded significant positive trends in NDVI from 2004 to 2017 with slope 

values from 3.83 x 10-4 to 3.91 x 10-4 ΔNDVI/month. Again, this is an indication of improved 

vegetation cover trends in the study area. This improvement in vegetation may be as a result of 

good farming practices and reduced vegetation cover in the area. The pixel-wise analysis also 

revealed a reasonable amount of negative and stable NDVI trends in some areas, although on 

the average, a positive trend was observed for all the four sites in areas without stone bunds 

erosion control. Overall, about 25.48% of the total area under areas without stone bunds erosion 

control showed significant trends in NDVI from 2004 to 2017.    

  

7.2.4 Comparison between Areas with and without Stone Bunds Erosion Control  

Although it is expected that areas under stone bunds erosion control measure should have a 

better and improved vegetation cover than areas without stone bunds erosion control, the results 

from the ANOVA test showed that, the absence of stone bunds erosion control measure in the 

Bankandi, Biengane, Bisserke and Wizini sites did not have any impact on the NDVI trends 

within the period of study. Areas without stone bunds erosion control had NDVI trends similar 

to that of areas (Badiere, Batiara, Dibogh and Namere) with stone bunds erosion control 

measure. During the field campaign, evidences of reduced soil erosion and re-germination of 

plants in areas which were seriously affected by erosion was eminent. Also, farmers whose 

farms have stone bunds erosion control also attested to improved crop growth and increased 

yield. Nonetheless, the results didn’t show better NDVI trends in areas under stone bunds 

erosion control.   

On the whole, the inability to differentiate between the NDVI trends of these two areas may be 

attributed to the fact that although erosion control using stone bunds is the widely practiced soil 

erosion control in the Ioba province, areas without stone bunds erosion control due to the 

peoples inability to afford the labour and cost of transporting stone (Zougmoré et al., 2004) 

makes them look for other options to minimize soil erosion. During the field visits, areas 

without stone bunds erosion control were seen to have other measures such as mulching and 

earth mounds to minimize soil erosion. In this respect, though some areas do not have 

implemented stone bunds erosion control measures, they may not be totally unprotected from 

water induced soil erosion.   
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7.3 Comparison of Crop Heights between Areas with Stone Bunds and Areas without  The 

results of the crop height extraction using UAV photos in section 6.2 revealed similar values 

of millet and cotton heights in areas with stone bunds and areas without stone bunds. This is 

evident in the height values obtained for each time step in Table 6-4. Also, in Figure 6-19 and 

6-20, the trends of both millet and cotton in areas with and without stone bunds are similar.   

Again, the inability to distinguish between the crop heights in areas with stone bunds erosion 

control and areas without may be attributed to fact that, during the field visits, farmers in areas 

without stone bunds look for other erosion control measures such as mulching and planting on 

earth mounds as remedial measure to minimize soil erosion by water. As a result, the crops 

which are not washed are able to survive and grow although some of the soil nutrients may 

have been lost to erosion.   

  

7.4 Time Series Analysis of Climate Variable and their Relationship with NDVI   

7.4.1 Rainfall Analysis   

The results from the rainfall analysis in section 6.3.1 shows that there is a noticeable increase 

in the rainfall from 2004 to 2017, which is evident in the positive trend of 0.12 mm/month 

obtained. Although recent studies in west Africa suggest that the wet conditions of the 1950s 

and 1960s have not been re-established (Sanogo et al., 2015). There has been some partial 

recovery in rainfall with a significant spatial and temporal variability after the decrease in 

rainfall in West Africa in the 1970s and 1980s which led to severe droughts, famines and many 

socio-economic problems (Nicholson, 2013). Several research conducted in the study area and 

West Africa as a whole has also reported increase in rainfall after the dry periods (1970s and 

1980s) until now (Riede et al., 2016). For example, a research conducted by Sanogo et al. 

(2015), suggested a positive linear rainfall trend between 1980 and 2010 at majority of climate 

stations in West Africa, which establishes the existence of rainfall recovery from the dry period 

of the 1980s.   

Although, the magnitude of rainfall trend over the period depicts an increase in rainfall, the 

undulating nature of monthly and annual rainfall was evident. This is because the climate of 

West Africa is characterized by a sensitive monsoon system that is associated with marked 

natural precipitation variability (Knippertz et al., 2015). It has also been established that 

interannual variability of rainfall is linked to changes in higher-level circulation features such 

as African Easterly Jet (AEJ) and the Tropical Easterly Jet (TEJ) over the continent and the 
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West African Westerly Jet (WAWJ) over the Atlantic (Nicholson, 2013). Secondly, the effect 

of climate change due to increase in anthropogenic greenhouse gases emissions (Roudier et al., 

2011), atmospheric dust and sand storm (Knippertz et al., 2015), global climate shift and a 

weakening of the global monsoon circulation (Basistha, Arya and Goel, 2009)  may be the 

probable causes of the variation in rainfall.   

  

7.4.2 Temperature Analysis  

The results of the analysis of temperature presented in section 6.3.2 indicates that, average 

monthly temperature gradually increases at a rate of 0.01°C/month over the period of study. It 

is also evident that the later part of the study period (2014-2017) recorded higher temperature 

than the rest of the period (2004-2013), which might indicate a shift to a warmer climate. This 

results agrees with many other research (Gbobaniyi et al., 2014) and the IPCC (2013) report 

that show an increase in the mean temperature over the last 50 years in West Africa and the 

Sahel. Moreover, there is strong evidence of an anthropogenic signal in a continent-wide 

temperature increases in the 21st century and beyond if no mitigation measures are 

implemented (Coffel, Horton and Sherbinin, 2018). It is projected that the temperature rise is 

very likely to exceed the 1986–2005 baseline by between 3 and 6 °C across the region by the 

end of the 21st century (Riede et al., 2016).   

  

7.4.3 Correlation between NDVI and Climate Variables   

7.4.3.1 Overall Correlation between NDVI and Climate Variables  

The result from the monthly aggregation analysis in section 6.3.3.1 showed a significant 

positive correlation (Kendall’s τ of 0.513, p = 0.000) between NDVI and rainfall. This suggest 

that the increase in rainfall could promote vegetation growth. This result is comparable to 

several others research conducted in West Africa (Li et al., 2004) and global (Ichii, Kawabata 

and Yamaguchi, 2010; Liu et al., 2015; Kundu et al., 2018), which show a positive correlation 

between NDVI and rainfall. For example, the work by Traore et al. (2015), in neighboring Mali, 

found a positive correlation between NDVI and rainfall in a similar landscape. Similarly, a 

study conducted by Rishmawi et al. (2016) in the northern arid to sub-humid zones of 

subSaharan Africa observed a strong relationship between NDVI and rainfall in the arid and 

semiarid regions. In the study area, the major land use is agriculture (crop production). Crop 

production is mainly rainfed and normally occurs from May to October. Therefore, high 
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correlation values between NDVI and rainfall was achieved due to the influence of rainfall on 

crop production and natural vegetation growth. This is also in line with a similar study by 

Camberlin et al. (2007) in tropical Africa, which concluded that high correlation values (> 0.60) 

were distinctly found in semi-arid, open grassland and cropland areas. Again, in Figure 6-26 it 

can be observed that during periods of no rainfall, there were some relatively high values (about 

0.44) of monthly NDVI. This is an indication of the presence of vegetation during the times of 

no rainfall. Due to the agro-forestry parkland system of farming in the area, there are substantial 

number of economic trees scattered around the whole area, although some of them shed their 

leaves during the dry season. Secondly, there are a lot of riverine vegetation and few areas of 

afforestation which still undertakes photosynthetic activities during periods of no rain because 

of the presence of soil moisture. Lastly, the relatively high values of NDVI can also be 

attributed to the presence of irrigation cropping (mostly vegetables) during the dry season. 

Because rainfall in the study area has a short period (within May to October) followed by long 

dry season (November to April), there are some irrigation dams purposely for dry season 

cultivation.   

In the case of temperature, a significant negative correlation (Kendall’s τ of -0.322, p = 0.000) 

between NDVI and temperature was obtained. This implies that an increase in temperature may 

reduce vegetation growth due to excessive heat and high rate of evapotranspiration. Although 

a certain amount of temperature is also needed for plant growth. The negative correlation 

between NDVI and temperature obtained in the study is comparable to a study conducted by 

Rishmawi et al. (2016) which reported a negative correlation between NDVI and temperature 

in the arid region of West Africa. It is also in line with a study by Liu et al. (2015) and also 

partially supported by (Piao et al., 2014). They show that the relationship between global 

temperature variability and NDVI has weakened especially in the Humid Temperate and Dry 

Domain Regions. Although the NDVI correlation with temperature change is negative 

compared to the positive correlation between NDVI and rainfall, both climate variables are of 

similar significance in determining vegetation growth change (Liu et al., 2015).  

7.4.4 Pixel-wise Correlation between NDVI and Climate Variables   

From the results in section 6.3.4 the positive correlation between NDVI and rainfall realized is 

because, the study area falls within a semi-arid area and as such the vegetation in the area 

responds to rainfall. This result agrees with that of Rishmawi et al. (2016) and Traore et al. 

(2015) as stated earlier. From figure 6-29a it can be observed that areas with low positive 

correlation are much more localized and are places which still have some vegetation during the 
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period of no rainfall (dry season). These places are mostly found around rivers/streams 

(riverine), wetlands and irrigated lands. Also, another land use type with low correlation is 

areas with closed canopy vegetation. Since the study area falls within the Sudanian savanna 

climatic zone the natural forest vegetation mostly has open canopy. In this sense, closed canopy 

vegetation is mostly found in areas which have gone through afforestation and are protected. 

The presence of substantial soil moisture in the top soil in these areas support vegetation growth 

even when there is no rainfall. For example, an afforestation area in the town of Ouessa and 

Dano and some areas along some major river banks (the Black Volta river) do have high NDVI 

in the dry season (see Figure 7-1). High positive correlations between NDVI and rainfall were 

widespread across the area occurring mostly in dry lands (rainfed croplands and natural 

vegetation) where rainfall is a limiting factor to vegetation growth.    
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Figure 7-1: Analysis of NDVI and Rainfall correlation map  
  

On the contrary, the results of the correlation between NDVI and temperature gave a negative 

trend throughout the study area with about 1% being statistically significant at 95% confidence 

interval (Figure 6-30). An increased in temperature trends in the study area may have caused a 

reduction in vegetation growth due to an increase in evapotranspiration. As stated earlier, the 

negative correlation between NDVI and temperature obtained in the study is comparable to 

other studies conducted by Rishmawi et al. (2016) in West Africa and Liu et al. (2015) and 

Piao et al., (2014) in other parts of the world.  
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8.0 CHAPTER 8: CONCLUSIONS AND RECOMMENDATIONS  

  

8.1 Conclusions   

Soil erosion has become a relevant worldwide issue due to its environmental and 

socioeconomic impacts. Currently, the impacts of soil erosion on sustainable agriculture and 

ecosystem services have become prominent in the light of rising concerns over climate change 

and food security. The implementation of organized and large-scale erosion control measures 

started in the early 1980’s in West Africa as a response to a series of drought years, which had 

devastating consequences for the entire region in the 1970’s. In West Africa, poor land use 

practices have exposed the vulnerability of many lands to erosion, most especially erosion by 

water. To minimize the impact of soil erosion by water in West Africa, several erosion control 

measures have been adopted and implemented.  Although there are large scale implemented 

soil erosion controls, little has been done on evaluating the impact of these erosion controls on 

vegetation (crops and natural vegetation) improvement in West Africa using remote sensing 

data. In the quest to restore degraded lands by minimizing the effect of soil erosion, the use of 

remote sensing data more especially medium to high resolution data such as Landsat in 

evaluating and monitoring post implementation of erosion control on vegetation growth is vital 

in evaluating the recovery of degrading lands.  

The evaluation of vegetation improvement after the implementation of erosion control 

measures in West Africa has been challenging due to several reasons. For example, the small 

scale and fragmented nature of implemented erosion control measures make it difficult to do a 

post implementation analysis using a medium to large spatial resolution satellite data. The use 

of high-resolution satellite data for such an analysis also has a huge cost implication. Again, 

optical satellite data availability is a big challenge in West Africa. The persistent cloud cover 

renders optical images which are capable for analyzing the vegetation improvements in these 

erosion control areas less appropriate for usage.   

In line with the above, this research investigated the use of remote sensing data (Landsat NDVI 

data and UAV images) to analyze the effect of stone bunds erosion control measure on 

vegetation trend the Ioba Province of Burkina Faso. Landsat NDVI time series analysis was 

conducted for the whole study area to investigate the trend of vegetation from 2004 to 2017. 

Secondly, a comparative analysis was done to compare the vegetation trends of areas with stone 

bunds erosion control and areas without. The third objective also compared the crop heights 

extracted from UAV images for areas with and without stone bunds erosion control measure.  
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Finally, a correlation analysis was performed between climate variables (rainfall and 

temperature) and NDVI trends. Based on the above objectives, the following conclusions were 

made.   

  

8.1.1 NDVI Time Series Analysis of Ioba Province  

The NDVI time series of the Ioba province from 2004 to 2017 for vegetation trend was. Overall, 

the results produced a significant increasing trend in NDVI of about 3.7x10-4 ΔNDVI/month at 

95% confidence interval over the period. This is an indication that overall the vegetation trend 

in the Ioba province has improved from 2004 to 2017. The pixel-wise analysis produced an 

NDVI trend values ranging from -0.001 to a maximum of 0.002 ΔNDVI/month. Stable to 

negative trends were widespread especially in the northern and the central parts of the study 

area. Positive trends were mostly found in irrigated areas, afforestation areas and along 

rivers/streams. This is as a result of the continuous all year photosynthetic activities occurring 

in these areas as a result of the presence of soil moisture. On the whole, areas of significant 

NDVI trends at 95% confidence interval were about 10.6% of the total land size (2,648 km2). 

The low level of significant NDVI trends may be highly associated to human activities. The 

high number of missing data points in the time series could also be a factor. Although the 

missing data points were filled through interpolated, a better result may have been obtained if 

there were no missing data.    

  

8.1.2 Comparison of NDVI Trends in Areas with and without Stone Bunds Erosion Control  

A comparison between areas with and without stone bunds erosion control has been done. 

Generally, both areas with stone bunds erosion control and areas without stone bunds erosion 

control experienced a significant positive trend in NDVI from 2004 to 2017 with slope values 

ranging from 3.14 x 10-4 – 3.95 x 10-4 ΔNDVI/month and 3.83 x 10-4 – 3.91 x 10-4 

ΔNDVI/month respectively. The results indicated that the overall the vegetation trends in these 

two areas have improved within the period of the study. Although, the mean NDVI trends for 

each of the two areas gave positive trends, the results of the pixel-wise analysis show that, 

positive, stable and negative NDVI trends were widespread in all the areas. Overall, about 

23.15% of the total area under stone bunds erosion control showed significant trends in NDVI, 

whiles 25.48% of the total area without stone bunds erosion control showed significant trends 

of NDVI from 2004 to 2017.  Comparing the NDVI trends of the two areas, the result from the 
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ANOVA test showed that there is no significant difference between the NDVI trends of areas 

with stone bunds erosion control and areas without stone bunds erosion control. The inability 

to differentiate between these two areas is because, though areas without stone bunds erosion 

control do not have implemented stone bunds erosion control measures, they are not totally 

unprotected from water induced soil erosion. This is because there were evidences of some 

other erosion control measures during the field visits.   

  

8.1.3 Comparison between Crop Height in Areas with and without Stone Bunds Erosion 

Control   

The extraction and comparison of crop heights in areas with stone bunds erosion control and 

areas without has been achieved. The results indicate that there is no significant difference 

between the crop heights in areas with and without stone bunds erosion control. A graph of the 

trends of cotton and millet in the two areas showed a similar trend. From the correlation test a 

high positive correlation (Kendall’s τ) of 0.969 and 0.954 for cotton and millet respectively 

were observed between the trends of crop growth in these two areas. Finally, at 95% confidence 

interval, the t-test revealed that there is no significant difference between the means of the crop 

heights of cotton (mean of difference of 0.001) and millet (mean of difference of -0.005) in 

areas with stone bunds erosion control and areas without. The inability to distinguish between 

the crop heights in areas with stone bunds erosion control and areas without may be attributed 

to use of other erosion control measures by farmers in areas without stone bunds erosion 

control.   

  

8.1.4 Trend of Climate Variables and their Relationship with NDVI Trend  

In the analysis of rainfall pattern, the study found that, there was a noticeable positive increase 

in the monthly and annual rainfall patterns from 2004 to 2017 which was evident in the positive 

trend of 0.12mm/month and 13.80 mm/year obtained respectively. But a Mann-kendall test 

showed that both the monthly and annual trends of rainfall were not statistically significant at 

95% confidence interval.   

For temperature, the results suggest that, average monthly temperature gradually increases at a 

rate of 0.01°C/month with no breakpoints over the period of study. But this trend was not 

statistically significant at 95% confidence interval. Temperature anomaly was found to be 

different each year, and the fluctuation ranged between −0.7 and 0.8 °C with the obvious 
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negative anomalies occurring before 2013. Positive anomalies were consistent each year at the 

later part of the study period (from 2014 to 2017) which was an indication of a shift to a warmer 

climate.  

The correlation between NDVI with climatic variables (rainfall and temperature) had been 

estimated. The correlation coefficients obtained describes the kind of relationships between 

NDVI and the climate variables. In terms of the correlation between NDVI and climate 

variables, the study showed that in general, there was a positive correlation between NDVI and 

rainfall in the study area from 2004 to 2017 with Kendall τ of 0.513 and a p-value of 0.000. 

This suggests that the increase in rainfall could promote vegetation growth. From the pixelwise 

analysis, it was observed that, NDVI and rainfall had a positive correlation across the whole 

study area producing a Kendall τ of 0.15 as the minimum to a maximum of 0.64 with a mean 

of 0.48. High positive correlations between NDVI and rainfall were widespread across the area 

occurring mostly in dry lands (rainfed croplands and natural vegetation) where rainfall is a 

limiting factor to vegetation growth. On the other hand, low positive correlations were found 

in riverine, wetlands and irrigated areas. The positive correlation between NDVI and rainfall 

realized can be attributed to the fact that the study area falls within a semi-arid area and as such 

the vegetation in the area responds to rainfall.  

In the case of NDVI temperature correlation, a negative correlation (τ = -0.322) was observed 

in the overall relationship. This implies that an increase in temperature may reduce vegetation 

growth due to excessive heat and high rate of evapotranspiration. From the pixel-wise analysis, 

NDVI correlates negatively to temperature throughout the study area. The correlation 

coefficients (τ) ranges from -0.08 to -0.47, with less than 1% being statistically significant at 

95% confidence interval. Areas of high negative correlation was widespread compared to areas 

of low negative correlation.   

  

  

  

  

8.2 Recommendations  

8.2.1 Recommendations for Future Studies  
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(i) The major challenge of vegetation trend analysis in West Africa has been the 

availability of satellite data. Although the Landsat images are free of charge since 2008, 

its usability in West Africa has been hindered by excessive clouds and cloud shadow 

cover especially during the rainy season. As a result, to obtain a regular time series data 

for vegetation studies is almost impossible. With the launch of the Sentinel series of 

satellites through the Copernicus program in 2014, more optical data will be available 

for such studies. Although the problem of cloud cover will persist, combining satellite 

images from different sensors will help to bridge the problem of data availability for 

time series analysis. It is therefore recommended that future studies should look at 

combing data from different sensors rather than using mathematical models to impute 

missing time steps data in other to obtain a regular time series.   

(ii) Secondly, although this study did not find any significant difference between the NDVI 

trend of areas with stone bunds erosion control and areas without stone bunds erosion 

control, evidence of re-germination of plants and improved crop growth and yield were 

eminent in areas with stone bunds erosion control. It is therefore recommended that 

future studies should use high resolution image in other to capture the little details that 

is happening in areas with stone bunds erosion control.   

(iii) Again, from the field visits it was observed that farmers in areas without stone bunds 

look for other erosion control measures such as mulching and planting on earth mounds 

as remedial measure to minimize soil erosion by water. Future studies should consider 

setting up experimental sites for areas with and without stone bunds erosion control. In 

this case, it can be ensured that areas without stone bunds erosion control will not have 

other erosion control measures.   

(iv) Although this study found a positive trend in the rainfall pattern and a negative trend of 

temperature, further researches are recommended in the future since these climate 

variables can change in the near future due to climate change. In addition, this study 

was based on a 14-year data due to data availability. It is therefore recommended that 

future studies should consider a longer period of data.   

(v) Lastly, since the farming system in the study area and surrounding areas is agro-forestry 

parkland, the presence of the trees on crop lands do have a great impact on the NDVI  

of the area. In view of this, the use of high-resolution images is vital so that where the 

focus is on only crops, the trees in the cropland can be excluded from the analysis.   
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8.2.2 Recommendations for Policy  

This study was conducted under the West African Science Service Center on Climate Change 

and Adapted Land use (WASCAL) program which is aimed among other to strengthen the 

research infrastructure and capacity in West Africa to tackle the issues of climate change. In 

line with the WASCAL agenda, the following recommendations have been made for policy 

and institutional action.    

(i) In the quest to minimize erosion by water, several erosion control measures are being 

implemented in West Africa. It is therefore recommended that governments and NGOs 

should not only provide funds for the implementation but also fund post implementation 

assessment to ascertain whether or not the erosion control measures are yielding the 

needed results. For fast, efficient, large coverage and less expensive approach, the use 

of remote sensing data is highly recommended, because, this research has demonstrated 

the possibility of using remote sensing data for such assessment.  

(ii) It is also recommended that data such as climate and topographic data should be made 

available and free of charge for such studies. Often at times, researchers and students 

will have to pay huge sums of money to obtain climate data. This hinders proper and 

accurate research because most of them may not be able to afford.   

(iii) Finally, although governments and NGOs are putting in efforts to minimize the effects 

of climate change through soil erosion prevention, more efforts through funding and 

technical support are needed as there are still a lot of areas in South-west Burkina Faso 

that suffer severe soil erosion. Since a lot of the farmers are peasant farmers, they cannot 

afford the cost involved in putting up erosion interventions such as stone bunds. Also, 

education of the local farmers on the proper way of putting up these erosion 

interventions is vital.   
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APPENDICES   

Appendix A: Field Data Form for UAV Survey  

  

 DRONE SURVEY: FIELD DATA FORM   
 

  

A. GENERAL INFORMATION    

  

Field ID GPS Coordinates  

(UTM) 
 Name of locality 

Date & Time  

  

FIELD PHOTOGRAPHS  

Northings (N)   Eastings (E)  
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Photo No.    Direction  

  

  

  

  
 

 Relative position of photos from the centre of field    

  

  

B. TERRAIN CHARACTERISTICS  

   

Soil type    Evidence of erosion     

  

Slope                           

Flat to gentle slope (0 – 7 %)  

 Gentle to moderate slope (8 – 13 %)  

Moderate to steep slope. Undulating terrain (14 – 20 %)  

  

Steep to very steep. Undulating to hilly terrain (21 – 55 %)  

 Extremely steep. Hilly to mountainous terrain (56 – 100 %)  

  

Presence of 

Duricrust   

  

  

General land use/cover type   

   Agriculture (crop land)    Natural vegetation  

  

  

Agriculture (crop land)  

  

Name of crop  
Age 

(wks)  

 Height (m)  Planting Distance (m)   Density (/m2)  

1  2  3  4  Avg.  1  2  3  4  Avg.  1  2  3  4  Avg.  

                                                   

                                                   

Y  N 

  

  

 

  

  

 

  

 

  

 

  

Y  N 

  

C. LAND USE/COVER INFORMATION  

N   

1 
4   

3 
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 Natural vegetation    

     

   

 D. DRONE FLIGHT INFORMATION  
 
 

  

Flight grid type    

Flight height   

Total no. of GCPs   

  

Scene overlap  

  

Camera angle  

  

General Remarks  

  

Appendix B: R Codes for 

Imputation of Missing NDVI Time Steps  

  

Raster imputation using auto.arima and Kalman filter (adapted from: Moritz et al., 2015) 

Required libraries (Raster, forecast)  

  

  

  

  

  

  

        

  

  

  

Erosion controlled (with stone bunds)    

Non - erosion controlled   

Fertilizer application    

Mono cropping   

Intercropping    

  

  

  

  

  

Farming practices    

<  2m    

2   –   5 m   

>  5m    

Height of trees      

  

  

Grasses    

Shrubs   

Trees    

Vegetation type      
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NDVI_stack <- stack(NDVI)            #### stack all the NDVI raster files, create empty raster        

for missing time steps  

filledNDVI_stack <- NDVI_stack    #### create a duplicate of the NDVI_stack to contain the  

                  final imputed raster stack for (i 

in 1:nrow(NDVI_stack)) {  

  print(i)  

  for (j in 1:ncol(NDVI_stack)) {   

      

    v <- as.vector(NDVI_stack[i,j])  

    NDVI.ts <- ts(v, start=c(2004,1), end=c(2017,12), frequency= 12)     

fit <- auto.arima(NDVI.ts)      kal <- KalmanRun(NDVI.ts, 

fit$model)     tmp <- which(fit$model$Z == 1)  

    id  <- ifelse(length(tmp) == 1, tmp[1], tmp[2])     

id.na <- which(is.na(NDVI.ts))     NDVI.ts[id.na] 

<- kal$states[id.na, id]     filledNDVI_stack[i,j] 

<- NDVI.ts[ ]  

     }  

  }  

  

  

  

  

  

Appendix C: R Codes for Time Series Analysis using ‘bfast’ package  

  

Required libraries (raster, trend, forecast, bfast)  

  

Raster-TS <- brick("location of rater stack)  

Raster_TS <- ts(Raster-TS[[1]], start = 2004, frequency = 12)  
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BF <- bfast(Raster_TS, h = 0.006, season = c("harmonic"), max.iter = 10,               

hpc = "none", level = 0.05, type= "OLS-MOSUM", breaks = 1)  

TS_plot <- plot(BF,type="all")  

Slope_TS <- sens.slope(TS_P, conf.level = 0.95)    

bf2 <- bfast01(Raster_TS, test = c("BIC", "OLS-MOSUM", "supLM"), aggregate = any)  

plot(bf2) bf2$test  bf2$breaks  

plot(bf2, plot.type = "multiple", which = c("response", "season", "trend", "residuals"))  

bfast01classify(bf3, alpha = 0.05, pct_stable = .53)  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

Appendix D: R Codes for Climate Variables analysis  

  

###Rainfall analysis  

Mon.RF <- read.csv("RF_data.csv", h=F) yr.RF 

<- read.csv("RF_data.csv", h=F)  

  

## Monthly rainfall series  

fit.t <- tslm(ts(mon.RF, start= c(2004, 01), frequency = 12) ~ trend) 

plot(ts(mon.RF, start= c(2004, 01), frequency = 12),      
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ylab="Total monthly Rainfall (mm)", xlab="Time") 

lines(fitted(fit.t),col="blue", lwd=3) summary(fit.t)  

trend.tm <- summary(fit.t)$coefficients[2,1]; #--extract trend and pValue pVal.tm 

<- summary(fit.t)$coefficients[2,4]    

legend("top", paste("Trend = ",round(trend.tm,3),"mm/month ; p-Value =",round(pVal.tm,  

3)),  

       adj = c(0, -1.49), bty="n", inset=.05, text.width = 10, text.col="red")   

          #--use adj to set the position of the trend and pValue legend  

Kendall(mon.RFDate, mon.RF)  #--Mann Kendall trend test  

  

## Annual rainfall series  

fit.ty <- tslm(ts(yr.RF, start= 2004, frequency = 1) ~ trend) plot(ts(yr.RF, 

start= 2004, frequency = 1),  

     ylab="Total Annual Rainfall (mm)", xlab="Time", main="Annual Rainfall") 

lines(fitted(fit.ty),col="blue", lwd=3) summary(fit.ty)  

trend.ty <- summary(fit.ty)$coefficients[2,1]; #--extract trend and pValue pVal.ty 

<- summary(fit.ty)$coefficients[2,4]    

legend("top", paste("Trend = ",round(trend.ty,3),"mm/year ; p-Value =",round(pVal.ty, 3)),        

adj = c(0, -1.49), bty="n", inset=.05, text.width = 10, text.col="red") Kendall(yr.RFDate, 

yr.RF)    

###Temperature analysis  

Temp <- read.csv(file = "temp_data.csv", head=TRUE,sep=",") 

Tm <- tslm(ts(Temp, start= c(2004, 01), frequency = 12) ~ trend) 

plot(ts(Tm, start= c(2004, 01), frequency = 12),      ylab="Mean 

monthly Temperature (oC)", xlab="Time") plot.ts(TS, ylab = 

"Mean Monthly Temperature") lines(fitted(Tm),col="blue", 

lwd=3) summary(Tm)  

trend.tp <- summary(Tm)$coefficients[2,1]; #--extract trend and pValue pVal.tp 

<- summary(Tm)$coefficients[2,4]    

legend("top", paste("Trend = ",round(trend.tp,3),"mm/month ; p-Value =",round(pVal.tp, 3)),        

adj = c(0, -1.49), bty="n", inset=.05, text.width = 10, text.col="red")  
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Kendall(yr.TmDate, yr.Tm)    

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

Appendix E: R Codes for Correlation between NDVI and Climate Variables  

  

Required libraries (raster, spatialEco)   

  

NDVI-TS <- brick("location of NDVI stack)  

RainF-TS <- brick("location of rainfall stack)  

Temp-TS <- brick("location of temperature stack)  

  

#### NDVI and rainfall correlation  

NDVI_RainFCor <- corLocal(NDVI-TS, RainF-TS,  method = c("kendall"), test = TRUE)  

NDVI-RF_pValue <- raster.Zscore(NDVI_RainFCor, p.value = TRUE)   ## p-value  

## masking p-value of < 0.05 (95% CI)   

SigT_NDVI-RF <- mask(NDVI_RainFCor, NDVI-RF_pValue < 0.05, maskvalue = FALSE)   

  

##### NDVI and temperature correlation   
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NDVI_tempCor <- corLocal(NDVI_TS, Temp-TS,  method = c("kendall"), test = TRUE)  

NDVI-RF_pValue <- raster.Zscore(NDVI_RainFCor, p.value = TRUE)   ## p-value  

## masking p-value of < 0.05 (95% CI)  

SigT_NDVI-T <- mask(NDVI_tempCor, NDVI-RF_pValue < 0.05, maskvalue = FALSE)   

  

  

  

  

  

  

  

  

  

  

  


