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Abstract

Several land use/cover changes have been observed in Ogwapoke micro catchment. Population
increase, poverty, intensified and unsustainable farming practices and deforestation have been
cited as the major drivers of land use/cover changes in the micro catchment. Land use/cover
changes have been linked with increased surface runoff and soil erosion. However, there is a
paucity of information to ascertain the impacts of land use/cover changes on soil erosion in
Ogwapoke micro-catchment, Northern Uganda. Therefore, the study aimed to identify
conservation measures and drivers that lead to continuous changes in land use/cover in order to
combat the long-term effects of soil erosion on hydrological flow in Ogwapoke micro catchment.
Specifically, the study aimed to (i) analyze and predict the spatial-temporal changes in land
use/cover changes between 1986, 2003, 2020 and 2040 in Ogwapoke micro catchment; (ii)
determine the effect of land use/cover change on soil erosion in Ogwapoke micro catchment; and
(iii) assess the impact of land use/cover change on hydrological flow in Ogwapoke micro

catchment.

Landsat images for the study area for 1986, 2003 and 2020 were downloaded from Earth
explorer. Unsupervised classification and the CA-Markov model were used to analyze and
predict the land use/cover changes respectively. Questionnaires were also administered to 200
respondents in the study area to understand their perceptions of land use/cover changes including
the drivers. The Revised Universal Soil Loss Equation (RUSLE) and the Soil and Water
Assessment Tool (SWAT) models were used to assess the soil erosion and hydrological flow
components (total yield, base flow, surface runoff, lateral flow, deep aquifer recharge, and actual
evapotranspiration), respectively. The Pearson correlation coefficient was applied to assess the
effect of land use/cover changes on hydrological flow components.

Results showed that significant land use/cover changes have taken place in Ogwapoke micro
catchment. Between 1986 and 2020, small-scale farmlands and built-up areas increased by
35.1% and 2.4%, respectively whereas bushlands, grasslands, wetlands and woodlands decreased
by 11.7%, 7.4%, 2.4%, and 15.9% respectively. A similar pattern is projected to further intensify
by 2040. Changes in land use/cover are mostly driven by over grazing, deforestation, poverty,
bush burning, deforestation, and increased demand for food due to population growth. The

changes in land use/cover had an effect on soil erosion in Ogwapoke micro catchment. Small-

Xi



scale farmlands has very high soil erosion compared to other land use/cover types. Changes in
land use/cover had a significant effect on hydrological flow components in the micro catchment.
Between 1986 and 2020, surface runoff and total water yield increased by 15 mm/yr and 2.2
mm/yr, respectively whereas base flow, lateral flow, deep aquifer recharge and actual
evapotranspiration decreased by 12.1 mm/yr, 0.09 mm/yr, 1.1 mm/yr and 1.18 mml/yr,
respectively. Mixed hydrological responses are expected in 2040 due to future land use/cover
changes. Surface runoff and base flow were positively correlated to changes in small-scale
farmlands and grasslands (R? =0.97; R? =0.99 respectively).

The study concludes that the changes in land use/cover in Ogwapoke micro catchment have had
a significant impact on soil erosion and hydrological flow components. The study recommends
the government to encourage tree planting in the micro catchment and regulate small-scale
farming in wetland ecosystems; the communities should be sensitized about the sustainable land
management practices; and there is a need for the decision makers to establish a hydro-

meteorological network in the micro-catchment.
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CHAPTER ONE: INTRODUCTION
1.1 Background

Changes in land use/cover are considered as the most significant indicators of global change
(Mahmood et al., 2010). In recent years, land use/cover changes have received a great deal of
attention in a variety of sectors, for example remote sensing, political ecology and in the
distribution of species and ecosystems in a particular geographic space over time (Hasan et al.,
2020). This is because human activities have been affecting the ecosystem for thousands of
years as a result of tremendous population growth, migration, and rapid socio-economic activity
that have intensified these environmental changes over the past centuries (Chen et al., 2021).
Deforestation, agricultural expansion, and urbanization have all contributed to an increase in a
variety of environmental issues, including soil acidification, nutrient leaching, and organic matter
depletion (Sharma et al., 2011), climate change, water withdrawals, soil erosion, and habitat
destruction ( Reid et al., 2000; Rao & Pant, 2001; Turner et al., 2007).

Researchers like Wairiu (2017) have identified poor farming techniques, overgrazing, bush
burning, and construction as important drivers of soil run-off, which results in air pollution, soil
fertility loss, desertification, and the destruction of infrastructure projects in recent years.
However, the environmental consequences of soil erosion as a result of intensive land use/cover
changes are manifested by human activities such as soil productivity and agricultural output
decline (van Oost et al., 2002) and deteriorating water through carrying pollutants such as

pesticides and heavy metals into surface water bodies (Boers, 1996; van Oost et al., 2002).

According to Borrelli et al (2016), changes in land use have resulted in organic matter depletion,
erosion, soil degradation, salinization, and crusting in Mediterranean areas. Agriculture, grazing,
mining, charcoal, and biomass production, as well as traditional land uses, have resulted in low
soil fertility and a heavily degraded landscape. In addition, soil erosion caused by unsustainable
farming methods in East Africa has resulted in high levels of eutrophication and water hyacinth
infestation on Lake Victoria (Raytheon et al., 2002; Albright et al., 2004).



A number of studies have also revealed that changes in land use/cover have a substantial impact
on soil erosion. Yang et al (2003) examined the global situation of soil erosion risk, taking into
account the past century as well as the present and future, and discovered that Asia was the most
impacted region globally. As a result, a number of studies have used historical and current
satellite data to investigate land use/cover change (LULC) in relation to changes in soil erosion
in order to determine the effect of LULC on soil eroding (Jordan et al., 2005). Several studies
(Favis-Mortlock & Boardman, 1995; Jordan et al., 2005; Wynants et al., 2018) have been
undertaken in recent years to assess the impact of LULC on soil erosion at various temporal and

spatial dimensions, including micro watershed levels.

However, some of these researches concentrated solely on the effect of vegetation on soil erosion
under a single-vegetation land use type, such as woodlands (El Kateb et al., 2013), shrub lands
(Garcia-Estringana et al., 2013), abandoned land (L. et al., 2016), pasture (de Koff et al., 2011),
and cultivated land (Sasal et al., 2010) which are parallel different in this research study of
Ogwapoke micro catchment. On the other hand, studies that have generalized and focused on
each land covers and its impacts on soil erosion have been carried out in developed
Mediterranean and European continents leaving a bigger research gap in developing countries.
Other studies (Breuer et al., 2009; Tang et al., 2011) also agree that stream flow generation
capacity is dependent on land use/cover changes. As a result, a hydrological model that takes
into account spatio-temporal watershed characteristics is required to aid in the accurate

prediction of a watershed's dynamic water balance (Costa et al., 2003; He & Hogue, 2012).

However, soil erosion assessment as a result of land use/cover changes has been computed using
a number of indicator-based approaches. The USLE model and its modified Revised Universal
Soil Loss Equation (RUSLE) model (Bonilla & Johnson, 2012) that is integrated with GIS is still
widely used because of its simplicity and variety of inputs (soil erodibility, topographic
variables, rainfall erosivity, and crop management factors). As a result of the rising population
pressure in the micro catchment, which has exacerbated the demand for land despite its terrain, it
is vital to explore the effects of these changes on soil erosion at the micro catchment scale. The
findings of this study are useful in developing mitigation strategies and increasing local farmers',
agricultural extension workers', and policymakers' understanding of the implications of

environmental degradation (soil erosion, river siltation).
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1.2 Problem Statement

The population in Uganda has greatly increased and the annual growth rate is about 3.3 percent
(UBQS, 2016). This has resulted into rapid development that is evidenced in the changes of land
use/cover attributed to impervious surfaces, increased agriculture and settlements as seen through
bush burning, poor farming methods, over grazing, tree cutting for fuel etc. The changes in land
use/cover (LULC) have partially affected a number of catchments and micro catchment within
the region including Ogwapoke micro catchment. In order to control on the adverse effects on
LULC, there has been several initiatives by the Government of Uganda and communities to carry
out conservation measures including re-afforestation, mulching, vegetated stripping, live

hedging, and contour ploughing among others.

Despite the government’s efforts, land use/cover changes have continued. Between 2000 and
2020, subsistence farmlands and built-up areas in Ogwapoke micro catchment increased by 5.3%
and 2.2% respectively whereas grasslands, wetlands and woodlands decreased by 1%, 6.6% and
5.6% respectively (MWE, 2020a). Population increase, poverty, intensified and unsustainable
farming practices and deforestation have been cited as the major drivers of land use/cover
changes in the micro catchment (MWE, 2016). LULC have been linked with increased surface
runoff and soil erosion (Peng & Wang, 2012). This is the case in Ogwapoke micro catchment
(MWE, 2016, 2020b).

Besides, most of the studies about land use/cover changes especially in Uganda have been done
at either catchment or sub-catchment levels (Nyeko, 2010; MWE, 2016; Barasa et al., 2017;
Kiggundu et al., 2018; Bunyangha et al., 2021). There is limited literature of such studies at the
micro catchment level, and yet, assessment at the micro catchment level allows a deeper
understanding of the effect of land use/cover changes on surface runoff as well as community
participation in issues pertaining hydrological conservation (Guzha et al., 2018). Therefore, the
study aimed to contribute to this knowledge gap by assessing the impacts of land use/cover
changes on soil erosion in Ogwapoke micro catchment. The study is timely to guide the policy
and decision makers in the Upper Nile Water Management Zone about the feasible conservation
measures to reduce soil erosion and enhance the underground water in Ogwapoke micro

catchment.



1.3 Objectives

1.3.1 General objective

The purpose of the research was to identify conservation measures and drivers that lead to

continuous changes in land use/cover in order to combat the long-term effects of soil erosion on

hydrological flow in Ogwapoke micro catchment.

1.3.2 Specific Objective

1.

To analyze and predict the spatial-temporal changes in land use/cover changes between 1986,
2003, 2020 and 2040 in Ogwapoke micro catchment.

To determine the effect of land use/cover change on soil erosion in Ogwapoke micro
catchment.

To assess the impact of land use/cover change on hydrological flow in Ogwapoke micro

catchment.

1.4 Research Questions

1.

To what extent has land use/cover changed in Ogwapoke micro catchment between 1986,
2003 and 2020?

What is the future state of land use/cover trend in Ogwapoke micro catchment in 2040?
What is the effect of land use/cover changes on soil erosion in Ogwapoke micro catchment?
What is the impact of land use/cover changes on evapotranspiration, surface runoff and total
water yield in Ogwapoke micro catchment?



1.5 Conceptual Framework

Y
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L4 v
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Figure 1. 1: Conceptual framework of the research study

In Figure 1.1, changes in land use/cover have been mainly caused by population growth,
intensification of agriculture and infrastructural developments (Onyutha et al., 2021). Land use
activities such as deforestation and cultivation lead to forest cover decline, biodiversity loss, and
they fuel the decreased soil quality (EI Kateb et al., 2013). In the long-term, these lead to land
degradation as well as deterioration of water quality through elevated concentration of
compounds (e.g. nitrogen, phosphorous) and siltation caused by long-term agricultural and

erosion effects (Geissen et al., 2009).

Changes in land use, particularly farming on deforested and unsuitable areas, can rapidly degrade

soil quality and cause stream flow declines because ecologically sensitive habitat components are



unable to mitigate the negative consequences. Seibert & McDonnell (2010) argued that
deforestation and built-up area often exacerbate stream flows especially in hydrologically fragile
sites like wetlands. LULC modification lowered water provision and hydrological processes in
India's Pennar Basin (Garg et al., 2019). Sampaio et al (2007) reported that the net impact of
deforestation is an increase in water yield and stream flow. Therefore, changes in the
hydrological balance such as increased stream flow due to LULC may further aggravate the soil

erosion in an area.

1.6 Scope of the Research

The analysis was based on changes in land use/cover for a period of 1986-2020 and prediction
for 2040, as well as the impact of land use/cover change on soil erosion and hydrological flow. It

was carried out in 2021 from Ogwapoke micro catchment in Kitgum, Northern Uganda.
1.7 Significance of the Study

Land use/cover maps will be used to guide land development decisions in urban areas, and create
large-scale inventory of resources at the micro catchment, parish, sub-county, and district levels.
The assessment will also show the biggest land use driver for land use/cover change in
Ogwapoke micro catchment so that it can be regulated.

Studies on the fluctuation of soil erosion in relation to land use can help people understand the
phenomenon and apply suitable conservation measures. Estimating soil loss and identifying key
places for following optimum management techniques are vital to a soil conservation project's
success. The research will also contribute to a better scientific knowledge of the consequences of
land use change on hydrological processes in the micro watershed, which will help with the

sustainable management of water resources.

The study will also help to improve scientific understanding of the effects of land use change on
hydrological processes in the micro watershed, which will aid in the management of sustainable
water resources. Thus, the availability of spatial mapping, modeling and evaluating changes in
land use land and cover patterns, and soil erosion study will provide land use and cover

information for future use or reference.



CHAPTER TWO: LITERATURE REVIEW

2.11Introduction

This chapter presents a literature review on changes in land use/ cover estimates, soil erosion
modelling, hydrological flow modelling, and vegetation monitoring approaches and tools. It is
divided into four major sections: literature on related studies, land cover change analysis, land
cover prediction, soil erosion and hydrological flow. The chapter also reviews literature of

different methodologies used in analyzing land cover and soil erosion.

2.2 Analyzing and predicting the spatial-temporal changes in land use/cover

Human interventions in the natural ecosystem are primarily responsible for changes in land
use/cover. Meshesha et al (2016) defines "land cover” as the biological and physical
characteristics of the land surface, which include vegetation (trees, grass), built-up areas
(buildings, roads, paved land), and other land surfaces such as bare soil, water, and rocks.
According to Wasige et al (2013),
land use refers to anthropogenic activities performed on certain types of vegetations with the obj
ective of producing, altering or preserving it. Land use/ cover
(LULC) alterations are the modifications to a specific type of vegetation that can alter the severit
y of its use as well as its qualitative characteristics.

Rapid population increase, desire for wood and charcoal, building materials, agricultural
practices, and policy and tenure ambiguity, are the key driving drivers for change in land
use/cover (Wubie et al., 2016; Mwanjalolo et al., 2018). Changes in Lake water and other aquatic
resources, soil depletion, habitat loss, and forest cover loss all have an influence on the local
livelihoods and the ecosystem (Wubie et al., 2016). The cumulative effect of these consequences
result in poverty and ecosystem deterioration. Human actions, particularly habitat conversion and
degradation, are causing global biodiversity losses (Newbold et al., 2015). Significant activities
include tree cutting, charcoal burning, and poor farming methods, all of which affect ecosystem

functionality.

Agriculture techniques and approaches targeted at boosting contemporary agriculture may result
in the quick conversion of natural vegetation to agricultural land (Popp et al., 2017). Agriculture
practices and tactics aimed at bolstering modern agriculture may result in a quick conversion of

natural vegetation to agricultural farmland (Sambou, 2015). In the Democratic Republic of the

7



Congo, for example, agricultural expansion through shifting cultivation is a direct primary driver
of deforestation in the Equatorial region (Samndong et al., 2018). More studies (Godar et al.,
2014; Specht et al., 2015), emphasize 76% of families in Brazil’s Atlantic forest use firewood on
a regular basis, consuming an average of 686 kilograms of tree biomass per person per year; poor

people, on the other hand, consume approximately 961 kilograms per year.

Land use/cover types can be categorized based on various classification schemes for example
LULC classification scheme by United State Geological survey (USGS), the national land cover
classification scheme, and the FAO LULC classification scheme (Yang et al., 2017). In this
study, the satellite images were classified into land use/cover types basing on the classification
scheme by USGS. This is because the USGS scheme can be customized accordingly based on
the region of interest. Despite substantial research on the impact of LULC change on watershed
hydrology and erosion, many concerns remain unsolved. For example, the relationship between
tree cover and hydrology are not well understood for watersheds including Ogwapoke micro

catchment.

Hydrologic circulation's response to land use planning and management is inextricably intertwin
ed (Garg et al., 2019; Li et al., 2019). Changes in land use/cover (LULC) are one of the elements
that have a direct impact on a watershed's hydrological cycle (Getu Engida et al., 2021). Human
activities induce LULC modification and have had a significant impact on the hydrological
processes and water resources of the watershed (Marie Mireille et al., 2019). For example, LULC
modification lowered water provision and hydrological processes in India's Pennar Basin (Garg
etal., 2019).

There are several approaches for researching habitat changes, including GIS, remote sensing,

and Google Earth, that can be employed to detect changes in land use/cover (Karakus et al.,
2015). Remote sensing is capable of monitoring large and hazardous areas, such as battle zones,
where information is required in the past, present, and future. Several studies have employed
Geospatial technologies to track changes in land use/cover (Guzha et al., 2018). To capture
geospatial information, these systems employ a variety of cameras, multispectral scanners, and
sensors (LIDAR and RADAR) with varying spectral and radiometric resolutions. These
scanners, cameras and sensors are mounted on space craft platforms to produce satellite imagery

(Guzha et al., 2018). The satellite imagery varies in imaging characteristics for example;
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MODIS, ERADAS, Sentinel, SPOT, ASTER, LANDSAT, IKONOS, Quick Bird, Geoye and
Landsat through its various series of satellites multi-spectral (MSS), Thematic Mapper (TM) and
Enhanced Thematic Mapper Plus TM sensor (ETM+) sensors (Wang et al., 2010; Schroeder et
al., 2019).

2.2.1 Land use/cover prediction modeling

There are many modeling tools in use for predicting changes in land use/cover, however, it is
difficult to compare the performance of different modeling tools because the change in land
use/cover (LULC) model can be inherently distinct in many ways (Kusuma, 2015; Regmi et al.,
2017; Nwaogu et al., 2018). The commonly used land use land cover modeling tools and
techniques to model and predict changes in land cover include GEOMOD, Cellular Automata
(CA) Markov, Markov chain, etc (Pontius Jr. & Chen, 2006; Yirsaw et al., 2017). Although
LULC models have existed for decades, developments in remote sensing, land inventory
methodologies and computing power have resulted in the development of a wide range of
distinct changes in land-use and land-cover models in the last five to ten years. For example the
CLUE model framework, DINAMICO EGO, Markov-chain model among others (Verburg et al.,
2004). Various simulation and empirical models have been used to forecast changes in LULC,
but few have employed system dynamics models to identify the primary drivers (Rimal et al.,
2017).

Spatial simulation models are effective tools for quantitative modeling, and some consider
blending the Markov-chain model approach with cellular automata (CA) to be one of the finest
solutions for analyzing LULC on different spatial scales (Girma et al., 2022). The CA-Markov
model is a prominent model among several LULC simulation tools and methodologies for
modeling both spatial and temporal changes (Hamad et al., 2018). Several prior studies
investigated land use change patterns modelling using the CA-Markov model (Parsaie, 2016).
This is evidenced in the way that, the CA-Markov model was successfully applied at the
Arasbaran biosphere reserve in Iran to predict changes in LULC, which assists land use planners
and policy makers when making suitable decisions for future land use difficulties. They stated
that utilizing a CA-Markov model in land use policy formation can be beneficial, as well as

serving as an early warning system.



However, Ozturk (2015) compared CA-Markov chain and Multi-layer Perceptron-Markov Chain
(MLP-MC) models to forecast future change in LULC for the Atakum, Samsun urban expansion
simulation in Turkey. According to the authors, the MLP-MC model outperformed the CA-
Markov model for projected scenario simulation. On the other hand, Regmi et al (2017)
compared CA-Markov and GEOMOD models to analyze and model the LULC dynamics in the
Phewa lake watershed in Nepal. They discovered that CA-Markov chains worked well as an
operational model for anticipating future LULC scenarios. Several planning and management
tasks rely on analyzing, modeling, and comprehending the transition of habitant changes
(Dezhkam et al., 2017; Regmi et al., 2017). Observing previous LULC aids in recognizing trends
of change and future extrapolations. As a result, knowledge about historical, present, and
projected change plays an important part in decision-making development (Hamad et al., 2018;
Gemitzi, 2021).

The CA Markov model is a hybrid of the CA filter principle with the Markov chain process. The

CA model can be represented in equation 2.1.

S(t,t +1) = f(S(t),N) .

where S is the set of finite and discrete cellular states, N is the cellular field, t and t + 1 represent

separate incidents, and f is the cellular state transformation rule in local space.

The Markov model is a process-based theory that forms a Markov random process system for
prediction and optimal control theory. Equation 2.2 calculates the projection of land use/land
cover changes based on the conditional probability formula - Bayes.

S(t+1) = Py x S(t) 29

where S(t), S(t + 1) represent the system status at t or t + 1; and Pij is the transition probability

matrix in a state, and is computed as in equation 2.3.
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where, P is the Markov transition matrix P, i, j is the land use land cover type of the first and

second time period, and Pij is the probability from land use and land cover type i to land type j.

In this expression, n is the number of land use and land cover types in the target area, and “Pij” is
the probability of transition of type i into that of type j from the initiation to the end. In the
transition matrix, it requests that each rate is a non-negative quantity, and each line factor O to 1.
The estimate of Markov chain is the relative frequency of transitions observed over the entire
time. The result of the estimation can be used for prediction (Hamad et al., 2018). However,
different studies have predicted future LULC using this model including (Aithal et al., 2014;
Yirsaw et al., 2017). In this regard, there is an urgent need to estimate changes in land use over
time and predict future scenarios. Therefore, the CA Markov available in Idrisi was implemented

to predict and compare the land uses for some further period.

2.3 Determining the effect of land use/cover change on soil erosion

The processes of sediment dissociation, transport, and deposition generated by raindrop impact
and moving water are referred to as water erosion and sedimentation (Julien, 1995; Yue et al.,
2019). Raindrop impact and moving water generate the most powerful forces. Erosion is a
natural geological phenomenon induced by the movement of soil particles by water or wind,
although some human acts, such as agronomic systems, forest conversion, and so on, would
accelerate erosion rates. Erosion is triggered by a combination of factors such as steep slopes
(Brandolini et al., 2018), climate (e.g. long dry periods followed by heavy rainfall), inappropriate
land use, and land cover patterns (Ochoa et al., 2016). Water erosion and wind erosion are the
two most common types of soil erosion, although only water erosion is simulated and explored in

this study.

Soil erosion is caused by both natural and man-made activities. Climate, land use/cover (LULC),
parent rock material, and topography are all elements that might influence the extent of soil loss.

Because of the earth's gravity, soil erosion is widespread in hilly and mountainous places with
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steep slopes and complex topography. Higher slope gradients are more prone to soil erosion
(Brandolini et al., 2018). Soil erosion by water is commonly thought to be a purely natural
process induced by rainfall and water flow, but human actions considerably exacerbate the
erosion through land cover change and soil structure disturbance caused by farming. Today land
use/cover change is a significant driving agent of regional and global change (Munthali et al.,
2019).

Large-scale land use/cover changes caused by deforestation, agricultural land expansion, and
other human activities are causing changes in global systems and cycles. Changes in land
use/cover have a direct impact on the atmospheric cycle and climate change, and the principal
external agents of water erosion vary with changes in land use/cover and climate (Geist, 2003).
The fastest rates of soil erosion occur during heavy rainfall or windstorms. Soil particles are
generally separated, transported, or aid in a chemical reaction between rain water and rock
minerals, resulting in surface crusting and erosion. Furthermore, parent rock material is a reliable
indication of soil erosion vulnerability. Soil made from marl, gypsum, and shale, for example,

has lesser erosion resistance than other soil types (Sang-Arun et al., 2006).

Agricultural expansion without soil conservation methods can have significant negative
consequences on soil, such as increased erosion and decreased fertility, which can lead to ground
water pollution and river and lake eutrophication (Lamek et al., 2016). For example, traditional
land uses and human activities such as agriculture, grazing, mining, charcoal and biomass
production have resulted in organic matter exhaustion, erosion, soil degradation, salinization, and
crusting in Mediterranean lands, resulting in low soil fertility and a highly eroded terrain
(Borrelli et al., 2016). The rapid land-use changes taking place in the Lake Victoria basin,
including the upper Rwizi micro-catchment, continue to contribute to land degradation. For
instance, banana production in the Rwizi-micro catchment of southwestern Uganda is expanding
rapidly in response to increasing demand for cooking banana in urban places in Uganda and
neighboring countries (Mugonola et al., 2013). Because of this rapid increase, land use is shifting
and marginal areas (wetlands, steep slopes, valley bottoms) are being converted to agricultural
cultivation. These additional areas, however, may not be able to sustainably maintain agricultural

output because they are prone to land degradation due to soil erosion.
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Soil erosion has also been identified as a major non-point pollution source in several regions,
causing severe damage each year. In the United States, for example, the net damage cost of
erosion-related pollutants was estimated to be $3.2-$13 billion in 1980 (Olson et al., 2016). Soil
erosion leads to preferential removal of a soil’s organic carbon and clay contents. As much as
20% of carbon transported by eroded sediments may be released into the atmosphere as CO;
(Lal, 2003; Polyakov & Lal, 2008). Soil erosion is directly related to food productivity reduction
and water pollution, and may also reduce the ability of soil to mitigate the greenhouse effect.
Excessive soil erosion, with its associated high rate of sedimentation in reservoirs and
diminished fertility, has become a serious environmental issue for the country, with disastrous
economic effects (Ganasri & Ramesh, 2016). For example, in Uganda's Rwizi watershed, erosion
causes loss of topsoil, organic matter, and poor water penetration and retention. Crop failure and
low yield are the outcomes of nutrients and moisture stress (Mugonola et al., 2013).

Smallholder farmers must use water-smart technologies such as mulching, grass strips, runoff
diversion, agro-forestry, and water harvesting to reduce soil erosion and land degradation. These
methods are classified as soil and water conservation (SWC) technologies and encompass
biological, physical, and management-related procedures (Bastiaanssen et al., 2007). Erosion
control can take many different kinds in a variety of activities. Mechanical, physical, and
biological methods can all be utilized to minimize erosion and control sedimentation (Holz et al.,
2015). Many of these technologies are classified as best management practices (BMPs) and are
used in agriculture, construction, forestry, mining, and other land uses where erosion is an issue.
BMPs are designed to prevent erosion at the lowest possible cost, and they are based on physical
principles that govern water energy and soil erodibility (Stuart & Edwards, 2006; Pulley &
Collins, 2019).

2.3.1 Modeling Soil Erosion

Several models have been created and are being utilized for research and operational purposes.
The most well-known soil erosion models are the USLE (Universal Soil Loss Equation, 1965),
Agricultural Non-Point Source model (AGNPS), Chemical Runoff and Erosion from
Agricultural Management Systems model (CREAMS), Sediment River Network model
(SedNet), EUROSEM (European Soil Erosion Model, 1993), RUSLE (Revised Universal Soil
Loss Equation, 1997), EPIC (Erosion/Productivity Impact Calculator, 1984), PESERA (Pan-
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European Soil Erosion Risk Assessment, 2003), Rill Grow (a model for rill initiation and
development, 1998), SEMMED (Soil Erosion Model for Mediterranean Regions, 1999), and
EROSION3D are some well-known soil erosion (De Mello et al., 2016; Defersha et al., 2012).
To aid management and decision-making, all of these sophisticated models are connected with
the RUSLE model. Although their usefulness varies depending on geographical setting, the
models incorporate common physical characteristics discovered to be essential from
observational experience or multivariable statistical analysis, such as slope, precipitation/rainfall,
vegetation cover, and soil erodibility (Chandramohan et al., 2015; Mello et al., 2016; Igwe et al.,

2017). However, all these initiatives have enabled the current global evaluation of soil erosion.

However, the RUSLE model is well-known and widely used (Alewell et al., 2019), and it
represents simple to comprehend and easy-to-apply technology that has been of significant
assistance to soil conservation and land management. The Revised Universal Soil Loss Equation
(RUSLE) is an upgrade and improvement of the commonly used Universal Soil Loss Equation
(USLE) (Rowlands, 2019). RUSLE calculates long-term soil loss with more precision than
USLE because it incorporates four independent variables: rainfall erosivity (Factor R), soil
erodibility (K-factor), terrain, and vegetation cover types (Benavidez et al., 2018). As a result,
with correct assessment of these erosion indices, the RUSLE model may be adapted to the
Ogwapoke micro catchment, as RUSLE is also suitable for analyzing soil movement at a given

place.

2.4 Assessing the impact of land use/cover change on the catchment hydrological flow

Stream flow or discharge refers to the amount of water that flows past a certain point in a stream
over a specific time period. The velocity (how fast the water is moving) and volume (the amount
of water in the stream) components of stream flow combine to determine the energy of the water.
Water energy has a significant impact on the structure of the stream as well as its biological and
chemical properties. According to Kelderman et al (2007), wetlands are known for providing
various ecological functions, including retention of sediments and nutrients from watersheds.
Wetlands can perform the function of protecting water bodies against eutrophication according to
Kansiime et al (2007). Studies done by Kyambadde et al (2004) observed that papyrus and other
aquatic plants in river beds help in trapping particles by supporting sedimentation and retention

of particulate matter. They also help in reducing the speed of runoff by the nature of their roots.
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This notion is supported by Stromberg et al (2010), plant canopy has a buffering effect on stream
flow. This leads to the slowing of the runoff across the canopy thus promoting sedimentation.
The presence of plants lowers the overall velocity of flow, which is a phenomenon that
encourages deposition of sediments.

However, according to Seibert & McDonnell (2010), deforestation and built-up area often
exacerbate stream flows especially in hydrologically fragile sites like wetlands. According to
Coe et al (2009), when forests are replaced with agricultural crops, there is reduced net surface
radiation, reduced humidity and recycling and thus rainfall. Reduced evapotranspiration leads to
low discharge while decreased rainfall also causes reduced discharge. Therefore, decreased
amounts of rainfall and evapotranspiration affects stream flow in a very complex manner. This
notion is shared by Sampaio et al (2007) who asserted that deforestation leads to reduction in
surface roughness, leaf area and rooting depth reduction, negatively affecting the rate at which
water is lost from leaves and soil, impacting on stream flow. Sampaio et al (2007) therefore

concludes that the net impact of deforestation is an increase in water yield and stream flow.
2.4.1 Rainfall-Runoff Models for predicting hydrological flow

Hydrological models are mathematical representation of rainfall - runoff processes in a
watershed (Devia et al., 2015). These simulations are based on the hydrological cycle that starts
with a precipitation event followed by other processes such as surface runoff, infiltration,
percolation, base flow, evapotranspiration and discharge that is simulated at the catchment outlet.
Hydrological models play a vital role in understanding catchment processes that is key for water
resources planning and management. Hydrological models are classified based on their spatial
extent, nature of basic algorithm used and model input or parameter requirements (Devia et al.,
2015; Trambauer et al., 2013).

The models classified based on input or parameter requirements are either deterministic or
stochastic. Deterministic model gives same output from the same input while different outputs
are obtained from the same input in stochastic models. Models based on spatial extent are further
divided into lumped, semi-distributed or distributed. Lumped model considers the entire
catchment as a single unit with disregard for heterogeneity, semi-distributed models divide the

catchment into sub-catchment from which simulations are done while distributed models cater
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for spatial heterogeneity by making simulations from smaller units of the entire catchment. And
those classified according to the nature of basic algorithms are grouped into empirical,

conceptual or physical.

Empirical model uses data obtained from either observation or experiment as inputs for
understanding catchment response to rainfall. Empirical models are simpler and can produce
reasonable result with limited data requirements compared to conceptual and physical models.
Conceptual model uses simple mathematical equations to describe all the components of the
hydrological system while physical models are based on solving governing equation such as the
equations of conservation of mass and momentum (Kauffeldt et al., 2016). Physical models use
catchment parameters or variables that are measured in the field or assumed based on catchment

characteristics. Physical models suffer from the challenge of over parameterization.
Model selection for predicting hydrological flow

Model for a particular study is selected based on the objective, scope, temporal and geographical
resolution of the model (Trambauer et al., 2013). Additional criteria my include ease of access,
input data requirements, cost, expertise, availability of model code, existing user community,
flexibility to grid structure, possibility of calibration with suitable tools, data assimilation and
availability of user manual (Kauffeldt et al., 2016). There are many hydrological modelling tools
that have been used for watershed scale studies and these includes; MIKE SHE, Hydrologiska
Byrans Vattenavdelning model (HBV), Variable Infiltration Capacity model (VIC) and Soil and
Water Assessment Tool (SWAT).

a) MIKE SHE

MIKE SHE is an advanced, flexible model created by the Systéme Hydrologique Européen
(SHE) (Abbott et al., 1986). The model can simulate surface and ground water flow including
transport of pollutants such as sediments, nutrients and pesticides in a catchment as such it plays
a key role in water quantity and quality monitoring. MIKE SHE has a high processing ability but
its use is limited to smaller catchment due to large data requirements and inability of users to
modify codes (Devia et al., 2015).
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b) HBV model (Hydrologiska Byrans Vattenavdelning)

The HBV is a public domain semi-distributed conceptual hydrologic model used in hydrological
forecasting and water balance studies (Bergstrom, 1976). The model divides the entire watershed
into sub-watersheds based on vegetation and elevation zones. It simulates catchment discharge
using daily rainfall and air temperature and estimate daily or monthly evapotranspiration. The
model is less complex and can be run on modest computer. Its outputs are easy to read and it also
provide sound hydrological information with limited input data. However, the HBV being a
conceptual model does not take into account the complete physical characteristics of the

catchment.
¢) VIC model (Variable Infiltration Capacity model)

The VIC is a semi-distributed grid based hydrological model created by Liang et al (1994) at the
University of Washington. The model simulates the hydrological cycle based on empirical
equation of water balance and energy to provide information on the quantity and temporal
availability of water within the watershed. The VIC model divides the soil into three layers
where the first layer allow quick evaporation, the second layer represents the dynamic response
of soil to rainfall event while the third layer characterizes soil moisture levels (Devia et al.,
2015). The main model inputs include; precipitation, temperature, wind speed and land use/cover
types that are highly differentiated within each grid. The model is open source
http://github.com/UW-Hydro/VIC with a very active global user community. The model has no
tool provided for incorporating observation stations, channel losses are not represented in routing

model and its resolution below 6 km is limited (Kauffeldt et al., 2016).
d) Soil and Water Assessment Tool (SWAT)

SWAT is a water basin scale and semi-distributed watershed model that is commonly used to
forecast the future influence of land control methods on agricultural chemical outputs, water,
and sediments, across longer timeframes in huge complex watersheds with differing soils, land
cover, and management circumstances (Neitsch, S.L.; Arnold, J.G.; Kiniry, J.R.;Williams, 2011).
It was developed for the United States Department of Agriculture (USDA)-Agricultural Research
Services (ARS) to assess the impact of human activities on water quantity and quality (Arnold et
al., 1998). The Digital Elevation Model (DEM) is used to divide the catchment into sub-
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catchments that are further subdivided into Hydrological Response Units (HRUSs) based on soil
type, land use/cover and slope (Neitsch, S.L.; Arnold, J.G.; Kiniry, J.R.;Williams, 2011). HRUs
are areas of the catchment which respond to rainfall events in the same way due to homogenous
soil, land use/cover and slope characteristics. The HRUs form the basic unit of hydrological
response in the SWAT model. Simulation of a catchment hydrology in the model is divided into
land and routing phase. The land phase represents the amount of water and pollutants (sediment,
nutrient and pesticides) entering the river channel while the routing phase defines the movement
of water and pollutants through the river channels to the catchment outlet (Neitsch, S.L.; Arnold,
J.G.; Kiniry, J.R.;Williams, 2011). The model simulates the hydrological cycle based on the

water balance (Equation 2.4).

t
S\Nt :SWO +Z (RI _QI _ETI - PI _QRI)

t=1 2.4
where SWh is the final soil water content of the day and SWo is the initial soil water content of
the day, t is time in days, and R, Q, ET, P, and QR are the daily amounts of precipitation, surface

runoff, evapotranspiration, percolation, and return flow, all measured in millimeters.

Because the Model is publicly available via http://swat.tamu.edu/, efficient, adaptable, and
continuous-time model that employs easily available data, the model has been effectively
deployed in both small and big catchments all over the world (Arnold et al., 1998; Neitsch et al.,
2011). The model also has one of the largest and most active global online user support
community. The model in addition uses the automatic SWAT-Calibration and Uncertainty
Procedures (SWAT-CUP) for calibration outside the SWAT software making the process easier.
Therefore, SWAT model was used in this study to simulate the impact of change in and
use/cover on the water balance of Ogwapoke micro-catchment.

Evaluation of model performance

A model's performance can be evaluated using a variety of approaches, including the coefficient
of determination (R2), Nash Sutcliffe Efficiency (NSE), and Percent Bias (PBIAS) (Moriasi et
al., 2007). The R2 is an indicator of strength of linear relationship between the observed and
simulated discharge values. It describes the proportion of the variance in observed discharge data
is explained by the model (Moriasi et al., 2007). R2 value ranges from 0 - 1, with higher values
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indicating less error variance. R2 values >0.5 indicate acceptable model performance (Santhi et
al., 2001) while a review by Moriasi et al (2015) recommended the use of values >0.6. The NSE
measures how efficient the plot of daily monitored and simulated discharge fits the 1:1 line and
its value ranges from — oo - 1 with 1 as the optimal value (Moriasi et al., 2007; Santhi et al.,
2001). NSE value of >0.5 is considered satisfactory model performance (Moriasi et al., 2015).
The PBIAS calculates the average tendency of the generated discharge data to be larger or
smaller than the observed discharge data with zero as the optimal value (Moriasi et al., 2007).
PBIAS values <+ 15% is satisfactory for a catchment scale model (Moriasi et al., 2015).

2.4.2 Siltation of the river

River siltation is exacerbated by soil erosion caused by agricultural operations, deforestation,
particularly along river banks, clearing of trees and grasses, and trenches along river banks
(Terefe, 2020). Siltation from lake basin erosion has a direct negative impact on water creatures
like fish by burying breeding grounds, diminishing benthic food supplies, and hindering water
clarity for visually feeding animals (Kemp et al., 2011; Wantzen & Mol, 2013). However,
increased turbidity may have an indirect impact on Lake Biodiversity. Seehausen et al (1997)
and Taabu-Munyaho et al (2016) demonstrated that increased turbidity (due to deforestation and
agricultural practices) is to blame for the diversity decline of the cichlid in Lake Victoria by

decreasing the impact of sexual selection on sexual isolation.

Actually, colour drives mate selection in these cichlids, and severe assortative mating can
quickly lead to sexual isolation of colour morphs, which is accelerating and most likely began in
the 1920s. By constraining color vision, turbidity interferes with mate choice (Ehlman et al.,
2018; Seehausen et al., 1997). The reduced effectiveness of signals causes relaxation of sexual
selection for color, with consequent loss of male nuptial coloration and erosion of species
diversity due to a breakdown of reproductive barriers. Dull fish colors, limited color morphs
variants, and minimal species diversity are prevalent in turbid environments caused by recent
eutrophication. This is proof that human activities that increase turbidity destroy the mechanism

of diversification and the maintenance of diversity.

2.5 Emerging literature gaps/synthesis
Despite the availability of various remote sensors in the world, this research used Landsat
satellite images (Thematic mapper (TM) and Operational Land Imager (OLI)). This is because of
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free accessibility and wide temporal availability since 1972 (Wulder et al., 2012). In addition,
most of the land use/cover changes worldwide have been conducted using Landsat satellite
images (Reis, 2008). In northern Uganda, few studies (3) have been conducted about land
use/cover changes therefore, this study is timely (Kilama Luwa et al., 2020).

The study adopted the Markov chain and Cellular Automata (CA-Markov) model to understand
the future state of land use/cover in Ogwapoke micro catchment. This model effectively
combines the spatial and temporal dynamics in modelling the land use/cover changes of an area
(Liping et al., 2018). The model is preferred in land use/cover projection because it is efficient,
easy to calibrate, and has a high ability to simulate multiple LULC and intricate patterns (Behera
et al., 2012). In addition, the mixed model of CA-Markov incorporates the drivers of land
use/cover prediction (Yirsaw et al., 2017). Most of the recent studies of land use/cover prediction
have used the CA-Markov model (Amini Parsa et al., 2016; Dezhkam et al., 2017; Kang et al.,
2019; Q. Wang et al., 2020). The review of literature showed that several studies have been done
globally about the effects of land use/cover changes on soil erosion (Sharma et al., 2011; Bogale,
2020; Kogo et al., 2020; Yu et al., 2021), however, few studies have been done about the same in
Uganda (Mukisa, 2021). Therefore, this study aimed to bridge this knowledge gap by assessing

the effect of land use/cover changes on soil erosion in Ogwapoke micro catchment.

This research utilized the Revised Universal Soil Loss Equation (RUSLE) model to determine
the soil erosion in Ogwapoke micro catchment. This is the mostly used model worldwide to
assess the soil erosion due to its simple applicability (Ghosal & Das Bhattacharya, 2020). The
factors of the model (rainfall erosivity, soil erodibility, terrain, and vegetation cover types) can
be easily integrated with GIS for better analysis (Ganasri & Ramesh, 2016). It also allows to

estimate deposition through sediment transport (Biswas & Pani, 2015).

Globally, several studies have been conducted about the effect of land use/cover changes on
hydrological flow (Mati et al., 2008; Getahun & Van, 2015; Guzha et al., 2018; Martinez-
Retureta et al., 2020). There is also emerging literature about this subject in Uganda (Gabiri et
al., 2020; Onyutha et al., 2021; Twesige, 2019), however, no such studies have been done in
northern Uganda, and yet, the area has undergone significant land use/cover changes (MWE,
2020Db). Therefore, the study assessed the impact of land use/cover changes on hydrological flow

in Ogwapoke catchment using the Soil and Water Assessment Tool (SWAT).
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SWAT was adopted in this study because it uses the automatic SWAT-Calibration and
Uncertainty Procedures (SWAT-CUP) for calibration outside the SWAT software making the
process easier (Neitsch, S.L.; Arnold, J.G.; Kiniry, J.R.;Williams, 2011). Other models for
predicting hydrological flow have limitations for example the use of MIKE SHE is limited to
smaller catchment due to large data requirements and inability of users to modify codes (Devia et
al., 2015); the Hydrologiska Byrans Vattenavdelning (HBV) model does not take into account
the complete physical characteristics of the catchment (Xu et al., 2017); and the Variable
Infiltration Capacity (VIC) model does not provide tools for incorporating observation stations,
channel losses are not represented in routing model and its resolution below 6 km is limited
(Kauffeldt et al., 2016).
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CHAPTER THREE: METHODOLOGY

3.1 Introduction

This chapter explains the methodology that was used in data collection and analysis. The
contents of this chapter are presented under description of the study, research approach, research

design, and methods of data collection.

3.2 Description of study area

3.2.1 Location

The Ogwapoke River, a significant river in the Ogwapoke micro watershed, divides Yepa and
Ogwapoke parishes, and it receives water from other tributaries. Ogwapoke micro catchment is
located in the Upper Nile basin, Pager Aringa sub catchment in Aswa catchment, found in
Kitgum District in North Uganda (MWE, 2020a) (Figure 3.1). Ogwapoke micro catchment
covers a land area of 16.5 square kilometers with minimum elevation of about 958 meters and
maximum elevation of 1085 meters above sea level. The micro catchment lies between
Ogwapoke, Yepa, Pajong and Pubech parishes of Muchuni Subcounty (Figure 3.1) where the
research was conducted in order to estimate the impact of change in land use/cover on soil
erosion. The Ogwapoke River, a significant river in the Ogwapoke micro watershed, divides

Yepa and Ogwapoke parishes, and it receives water from other tributaries.
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Figure 3:1: Location of Ogwapoke micro catchment

3.2.2 Vegetation

The micro catchment is dominated by patches of subsistence farmland with crops like sorghum,
ground nuts, millet, soya beans and sim-sim. The micro catchment is also dominated with
grasslands and tree coverage.

3.2.3 Climate

Ogwapoke micro-catchment in Aswa Catchment registers an average annual rainfall of about
1,200 mm, the highest single annual amount being slightly more than 1,420 mm and the lowest
being about 1,000 mm (MWE, 2013).The mean temperature during the year within the entire
catchment is about 24°C. This area has high evapotranspiration rates, which affects runoff,
groundwater recharge, and dry season flows, raising drought hazards (CORDAID & MWE,
2017).

3.2.4 Soils and Geology

The central part of Upper Ogwapoke is underlain by undifferentiated gneisses and granulite
facies rocks and sediment of alluvium black soil in the south which were formed some 3,000

million years ago and have been modified and altered by subsequent geological events including
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the rifting and volcanic activity, as well as the deposition of associated sediments (CORDAID &
MWE, 2017).

3.3 Research Design

Quantitative and qualitative research approach were used and these were drawn from remote
sensing and questionnaire tool. Remotely sensed Landsat imagery was used for analyzing land
cover changes in Ogwapoke micro catchment. The advantages of utilizing remote sensing land
cover monitoring is the ability to capture the continuous expression of land cover trends across
the landscape as emphasized by Reed et al (2009) and the ability to historically observe land

cover changes from archived satellite data sets (e.g. Landsat).

The sample size was determined according to Krejcie & Morgan (1970) (Equation 3.1).
S=EXANP(L-P) = 02(N=1) + XZP(L-P) e Equation 3.1
where;

s is the required sample size, X? is the table value of chi-square for 1 degree of freedom at the
desired confidence level (3.841), N is the population size, P is the population proportion
(assumed to be .50 which should provide the maximum sample size), and d is the degree of

accuracy expressed as a proportion (.05).

The total number of households in Ogwapoke, Yepa, Pajong and Pubech parishes (415) (UBOS,
2016) was used as N. Therefore, a sample size of 200 households was selected in this study.
Semi structured questionnaires were used to conduct the household survey in randomly selected
households within the micro catchment (Nath et al.,, 2010). The research considered farm
owners/households that have been resident in the area for 5 years and above to participate in the
survey. Household heads or the next of kin in each household were considered for the interview.
Therefore, the sampling unit was a household while the unit of observation was the head of the
house or next of kin. The household survey was conducted with the support of respective parish
and village heads within the selected parishes to ease access to households and prevent
conducting the survey beyond the micro catchment parish boundaries. Prior to undertaking the

survey, the questionnaire was pre-tested on ten households within the study area (these were
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exempted from the main survey) to check for errors and ambiguity and hence improve the

validity of the survey tools (Grimm, 2010).

Empirically derived equations and models based on the soil distribution process that combined
the use of remote sensing, GIS and other advanced scientific and technological means were used
for soil erosion modelling. These include USLE (Universal Soil Loss Equation) and RUSLE
(Revised Universal Soil Loss Equation).

3.4 Analyzing and predicting the spatial-temporal changes in land use/cover

The Thematic mapper (TM) Landsat imagery for both 1986 and 2003, and Landsat 8 Operational
Land Imager (OLI) for 2020 were freely acquired from USGS (htpps://earthexplorer.usgs.gov) at
a 30 m spatial resolution. To generate the land use/cover (LULC) maps using satellite imagery,
pre-processing was performed, and a classification scheme that defines the LULC classes was
explored. Six major LULC classes were identified for mapping in Ogwapoke micro catchment.
These included; built-up areas, croplands/ small scale farming, bushlands, grasslands, woodlands
and wetlands as described in Table 3.1.

Under Image processing and classification, Landsat TM/ETM images was resampled from 30m
spatial resolution prior to image analysis. To reduce the impact of the dust and noise on the
sensor, the resampled images (30m) were atmospherically adjusted using the Dark Object
Subtraction process. The method searches and removes dark pixel values. The Landsat imageries
were classified using a hybrid classification algorithms (supervised and unsupervised
classification) (Caprioli & Tarantino, 2003) in Arc Map software version 10.8 for spectral
reflectance clustering. This algorithm provided land use/cover spectral classes in Ogwapoke
micro catchment. Auxiliary data that included ground-truthing data in form of reference data
points was captured using the Geographical Positioning System (GPS). The reference data points
were mainly used to validate the current year (2020) image classification and accuracy
assessment of the results. Prior to post classification, 500 training sites were randomly

mapped for validation purposes, which was essential in enhancing the classification accuracy.

25



Table 3.1: Description of land use/cover types

LULC types Description

Built-up areas Commercial areas, urban settlements, industrial parks, government and
institutional buildings, highways, hard surfaces, parking lots, and
recreational places

Bushlands Disturbed vegetation that is not cultivated but with trees, shrubs and other
vegetation

Grasslands Land covered with grasses and other soft vegetation characterized by
narrow leaves and hollow stems but not with bushes and trees

Croplands Agricultural areas characterized with crops like beans, maize, simsim, soya
beans etc. grown on a small scale

Wetlands Avreas that are seasonally or permanently waterlogged with vegetation

Woodlands Sparsely scattered trees that have a height beyond the underneath grass

3.4.1 Socio-economic data
A set of well-structured questions both close and open ended were designed (Appendix 1) and
the micro-catchment area was clustered by parishes, which included Yepa, Ogwapoke and

Pajong.

The questionnaires targeted household heads who were residents in the micro catchment for the
last 5 years, since they gave detailed insight on the previous and current trends on land use/cover
and soil eroding within the micro-watershed. The questionnaire tool focused on land use/cover
changes, status of erosion, drivers of LULC changes & soil erosion, soil conservation method,
impacts and recommendations for the changes in the micro catchment. The different land covers
were mapped using the Global positioning system (GPS) in order to verify the land changes
generated by the satellite images. The drivers of change, impacts of change and soil conservation
methods were brain stormed by the respondents and filled in the questionnaire tool. The
sampling methods employed during the research study included sampling clusters for the
parishes according to the population and simple random sampling for the respondents in the
study area. The questionnaire method was preferred because it drew information from a wide
category of respondents (Zohrabi, 2013). Other data collection methods like interviewing,
observation and recording were used alongside the main questionnaire tool. The questionnaire
approach also helped to have a better comparison of the outputs obtained from remote sensing

approach.
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Data cleaning and coding were done prior to data analysis to obtain accurate information about
the land use/cover types that may be prone to soil erosion, existing soil and water conservation
practices, and drivers of change in the last 17-34 years in the micro catchment. IBM SPSS, a
statistical software widely known as general approach to data analysis was used for data analysis
of the different variables (Arbuckle, 2012).

3.4.2 Accuracy Assessment

The accuracy of the information derived from remotely sensed data is determined through
accuracy evaluation. It performs best when combined with ground reference data with data
acquired from aerial images (Zhou et al. 2009). The research captured approximately 500 ground
truthing points to depict the land use and cover classes on ground within the case study area.
These were used to calculate the confusion matrix in Ogwapoke micro-catchment. The confusion
matrix is performed to assess the accuracy of the land cover classification process relative to
reference data (Comber, 2013). The overall accuracy (OA), user's accuracy (UA), producer's
accuracy (PA) and Kappa statistics (K) were derived from the confusion matrix (Reis, 2008).
The Kappa (K) statistics combines the off diagonal elements of the error matrices and reflects
agreement obtained after removing the proportion of an agreement that could be expected to
occur by chance (Wu et al., 2006). Overall accuracy is a percentage that reflects the likelihood
that a pixel will be correctly identified/classified by the thematic map. Producer’s accuracy
denotes the proportion of pixels on the ground that are correctly classified by the one on the map,
and quantifies the proportion of pixels excluded from a reference classis (omission error). User’s
accuracy represents the fraction of a category that is incorrectly included in another category

(commission error) (Foody, 2002).

The overall accuracy is calculated as in equation (3.2)

Overall accuracy = L/NZ=g Xl Equation
(3.2)

where;

x is the individual cell values, xii is the total number of observations in a row i and column i,

N=total number of samples.

On the other hand, Kappa coefficient was computed as in equation (3.3).
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(3.3)
where Kc is the kappa coefficient, N is total number of samples, xii is the sum of correctly

classified pixel, r is the number of rows in the matrix, xit and xti, are the marginal totals of row i

and column i respectively.

The IDRISI software's Cellular Automata (CA)-Markov model was used to forecast future
LULC scenarios. The CA-Markov model was adopted because of its great data efficiency, and
ease of calibration, as well as its capacity to model different land covers and complicated
patterns (Memarian et al., 2012; Hyandye et al., 2017) hence qualifying to be widely-used tool
for land use dynamic simulation capability (Singh et al., 2015;Pan et al., 2017; Lu et al., 2018;).
The model was built on the Cellular Automata and Markov models, which were created to
anticipate land cover changes in complex and unpredictable urban areas (Ozturk, 2015). The
procedures of projecting land use/covers changes with CA-Markov from Clark Labs outlined by
Pan et al., (2017) and Liping et al., (2018) in the framework of IDRISI software was used in this
study. Calculating the transition matrix, generating suitability maps, and predicting the land
use/cover map were all part of this process. The Land use/cover transition matrix was computed
from the land use/cover map using the: (I) Markov model; (1) Suitability which was based on
the assessment indicators (road proximity, water body proximity, elevation, slope, and urban and
built areas) in the multi-criteria evaluation module; and (111) The spatial distribution of land
use/cover was simulated by the CA model based on the transition matrix and suitability maps. As
a result, the land use maps of 2003 and 2020 were utilized as a baseline map, and CA-Markov in

IDRISI software was used to anticipate and evaluate future land use maps of 2040.

To ensure model reliability, the CA—Markov model was used to predict land cover status in 2020
before performing reliable prediction of future land cover patterns. The land cover change map
was projected using various iteration numbers, i.e., optimum iteration number, to achieve
significant performance of the used model. The projected LULC map was compared with the
classified LULC map for validation purposes using the Kappa index statistic (Equation 3.3)
(Zhang et al., 2011). The validation results were aimed at giving a high level of agreement

between the actual and predicted maps.
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3.5 Determining the effect of changes in land use/cover on soil erosion

In order to determine the micro catchment study area boundary, a freely acquired digital
elevation model (DEM) with a 30-metre resolution was obtained from
https://earthexplorer.usgs.gov/. The Uganda soil layer downloaded from www.fao.org, and the
annual meteorological satellite rainfall data for 2020 from https://power.larc.nasa.gov/data-
access were used in the research. The satellite rainfall data was considered because it was more
consistent and had no missing data gaps throughout the years than the locally available rainfall
data. All data used in the research were considered because it was freely acquired. The RUSLE
Model was employed to generate soil-erosion in the study area. The RUSLE model was
preferred because it is widely used globally due to its practicality to generate and compute the
average annual soil erosion rate for different soils and weather conditions (De Mello et al.,
2016). Besides, the model utilizes seemingly low data requirements (Benavidez et al., 2018)
compared to more complex soil loss models, making it easier to apply in areas with scarce data
like Ogwapoke micro catchment. The integration of slope length factor in RUSLE enables the
prediction of soil loss due to overland flow. Therefore, in this research, the soil erosion was
calculated by multiplying four natural parameters (rainfall erosivity, soil erodibility and slope
length and slope steepness factors) to identify areas of high vulnerability (Panagos et al., 2015).
In contrast, the estimated soil erosion (Equation (3.4) was calculated by combining natural and
anthropogenic components (rainfall erosivity, soil erodibility, slope length and slope steepness,

cover management, and support practice factors) (Kogo et al., 2020).

A =R XK X LS X C X P Equation
(3.4)

where A denotes the soil loss per unit of area (tha ! year™); R represents rainfall erosivity factor
(MImmha'h!year!); Kis soil erodibility factor (t ha' MJ'mm™), LS (unit-less) denotes
topographic factor, C (dimensionless) is a crop management factor, and P (dimensionless) is a

conservation practice factor.
The R factor was estimated using (Equation (3.5)) as proposed by (Moore, 1979).

R = 0.029%(3.96™P+3122)-20. .. .cuiniieinit e e Equation
(3.5)
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where P is the mean annual precipitation in mm. The long-term mean annual precipitation from
2019 was determined using NASA's Prediction of Worldwide Energy Resources (NASA
POWER).

K Factor

The K factor expresses the susceptibility of soil erodibility as a result of its soil properties
(Cassol et al., 2018) as described in table 3.2. The FAO-compiled sand, clay, silt, and organic
carbon 3fractions were used to determine the soil erodibility factor of the Ogwapoke micro
catchment using (Equation (3.6)) as proposed by (Anache et al., 2015). Practically, to convert the
K factor from the American system to the metric system unity/International System of Units (SI),

A, B, and C were multiplied by 0.1317. However, K factor is derived from a sub equation of

K=AFB* C* D 0.1317 i e, Equation
(3.6)

Table 3.2: K factor detailed description

K= AXxBxCxDx0.1317

A Is the factor SAN
that gives low soil erodibility factors = (0 .2+ 0.30exp (-0.0256 SAN(1- is the percent sand content
for soils with high coarse- SIL/100)) (0.05-20.00 mm diameter
sand contents and particles)
high values for soils with less sand SIL

is the percent silt content

B is a factor that gives low soil SIL 03 particles)
erodibility factors = (m)
for soils with high clay to silt ratio CLA is the percent clay
content  (<0.002
C is a factor that reduces soil erodibilit 0.0256¢c0 diameter particles)
y for soils _ co+exp(3.72-2.95¢0)
with high organic carbon content co
is the percent organic carb
D is a factor that reduces soil erodibilit 0.7SN1 on content of the layer
y for soils with extremely high sand = \*— SN1+exp(-5.51+ 22.9SN1)) and
contents SN1 =1-SAN 1/100

Using an updated soil data, the K value was computed in excel spread sheet for each soil type

using the A, B, C, D parameters (Error! Reference source not found.) and later an excel table
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was joined to the Soil dbf in ArcGIS using the Join and Relate tool. The joined soil map was
further converted to raster format using the conversion tool in order to be used for analysis while

creating a raster K factor map.

Slope Length and Slope Steepness (Factor LS)

The slope length and steepness factor (LS) is a product of two separate factors: slope length (L)
and steepness (S), LS Factor. Digital Elevation Model (DEM) (is a raster representation of a
continuous surface in which each cell represents the elevation at a location) was used as the main
layer. Slope was derived from Ogwapoke micro catchment masked Uganda’s Digital Elevation
Model-DEM (STRM) of 30 m spatial resolution using spatial analyst tool in degrees. Flow
accumulation was also derived from the hydrology tool of spatial analyst. Therefore, factor LS
was computed and derived (equation 3.7) using the Raster Calculator of Spatial Analyst

Extension in the ArcGIS environment to obtain a final spatial distribution map.

FlowaccumulationXGridsize
L = TR Equation (3.7
( 55 13 ) q (3.7)

where;
Grid size = 110m, and slope length exponent m is taken from m-map for respective grid.
whereby;

Factor _F
Factor_ M = (1+ Factor F) ........................................................ Equation (3.8)
To calculate Factor F before getting Factor M.
where;
Factor F= ((Sin ("Slope"* 0.01745) / 0.0896) / (3 * Power (Sin ("Slope"* 0.01745),0.8) +
0,50 e Equation (3.9)

Therefore, from equation (3.8),

Factor L=Power (((“Flow accumulation” *grid size)/22.13),” Factor M”)............ Equation
(3.10)

And;

Factor S =Con ((Tan ("Slope™ * 0.01745) < 0.09), (10.08 * Sin ("Slope" * 0.01745) + 0.03),
(16.8 * Sin ("Slope" * 0.01745) - 0.05))...cririritiniiii e
Equation (3.11)
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Then;
Factor LS = Factor L * Factor S..........ccoiiiiiiiiiiiiii e, Equation
(3.12)

Conservation Practice Factor

In order to compute the conservation practice Factor C, land use/cover (LULC) map for 2020
was generated through ArcGIS using the “Iso-cluster unsupervised and maximum like hood”
tools. The values of conservation practice Factor C were assigned to all the land use/cover
classes using ArcGIS raster calculator after adding a field in the table of attributes. The Factor C
attributes ranging between 0-1 for different management practices (Table 3.3) are widely used as
emphasized and tabulated by (Panagos et al., 2015; Borrelli et al., 2017; Fenta et al., 2020).

Table 3.3: Land use/land cover classes and respective C-factor value

Class Small scale Grasslands Bushlands Built-up areas Wetlands Woodlands
farming
FactorC  0.38 0.15 0.015 0 0 0.015

Support practice factor (Factor P)

However, support practice factor (Factor P) is rarely taken into account in soil erosion modeling
at large scale, as it is difficult to estimate for large areas. P factor was taken as a unit assuming
no erosion control practices, it was therefore, assigned to 1.

GPS points were mapped with high erosion seen in deep valleys along the entire study area and
the points were overlayed on the RUSLE model for accuracy assessment, areas with steep slope
had high values as reflected in the model analysis whereas areas with low erosion were seen in

the low areas with low values.

The final map that shows the annual soil loss of the micro catchment was produced by
overlaying the above five parameters (K, R, LS, C, and P) using (Equation 3.4), and raster
calculator geo-processing tools in Arc GIS 10.8 environment. Each layer was organized in a grid
format with a resampled cell size (55%55) of the DEM. Furthermore, the statistical tool was used

to estimate the amount of soil loss and to classify the level of the soil loss in the Ogwapoke
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micro catchment. After computing the soil erosion loss using the main factors of soil erosion
(Rainfall erosivity, soil erodibility, slope, and C factor from land use map), results derived from
the soil erosion model were used as a base factor to determine the estimated soil loss for each
land use/cover. Soil erosion index was classified and categorized in four classes as follows; low
erosion, moderate erosion, high erosion and very high erosion based on the rate of erosion
(t/halyear). Therefore, more erosion corresponds to very high erosion and least rate of erosion
correspond to low erosion (Srinivasan et al., 2019). Therefore, the study considered rate of
erosion > 1 t/ha/year as low and values > 5 t/ha/year as high. Secondly, the land use/cover 2020
was overlaid on the classified erosion indexed layer and area for each index corresponding to a

particular land use/cover was computed.

3.6 Assessing land use/cover change impact on the Ogwapoke catchment hydrological

flow/water balance

The Land use/cover change effect on stream flow was simulated using the Soil and Water
Assessment Tool (SWAT model, Arnold et al., 2012). SWAT has been worldwide utilized and
fully tested for hydrologic modeling at various spatial scales to examine the land use and land
cover change impacts on watershed water supplies. The SWAT model (Neitsch et al., 2009;
Arnold et al., 2012) is a physically based, process-oriented, computationally efficient, semi-
distributed, time continuous catchment model. The model was developed to simulate and
predict the impacts of land management practices on water quantity and quality over long time
periods in complex catchments with varying soils, land use, and management conditions. Using
topographic information, the catchment was partitioned into a number of sub basins in the model.
Sub-basins are subsequently separated into hydrological response units (HRUs), which are made
up of a variety of soil, land cover, and slope classes (Arnold et al., 2012). On a daily time scale,
the model replicates hydrological processes. The hydrological cycle was divided into two parts:
land and routing (Figure 3.2). The land phase regulates the amount of water, sediment, nutrients,
and pesticides that enter each sub-main catchment's channel. The land phase involves processes
like climate, hydrology, erosion, and management operations. The routing phase involves the

movement of water, through the channel network to the catchment outlet (Neitsch et al. 2009).
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Figure 3:2: SWAT schematic representation of hydrological cycle. Adopted from Neitsch et al.
(2009)

In SWAT, five storages were considered to calculate the water balance and these include the
canopy storage, the soil profile, snow, a shallow aquifer and a deep aquifer. The water balance is

expressed as in equation 3.12

SW, = SWo + ZEoi(Ri — Qi — ETai — Waeepi = Quui) - vvveeeeeemmeneeaeniiieeeaan, (Equation
3.12)

where SWt is the final soil water content [mm], SWO is the initial soil water content on day i
[mm], t is the time [days], Ri is the net precipitation on day i [mm], Qi is the amount of surface
runoff on day i [mm], ETa, is the amount of evapotranspiration on day i [mm], Wseep,i is the
amount of water entering the vadose zone from the soil profile on day i [mm], and Qgw,i is the

amount of return flow on day i [mm] (Neitsch et al. 2009).

Model setup, calibration and validation

The basic initial model setup was carried out with the ArcSWAT interface. This involved
catchment delineation using a 30 m DEM, subdivision of sub-catchment into HRUs and
generation of daily climate input files. After the initial setup of ArcSWAT, sensitivity analysis,
calibration (1986-2003) and validation (2003-2020) was conducted using a standalone program,
SWAT-CUP (Calibration and Uncertainty program) at the catchment outlet using daily forecast
reanalysis stream flow (downscaled from Princeton climate for the periods of calibration and
validation), following the guidelines of (Abbaspour, 2015). Reanalysis of stream flow data was
used in the calibration and validation because there were huge data gaps in the measured
discharge data from the gauging station at the outlet of the catchment, thus, this never rave a
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representative picture within the catchment. The optimization algorithm, SUFI-2 (Sequential
Uncertainty Fitting) (Abbaspour, 2015) integrated in SWAT-CUP was adopted for sensitivity
analysis, calibration and uncertainty analysis. Sensitivity analysis was conducted to determine
how various sources of uncertainty in a mathematical model contribute to the model's overall
uncertainty. An uncertainty analysis is crucial to evaluate the strength of a calibrated model
(Abbaspour, 2015). There exist several uncertainties in hydrological modelling which include
according to Shen et al (2012), (1) uncertainties in the model structure; (2) uncertainties in model
parameter estimates; (3) uncertainties in the model drivers (initial and boundary conditions such
as rainfall, soil and land use); (4) uncertainties that are overlooked by the modeller and not

included in the model (can be unknown or known processes).

In SUFI-2, uncertainty of parameters accounts for all sources of uncertainties stated above.
Accumulation of uncertainties in the parameters results into uncertainties in the model output
variables, which are expressed as 95% prediction uncertainty. 95% prediction uncertainty
(95PPU) was calculated at the 2.5 and 97.5 percentiles of the cumulative distribution of an
output variable attained through Latin Hypercube sampling, ignoring 5% of the very bad
simulations due to bad parameter combination. The uncertainty band of 95PPU was used to
account for the modelling uncertainty (Arnold et al., 2012). The degree and strength of
uncertainties in the model output were measured by the P-factor and the R-factor respectively
(Abbaspour, 2015). The P-factor is the percentage of measured discharge enveloped by the
95PPU. The P-factor ranges between 0 and 1, in which 1 means 100% bracketing of the
measured discharge by the model. The R-factor is the thickness of 95PPU envelop calculated by
Equation 3.13. The R-factor divides the average distance between 2.5 and 97.5 percentiles with
the standard deviation of the measured (Arnold et al., 2012). The R-factor ranges from 0 to
infinity, with values below 1, indicating a small uncertainty band (Arnold et al., 2012). A P-
factor of one and R-factor of zero is a simulation that exactly corresponds to the measured
discharge. The strength of calibration is judged by the degree of deviation of these numbers. A

larger P-factor is achieved at the expense of a large R-factor (equation 3.14).

R — factor = % (S = L) e, (Equation 3.14)

where n is the number of observations, o, is the standard deviation of the measured discharge,

Sy and S, are the 97.5™ and 2.5™ percentiles of the simulated 95PPU, respectively.
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Model evaluation

SWAT model performance during calibration and validation was evaluated based on three
statistics, specifically: (1) the coefficient of determination (R2), (Equation 3.15); (2) the Nash-
Sutcliffe efficiency (NSE) (Equation 3.16) (Nash and Sutcliffe, 1970); and the percent bias
(PBIAS) (Equation 3.17) (Gupta et al., 1999), The coefficient of determination (R2) was used to
describe the proportion of variance explained by the model and ranges between 0 and 1.0, with
high values indicating less error variance (Rathjens and Oppelt, 2012a). The NSE is a
dimensionless model evaluation index, used to determine the relative magnitude of the residual
variance between the simulated and measured data variance (Nash and Sutcliffe. 1970) and
ranges from -oo t01.0. An NSE of 1.0 indicates a perfect fit between the simulated and observed
data and it is very responsive to the peak flows (Moriasi et al. 2007). PBIAS was calculated to
measure the average tendency of the simulated data to be larger or smaller than the measured
values. The optimal value of PBIAS is 0%, with positive and negative values indicating model

underestimation and overestimation bias, respectively (Gupta et al., 1999).

The model performance was considered to be satisfactory if NSE > 0.50, R? > 0.50, PBIAS
+25% (Moriasi et al., 2007). These three statistic criteria were enough to evaluate the model
performance for the study purpose since they capture the low and high flows in the hydrograph.
Further, these lumped metrics have been established as key model performance benchmarks
(Moriasi et al., 2015). They provide an average measure of error and are intentionally biased
towards large magnitude flows and this was partly the objective of the calibration to maximize
the peaks since the catchment is mainly characterized by low flows for most of the periods due to
the low rainfall received. NSE is slightly better than R? for many model applications as it is

sensitive to the observed and model simulated means and variances (Krause et al., 2005).

p? = _EE0i-0)PP)]’ (Equation 3.15)
AT BN —
NSE=1-ZROTIE ettt (Equation 3.16)
i=1\Yi—
PBIAS = 100 * % Equation 3.17)
i=1 Vi
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where 0;and P; are the measured and simulated data, respectively, 0 and P are the mean of

measured and simulated data, n is the number of observations.
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CHAPTER FOUR: RESULTS

4.1  Analyzing and predicting the Spatial-temporal changes in land use/cover

Between 1986 and 2003, bushlands, grasslands, wetlands and woodlands continued to shrink
although slight increases in both small-scale farming and built-up areas were observed. The same
pattern was still observed between 2003 and 2020 while the main land covers were shrinking in
area. The estimates of LULC changes show that the built-up and small-scale farming land uses
have both increased significantly (Table 4.1). In 1986, built-up areas covered 0.1 sq.km which
increased to 1.6 sq.km and 2.5 sq.km by 2003 and 2020 respectively indicating a 4 % growth in
the 34 years interval. Table 4.1 also shows that between 1986, 2003 and 2020, small scale
farming increased to approximately 5.5%, 21.5% and 40.7% respectively. Over the same period,
bushlands decreased from 23.3% to 20.1%, and to 11.6%. Grassland decreased from 26.2% to
20.5% and then to 18.8%. Wetlands decreased from 12.9%, 10.5%, and 10.3% whereas
woodlands decreased from 32.1% to 26.1% and 16.2% over the same study period (Table 4.1).

However, under the ground survey it was observed that between 1986 and 2003 and 2003-2020,
built up areas (1.3%, 1.1%) and small-scale farming (16%, 19.2%) respectively increased in
favour of other land covers (bushlands, grasslands, woodlands and wetlands). The highest
decrease between 1986 and 2003 was observed in woodlands (6%) followed by grasslands
(5.7%) whereas 2003-2020, highest decrease was observed in woodlands (9.9%) followed by
bushlands (8.5%). Wetlands were observed to have the least decrease in changing trends with
0.1%, 0.2% (Table 4.1)

Table 4.1: Land use/cover spatial statistics in Ogwapoke micro catchment from1986-2020

1986 2003 2020 Change Change
1986-2003 2003-2020

Land use/ Area % Area % Area % Area %  Area %
cover (Sg.km) (Sq.km) (Sq.km) (Sq.km) (Sq.km)
Built-up 0.1 0.1 1.6 14 29 25 15 1.3 1.3 1.1
areas
Bushlands 27.1 233 234 20.1 135 116 -3.7 -3.2 -99 -85
Grasslands 30.5 26.2 239 205 219 18.8 -6.6 5.7 -2 -1.7
Small scale 6.5 55 25 215 474 40.7 185 16 224 19.2
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farming

Wetlands 15 129 122 105 121 103 -2.8 -24 -01 -0.2
Woodlands 37.4 321 304 26.1 18.8 16.2 -7 -6 -116 -9.9
TOTAL 116.5 116.5 116.5

Table 4.2 shows results from household survey indicating that small scale farming was replacing
other land use/cover with a score of 41.5%, followed by woodlands (32.5%) and then grasslands
(15%). Besides, a number of questionnaires also showed that the earlier years (1986-1990s)
woodlands, grasslands and bushlands had the highest coverage compared to the 2000s.
Therefore, the shrinking of land covers from 1986 to 2003 (Table 4.1) and the increasing patterns
of land uses from 1986 to 2003 shows that this was the same obtained with the observed results

from the respondents as shown in Table 4.2.

Table 4.2: Response to the major land use/cover that has been the main replacement of other

land covers at least in the last 17years

Land use/cover No. Respondents %
Built-up areas 14 7
Bushlands 8 4
Grasslands 30 15
Small scale farming 83 41.5
Wetlands 0 0
Woodlands 65 325
Total 200 100

Spatial patterns of LULC changes in the study area for 1986, 2003 and 2020 are shown in Figure
4.1. The research revealed six land use/cover (LULC) classes that were evenly distributed
throughout Ogwapoke micro catchment between 1986, 2003 and 2020 (Figure 4.1). These LULC
classes included built-up areas, bushlands, grasslands, small scale farming, wetlands, and

woodlands with a total coverage of approximately 116.5 sq.km.
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Figure 4:1: Land use/cover spatial distribution in Ogwapoke micro catchment from 1986-2020

4.1.2 Accuracy assessment

The results from accuracy assessment (Table 4.3) showed an overall accuracy of 86.6%, 83.8%
and 82% for the classified images of 1986, 2003 and 2020 respectively (Table 4.3). In 1986,
user’s accuracy ranged from 81.1% to 94.7% while producer’s accuracy ranged from 82.6% to

96.0%, while in 2003, user’s accuracy ranged from 81.3% to 94.4% and producer’s accuracy
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ranged from 81.5% to 85.1% (Table 4.3). In 2020, User’s accuracy ranged from 79.5% to 92.2%
while producer’s accuracy ranged from 76.5% to 92.2%. Kappa statistics of 0.86, 0.81 and 0.78
was registered in 1986, 2003 and 2020 respectively (Table 4.3). Therefore, all years were
considered to have more reliable user and producer accuracies greater than 75% as also agreed
by a number of research studies like (Ayyanna et al., 2018; Priyadarshini et al., 2018; Garg et al.,
2019).

Table 4.3: Accuracy assessment

1986
Producer accuracy (%) 85.0 87.0 96.0 82.6 88.2 94.8
User accuracy (%) 81.3 811 91.1 94.7 90.1 84.9
Overall accuracy (OA) - (%)

88.6
Kappa statistics 0.86
2003
Producer accuracy (%) 815 84.9 82.1 85.1 84.5 85.0
User accuracy (%) 81.3 816 82.1 88.1 84.5 94.4
Overall accuracy (OA) - (%) 83.8
Kappa statistics 0.81
2020
Producer accuracy (%) 81.3 88.2 82.9 878 772 76.9
User accuracy (%) 81.3 822 90.0 80.0 922 795
Overall accuracy (OA) - (%)

82.0
Kappa statistics

0.78

4.1.3 Land use/cover prediction

The Markov model used in the research also revealed that after 20 years, small scale farming and
built-up areas are likely to increase tremendously by 9.8% and 3.4% respectively from 2020 to
2040 (Table 4.4), leaving isolated pockets of wetland and bushlands.

Table 4.4: LULC change statistics for 2020-2040 and annual rate of change

2020 2040 change2020-2040
Land use/cover Area (Sg.km) % Area (Sq.km) % Area (Sq.km) %
Built-up areas 29 2.5 6.8 5.8 3.9 3.4

41



Bushlands 135 11.6 11.5 9.9 -2.0 -1.7

Grasslands 21.9 18.8 13.3 114 -8.7 -1.4
Small scale farming 474 40.7 58.8 50.4 114 9.8
Wetlands 121 10.3 8.0 6.9 -4.1 -3.5
Woodlands 18.8 16.2 18.2 15.6 -0.6 -0.5

The rest of the land covers were predicted to have reduced further compared to the values of
2020. Woodland had the least reduction followed by bushlands, wetlands and grasslands at 0.5%,
1.7%, 3.5% and 7.4% respectively. In 2040, only six LULC classes were predicted including

small scale farming, built-up areas, grasslands, wetlands, bushlands, and woodlands (Figure 4.2).
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Figure 4:2: Spatial distribution of the predicted land use/cover (2040) in Ogwapoke micro

catchment

The respondents also identified that in the last 34 years, animal grazing has been the biggest
driver for changes in land use/cover change followed by bush burning (Figure 4.3). However, in
the last 17 years, bush burning was considered to be the main driver of change in the Ogwapoke

micro- catchment followed animal grazing (Figure 4.3)
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Figure 4:3: Drivers of land use/cover change in the last 17 and 34 years

4.2  Determining the effect of land use/cover change on soil erosion

Rainfall erosivity (R) factor estimation, the result of IDW interpolation using precipitation data
showed that the mean annual rainfall of the micro catchment ranged from 1419.32 mm to
1453.85 mm with the highest value in the north eastern part of the micro catchment (Figure
4.4A). The R-factor value of micro catchment was between 227.6 and 231.4 MJ mm ha—1
year—1 (Figure 4.4B) with higher values occurring in the north eastern part of the micro
catchment, and the potential of rainfall to erode soil gradually decreases toward the south and
south eastern part of the micro catchment.
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Figure 4:4: Spatial distribution of Rainfall in mm (A), Rainfall erosivity-Rfactor (B), Soil
types(C), soil erodibility —Kfactor (D)

Soil erodibility (K) factor estimation.

The major soil types in the micro catchment are Eutric Regosols, Vertisols, with Eutric Regosols
covering the largest part of the micro catchment (Figure 4.4C). However, the soil erodibility (K)
factor value of the micro catchment was constant with 0.2 ha—1 MJ—1 mm~—1 in all the soil types
within the micro catchment (Figure 4.4D). Therefore, result indicated that about 100% of the

micro catchment area has a K-value of 0.20 t/ha—1 MJ—1 mm—1.
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LS factor estimation.

The slope steepness map (Figure 4.5E) was directly generated from the STRM DEM (30-m
spatial resolution) map and results revealed that Ogwapoke micro catchment is generally flat
with a slope ranging between 0.01-5.73 degrees. The slope length and slope steepness factor
result in figure 4.5F indicated that the slope length and slope steepness (LS) factor value in the
micro catchment varies from 0 in flat areas to 0.016 in stream bank or slightly hilly areas. The C-
factor value of the watershed ranged from 0 to 0.38 (Figure 4.5H) with the lowest value in

wetland areas and highest in crop land areas.

Legend % Legend F T
Slope(Degrees) E ’ Factor LS

B oo -109 I o - 0.006 I
I 1.1- 1.80 [[] 0.007-0.018

[19-28s 0.019 - 0.029

B ze7-573 I 0.03-0.061

1ecm=2EkKkm 1em=2km

Legond Legend

Landuse/cover (2020) Small scale farming G H
B Builtup areas Watland Factor C

BN Bushland I Woodland Bl oo
I Grassland ol B o.6- 038

1ecm=2km fcm=2km

Figure 4:5: Spatial distribution of Slope in degrees (E), Slope length-gradient factor-LS factor

(F), Land use/cover types (G), cover-management — Factor C (H)
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Table 4.5 summarizes land use/cover classes effects on the annual soil loss in Ogwapoke micro

catchment. The findings showed that most of the built-up areas and wetlands in Ogwapoke micro

catchment experience low soil erosion (4% and 17.5% respectively). Most of the bushlands,

grasslands and woodlands experience moderate soil erosion (17.1%, 31.1% and 21.7%

respectively) whereas most of the small-scale farmlands have a very high of soil erosion

(79.9%). Generally, Ogwapoke micro catchment showed a low soil erosion (56.7 sq.km),

compared to moderate soil erosion (39.7 sg.km), high soil erosion (13.9 sq.km) and very high
soil erosion (6.2 sq.km) (Table 4.5).

Table 4.5: Soil erosion coverage in the different land use/cover types in Ogwapoke micro

catchment
Low soil erosion  Moderate soil High soil erosion Very High soil
erosion erosion
Land use/cover Area % Area % Area % Area %
(sg.km) (sg.km) (sg.km) (sg.km)
Built-Up Areas 9.94 1754 1.09 2.76 0.46 3.27 0.20 3.29
Bushlands 5.24 9.24 6.79 17.11  0.79 5.70 0.27 4.39
Grasslands 9.58 16.89 12.36 31.14 1.10 7.86 0.28 4.54
Small Scale Farming  18.74 33.05 10.62 26.78 10.16 72.87  4.96 79.99
Wetlands 2.27 4.01 0.21 0.52 0.07 0.52 0.02 0.38
Woodlands 10.92 19.27 8.61 21.69 1.36 9.79 0.46 7.42
Total 56.7 39.7 13.9 6.2

The respondents revealed that croplands/small scale farming is the most prone land use to soil

erosion followed by built-up areas and bushlands, since the land surface is always bare and thus,

exposed to high runoff resulting into surface soil movement downslope (Figure 4.6).
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Figure 4:6: Land use/cover types perceived to be prone to soil erosion in the catchment

Figure 4.7 shows the categorization of soil erosion in Ogwapoke micro catchment. Generally,

Ogwapoke micro catchment has a low soil erosion.
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Figure 4:7: Soil Erosion rate (Left) and soil erosion ranking maps according to severity (right)

48




In an effort to reduce the effect of soil erosion, catchment management interventions are
conducted in the study area and the main interventions according to the respondents include tree
planting through reforestation (41%), mulching (26%) and vegetated strips/grass bunds (17%)
(Table 4.6).

Table 4.6: Existing soil and water conservation practices at the farms (n=200)

Soil and Water Conservation Practices Frequency Percent
Reforestation 82 41
Vegetated strips 33 17
Contour plowing 5 3
Stone lining 7 4
Fallowing 9 5
Mulching 52 26
Live hedges 12 6
TOTAL 200 100

4.3  Assessing the impact of land use/cover change on the catchment hydrological flow

The effects of land use/cover changes scenarios (from 2003 to 2040) are shown in Table 4.7 for
the annual water balance components. Surface runoff is highly affected by changes in land
use/cover change in the micro-catchment. In the year 2020 (scenario 2), it increased by 120%
and it’s projected to increase by 188% under the projected land use/cover in the year 2040 from

the reference land use/cover scenario (LULC 1986) (Figure 4.7).

Table 4.7: Annual water balance components (mm/yr) with regard to land use scenarios

Water balance components Baseline Scenario 1 Scenario 2 Scenario 3 (2040)
(2003) (2020)

Total water yield 422.1 422.3 424.3 421.2

Base flow 375.2 371.03 363.1 352.1

Surface runoff 12.53 17.3 27.56 36.3

Lateral flow 12.63 12.49 12.54 12.29

Deep aquifer recharge 44.09 43.8 43 42.8

Actual evapotranspiration 531.78 531.8 530.6 533.9
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Similarly, actual evapotranspiration and total water yield is observed to increase for both land
use scenarios and these changes will have impacts on the micro-catchment ecosystem services

and functioning.

Total water yield

Actual evapotranspiration Base flow
——5Sc0_1986
—5Sc1_2003
—Sc2_2020
——5c2_2040
Deep aquifer recharge Surface runoff

Lateral flow

Figure 4:8: Change in annual water balance components due to land use/cover change in the

micro-catchment

Figure 4.9 shows the spatial changes in the annual evapotranspiration (ET), surface runoff and
total water yield within the micro-catchment due to the effect of land use scenarios. Between
LULC 1986 and LULC 2003, a decrease (-1.9%) in ET occurred in the most parts of the micro-
catchment with an increase in ET observed in the lower micro-catchment with the highest
increase of 2.5% from the reference land use/cover situation of the year 1986. For the land
use/cover scenario of 2020, a decrease in ET occurred in most parts of the micro-catchment,
however, unlike to the land use/cover scenario of the year 2003, ET increased in the upper
micro-catchment. According to the projected land use/cover scenario of the year 2040, annual
ET will have a mixed change spatially in the micro-catchment with the large part of the micro-
catchment experiencing a decrease in annual ET (Figure 4.9). Surface runoff spatially increased
across the micro-catchment for all the land use/cover scenarios. The highest increase was

experienced in the middle part of the micro-catchment between the period of 1986-2003 and the
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increase in surface runoff spatially expanded to the upper micro-catchment between the periods
of 1986-2020, indicating an increase in micro-catchment degradation in the upper micro-
catchment (Figure 4.9). According to the projected land use/cover for the year 2040, surface
runoff is projected to increase up to 100% although slightly lower compared to the land use
scenarios of the year 2020 and 2003 (Figure 4.10).

Total water yield increased (up to 3.5%) in most of the sub-basins of the micro-catchment due to
land use/cover scenarios for the years of 2003 and 2020 from the reference land use scenario of
the year 1986 (Figure 4.10), indicating availability of water for production in the micro-
catchment. However, the decrease in total water yield also occurred in the two scenarios
although it was observed that under land use scenario for the year 2020, decrease in total water
yield spatially increased in the micro-catchment compared to the one of the years 2003. Further,
the effect of the projected land use/cover situation in the micro-catchment indicates that the
micro-catchment experiences a decrease in the total water yield (up to 8.6%) in most parts of the
micro-catchment although some parts experience an increase in total water yield (Figure 4.9).
Therefore, there was a projected mixed change in total water yield across the catchment by the

year 2040 due to the effect of land use/cover.
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Figure 4:9: Annual change in water balance components with respective to land use scenarios
from the baseline land use of 1986. ET refers to Actual evapotranspiration; SQ is surface runoff;
and WYLD is Total water yield
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Figure 4:10: Annual water balance components change with respect to projected land use/cover scenario

from the baseline land use of 2020. ET refers to Actual evapotranspiration; SQ is surface runoff; and
WYLD is Total water yield.

Figure 4.11 depicts the intra-annual variability in the selected annual water balance components
(surface runoff, base flow; GW_Q and evapotranspiration; ET) under the different land use
scenarios in comparison with the reference land use scenario of the year 1986. Accordingly,
Figure 4.11a, shows that in the land use scenario for the year 2002, an increase in ET occurred in
the rainy season (April; May, September, October and November) and the month of December
while for the land use scenario for the year 2020, monthly ET increased across all the seasons in
the year. Therefore, monthly ET was seasonally affected by the changes in land use/cover within
the micro-catchment. Figure 4.11b shows that surface runoff increased across all the seasons

(rainy and dry seasons) with the highest increase in the month of March for both land use
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scenarios. Surprising is that during the well-known documented dry season (JJA) in Uganda,
there was relatively high surface runoff which could be attributed to the recent shifts in seasonal
precipitation due to the effect of climate change across the country. Figure 4.11c shows that base
flow/groundwater flow increased throughout the months between the land use scenario of 2020
and reference land use of 1986, with the highest in the months of July and August. While
between the land use scenarios for the year 2003 and reference 1986, base flow decreased
throughout the months. Figure 4.11 b shows that the total water yield increased throughout of the
year with the highest in the months of March and July using a land use scenario 2020 and the
reference of 1986 regardless of the season.
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Figure 4:11: Change in monthly water balance components for land use/cover change scenarios

compared to the reference scenario of the year 1986.

Figure 4.12 indicates the change in monthly water balance parameters between projected land
use/cover scenarios for the year 2040 to the reference land use/cover scenario of 2020 for the
micro-catchment. In the future, surface runoff is projected to increase throughout all the
seasons/months. Evapotranspiration will generally decrease except for the rainy periods of April

and May. Base flow (GW-Q) is also projected to decrease except in the rainy months of March
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and April which indicate an increase in base flow. In general, total water yield increases except

in the month of January.
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Figure 4:12: Monthly changes in water balance components between projected land use/cover scenario
for the year 2040 to the reference land use/cover scenario of 2020 for the micro-catchment .Where: ET is
Evapotranspiration, SURQ is Surface run off , GW_Q Ground water runoff and WYLD is Total water

yield, all in in millimeters(mm)

The effects of major land use/cover types on the water balance components was carried out by
fitting the percentage of LULC classes (small scale farming and grassland) to the corresponding
simulated annual surface runoff, base flow and actual evapotranspiration through a linear
regression shows the different trends on the effect of these LULC classes on these water balance
parameters. Figure 4.13a indicates that surface runoff is positively correlated to the area of small-
scale farming (R? =0.97) while base flow also positively correlated to the area of grasslands (R?
=0.99; Figure 4.13e), indicating that changes in surface runoff and base flow can be directly
attributed to the changes of small-scale farming and grassland areas, respectively. Figure 4.13d
shows that surface runoff and percentage of grassland areas are negatively correlated and Figure
4.13b indicates that base flow and percentage of small-scale farming areas are negatively
correlated. Therefore, increase in surface runoff can be explained by the interplay between
grassland depletion and cropland expansion.
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The trend in the mean annual ET shows a parabolic relationship with the percentage of small-

scale farming and grassland areas. Figure 4.13c shows a parabolic increase in ET with an

increase in small scale farming areas while a parabolic decrease in ET is observed with an

increase in grassland areas.
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Figure 4:13: Change in surface runoff, base flow, and actual evapotranspiration explained by
the percentage of small scale farming and grassland in the catchment
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CHAPTER FIVE: DISCUSSION

5.1 Spatial-temporal changes in land use/cover in Ogwapoke micro catchment

The main land use/cover changes in the micro catchment for the period of 1986 and 2020 were
conversions from grasslands, woodlands, wetlands and bushlands to small scale farming and
settlements/built up areas in the micro catchment. Some portion of grassland area, woodland
area, wetlands and bushlands area in the micro-catchment were converted into small scale
farming and built-up by the year 2020. The same results obtained in the field survey also showed
the same pattern human activities like bush burning and over grazing were key drivers of land
use/cover changes. This was attributed to the increase in the demand for food, settlements and
other natural resources such as firewood due to the increase in population in the catchment. In
fact, according to UBOS (2016), the population growth rate in the country is 3.3% and Northern

Uganda accounts for 22% of the total population.

Therefore, the growth in population density in the region has increasingly led to the exploitation
of the natural resources in most of the catchments including Ogwapoke catchment (Kilama Luwa
et al., 2020). Over the period of 34 years (1986-2020), grasslands, bushlands, woodlands and
wetlands have been undergoing clearance to small scale farming, settlements and charcoal
burning for livelihoods according to the stakeholders interviewed in the catchment. Therefore,
LULC changes and the variations in magnitude captured during the study period, confirms that
there has been land use and land cover changes in the sub catchment, with the land cover types
being converted into small scaling farming and settlements as land use types. These changes
affect the catchments stream flow regimes and other ecosystem services and functioning of the
catchment. Land use and land cover changes to small scale farming and settlements without any
carefully thought of conservation interventions results into increased water stress for the crops in

the uplands, flood risks and soil erosion and thus, increased catchment degradation.

The decrease in land cover types (woodlands, grasslands, woodlands and bushlands) which have
occurred in the catchment over the period of 1986 to 2020 have also been reported by Nyeko
(2012) and Mwanjalolo et al (2018) as an ongoing trend in the Aswa catchment where
Ogwapoke micro catchment is part of its sub catchment. The authors reported that deforestation

of woodlands and grasslands for firewood and construction materials including small scale
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farming is occurring. The change in LULC is also in line with the findings of Egeru & Majaliwa
(2009) who reported non-uniform LULC changes in northern Uganda specifically Karamoja sub
region due to the increasing population and poverty rates (UBOS, 2019). In addition, Kiggundu
et al (2018) reports a twofold increase in built up area in the Murchison Bay watershed of Lake
Victoria Basin due to population increase. LULC changes into small scale farming and
settlements are the driving forces in the sub Saharan African catchments (Chavula et al., 2011;
Gashaw et al., 2018). If the situation remains as it is in terms of land use/cover change, the
projection for land use/cover change from 2020 to 2040 from this study indicates that small scale
farming and built-up areas has increased at the expense of land cover types. This is likely to
increase micro-catchment degradation in terms of water resources and soil loss if no

interventions for catchment management are put in place.

5.2 Effect of land use/cover change on soil erosion in Ogwapoke micro catchment

The rate of soil erosion in the micro catchment is still low although the highest rate of erosion is
not surprising that it is observed in small scale farming. The high rate of erosion in small scale
farming is due to the decrease in the vegetative cover due to loss of grasslands and woodlands.
The loss of vegetative cover escalates the increase in the hortanian surface runoff which is
directly related to soil erosion. An increase in soil erosion in the low vegetation cover such as
farming and built-up areas is induced by the low tree cover, as a result, interception losses
increase resulting in a higher net precipitation that reaches the surface and thus, higher soil
erosion. Similar findings in the middle and upper reaches of the Heihe River Basin in north
western China have been confirmed by Li et al (2015), who related an increase in soil erosion to
the loss of vegetation cover while assessing the influence of changes in land use on the water
resources. Further, Nugroho et al (2013) reported an increase in soil erosion due to reduced
forest vegetation land cover which reduced soil infiltration and interception of through fall. In
addition, Azanga et al (2016) attributed the increase in sediments and runoff in the Lake

Tanganyika basin to the increase in cultivated land and built-up areas.

Furthermore, although soil and water conservation practices are being implemented in the
catchment (MWE, 2020b), the increasing rate of anthropogenic activities such as bush clearing,
deforestation, and agriculture among others versus the protection in the sub catchment attribute

to the increased soil erosion along slopes and the croplands. The study findings concur with
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results from Hayicho et al (2019) in the Melka Wakena Catchment of Sub-Upper Wabe-Shebelle
Watershed in south Eastern Ethiopia and Mbungu (2016) in the Upper Ruvu Watershed of
Tanzania who found high soil erosion along hilly parts of the watershed and farmlands. The
increased soil eroding in the catchment farmlands and slopes including the bare lands will affect
the sub catchment health and stream flow through sedimentation thus, increasing risks of stream
overflow causing flooding in the lower catchment. Therefore, the increased change in land
use/cover will result into water shortage, flood risk and severe soil erosion and thus, leading to
decline in the ecosystem services and functioning in the watershed.

5.3 Impact of land use/cover change on the hydrological flow in Ogwapoke micro
catchment

Increases in specific water balance parameters (water yield and surface runoff) simulated under
all the land use scenarios is due to the highly increasing changes in land covers to small-scale
farming and built-up areas. The increase in water yield and surface runoff comes with benefits
and challenges in the catchment. The benefits include increased water availability and challenges
include flood risks which hinder the water quality and other ecosystem services and functioning
of the catchment. The decrease in evapotranspiration is due to the decline in the vegetation
coverage. The projected increase in surface runoff and water yield for both the rainy and dry
seasons by the year 2040 from the reference year of 2020 is attributed to the highly projected
decrease in grasslands, woodlands, bushlands and wetlands with an increase in small scale
farming and built-up areas. These land use type cause an increase in surface runoff into the river

network.

The increase in surface runoff following the conversion of land cover types to small scale
farming is generally ascribed to the increase in the Hortanian surface runoff, where the canopy
cover is reduced and infiltration rate of water into the soil is also reduced. This is in line with
Sullivan et al (2019) who observed an increase in surface runoff and water yield after removing
woodland riparian vegetation in the Kings Creek watershed on Konza Prairie in northeastern
Kansas, USA. Giertz et al (2006) discovered that increasing the share of agricultural land
increases surface runoff. They discovered that infiltration rates in grasslands were much higher
than in croplands, and that a catchment dominated by cornfield yielded significantly higher

surface runoff than a catchment dominated by grassland. Donohue et al (2007) demonstrated the
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important explanatory function of vegetation in catchment hydrology. They showed how
dynamics of LAI and rooting depth of vegetation affect vegetation water use and therefore water

flow and for catchments experiencing net vegetation change.

The reduction of the interception capacity also explains the increase in interflow and base flow
as through fall increases. Several studies for example (Yira et al., 2016; Siswanto & Frances,
2019) confirm this claim, attributing the increase in catchment water production and surface
runoff caused by agricultural land expansion to a decrease in LA, root depth, vegetation height,
and stomata conductance. As a consequence, less water is evaporated by interception, through
fall increases and more water can infiltrate into the soil or flow as infiltration excess runoff.
Therefore, for this study, the observed increase in surface runoff and a reduction in
Evapotranspiration for all the agricultural seasons would in the long-time lead to catchment
degradation and thus, adversely affect the biodiversity functions and other services such as flood
control, especially in wetlands of the micro-catchment. If poor management practices continue in
the catchment coupled with increase in population and climate change, the micro catchment is

most likely to lose its integrity in the near future.
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CHAPTER SIX: CONCLUSIONS AND RECOMMENDATIONS

6.1 Conclusions

The study aimed to identify conservation measures and drivers that lead to continuous changes in
land use/cover so as to combat the long-term effects of soil erosion on hydrological flow in
Ogwapoke micro catchment. To achieve this, the study utilized questionnaires, Landsat satellite
images, the Revised Universal Soil Loss Equation (RUSLE) and the Soil and Water Assessment
Tool (SWAT) models.

The findings showed that several land use/cover changes have happened in Ogwapoke micro
catchment between 1986 and 2020. The most significant changes were observed in small-scale
farmlands, woodlands and bushlands. This change is further predicted to become more intense in
the next 20 years. These changes in land use/cover are mostly driven by animal grazing, bush

burning and deforestation.

The changes in land use/cover have had an impact on soil erosion in the micro catchment. Most
of the very high soil erosion was experienced by small-scale farmlands. Still, land use/cover
changes had a significant effect on hydrological response in Ogwapoke micro catchment.
Between 1986 and 2020, surface runoff and total water yield increased whereas base flow, lateral
flow, deep aquifer recharge and actual evapotranspiration decreased. The future land use/cover
changes are expected to have mixed implications on the hydrological components of Ogwapoke

micro catchment.
6.2 Recommendations

Due to increased changes in land use/cover, the government should encourage planting of trees
in the micro catchment and encourage climate smart practices such as agroforestry, sustainable

land management etc.

To control the rate of soil erosion, the study recommends sensitization of locals on land
degradation and encourage proper farming methods and/ or conservation agricultural practices
(such as vegetation cover restoration, the creation of slope terraces, and mulch-based cropping

systems) and sustainable harvesting of trees, reforestation and afforestation.
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For hydrological flow, there is a need for the decision makers to establish a hydro-
meteorological network in the micro-catchment for future research and sensitize the local

communities about land degradation.

Above all, the study suggests that the government should dialogue with communities to come up
with community-based micro catchment management plans to sustainably manage and conserve

this area.

Further research in line with this study should focus on the effect of land use/cover changes on
water availability to communities, sediment yield, and soil properties (like soil moisture, soil

organic carbon and soil pH etc.).
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APPENDICES

Appendix 1: Sample field survey Questionnaire

QUESTIONNAIRE FOR STUDY LEADING TO MASTER OF SCIENCE IN
CONSERVATION AND NATURAL RESOURCE MANAGEMENT -KYAMBOGO,

KAMPALA

a student of Kyambogo University, I kindly request you
to provide me information on Landcover, soil and hydrological trends and all your views will
be treated with utmost confidentiality.

The information provided will be key in attaining my Master’s degree as indicated above under
the Topic “impact of land use/cover change on soil erosion potential in Ogwapoke sub-
catchment, northern Uganda”. The researcher therefore requests your consent to participation

in this study. Your cooperation will be highly appreciated. Thank you.

RESPONDENT’S BIODATA

Household location

Name of reSPONAeNnt: ...
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Sex:

Female D Male D

Age:

18year [ 18-25years [ |

25-30years D <30 years L]
DiStrict. .. oo Sub county...........ooeiiiinnn.n.
Parish/Ward: .........................

A: LAND USE/COVER

1. Identify the main land use/cover (LULC) in Ogwapoke micro catchment

3. Before occupying this land, which land covers were present?

< X X X X X
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4. ldentify the main land covers that have occurred in the last 17years and 34 years (tick where

appropriate)

Years

Grassland

Bushland

woodland

wetlands

crops

Built-up

areas

Last 17 years

Last 34 years

4b). Which of the above land use/cover has been main replacement of other land covers at least

in the last 17years? (Tick where appropriate)

Grassland

Bushland

woodland

wetlands

crops

Built-up areas

5. Briefly describe the main drivers of land use change in the previous years stated in the table

above
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B: SOIL EROSION
1. What types of crops do you grow?

2. Where do you grow them?
Flatland [ ] Slightly Hilly L] Hilly land [ ]

3. Do you experience soil erosion in the micro catchment?

L] L]

Yes No

3b). If yes, identify the main soil erosion agents in Ogwapoke micro catchment
Wind [ Water L

3c). How do you rate the amount of soil erosion that occurs in the micro catchment?
Very high (75-100%) [ | High (50-75%)
Moderate (25-50%) [ | Low (0-25%) L]

4. What are main drivers of soil erosion in Ogwapoke micro catchment?
Topography [] Poor soils [] Poor road construction []
Highrainfall [ ] Poor farming methods [ | None [ ]

5. Identify the major land cover that are more prone to soil erosion loss
Grassland [] Wetland [] Built-up areas []
[]
Bush [] Woodland [ ] Croplands
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