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ABSTRACT 

Soil erosion is a major form of land degradation worldwide with 60% of it attributed 

to human activities. Golole catchment in Marsabit County with undulating topography 

is prone to soil erosion and little has been done to avert the soil loss. This study 

modeled soil erosion between January 2016 and September 2018 for land 

management in Golole catchment. The Revised Universal Soil Loss Equation 

(RUSLE) constituting the main agents of soil erosion was modeled in a Geographical 

Information System (GIS) environment. The objective of this study was to simulate 

soil erosion for land management in the ungauged Golole catchment using RUSLE. 

RUSLE input digital data was processed in GIS software using algorithms to yield the 

catchment’s spatial soil erosion loss map. The catchment soil erosion map revealed 

spatial variation of the rate of soil erosion. The soil loss and risk areas of soil erosion 

within the catchment were not homogeneous. Golole catchment mean annual soil loss 

rate was calculated at 279 t/ha/yr that is above the recommended maximum allowable 

annual soil loss rate of 4 t/ha/yr. The catchment’s soil loss rates is described as high 

and severe representing 70% and 30% of landmass respectively. The model 

calibration and validation showed strong correlation between the observed and 

simulated soil losses. The correlation coefficient (r) was 0.97 while the NSE was 95%. 

The strong correlation is attributable to both observed and simulated input data being 

either for or from the study area. The model can be adopted in the study area 

catchment with improvement involving high resolution data covering three 

parameters: soil, slope length, land cover while rainfall would require more rainfall 

stations. This study recommends further research in (1) the forest reserve areas that 

showed the greatest rates of soil erosion menace to determine the underlying causes, 

and (2) to assess the temporal trends of the soil erosion hazard using high-resolution 

data. 
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CHAPTER 1: INTRODUCTION 

1.1 Background to the study   

Golole catchment located in Marsabit County, Kenya is prone to soil erosion menace 

that is accelerated by intensive and extensive farming, overgrazing and deforestation. 

Soil erosion is a worldwide common disaster that leads to the decline of soil fertility, 

water quality as well as loss of biodiversity (Yang et al., 2003). Soil erosion is one of 

the major threat to land degradation affecting the global production of 95% of food 

needs of humankind (FAO, 2019). Soil loss deprives people of their livelihood 

because of physical chemical changes in the soil that reduce crop yield (Toy et al., 

2002).  

Government of Kenya [GoK], (2013) revealed that soil erosion increased the cost of 

farming forcing farmers to apply extra fertilizers to check on the declining agricultural 

production. Yang et al. (2003) attributed 60% of the global soil loss to anthropogenic 

activities that in turn led to unsustainable agricultural production. FAO (2019) clarion 

call was “stop soil erosion to ensure food secure future” emphasize the need to prevent 

soil erosion.  

Globally, food and fibre production including improved nutrition, clean water and air 

are all dependent on soil (Borrelli et al., 2016). According to FAO (2019) soil erosion 

menace must start being addressed today to prevent more than 90% degradation of 

earth’s soil by the year 2050. Adhikari and Hartemink (2016) noted that soil was a 

key provider of a myriad of ecosystem services.  

FAOSTAT (2005) indicated that 11% of the world’s surface comprises of 25% under 

food production, 25% under grazing, 28% under forest and 36% was the desert. Soil 

was a limited and irreplaceable resource while its formation is a very slow process 



 

 

2 

 

 

hence its loss renders fertile land barren (Ishtiyaq & Verma, 2013). FAO and ITPS 

(2015) identified soil erosion as the biggest threat to soil. About one third of the land 

under agriculture globally is affected by soil degradation caused by water and wind 

(Hurni et al., 2008). Despite being the foundation of agriculture, soil continues to 

receive less attention unlike other resources like vegetation, biodiversity and water 

(Hurni et al., 2008).    

Soil erosion is a threat to food security as it deprives soil of nutrients and water 

necessary for plant growth (Ganasri & Ramesh, 2015). Dominik et al. (2007) and 

Sanchez (2002) agree that the negative impacts of soil erosion is felt worldwide where 

2.6 million people face food insecurity while in East and Sub-Saharan Africa, per 

capita food production has declined over the last 45 years. The activities that 

contribute to land degradation are: unsuitable farming methods, poor soil and 

unsustainable land management practices, deforestation and overgrazing (GoK, 

2013).  Soil loss is a serious environmental problem that cause land and water 

degradation due to on-site loss and off-site sedimentation (Tamene, 2014). 

Anthropogenic activities accelerate soil loss worldwide contributing immensely to 

land degradation where negative environmental and economic impacts are felt 

(Prasannakumar, 2011).  

Dominik et al. (2007) emphasizes that soil erosion remains a key socio economic and 

ecological problem in Kenya affecting all sectors of the economy; agriculture, 

hydropower, fisheries and tourism. Kiage et al. (2007) linked soil erosion in Kenya to 

the increased siltation of water bodies (GoK, 2013) pointed out that soil erosion 

reduced the capacity of soil to filter pollutants and to aid hydrological and nitrogen 

cycles. Karuku (2018) confirmed that agricultural production in Kenya was greatly 
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undermined by soil erosion. According to Government of Kenya [GOK], (2016), 

anthropogenic activities like unsustainable land management practices and 

destruction of vegetation were the greatest threat to land degradation. Kenya’s land 

degradation menace that included soil erosion was severe affecting 61.4% of total land 

area (GOK, 2016). Kenya’s vision 2030 underlines the dire need for sustainable land 

use (GOK, 2016).  

Identifying high-risk areas of soil erosion increases the effectiveness of soil mitigation 

measures while at the same time reducing soil erosion mitigation cost (Shi et al., 

2003). The ability to quantify soil loss contributes to effective soil erosion control 

though the complexity of the variables involved makes prediction of soil loss rate 

difficult (Prasannakumar et al., 2015).  Modelling soil erosion aid in quantifying the 

spatial soil loss and sediment yield as well as identifying soil erosion risk areas for 

appropriate soil and water management practices (Ganasri & Ramesh, 2015).   

The bottleneck associated with erosion modelling was the validation due to the 

scarcity of data used to compare the models output and the actual soil losses (Ganasri 

& Ramesh, 2015). This study acknowledges the scarcity of data in the world’s 

developing regions hence employed alternative data sources.  Adediji et al. (2010) 

demonstrated the significance of using RS and GIS techniques in soil loss modelling. 

Adediji et al. (2010) confirmed that soil erosion data collection was both expensive 

and time consuming while the alternative to extrapolate from global data was bound 

to gross errors and misrepresentation.    

FAO and ITPS (2015) points out that soil erosion rates are highly variable both 

spatially and temporally and therefore, global or regional estimates cannot be 

translated directly into local rates.  This implies that soil erosion mitigation measures 
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will have to be adapted to meet site specific needs both at the farm as well as at 

catchment levels (FAO & ITPS, 2015).  

The ability to quantify soil loss contributes to effective soil erosion control (Ishtiyaq 

et al., 2013). Soil erosion models used to quantify soil loss include and not limited to: 

the Revised Soil Loss Equation (RUSLE), Soil Loss Estimate Model South of Africa 

(SLEMSA), European Soil Erosion Model (EUROSEM), Water Erosion Prediction 

Project (WEPP), Limberg Soil Erosion Model (LISEM) and the Chemical Runoff and 

Erosion from Agricultural Management Systems (CREAMS). 

Physically based models are associated with difficulty and challenges as they demand 

a lot of data and information. RUSLE was chosen over USLE as it optimized the use 

of database (Biswas & Pani, 2015).  

RUSLE was highly informed by its more than forty years of extensive use, ground 

truthing and research (FAO, 2019).  RUSLE constitutes the main factors causing soil 

erosion: rainfall erosivity, soil erodibility, slope length, steepness, cover management 

and support practice (Yahya et al., 2013). The choice and use of RUSLE model in this 

study to quantify soil loss was informed by its all-inclusive representation of the main 

factors that cause soil erosion (Abdul et al., 2015). RUSLE in GIS allows use and 

analysis of vast amounts of data that would otherwise not be feasible manually (Shi 

et al., 2003).   

This study aimed at modeling the spatial rate of soil loss within Golole catchment 

using remotely sensed digital data in a digital environment as well as ground truthing. 

The use of digital environment allowed delineation of soil loss severity areas with 

ease. The digital soil loss map of the catchment can be used by farmers, policy makers 

and researchers to inform the soil and water conservation measures. 
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1.2 Statement of the problem  

Golole catchment located in Marsabit County, Kenya soil loss has not been quantified. 

Soil erosion renders the depletion of the limited nutrient rich top soil where farming 

is possible. The soil erosion menace in the catchment is evidenced by the heavily silted 

surface water sources comprising of earth pans and dams. Golole catchment is among 

the many ungauged catchments in Kenya indicating the unavailability of runoff data.  

Therefore, this study employed soil erosion modelling techniques, locally available 

data like rainfall as well as ground truthing. Gunter (2006) recommends the use of 

rainfall runoff models in ungauged catchments where the rainfall data is used to 

calibrate the model.    Simulation and quantification of soil loss is not well established 

in Kenya. Therefore, this study contributes in the improvement of soil loss measuring 

techniques. Effective erosion control measures require the identification of areas 

vulnerable to soil erosion.  This study explored the use of alternative soil erosion 

quantification technologies using digital data input as well as processing.   

Panagos et al. (2015) noted that majority of previous studies on soil loss using RUSLE 

failed to account for the practice factor and attributed it to the lack of soil and water 

management practices in the respective study areas.  This study focuses on soil erosion 

modelling for management hence takes into account the practice factor that represents 

part of the management practices that reduce soil erosion like contour ploughing and 

controlled grazing.  

The environmental RUSLE factors represented by R, S and LS remain constant for 

long period of time e.g. ten years while management factors represented by C, P may 

change over a short period (Rahman, 2015).  Panagos et al. (2015) while evaluating 

the impact of P factor in European Union member target States found that its 
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manipulation where farmers adopted land use management practices (contour 

farming, stone walls and grass margins) greatly reduced the risk of soil erosion.   

 

1.3 Research objectives   

1.3.1 The overall objective  

To model soil erosion in ungauged Golole catchment. 

 

1.3.2 Specific objectives   

i. To determine the spatial soil loss in un-gauged Golole catchment in 

Marsabit county. 

ii. To delineate soil erosion prone areas. 

 

1.4 Research Hypotheses 

 The study tested the following hypotheses: 

i. RUSLE simulation does not produce the spatial soil loss within Golole 

catchment.  

ii. RUSLE simulation produces homogeneous soil loss within Golole 

catchment.  

1.5 Significance of the study   

Soil erosion assessment is useful for mitigation planning and conservation in a 

catchment (Hussain & Misra, 2018). Identification of erosion prone areas as well as 

estimation of the soil loss is essential for selecting appropriate soil and water 

conservation measures (Pushpalatha et al., 2017). Modelling soil erosion provides 

quantitative data for soil loss estimation in a catchment (Hussain & Misra, 2018). 

Effective soil erosion control requires prediction of the amount of soil loss (Ishtiyaq 
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& Verma, 2013). Shi et al., (2003) demonstrated the necessity for soil conservation in 

the Three Gorge Area (TGA) in China for ecological sustainability as well as the 

proper functionality of the Three Gorge Dam reservoir. Pushpalatha (2017) found that 

areas having lower normalized difference vegetation index (NDVI) resulted in higher 

values of C factor. 

RUSLE layers in GIS can be adjusted to evaluate their corresponding effects on 

different land cover and land use scenarios aimed at mitigating soil erosion (Hudson, 

2005). Carlos (2010) demonstrated the ability of the RUSLE model adjustment in GIS 

environment to build up different scenarios of vegetative cover for mitigation against 

soil loss. The NDVI monitors vegetation spatial and temporal healthiness (Carvalho 

et al., 2014). The acceptance and adoption of soil mitigation measures by users in 

order to improve productivity is largely influenced by their demonstrability (Tamene, 

2014). Land managers and policy makers are interested in both soil loss and its spatial 

distribution within the catchment for successful soil erosion management (Phinzi & 

Ngetar, 2017).  

1.6 Justification of the study  

The ungauged Golole catchment is prone to accelerated erosion that threatens the 

current and future sustainable ecosystem services like food. The magnitude and 

consequences of soil erosion menace in Golole catchment is not clearly known and 

documented. Therefore, Golole catchment soil erosion menace receives little or no 

attention from farmers and decision makers. There is need to address this gap of 

quantifying soil loss in order to inform the choice of soil loss mitigation measures as 

well as the policy. This study creates soil erosion awareness among farmers and 

decision makers.    
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The major competing land uses in Golole catchment include farming, wildlife, grazing 

and physical infrastructure that are also the major causes of soil erosion. The 

quantified soil erosion will inform the soil and water conservation measures relevant 

to the targeted locality or catchment.  

The digital soil loss map of the catchment can be used as a demonstration tool by 

agricultural extension officers to pinpoint areas prone to severe soil erosion as well as 

inform policy on sustainable agriculture.  The soil erosion map directly helps farmers 

in planning and making investment decisions on soil and water conservation 

measures.  

1.7 The scope of the study  

This study modelled Golole catchment’s soil erosion for land management using 

digital techniques in a GIS environment. The study conducted ground truthing to 

validate the soil erosion model output through insitu observation and analysis of the 

soils, land use and land cover. The rainfall data was used to calibrate the model.  The 

spatial distribution of soil loss within the catchment was analyzed in order to delineate 

the erosion risk areas. 

1.8 Conceptual framework 

The RUSLE five factors remained the model input as well as the main drivers of soil 

loss in Golole catchment. The magnitude of soil loss was predominantly determined 

by erosivity and erodibility (Angima et al., 2003). Erosivity is associated with the 

rainfall, being a measure of forces applied to the soil causing soil detachment and 

transportation while erodibility is dependent on soil physical chemical characteristics, 

being a measure of susceptibility of soil to erode. On the other hand, soil erosion is 
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highly dependent on land gradient while anthropogenic activities aggravate soil 

erosion through the alteration of land cover and use (Yang et al., 2003).  

Modelling soil erosion in Golole catchment envisioned data input, analysis and output 

in a GIS environment (Figure 1). The GIS environment implied that all the input data 

has to be in digital format. The digital data representing each of the five RUSLE 

factors was processed independently using the respective algorithms in a GIS 

environment. The final overly operation was executed to combine the five RUSLE 

layers and derive the erosion risk map of the catchment.   
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Figure 1.1 Conceptual framework  
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CHAPTER 2: LITERATURE REVIEW  

2.1 Overview of soil erosion 

Soil erosion and degradation of land resources are highly significant spatio-temporal 

phenomena in many countries (Fistikoglu & Harmancioglu, 2002). The drivers of 

accelerated soil erosion include rapid population growth that adds pressure on land 

leading to cultivation on steep slopes, clearing of vegetation and overgrazing (Abate, 

2011).  Soil erosion threatens the global food security as well as the achievement of 

the Sustainable Development Goals (SDGs) as it hinders growth of nutritious food, 

contribute to ill-being of ecosystems, affects water supplies, damages infrastructure, 

contributes to migration and exacerbates climate change (FAO, 2019)  

According to FAO, IFAD and WFP (2015) a worrisome tread was noted where an 

estimated 23.2% of people living in the Sub-Saharan Africa were undernourished. 

About 795 million people globally faced hunger out of which 780 million people lived 

in the developing countries (FAO, IFAD & WFP, 2015). Jeff (2003) attributed 

Kenya’s food shortage to soil erosion menace that deprived soil of its vital nutrients, 

water and biodiversity necessary for plants growth. In order to enhance sustainable 

agricultural production, soil and water conservation will have to be part and parcel of 

land management at household and community levels (Hurni et al., 2008).   

Bewket and Teferi (2009) on conservation planning agreed that severe erosion prone 

areas could be delineated and prioritized for erosion mitigation. Soil erosion is one of 

the major drivers of land degradation globally with both on-site and off-site negative 

effects (Abate, 2011).  The on-site and off-site impact of soil erosion is soil loss and 

siltation / pollution of water bodies like water reservoirs, rivers and lakes. Carlos et 

al. (2010) emphasized on the need for quantitative estimates of soil erosion by water 
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to inform land use management, soil and water conservation that leads to sustainable 

agricultural production while supporting forestry and biodiversity.  

2.2 Soil loss models  

The existing soil loss quantification models can be broadly categorized into physical, 

conceptual and empirical models. Physical models are physical copies of an object 

that may be the same, smaller or larger. Conceptual models are based on mental 

concepts, imaginary or ideas. Empirical models are created by observation or 

experiment.     

2.2.1 Physical based models     

Physical based modelling involves creation of real world representations of events 

like soil erosion capable of simulating their physical characteristics. The following is 

a discussion of some of the widely used physical models.    

The EUROSEM model was developed by European scientist for use in European 

Community countries. The model is based on a single event that requires daily input 

of soil water balance data applied in small catchments. The model inputs include 

topography, soil, vegetation and rainfall while its output are total runoff, total soil 

loss, the storm hydrograph and storm sediment graph (Obeta & Adewumi, 2013). The 

EUROSEM model requires a large amount of input data hence was not prioritized for 

use in this study. For example, rainfall alone would be required in depth, intensity, 

volume and cumulative (Morgan et al., 1998). Tamene (2014) underlined the minimal 

operational tools that supported soil loss measures in data scarce regions of the world 

including the developing countries for example the unavailability of rainfall intensity 

data.  
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The LISEM is a hydrological model developed in the Netherlands in 1996. The model 

simulates runoff, sediment and erosion. This model factors include rainfall, 

vegetation, soil and topography (Torsten & Jannes, 2014). This model is based on 

EUROSEM (Morgan et al., 1998) and involves very many parameters like rainfall 

interception, surface storage in micro depressions infiltration, vertical water 

movement through the soil and overland flow among others. This model was not used 

in this study due to its complexity and large data input requirement with some data 

not easily obtainable.     

The WEPP model was developed by the USDA. It models soil loss by adding the 

sediment loss from the inter-rill areas to the rill erosion. The model is also based on a 

continuous simulation approach requiring daily calculations of soil water balance 

(Obeta & Adewumi, 2013). The use of this model in this study was not feasible as the 

model is highly complex and requires large amount of input data (Morgan, 1988). The 

increased data requirement of a model will improve the quality of the model but also 

be expensive (Morgan et al., 1998). 

The CREAMS soil erosion model developed by USDA consists of three major 

components: hydrology, erosion/sediment and chemistry. The hydrology simulation 

involves rate of runoff, evapotranspiration, soil moisture and percolation while the 

chemistry simulation involves fertilizers and pesticides movement and forecast single 

rainfall event. CREAMS soil erosion model assumes a homogeneous soil, land use 

and precipitation occurrences (Joy & Muthukrishna, 2017). CREAM erosion 

prediction applies complex set of equations and logic besides the large number of 

parameters (Silburn & Lock, 1989). This model was therefore not considered due to 

its complexity.   
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2.2.2 Empirical models 

Empirical based modelling involves the creation of real world representations of 

events like soil erosion based on observation and experiment. The most widely applied 

empirical models are the Soil Loss Estimation Model for Southern Africa (SLEMSA), 

Universal Soil Loss Equation (USLE) and Revised Universal Soil Loss Equation.    

SLEMSA model was applied in South African countries. This model is based on sub-

models each suited to a particular erosion parameter like soil, climate and land use 

(Smith, 1999). According to Smith (1999) SLEMSA model can differentiate areas of 

high and low erosion potential. Researchers had begun the journey of quantifying soil 

erosion about half a century ago by assessing the major variables that contributed to 

soil erosion by water (Wischmeier & Smith, 1978).  

Wischmeier and Smith (1978) developed the Universal Soil Loss Equation (USLE) 

using historical data on major variables that affected soil erosion by water. The USLE 

was originally developed for soil erosion estimation for conservation planning in 

croplands with gentle slope (Wischmeier & Smith, 1978). The erosion control 

practices were tailored to the needs of specific farms where USLE relied on finding 

its parameters in already printed tables and charts (Renard et al., 2010).  

The USLE development was to be unlimited geographically hence the use of the word 

“Universal” (Wischmeier & Smith, 1978). However, this was not the case since USLE 

application was only limited to croplands and areas with gentle slope (Foster, 2003).  

USLE factors were realized in a unit plot that presented the worst management case 

scenario measuring 22.1 m long with a slope of 9% in a continuous tilled fallow and 

up and down hill tillage (Renard et al., 2010).  
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The plot was the basis upon which all other parameters: topographical, cover, 

management, conservation practices were compared (Renard et al., 2010). The USLE, 

a precursor to RUSLE was revised due to its apparent limitations in order to 

incorporate advanced knowledge in soil erosion, evolving technology and more 

accurately estimate soil loss from both cropped, disturbed, rangeland areas and 

hillslopes (Renard et al., 2010). The USLE and RUSLE empirical erosion models 

were widely used in USA and other countries (Renard et al., 2010).  

The revision of USLE to RUSLE 1 widened its applications to different situations 

including forests, rangelands, and disturbed areas (Renard et al., 1997).  While USLE 

is an index empirically based model, both RUSLE 1 and RUSLE 2 combine both 

index and process (Foster, 2003). RUSLE 2 is superior to RUSLE 1 as it can analyze 

soil erosion in very complex hillslopes (Foster, 2003).  

RUSLE maintained the basic structure of USLE but the algorithms used to calculate 

individual factors changed significantly including computerization (Renard et al., 

1995).  According to Smith (1999) RUSLE was flexible hence the user was 

responsible for manipulating the data sets. RUSLE improvements over USLE 

involved: more data to cover different scenarios like cropping, forest and rangelands, 

incorporated a process based approach where algorithms were adopted that gave its 

flexibility (Smith, 1999). The USLE factors underwent significant changes in moving 

to RUSLE as explained below: 

The R factor is determined by the product of energy and the maximum 30 minutes 

rainfall intensity of each storm. Changes to R-factor included reduction of R values 

in areas of flat slopes with intense storms as the ponded water reduced erosivity 

(Renard et al., 2010). The second change involved modification of R factor following 
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high erosivity in frozen and thawing soils that experienced weakened soil structure 

(Renard et al., 2010).   The K factor (erodibility) is a measure of effects of soil 

properties and soil profile on soil erosion. USLE was limited to soil inherent 

properties implying that the soil properties are determined under unit plot conditions 

(Renard et al., 2010).  

This was cumbersome taking not less than two years.  In USA RUSLE 1 K values 

were site specific obtained from USDA databases while in other countries users 

resorted to soil sampling coupled with soil erodibility normograph (Renard et al., 

2010).  

The LS factor sensitivity to both slope length and steepness was considered with more 

attention geared towards obtaining good estimates of slope steepness. USLE used 

quadratic relationship with slope steepness while RUSLE adopted a linear relationship 

in addition to computer program that accommodated complex slopes (Renard et al., 

2010).  

Both C and P factors represents conditions that can be managed to reduce soil erosion. 

The C and P factors in USLE were a measure of how erosion from the current 

condition compared with that of Unit Plot conditions (considered the worst case 

scenario) (Renard et al., 2010). RUSLE adopted a sub-factor approach that computed 

the C and P factors as a function of sub-factors (Renard et al., 2010). The C factor 

reflects the positive impacts of management emanating from such factors like 

vegetation, soil biomass and roughness while the P factor reflect the positive impacts 

of management emanating from practices that control (change direction and speed) of 

runoff: strip cropping, terraces, contour tillage and subsurface drainage  (Renard et 

al., 2010).  
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The C factor five multiplicative sub-factors: prior land use, crop canopy, surface 

cover, surface roughness and soil moisture (Renard et al., 2010).  RUSLE adopted a 

sub-factor approach that computed the C factor as a function of five sub-multiplicative 

factors: prior land use, crop canopy, surface cover, surface roughness and soil 

moisture (Renard et al., 2010). The RUSLE C sub-factor approach was economical 

as opposed to the expensive USLE that was dependent on specific land use requiring 

different datasets for each possible land use (Renard et al., 2010).   

The P factor separate multiplicative sub-factors in RUSLE include contouring, strips, 

terraces and subsurface drainage (Renard et al., 2010). The RUSLE effect of 

contouring was extensively evaluated including a broader array of strip cropping and 

terracing than in USLE (Renard et al., 1995).   

2.3 Determination of soil loss using RUSLE  

2.3.1 RUSLE model selection    

Empirical models could be used as qualitative screening tools to identify areas prone 

to erosion (Smith, 1999). A theoretical evaluation and sensitivity ananlysis of 

SLEMSA, USLE and RUSLE, Smith (1999) found that RUSLE was more flexible 

and dynamic as opposed to the strict empirical structures of ULSE and SLEMSA.  

More so RUSLE model response was rational hence its soil loss patterns were 

acceptable while SLEMSA model was very sensitive to changes in rainfall and slope 

(Smith, 1999). 

RUSLE equation predicts annual soil loss resulting from rill and sheet erosion 

(Hussain & Misra, 2018; Prasannakumar, 2011).  RUSLE model can predict the 

spatial pattern of soil loss over a large region (Rahaman, 2015). According to Birham 

(2016), RUSLE was the most widely used soil erosion model to estimate soil loss 
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because of its simplicity, limited data requirements and compatibility with GIS. 

RUSLE inputs parameters can be derived from existing databases and digital data like 

satellite images (Ganasri & Ramesh, 2015). The RUSLE factors are location specific 

hence can be calibrated for a specific area to predict the rate of soil loss (Fistikoglu & 

Harmancioglu, 2002).  

According to Prasannakumar (2011) and Angima (2003) RUSLE is also appropriate 

in assessing the spatial distribution of soil erosion and predicts erosion rate of an 

ungauged catchment. GIS has enabled RUSLE parameters to be spatially represented 

(Abate, 2011).  

RUSLE is applied worldwide to predict soil loss because of its convenience and 

compatibility with GIS (Carlos, 2010) and can be used to simulate anthropogenic 

impacts on the environment (Hudson, 2005).  

In developing countries availability of soil erosion data sets is scarce or requires ample 

time, money and effort to prepare (Hussain & Misra, 2018). Abate (2011) and Hurni 

(1985) demonstrated the use of different empirical equations used to estimate rainfall 

values in data scarce countries and remote regions. In this research RUSLE was 

adopted due to its flexible and dynamic empirical structure, less data input parameters 

and its widespread use in many countries in the world. 

2.3.2 RUSLE application and impact  

RUSLE can be integrated effectively with Remote Sensing (RS) and GIS technologies 

in modeling soil erosion (Hussain, 2010). Carlo et al. (2010) demonstrated that the 

estimation of soil loss using RUSLE in a GIS framework in Central Chile allowed 

speedy evaluation of diverse scenarios that informed water and soil conservation 

measures.  
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Carvalho et al. (2014) demonstrated use of NDVI time series obtained from satellite 

images to determine RUSLE cover factor in tropical areas. This study employed 

remote sensed data in a GIS environment to derive the C and P factors.  The 

availability of spatial digital data has made it possible to study the possibility of using 

algorithms in a GIS environment for enhanced accurate soil loss results. 

2.4 Delineation of risk areas of soil erosion using RUSLE  

According to Phinzi and Ngetar (2017) the major drawback of soil erosion research is 

limited information on where soil loss was highly concentrated. RUSLE model was 

used to perform sensitivity assessment where different soil erosion parameters were 

chosen and adjusted (Tamene, 2014).  Ashiagbor et al. (2013) modelled RUSLE in a 

GIS environment and categorized the Densu River Basin soil erosion risk areas as: 

88% low, 6% moderate, 3% high and 3% severe. Moses (2017) generated a soil 

erosion map of River Nzoia Basin, Kenya using RUSLE in a GIS environment and 

linked the high erosion risk areas to cropland, deforested and hilly areas. Kumar et al. 

(2014) integrated RUSLE, RS and GIS in generating soil erosion map of the Kangra 

region of Western Himalaya, India and observed that the undulating terrain was the 

main cause of soil loss.  This study determined the risky areas of soil erosion using 

RUSLE in a GIS environment.   
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5. CHAPTER 3: MATERIALS AND METHODS 

3.1 Study area  

The study area is located on the Eastern slopes of Mt. Marsabit in the central region 

of Marsabit County, Kenya (Figure 3.1). According to Marsabit County integrated 

development plan (2013 - 2017), administratively the county comprises of four Sub-

Counties: Saku, Laisamis, North Horr and Moyale covering an area of 70,961.2 km2.  

According to 2009 Kenya National Population and Housing Census, the county had a 

projected population of 316,206 people in 2012 and 343,399 in 2015.  Mt. Marsabit 

lying about 1500 m above mean sea level is centrally located in Saku Sub-County.  

The study area exhibits undulating terrain with isolated steep slopes and hills 

occupying an area of 1,886 km2 lying between latitude 02o 0o and 02o24o47o North 

and longitude 37o 53o17o and 38o28o8° East (Figure 3.2). The area stretches 67 km 

with the widest section measuring 35 km. According to Kenya ecological zones 

(Appendix I, Table A1), the study area ecologically varies from semi-humid to semi-

arid with a mean annual rainfall of 875 mm. The study area soils can be described as 

well drained, moderately deep, dark reddish, brown to dark red friable clay textured.  

According to Food Agricultural Organization (FAO) soil classification, the study area 

soils vary geographically comprising of lithosols, chromic cambisols, pellic vertisols, 

Eutric nitosols, mollic andosols, calcic xerosols/yermosols and calcic fluvisols 

(Appendix VI, Table A2). The study area land cover includes woody trees, low shrubs 

and herbaceous plants. The area boasts of herbaceous crops and a dendritic drainage 

pattern of ephemeral rivers. 
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Figure 3.1: Map showing the study area in Marsabit County, Kenya 
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3.2 RUSLE factors’ algorithms  

Table 3.1: RUSLE factors algorithms 

Factor Algorithms 

R  factor 𝑅 = −8.12 + (0.56 𝑥𝑃) -------------1 

R is the rainfall factor and P is the mean annual rainfall 

(Hurni, 1985). 

K factor 𝐾 = 27.66𝑚1.14𝑥 10−8𝑥(12 − 𝑎) + 0.0043𝑥(𝑏 − 2) +

0.0033𝑥(𝑐 − 3)-------------------------2 

K= Soil erodability factor (ton·hr−1·ha−1·MJ·mm), m = 

(Silt % + Sand %) × (100 – clay %), a = % organic 

matter, b = structure code: 1) very structured or 

particulate, 2) fairly structured, 3) slightly structured, and 

4) solid, c = profile Permeability code: 1) rapid, 2) 

moderate to rapid, 3) moderate, 4) moderate to slow, 5) 

slow, 6) very slow (Wischmeier and Smith, 1978). 

Equation used to derive soil organic matter: 

𝑆𝑂𝑀 = 1.72 𝑥 𝑂𝐶--------------------------3  

SOM is the soil organic matter and OC is the soil 

percentage organic carbon content (Baldock and Nelson, 

2000). 

LS factor 𝐿𝑆 = ([𝐹𝑙𝑜𝑤 𝑎𝑐𝑐𝑢 − 𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛]𝑥[𝑐𝑒𝑙𝑙𝑠𝑖𝑧𝑒]/

22.1)0.4𝑥[sin (𝑙𝑜𝑐𝑎𝑙𝑠𝑙𝑜𝑝𝑒 (𝑑𝑒𝑔𝑟𝑒𝑒𝑠))𝑥0.0896/

0.0896]1.3-------------------------------------------4 
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LS is the length slope factor; flow accumulation is the 

number of cells contributing to flow into a given cell. Cell 

size is the ground resolution of 30 meters (Moore and 

Burch, 1986a, 1986b). 

C factor Equation used to calculate Landsat image reflectance 

value: 

 = 𝑀𝑄𝑐𝑎𝑙 + 𝐴 --------------------------------5 

Where  is the TOA planetary reflectance, M is band 

multiplicative rescaling factor, Qcal is quantized and 

calibrated standard product pixel values (DN) and A is 

the band specific additive rescaling factor. 

Equation used to correct reflectance for the sun angle: 

𝜌/𝐶𝑜𝑠𝑆𝑍 = /𝑆𝑖𝑛𝑆𝐸 -----------------6 

Where  is the Top of Atmosphere (TOA) planetary 

reflectance, SE is the local sun elevation angle (Sun 

Elevation), SZ is the local solar zenith angle (SZ=900-

SE). 

Equation used to calculate the NDVI. 

𝑁𝐷𝑉𝐼 =
(𝐵𝑎𝑛𝑑 5−𝐵𝑎𝑛𝑑 4)

(𝐵𝑎𝑛𝑑 5+𝐵𝑎𝑛𝑑 4)
----------------------------7 

Where band 4 is the red band while band 5 is the infra-red 

band. 

Equation used to estimate the land cover factor 

𝐶
𝑟=[(−𝑁𝐷𝑉𝐼+

1

2
)]

----------------------------------------8 
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Where Cr is the land cover factor (University of Toronto 

Admin 2015; Durigon, 2014). 

P factor This was derived in ArcMap 10 using reclassified 

percentage slope map and practice map (agriculture and 

non-agriculture) of the study area.   

Soil loss (A) The five RUSLE factors were overlaid to derive the soil 

loss 

𝐴 = 𝑅𝑥𝐾𝑥𝐿𝑆𝑥𝐶𝑥𝑃------------------------------------9 

Where A is the soil loss, R is the rainfall, K is the soil, LS 

is the slope length, C is the crop and P is the practice 

factors. 

 

3.3 Geographical information system software  

In this study RUSLE algorithms shown in table 3.1 were used to derive the five 

RUSLE thematic layers (factors) in a GIS environment. All maps were projected using 

Universal Transform Mercator (UTM) Zone 37N using the World Geographical 

System (WGS) 1984 datum corresponding to standards used by Survey of Kenya. GIS 

ArcMap 10 software that was designed by the Environmental Systems Research 

Institute (ESRI) was used to model RUSLE using a wide range of analytical and geo-

processing tools.  

The Marsabit county shape file map was derived from Kenya counties’ shape file map 

in ArcMap 10. The Marsabit County was selected and exported as a new shape file. 

The Marsabit county shape file was used to derive the Marsabit county land cover 

map through the clipping process in ArcMap 10. The study area polygon map was 
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drawn using editor tool bar guided by Marsabit county landcover as base map.  The 

five RUSLE factors were processed in ArcMap 10 as follows: 

3.3.1. Rainfall factor  

The ArcMap 10 spatial analyst hydrology, interpolation and map algebra calculator 

tools were used to derive the various spatial rainfall maps. Inverse Distance Weighted 

(IDW) tool was used to derive the rainfall raster map using rainfall data. The study 

area map was used to extract the rainfall raster map of the study area using analysis 

extract by mask tool in ArcMap 10. The math algebra tool in ArcMap 10 was executed 

to output the R-factor map of the study area using Hurni’s equation 1 shown in table 

3.1. 

3.3.2. Soil factor  

The study area soil map was clipped from the Kenya digital soil map. The three raster 

maps of silt, sand and clay were derived in ArcMap 10 using conversion tools. The 

polygon to raster tool was executed to output the silt, sand and clay raster maps after 

entering the soil map of the study area as input feature and using the respective 

percentage textural class in the attribute table as value field. The soil organic matter 

(SOM) was derived using equation 3 shown in table 3.1. In ArcMap 10, a field for 

SOM in the study area soil map attribute table was added. The conversion polygon to 

raster tool was executed to output SOM map with input feature being the soil map of 

the study area while the value field being SOM. The soil structure was derived by 

adding a field in the soil map of the study area attribute table representing the structure 

code. The conversion polygon to raster tool was executed to output the structural code 

map with the soil map of the study area as input feature and structural code as value 

field.  
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A similar process was followed as above to derive the permeability code. A field was 

added in the soil map of the study area attribute table to represent the permeability 

code. The polygon to raster tool was executed to output permeability code map after 

entering soil map of the study area as input feature and permeability field code in the 

value field.  Finally, the six soil raster maps comprising of the clay, sand, silt, organic 

matter, structure code and permeability code were entered as map algebra expressions 

according to equation 2 shown in table 3.1 using spatial analyst math algebra raster 

calculator tool to output the soil factor map of the study area.  

3.3.3. Slope length factor  

The digital elevation model (DEM) of the study area was extracted from the Kenya 

DEM with a cell size (ground resolution) of 30 m. The analysis extract by mask tool 

was executed to output the DEM of the study area after entering the Kenya DEM as 

raster input and study area map as feature extract mask. To derive the flow 

accumulation map, ArcMap 10 hydrology tools were used to perform sequentially fill 

and flow direction processes.  

To execute these processes, ArcMap 10 hydrology tools: fill, flow direction and flow 

accumulation were lodged sequentially. First, the fill tool was executed (to fill sinks) 

to output the surface raster map of the study area with the input surface raster being 

the DEM of the study area.  

Secondly, the flow direction tool was executed to output flow direction raster map 

with surface raster map (after fill) as input surface raster. Thirdly, the flow 

accumulation tool was executed to output the flow accumulation raster map with flow 

direction map as input raster.  The DEM of the study area was also used to derive the 
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local slope gradient map in ArcMap 10 spatial analyst surface tools. The slope tool 

was executed to output the slope raster map in degrees with the DEM of the study area 

as input raster. Finally, equation 4 shown in table 3.1 was executed in ArcMap 10 

math algebra raster calculator with the flow accumulation and local gradient maps 

entered as map algebra expressions to output the LS factor map of the study area.      

3.3.4. Land cover factor (C)  

The Normalized Difference Vegetation Index (NDVI) map was derived using band 5 

and 4 of the landsat 7 and 8 images in ArcMap 10 using equations 5, 6 and 7 shown 

in table 3.1. The satellite images of the study area were extracted by mask tool from 

the NDVI images in ArcMap 10. The correlation between C and NDVI was 

determined in ArcMap 10 spatial analyst map algebra raster calculator using equation 

8 (Table 3.1).  

3.3.5. Practice factor 

To derive the slope of the study area in percentage, the data management projections 

and transformations, project raster tool was executed to transform the DEM of the 

study area from geographical coordinate to projected coordinate system. Secondly, 

spatial analyst surface slope tool was executed to output slope map of the study area 

in percentage with the project DEM (degree) of the study area as input raster.  

The percentage slope raster map was reclassified into six classes by converted it into 

a polygon map using the raster to polygon tool.  In the attribute dialogue box, the 

reclassified polygons were merged using the attribute table, grid code, and unique 

values. The merging was completed by repeating the process for all unique values 

from 1 to 6. The analysis overly union tool was executed to combine the percentage 
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slope and practice maps of the study area. A field representing practice factor values 

was added in the attribute table based on the slope and practice type. Finally, the added 

practice field in the attribute table was used to derive the practice factor map using 

conversion polygon to raster tool.   

3.4 RUSLE model calibration and validation.  

The model was calibrated and validated using statistical tools in an Agricultural and 

Meteorological Software. The degree of collinearity between the simulated and 

observed data was established using Pearson’s correlation coefficient (r), coefficient 

of determination (R2) and Nash-Sutcliffe efficiency (NSE).    

The correlation coefficient is a statistical measure of the strength of the relationship 

between two variables with a range between -1.0 and 1.0. A correlation of -1.0 or 1 

shows a perfect correlation that is negative and positive respectively. A correlation of 

zero (0) indicates no relationship between the two variables.   Pearson's correlation 

coefficient is R but R2 is squared of Pearson's correlation coefficient (Agricultural and 

meteorological software, 2019). Nash-Sutcliffe efficiency indicates how well the plot 

of observed versus simulated data fits the 1:1 line. With NSE = 1 corresponding to a 

perfect match of the model to the observed data while NSE = 0, indicates that the 

model predictions are as accurate as the mean of the observed data and  NSE < 0, 

indicates that the observed mean is a better predictor than the model (Agricultural and 

meteorological software, 2019).  

3.4.1 Rainfall factor 

The rainfall factor was derived from the data collected from two meteorological 

stations located in Marsabit county headquarters that falls within the study area and 
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the meteorological station located in Moyale were used to calibrate the model 

(Appendix VII).  The Moyale meteorological station is located outside the study area 

but was adopted since it has similar geographical characteristics as the target 

catchment’s lowland. The Inverse Distance Weighted (IDW) interpolation method in 

ArcMap 10 was used to generate both rainfall raster maps and rainfall factor maps.  

The rainfall data between the years 1980 to 2010 was used to calibrate the model while 

between 2011 and 2013 was used to validate the model. The Kenya rainfall grid 

sourced from International Livestock Research Institute (ILRI, 1998), figure 3.2 was 

used to further calibrate the model.  
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Figure 3.2. Rainfall grid of Kenya and study area  
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3.4.2. The soil factor  

The revised digital soil map of Kenya sourced from Regional Centre for Mapping of 

Resources and Development (RCMRD) Nairobi, Kenya (2016) was used to derive the 

K-factor maps. The K-factor was derived using the soil factor equations 2 and 3 shown 

in the RUSLE factors’ algorithms (Table 3.1), (Wischmeier and Smith 1978; Renard 

et al., 1995). Silt, sand and clay parameters were directly derived from the digital soil 

map.  

The soil organic matter parameter was indirectly derived from the digital soil map 

(Baldock and Nelson, 2000). The soil structure and profile permeability parameters 

were categorized under three structural codes (2, 3 and 4) and (2, 3 and 5) respectively 

(Wischmeier and Smith, 1978; Renard et al., 1995). The K factor was based on a scale 

from 0 to 1, where 0 refers to soils with least susceptibility to erosion and 1 to soils 

which are highly susceptible to erosion by water. 

3.4.3 The length slope factor  

The DEM with a ground resolution of 30 m sourced from the United States Geological 

Survey (USGS) (2016) was derived from the Advanced Spaceborne Thermal 

Emission and Reflection (ASTER). The LS-factor parameter maps: DEM sink filled, 

flow direction, flow accumulation and slope gradient maps were derived 

independently using the equation 4 shown in the RUSLE factors algorithms (Table 

3.1), (Moore and Burch, 1986a, 1986b). 

3.4.4 The cover factor  

The C-factor is a relation between erosion on bare soil and a land cover type and 

density, adopting a value of 1 for bare soils and less than one for more reducing 
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erosion land cover. The NDVI maps were derived from Landsat images sourced from 

the Regional Centre for Mapping of Resources and Development (RCMRD) Nairobi, 

Kenya (2016). The Landsat images were acquired from Landsat Enhanced Thematic 

Mapper (ETM+) imagery from Global Land Cover Facility (GLCF).  The Landsat 

images were processed for reflectance value, reflectance correction and NDVI using 

equations 5, 6, and 7 shown in the RUSLE factors’ algorithms table 3.1. The land 

cover factor was derived using equation 8 shown in the RUSLE factors’ algorithms 

table 3.1(University of Toronto, Admin 2015; Carvalho, 2014).  

The study area Landsat images of March for the years between 2009 and 2017 

acquired from Landsat Enhanced Thematic Mapper (ETM+) imagery from Global 

Land Cover Facility (GLCF) were used to derive the land cover factors for calibration 

and validation. The month of March was chosen as the period when vegetation is 

highly stressed from soil moisture hence the land is vulnerable to soil erosion.  

3.4.5 The modified P factor 

The practice factor values range from 0 to 1 with the lower values indicating better 

practice for controlling soil erosion. The percentage slope and major land use concept 

was adopted in this study.  

The practice factor was influenced by slope and two categories of landuse that is 

agriculture and non-agricultural (Wischmeier and Smith, 1978). The Africover land-

cover maps of 2010 to 2014 produced from the Landsat ETM+ images sourced from 

the Regional Centre for Mapping of Resources and Development (RCMRD) Nairobi, 

Kenya (2016) were used to derive the major land uses in the study area. The slope 

categories were derived from the DEM of the study area.  
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The two major land uses (agricultural and non-agricultural) and the DEM percentage 

polygon maps were overlaid in GIS to produce the study area map with the two major 

land uses flagged by their respective percentage slope as shown in the conservation 

practice factors’ table 3.2. The agricultural lands were classified into six slope 

categories and assigned p-values respectively while all non-agricultural lands were 

assigned a P value of 1 as shown in the conservation practice factors table 3.2.  

Table 3.1. Conservation practice factors, Wischmeier and Smith (1978) 

 

Land use Percentage slope P-factor 

Agriculture 

0.00 – 5.00 0.10 

5.00 – 10.00 0.12 

10.00 – 20.00 0.14 

20.00 -30.00 0.19 

30.00 – 50.00 0.25 

50.00 – 100.00 0.33 

Other land All 1.00 

 

3.4.6 The soil loss (A)  

The five RUSLE thematic layers were overlaid to derive the soil erosion map using 

RUSLE equation shown in the RUSLE factors algorithms (Table 3.1).  

3.5 Ground truthing 

A transect route across the catchment’s agricultural area was used to collect insitu 

information on soil and vegetation to verify the soils, land cover and land use. In 

addition observation was made on the soil, slope, water, vegetation, food crops, cash 

crops as well as soil and water conservation measures. The Global Position Satellite 

(GPS) points shown in figure 3.3 were used to verify the soil, topography, and 

landcover and landuse type.  
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Figure 0.3. Map showing transect route    
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3.6 Hypotheses testing  

Hypothesis 1 

𝐻0:  𝜇 = 0 

𝐻𝑎: 𝜇 ≠ 0 

 

Hypothesis 2 

𝐻0: 𝜎 = 0 

𝐻𝑎 : 𝜎 ≠ 0 

 

3.7 Delineation of risky areas of soil erosion  

The soil loss homogeneousness within the catchment was observed in order to 

delineate the risky areas of soil loss. The study adopted appropriate soil loss severity 

classes for the different soil losses.  
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CHAPTER 4: RESULTS 

This chapter presents the results following the execution of the steps outlined in the 

methodology discussed in chapter three. 

4.1 RUSLE Model calibration and validation  

4.1.1 Rainfall factor  

The spatial interpolation inverse distance weighted (IDW) tool was used to generate 

rainfall maps of the study area. An example of study area rainfall raster map (Figure 

4.1) and rainfall factor map (Figure 4.2) is shown below. 

 

Figure 0.1. Rainfall data map  
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Figure 0.2. Rainfall data factor map 

 

4.1.2 Soil factor 

The study area soil was observed as predominantly clay to loam similar to the derived 

soil maps of the study area.  

4.1.3 Length slope factor  

The length slope factor was derived using the DEM of the study area.  

4.1.4 Land cover and practice factor  

In the cultivated areas contour farming was observed while other conservation 

measures were missing.  The rangeland lands had vegetation depleted to minimal 

vegetation and bare land due to overgrazing.  

The cover factor maps were derived from Landsat image sourced from RCMRD 

Nairobi, Kenya (2016).  An image acquired on 15th March 2017 was used to derive 

the land cover factor map shown in figure 4.3.   
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Figure 0.3. Land cover factor map  

 

4.1.5 Model regression  

The model regression was carried out with sampled data from simulated and observed 

soil loss data (Table 4.1). The model regression showed a close fit (Figure 4.4) 
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Table 0.1. Model Regression statistics  

 

Regression Statistics

Multiple R 0.97243

R Square 0.94562

Adjusted R Square0.944189

Standard Error19.71657

Observations 40

ANOVA

df SS MS F Significance F

Regression 1 256876.5 256876.5 660.7876 1.24E-25

Residual 38 14772.23 388.743

Total 39 271648.8

CoefficientsStandard Error t Stat P-value Lower 95%Upper 95%Lower 95.0%Upper 95.0%

Intercept 5.249953 13.68085 0.383745 0.703307 -22.4455 32.9454 -22.4455 32.9454

X Variable 10.951908 0.037031 25.70579 1.24E-25 0.876943 1.026873 0.876943 1.026873

RESIDUAL OUTPUT PROBABILITY OUTPUT

ObservationPredicted Y ResidualsStandard Residuals Percentile Y

1 227.0445 -22.0445 -1.13268 1.25 205

2 233.7078 -26.7078 -1.3723 3.75 207

3 233.7078 -21.7078 -1.11539 6.25 212

4 252.746 -34.746 -1.78531 8.75 218

5 252.746 -28.746 -1.47702 11.25 224

6 252.746 -21.746 -1.11735 13.75 231

7 266.0727 -28.0727 -1.44243 16.25 238

8 266.0727 -8.0727 -0.41479 18.75 258

9 267.9765 3.023484 0.155352 21.25 271

10 269.8803 11.11967 0.571348 23.75 281

11 277.4956 13.50441 0.693881 26.25 291

12 282.2551 9.744866 0.500709 28.75 292

13 286.0628 24.93723 1.28132 31.25 311

14 287.9666 28.03342 1.440407 33.75 316

15 296.5338 31.46625 1.616792 36.25 328

16 297.4857 32.51434 1.670645 38.75 330

17 300.3414 31.65862 1.626676 41.25 332

18 306.0528 29.94717 1.538739 43.75 336

19 310.8124 27.18763 1.396949 46.25 338

20 331.7543 27.24566 1.399931 48.75 359

21 343.1772 16.82276 0.864384 51.25 360

22 346.033 14.96704 0.769033 53.75 361

23 372.6864 -8.68638 -0.44632 56.25 364

24 393.6284 -24.6284 -1.26545 58.75 369

25 394.5803 -24.5803 -1.26298 61.25 370

26 396.4841 -20.4841 -1.05251 63.75 376

27 397.436 -0.43598 -0.0224 66.25 397

28 405.0512 -6.05124 -0.31092 68.75 399

29 416.4741 -7.47414 -0.38403 71.25 409

30 418.378 -4.37795 -0.22495 73.75 414

31 425.9932 -4.99322 -0.25656 76.25 421

32 426.9451 2.054875 0.105583 78.75 429

33 437.4161 -8.41611 -0.43243 81.25 429

34 438.368 -4.36802 -0.22444 83.75 434

35 446.9352 -3.93519 -0.2022 86.25 443

36 453.5985 2.401455 0.123391 88.75 456

37 459.31 3.690008 0.189599 91.25 463

38 476.4443 -3.44433 -0.17698 93.75 473

39 479.3001 1.699944 0.087346 96.25 481

40 479.3001 1.699944 0.087346 98.75 481
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The model Nash Sutcliffe efficiency of 0.95 indicates a model with more predictive 

skills (Figure 4.5).  

 
 

Figure 0.5. The NSE efficiency  

 

The model correlation coefficient (R2) of 0.95 (Figure 4.6) indicates a strong 

correlation between the observed and the predicted while the Pearson’s coefficient (R) 

of 0.97 indicates a strong linear relationship between the predicted and the observed.    
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Figure 0.4. A comparison of observed and simulated soil loss  
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Figure 0.6.  Correlation coefficient  

 

4.2 Determination of spatial soil loss  

The RUSLE input parameters were processed in the GIS environment to produce the 

five RUSLE factors after calibration and validation.   

4.2.1 The R factor  

The high and low rainfall amount were in high and lower parts of the catchment 

respectively. The highest and lowest rainfall factors were 460 and 201 respectively 

shown in the rainfall factor map (Figure 4.7).  

4.2.2 The K factor  

The maps representing the soil factor equation shown in RUSLE factors algorithms 

(Table 3.1) are described in the soil factor parameter (Table 4.2) and presented in the 

soil erodibility factor maps (Appendix II). The study area showed that the K factor 

ranged between 0.004 and 0.058 with a mean score of 0.045 and standard deviation 

of 0.015 as shown in the soil erodibility factor map figure 4.8. The predominant soil 

structure was code 3 and 4 described as fairly to slightly structured soil while the 



 

 

42 

 

 

profile permeability predominantly was coded as 3 and 5 described as moderate to 

slow. The soil organic matter was below 1%.  The major soil properties of the study 

are described in appendix VI. 

4.2.3 The LS factor  

The maps representing the LS factor equation shown in the RUSLE factors algorithms 

(Table 3.1) are described in the LS factor parameters (Table 4.3) and presented in the 

LS factor parameters appendix III, (Moore and Burch 1986a). The LS mean score was 

1 with a standard deviation of 5 while the minimum and maximum was 0 and 231 

respectively as shown in the slope length factor map (Figure 4.9).  

4.2.4 The C factor  

The maps representing the C factor equations shown in the RUSLE factors algorithms 

(Table 3.1) are described in the C factor parameters (Table 4.4) and presented in the 

C factor parameters maps appendix iv (University of Toronto, Admin 2015; Durigon 

., 2014). The study area C factor values ranged between -0.045 and 0.58 with a mean 

score of 0.366 and standard deviation of 0.08 as shown in the land cover factor map 

(Figure 4.10). 

4.2.5 The modified P factor  

The land use map showing agricultural and non-agricultural areas and reclassified 

slope map of the study area (Figure A13) and (Figure A14) respectively are shown in 

the P factor maps (Appendix V). The P factor ranged from 0.10 to 1 with a mean value 

of 0.94 and standard deviation of 0.22 as shown in the practice factor map (Figure 

4.11). 

4.2.6 The soil loss (A)  

The annual soil loss rate within the catchment was 279 t/ha (Figure 4.12). 
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Figure 4.7. Rainfall factor map 

 

Table 4.2. Soil factor parameters 

 

Table 0.3. Slope length (LS) factor parameters 

 

No Soil parameter 
Description of the soil of the 

soil parameter 

1 Silt figure A1 12.00 – 30.00 % 

2 Sand figure A2 17.00 - 42.00 % 

3 Clay figure A3 35.00 -70.00% 

4 Soil organic matter figure A4 0.700 – 1.100% 

5 Soil structure code figure A5 2, 3 and 4 

6 Soil permeability code figure A6 2, 3 and 5 

No  LS parameter Description of the LS parameter 

1  Sink filled map – figure A7 326 -1681 

2  Flow direction map – figure A8 1 - 65 

3  Flow accumulation – figure A9 0 – 602,549 cells 

4  Slope gradient – figure A10 0 – 58 degrees 
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Figure 4.8. Soil erodibility factor map 
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Figure 4.9. Slope length factor map 
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Table 4.4. C factor parameters  

No C-Parameter Description of the C 

1 Regional NDVI figure A11 -1.00 to 1.00 

2 Study area NDVI figure A12 -0.08 to 0.55 

 

 

 

 

 

Figure 4.10: Land cover factor Map 
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Figure 4.11. Practice factor map 
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Figure 4.12. Soil loss map 

  



 

 

49 

 

 

4.3 Hypotheses testing 

Table 0.5. Test parameters   

 Random 

Mean 329.725 

Variance 5407.64 

Observations 40 
Hypothesized Mean 
Difference 279 

Df 39 

t Stat 4.362628 

P(T<=t) one-tail 4.56E-05 

t Critical one-tail 1.684875 

P(T<=t) two-tail 9.13E-05 

t Critical two-tail 2.022691 

 

The result showed that RUSLE simulation significantly produced non homogeneous 

soil loss within the catchment, t (39) = 4.363, p < .001.  

4.4 Delineated erosion risk areas  

The values of annual soil loss range within the study area are shown in Table 4.6. The 

lowest value is 202.00 t/ha while the highest value is 493.00 t/ha eroded from the area 

of 833.00 km2 and 30.00 km2 respectively. The study adopted the soil loss severity 

classes (Table 4.7), (Rahaman et al., 2015; Gizachew, 2015). From Table 4.5, 70% of 

the study area was classified under high erosion level while the remaining 30% was 

classified as severe. 
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Table 4.6. Range of area of annual soil loss values 

 

No. Annual soil loss range value (t/ha) Area in Sq. km Area in % 

1 202.00 - 245.00 833.00 45.00% 

2 246.00 - 314.00 551.00 30.00% 

3 315.00 - 382.00 293.00 15.00% 

4 383.00 - 450.00 142.00 8.00% 

5 451.00 - 493.00 30.00 2.00% 

 

 

 

Table 4.7. Soil loss severity classes 

No 
Annual soil loss range 

value (t/ha) 

Soil loss severity 

classes 

Area in Sq. 

km 

Area in 

% 

1 <10 Nil 0 0 

2 10 – 50 Low 0 0 

3 50 – 150 Moderate 0 0 

4 150 – 300 High 1293 70% 

5 >300 Severe 556 30% 
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6. CHAPTER 5: DISCUSSION 

5.1 Model calibration and validation   

The model calibration and validation showed strong correlation between the observed 

and simulated soil losses. The correlation coefficient (r) was 0.97 while the NSE was 

95%. The strong correlation was attributable to both observed and simulated input 

data that was collected for the study area. The model can be adopted in the study area 

catchment with improvement involving high resolution data covering three 

parameters: soil, slope length, land cover while rainfall would require more rainfall 

stations.      

5.2 Determination of soil loss using RUSLE 

The RUSLE simulation produced the spatial soil loss within Golole catchment (Figure 

4.12). The soil factor (K) result can be described as low (Figure 4.8). From the soil 

erodibility factor maps (Appendices II and Appendix VI), the soil physical 

characteristics can be described as having very low organic matter, slightly structured 

and belonging to a permeability class of slow to moderate.  The presence of soil 

organic matter in the soil in varying degree increases soil porosity and capacity to hold 

water which in turn reduces soil erodability (Jankauskas et al., 2007). Information on 

soil’s organic matter, structure and profile permeability class enhance erodibility 

prediction accuracy (Wischmeier and Smith, 1978).  

Wischmeier and Smith (1978) found that soil erodibility was directly proportional to 

the silt fraction. Sand, sandy loam and loam soils are less erodible than silt, very fine 

sand and certain clay soils (Wischmeier and Mannering, 1969). The study area soil 

texture can be described as predominantly loamy clayey (Appendix VI). As clay 
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fraction increases, erodibility decreases, a phenomenon attributable to the increased 

cohesiveness associated with clay soils (Wischmeier and Mannering, 1969).  

The analysis conducted on both slope length and soil loss maps figures 4.9 and 4.12 

respectively indicated a direct proportionality. In this case, the two were compared 

using similar coordinates and showed similar trends where high or low slope length 

factor meant high or low rate of soil loss. The high and low soil loss rates occurred in 

the highlands and lowlands respectively as shown in the soil loss map (Figure 4.12). 

The other researchers using RUSLE in a GIS environment in similar catchments got 

an annual average soil loss rate of 600 t/ha for Taita hills in Kenya (Mawasi, 2013), 

93 t/ha from Chemoga Blue Nile Basin, Ethiopia (Bewket and Teferi, 2009) and 42 

t/ha from cultivated fields in Ethiopia (Hurni, 1993). Hurni et al., (2008) confirmed 

the high soil loss in Ethiopia on test plots amounting to between 130 to 170 t/ha/yr. In 

Ethiopian highlands Abate (2011) established an annual soil loss of between 200 and 

300 t/ha/yr., while Nkonya et al., (2016) found that in Ethiopia soil loss ranged 

between 42 and 300 t/ha/yr.  

Ban et al (2016) demonstrated the advantage of using RS and GIS in estimating soil 

loss for Kulekhani catchment, Nepal where 58% of the catchment area was prone to 

high and very severe erosion with a mean annual soil loss of 195 t/ha/yr. The severe 

erosion rates occurred in hilly, steep and undulating terrains as shown by the slope 

length factor map and soil loss map (Figures 4.9 and 4.12).  

A similar trend was noted using RUSLE and geo-information technology in a small 

sub-watershed in Kerala, India (Prasannakumar, 2011). The upper part of the 

catchment above 1100 m a.s.l., occupied by the forest was covered by thick vegetation 

mainly shrubs and trees as shown in plate 5.1. The forest area was hilly, with 
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undulating terrain and home to wildlife (elephants, buffalos, monkeys, antelopes 

among others). Deforestation (cutting of trees) as well as human encroachment on the 

forest land was noted in areas bordering the forest. The cultivated land exhibited 

minimal vegetation cover (plate 5.2).  Rills and gullies were observed on the terrains 

as shown in plate 5.3.  

 

Plate 6.1. Marsabit forest. Photo taken from location: N02.22255, E037.96703, 1020 

m a.s.l. 

 

Plate 6.2. Farming land in Badassa without soil conservation measures.   

Location: N02.26208 E038.01300, 1025m a.s.l. 
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Plate 6.3. Gully formation in a farmland in Songa. Location: 02.23835, E037.99631, 

1006m a.s.l. 

 

The surface water sources comprising of earth pans and dams were heavily silted due 

to the high amount of soil brought from the upper reaches of the catchment. Rills and 

gullies were observed on hilltops and on steep slope terrains. In the cultivated areas 

few farms used stone contour ridges. The rangelands occupying the lowland plains 

had vegetation depleted to minimal vegetation and bare land due to overgrazing.  

5.3 Delineation of risky areas of soil erosion 

The soil loss within the catchment varied significantly from one area to another and 

therefore the soil loss was not homogeneous. The study delineated risk areas of soil 

erosion according to soil loss severity classes (Table 4.7) where 30% of the study area 

land mass experienced severe soil loss rates.  

The study acknowledges that the entire catchment was prone to accelerated erosion 

since the minimum annual soil loss rate of 202 t/ha was above the recommended 

annual soil erosion tolerable level of 4.8 t/ha for the area (Sombroek et al., 1980).  

RUSLE factors are classified into two categories; environmental and management 

with the former remaining relatively constant over time while the latter varies 

considerably (Rahaman et al., 2015). This implies that the management factors 
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affecting both land cover and land use can be manipulated considerably to reduce the 

rate of the soil loss. Bonarius (1975) cautioned that cultivation on the eastern slopes 

of Mt. Marsabit especially below 1,300 m a.s.l. should be reduced to curb soil erosion 

hazard (Bonarius, 1975).  

During ground truthing, minimal land cover was observed in the cultivated areas that 

also exhibited high soil loss. This study found that lack of vegetation cover and type 

of land use (cultivation and grazing) were the main contributors to the severe and high 

rate of soil loss in the study area. 

The high rate of soil erosion in Marsabit mountain ecosystem (highlands) occurred in 

areas with less or no vegetation cover (Okoth, 2006). The results showed that land 

cover (C factor) and land use (P factor) comprised of the management factors that 

could be economically manipulated through conservation measures to greatly reduce 

soil loss (Renard et al., 1995).  

The findings in this study agree with the observation that the high rates of erosion in 

Ethiopia was caused by: deforestation, overgrazing, detrimental cultivation practices, 

poverty, land fragmentation and expansion of cropland (Birham, 2016).  
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7. CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS 

6.1 Conclusion 

The result from this study based on the objectives and the hypotheses affirmed that 

RUSLE simulation:  

1. Generated the spatial soil loss within Golole catchment hence the study 

determined the spatial soil loss.  

2. Generated a non-homogeneous soil loss within Golole catchment hence the 

study delineated risky areas of soil erosion.  

6.2 Recommendations  

This study recommends the following: 

1.  Further research on RUSLE simulation coupled with calibration and 

validation using high resolution data.  

2. Further research on RUSLE simulation on temporal trends of the soil erosion 

hazard using high resolution data. 

3. This study recommends further research in the forest reserve areas that 

showed the greatest rates of soil erosion menace to determine underlying 

causes and appropriate soil erosion mitigation measures.  
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APPENDICES 

Appendix I: Kenya ecological zones  

Kenya is divided into five altitude zones and seven moisture availability zones. The 

annual rainfall divided by potential evaporation gives moisture availability.  The 

altitude zones are sea level to 200m, 200 – 1500m, 1500-2500m, 2500-3000m and 

>3000m. The moisture availability zones include very arid (zone VII), arid (Zone VI), 

semi-arid (zone V), semi-humid to semi-arid (zone IV), semi-humid (zone III), sub-

humid (zone II) and humid (zone I). Areas designated as I, II and III with a moisture 

index greater than 50% have a high potential for cropping (Sombroek et al., 1980). 

The high agricultural potential areas are located above 1200 m altitude with a mean 

annual temperature of below 18°C while 90% of the semi-arid and arid zones lie 

below 1200 m a.s.l with a mean annual temperature ranging from 22° to 40°C. 
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Table A1. Kenya’s ecological zones  

ZONE CLASSIFICATION 
MOISTURE 

% 

ANNUAL 

RAINFALL 

% OF 

KENYA’S 

AREA 

1V 
Semi-humid to semi-

arid 
40 -50 600 -1100 5 

V Semi-arid 25 -50 450 - 900 22 

VII Very arid <15 150 - 350 46 

1Kenya’s four out of seven ecological zones whose moisture index falls below 

50%. 2Target research area falls under semi humid to semi-arid: Source: 

Sombroek et al. (1980). 
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Appendix II: Soil erodibility factor maps 

 

Figure A1. Percentage silt map 
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Figure A2. Percentage sand map 
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Figure A3. Percentage clay map 
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Figure A4. Soil organic matter (SOM) map 
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Figure A5. Soil structure code map 
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Figure A6. Soil permeability code map 
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Appendix III: LS factor parameters maps  

 

Figure A7. Sink filled map 
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Figure A8. Flow direction map 
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Figure A9. Flow accumulation map 
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Figure A10. Slope gradient map 
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Appendix IV: C factor parameters maps 

  

Figure A11. Regional NDVI 
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Figure A12. Study area NDVI 
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Appendix V: P-factor maps 

 

 

 

Figure A13. Land use map showing agricultural and non-agricultural areas of the 

study area 
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Figure A14. Reclassified slope map of the study area 
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Appendix VI: The major soil properties of the study area 

 

  

Table A2. The major soil properties of the study area 

Value FAO soil units 

CEC 

 

Texture 

Structure  

(ST) 

Permeability 

(Perm) 

ST 

code 

Perm 

code 

1 Lithosols 4 Loamy Blocky Moderate 3 3 

2 Chromic Cambisols 4 Loamy Aggregate High 2 2 

3 Pellic vertisols 4 Clayey Massive Low 4 5 

4 Eutric Nitosols 3 Clay Blocky Moderate 3 3 

5 Mollic Andosols 4 
Very 

clayey 

Aggregated High 2 2 

6 
Calcic Xerosols / 

Yamosols 

3 Clayey Massive Low 4 5 

7 
Calcic Xerosols / 

Yamosols 

3 clayey Massive Low 4 5 

8 Calcaric Fluvisols 7 
Very 

clayey 

Massive Low 4 5 

9 Luvo-orthic Solonetz 4 Clayey Massive Low 4 5 
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Appendix VII: Rainfall data  

 
 

station ID Station nameElementYear 1 2 3 4 5 6 7 8 9 10 11 12 Total

8737000 MARSABIT MET STATIONPrecipitation; monthly total1980 13 3 4 102 138 0 11 29 2 11 45 3 358

8737000 MARSABIT MET STATIONPrecipitation; monthly total1981 2 0 203 537 104 7 6 9 1 197 69 35 1170

8737000 MARSABIT MET STATIONPrecipitation; monthly total1982 3 0 13 566 286 8 7 4 1 342 130 111 1470

8737000 MARSABIT MET STATIONPrecipitation; monthly total1983 4 23 1 337 51 4 36 11 21 16 33 31 566

8737000 MARSABIT MET STATIONPrecipitation; monthly total1984 0 0 2 180 16 1 6 1 14 110 200 16 545

8737000 MARSABIT MET STATIONPrecipitation; monthly total1985 19 51 99 345 365 19 3 9 4 112 69 55 1151

8737000 MARSABIT MET STATIONPrecipitation; monthly total1986 0 0 73 225 12 8 6 0 1 34 125 35 518

8737000 MARSABIT MET STATIONPrecipitation; monthly total1987 45 0 11 169 298 37 15 16 4 2 73 15 687

8737000 MARSABIT MET STATIONPrecipitation; monthly total1988 32 3 60 512 15 11 5 9 49 121 140 58 1016

8737000 MARSABIT MET STATIONPrecipitation; monthly total1989 57 39 32 300 77 12 3 4 0 55 202 38 818

8737000 MARSABIT MET STATIONPrecipitation; monthly total1990 53 133 61 302 23 14 0 0 1 21 110 149 868

8737000 MARSABIT MET STATIONPrecipitation; monthly total1991 47 1 110 68 16 4 26 20 4 0 28 88 410

8737000 MARSABIT MET STATIONPrecipitation; monthly total1992 1 47 146 23 2 12 4 1 57 90 158 539

8737000 MARSABIT MET STATIONPrecipitation; monthly total1993 104 11 241 244 17 5 1 1 74 59 11 768

8737000 MARSABIT MET STATIONPrecipitation; monthly total1994 0 0 8 112 72 1 27 11 3 209 1 70 513

8737000 MARSABIT MET STATIONPrecipitation; monthly total1995 0 76 43 371 121 1 4 19 1 47 138 33 854

8737000 MARSABIT MET STATIONPrecipitation; monthly total1996 8 3 46 81 27 69 7 4 6 1 68 0 320

8737000 MARSABIT MET STATIONPrecipitation; monthly total1997 0 0 43 347 2 3 2 0 5 430 473 140 1444

8737000 MARSABIT MET STATIONPrecipitation; monthly total1998 277 41 110 104 191 32 14 3 0 1 111 9 893

8737000 MARSABIT MET STATIONPrecipitation; monthly total1999 1 0 27 144 9 6 5 9 2 11 92 32 337

8737000 MARSABIT MET STATIONPrecipitation; monthly total2000 8 0 1 11 1 9 1 0 8 8 40 13 100

8737000 MARSABIT MET STATIONPrecipitation; monthly total2001 33 3 70 181 11 8 7 27 0 23 193 46 603

8737000 MARSABIT MET STATIONPrecipitation; monthly total2002 19 3 120 255 53 6 13 13 5 55 42 311 895

8737000 MARSABIT MET STATIONPrecipitation; monthly total2003 0 0 18 263 64 13 0 17 7 36 220 76 713

8737000 MARSABIT MET STATIONPrecipitation; monthly total2005 1 1 0 177 248 10 1 3 1 111 20 2 572

8737000 MARSABIT MET STATIONPrecipitation; monthly total2007 8 7 16 102 77 10 25 28 12 109 83 7 482

8737000 MARSABIT MET STATIONPrecipitation; monthly total2008 77 0 22 148 7 2 3 12 3 100 289 3 666

8737000 MARSABIT MET STATIONPrecipitation; monthly total2009 11 19 7 26 10 5 0 0 0 195 35 85 391

8737000 MARSABIT MET STATIONPrecipitation; monthly total2010 45 54 77 93 36 0 16 5 2 38 22 4 391

8737000 MARSABIT MET STATIONPrecipitation; monthly total2011 0 33 0 81 5 6 1 2 0 239 477 9 853

8737000 MARSABIT MET STATIONPrecipitation; monthly total2012 0 1 1 269 51 11 11 9 157 88 135 733

8737000 MARSABIT MET STATIONPrecipitation; monthly total2013 44 3 347 303 21 2 18 7 744
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station ID Station nameElementYear 1 2 3 4 5 6 7 8 9 10 11 12 Total

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1980 1.2 2.3 35.7 54.8 204 1.4 12.2 53.1 26.2 30.3 94.2 8.1 523

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1981 0 5.6 182 343 65.1 20.9 6.9 14.6 12 76.8 79.2 8.9 816

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1982 2 4.5 22.7 238 470 14.5 13.6 1.7 118 213 75.8 20.9 1195

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1983 23.7 26.8 2.4 215 178 41.6 20.7 0.4 17.2 20.1 36.1 18.9 601

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1984 0.9 0.2 14.9 52.1 98.3 6.3 10.2 0.4 5.3 59.3 96.5 27.5 372

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1985 37.8 27.7 150 166 282 27.9 9.1 12.1 9.4 153 19.9 4.8 900

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1986 0 17.6 14.6 287 60.7 22.8 16.5 1 7.7 63.3 141 51.9 684

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1987 18.1 10.1 51.4 138 273 4.6 5.2 32.4 9.3 12.1 50.2 4.7 609

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1988 8.6 32.4 33.9 361 19.5 50 0 20.2 84.6 41.3 67.6 43.8 763

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1989 19.4 47.6 44.6 213 157 33.9 5.1 5.7 6.8 58.2 125 94.2 811

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1990 12.1 84.3 41.4 226 71.2 12.6 3.2 0.4 2.7 96.3 50.2 79.7 680

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1991 30.9 47.5 58.4 71.8 184 15.5 59.8 20 0 29 26.3 13.3 557

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1992 2.2 14.1 24.3 94.7 117 10.2 23.9 6.3 50.2 43.2 168 59 613

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1993 42 24.5 38.2 67.2 205 37.3 9.8 0 1.4 73.4 50.5 6.3 556

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1994 0 0 38 78.3 98.3 17.7 9.8 1.5 20.1 137 219 25.5 645

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1995 0 35.7 121 99.2 46.9 10.1 21.9 20.4 4.6 88.5 44.9 18.5 512

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1996 8.3 0.1 103 109 122 10.8 13.5 0.3 7.6 20.3 59.9 11.8 466

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1997 0 0 41.7 305 21.8 21.3 7.5 3 11.3 605 277 51.1 1345

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1998 116 67.9 16.1 238 148 56.3 18.2 21.1 1.5 9.9 59.3 23.4 776

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total1999 0.6 1.5 71.1 81.3 66.5 23.5 8 12.4 0.7 92.1 69 29.4 456

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2000 15.9 0 0 70.9 82.1 5 11.9 21.9 20.6 72.5 53.6 27.9 382

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2001 16.7 21.8 141 179 18.3 9.3 6.8 16.8 12.1 20 91.2 16.5 550

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2002 5.8 0 62.9 197 83.4 15.2 3 2.5 43.5 149 27.3 107 697

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2003 23.2 3.8 39.3 0.8 96.3 12.6 2.7 13.9 12.3 8.6 140 20.2 374

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2005 11.4 0 10.5 60.1 149 22.1 10.2 2.6 2.1 24 47.6 0 340

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2007 5.3 19.1 33.8 130 90.2 25.4 4.2 35.3 16 118 88.6 0.6 567

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2008 6.2 0 87.1 150 68.9 43.2 11.4 9.8 10.6 186 53.1 3.4 629

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2009 68.6 1.1 33.6 107 84.9 10.9 0 1.7 0.7 78.4 95 30.2 512

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2010 8.3 34.9 62.7 260 13.6 7 14.3 3.1 3.8 82.5 2.7 0.3 493

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2011 0.7 22.9 0.3 30.5 54.8 4.6 0.4 70.6 23.2 202 276 1.3 687

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2012 0 19.6 24.2 97 69.2 0.8 0.1 21.3 32.7 91 113 48.5 517

8639000 MOYALE METEOROLOGICAL STATIONPrecipitation; monthly total2013 18.8 0 182 218 84.1 25 11.5 12.8 1.3 553
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