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“To waste, to destroy our natural resources, to skin and exhaust the land instead of using
it so as to increase its usefulness, will result in undermining in the days of our children the

very prosperity which we ought by right to hand down to them amplified and developed.”

Theodore Roosevelt
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THESIS AT A GLANCE

PART A: SYNTHESIS
The synthesis overviews and fuses the major concepts, methods and ideas from the four individual papers with
existing knowledge within the scientific subject of catchment management. In particular, it points out where the

different concepts overlap and diverge which influences the nature and impact of the findings.

PART B: PAPERS

Paper |

Aim: To calibrate the Soil and Water Assessment Tool using the segmented flow duration curve (FDC) and
compare it with the hydrograph.

Evaluation method: Pareto optimization, multiple statistical analysis

Conclusion: The multi-metric FDC improved the calibration of low and very low segments and has a

potential for use by watershed resource managers working in low-flow environments.

Paper Il

Aim: To use the SWAT model together with a generic land-use optimization tool to identify and quantify
functional trade-off between environmental sustainability and food production in Nyangores catchment.
Evaluation method: land-use optimization based on Mean annual minimum low flow indicator, sediment yield

and maize and soybean harvest yield

Conclusion: Land-use optimization tools can be used to solve complex land allocation problems based on

different objectives.

Paper il

Aim: To assess the potential of digital Soil Mapping (DSM) of soil aggregate stability as a proxy for soil erosion
mapping in data scarce tropical areas.

Evaluation method: conditioned latin hypercube sampling, fast-wetting aggregate stability test, digital soil

mapping

Conclusion: With limited soil samples, use of computing power, improved prediction techniques such as
machine learning and freely available covariates/environmental variables, DSM can effectively be applied

to predict soil properties for a catchment with little to no existing soil data.

Paper IV
Aim: To determine if spatio-temporal assessment of erosion be an effective tool in influencing the allocation of
timely soil erosion mitigation measures.

Evaluation method: Land-use classification using Landsat image, revised universal soil loss empirical model

Conclusion: Yearly erosion risk maps misrepresent the true dimensions of soil loss with averages
disguising areas of low and high potential. With monthly erosion risk maps, landscape-scale measures
including timely allocation of scarce erosion mitigation and protection measures as well as time-

dependent planting and harvesting techniques for agriculture, can be purposely incorporated.




SUMMARY

Human activities on land have a direct and cumulative impact on water and other natural
resources within a catchment. This land-use change can have hydrological consequences
on the local and regional scales. Sound catchment assessment is not only critical to
understanding processes and functions but also important in identifying priority
management areas. The overarching goal of this doctoral thesis was to design a
methodological framework for catchment assessment (dependent upon data availability)
and propose practical catchment management strategies for sustainable water resources
management. The Nyangores and Ruiru reservoir catchments located in Kenya, East
Africa were used as case studies. A properly calibrated Soil and Water Assessment Tool
(SWAT) hydrologic model coupled with a generic land-use optimization tool (Constrained
Multi-Objective Optimization of Land-use Allocation-CoMOLA) was applied to identify and
quantify functional trade-offs between environmental sustainability and food production
in the ‘data-available’ Nyangores catchment. This was determined using a four-dimension
objective function defined as (i) minimizing sediment load, (ii) maximizing stream low
flow and (iii and iv) maximizing the crop yields of maize and soybeans, respectively.
Additionally, three different optimization scenarios, represented as i.) agroforestry (Scenario
1), ii.) agroforestry + conservation agriculture (Scenario 2) and iii.) conservation agriculture
(Scenario 3), were compared. For the data-scarce Ruiru reservoir catchment, alternative
methods using digital soil mapping of soil erosion proxies (aggregate stability using Mean
Weight Diameter) and spatial-temporal soil loss analysis using empirical models (the
Revised Universal Soil Loss Equation-RUSLE) were used. The lack of adequate data
necessitated a data-collection phase which implemented the conditional Latin Hypercube
Sampling. This sampling technique reduced the need for intensive soil sampling while still
capturing spatial variability. The results revealed that for the Nyangores catchment,
adoption of both agroforestry and conservation agriculture (Scenario 2) led to the
smallest trade-off amongst the different objectives i.e. a 3.6% change in forests combined
with 35% change in conservation agriculture resulted in the largest reduction in sediment
loads (—78%), increased low flow (+14%) and only slightly decreased crop yields (—3.8% for
both maize and soybeans). Therefore, the advanced use of hydrologic models with
optimization tools allows for the simultaneous assessment of different outputs/objectives

Vi



and is ideal for areas with adequate data to properly calibrate the model. For the Ruiru
reservoir catchment, digital soil mapping (DSM) of aggregate stability revealed that
susceptibility to erosion exists for cropland (food crops), tea and roadsides, which are
mainly located in the eastern part of the catchment, as well as deforested areas on the
western side. This validated that with limited soil samples and the use of computing
power, machine learning and freely available covariates, DSM can effectively be applied in
data-scarce areas. Moreover, uncertainty in the predictions can be incorporated using
prediction intervals. The spatial-temporal analysis exhibited that bare land (which has the
lowest areal proportion) was the largest contributor to erosion. Two peak soil loss periods
corresponding to the two rainy periods of March—May and October—December were
identified. Thus, yearly soil erosion risk maps misrepresent the true dimensions of soil
loss with averages disguising areas of low and high potential. Also, a small portion of the
catchment can be responsible for a large proportion of the total erosion. For both
catchments, agroforestry (combining both the use of trees and conservation farming) is
the most feasible catchment management strategy (CMS) for solving the major water
guantity and quality problems. Finally, the key to thriving catchments aiming at both
sustainability and resilience requires urgent collaborative action by all stakeholders. The
necessary stakeholders in both Nyangores and Ruiru reservoir catchments must be
involved in catchment assessment in order to identify the catchment problems,
mitigation strategies/roles and responsibilities while keeping in mind that some risks

need to be shared and negotiated, but so will the benefits.

Key words: Land-use, catchment assessment, data-scarce, digital soil mapping, pareto,
calibration, hydrologic models, machine learning algorithms, sampling, empirical models,

aggregate stability
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PART A: SYNTHESIS

1. INTRODUCTION

1.1 Catchment management

This section lays the foundation for the research topic by presenting a background of the

major concepts and ideas that are addressed in detail within the individual papers.

A catchment is defined as the smallest drainage unit from which the runoff drains to a
common outlet. This term has been used interchangeably with others such as drainage
area, watershed and basin. The term ‘watershed’ is the standard term in the USA (Shukla,
2011). The term ‘catchment’ is the standard used in Europe, Australia and certain Asian
countries and as such will be adopted in all subsequent chapters. Every stream, tributary
or river has an associated catchment, and small catchments aggregate to become larger
catchments (Vergara, 1991). The size of catchments varies and is a feature that determines
the complexity of its management. Catchments form part of the ecosystem and provide a
multitude of ecosystem services. An ecosystem is a dynamic complex of plant, animal and
microbial communities and the non-living environment interacting as a functional unit.
Ecosystem services are the benefits people obtain from ecosystems. They include
provisional services such as food, water and timber; regulating services such as climate,
flood, disease and water regulation; and cultural services that provide recreation and
aesthetics and supporting services such as nutrient cycling and soil formation (Millenium

Ecosystem Assessment, 2005).

Natural and anthropogenic factors can have a direct and cumulative negative impact on
the capacity of catchments to provide ecosystem services, a process referred to as land
degradation (Lal, 1993; Perry et al., 2000). The main processes of land degradation are
physical, chemical and biological degradation. Physical degradation causes a decrease in
soil structure and includes compaction, crusting, erosion, desertification and anaerobiosis
(Lal, 1997). The major chemical degradation processes include soil acidification, leaching,
salinization and loss of fertility. Biological processes include those leading to a decline in
biodiversity and total and/or biomass carbon (Lal, 1997). Today, soil erosion — a process in
which soil particles are detached from within a cohesive soil matrix and subsequently

moved downslope by different transport agents (Kinnell, 2010) — is the main form of land



degradation. This is driven by land-use changes and unsustainable land practices. Soil
erosion has resulted in local, regional and hydrological consequences. For example,
unsustainable land practices have led to structure degradation in the top soil, which holds
the bulk of the organic matter required for plant growth. On-site effects include soil
acidification, biological degradation and a decline in soil structure and fertility (Kamamia et
al., 2019). Off-site effects include siltation and sedimentation of water bodies and irrigation
channels, which affect marine and freshwater ecosystems. Human-induced global warming
has further exacerbated the degradation processes by altering seasonal and annual flood
cycles, prolonging droughts, changing the distribution of rainfall and raising the
temperature (Ferrier & Jenkins, 2009). About 65% of Sub-Saharan Africa is regarded as
degraded (Vlek et al., 2010). This is the main factor underlying the low crop productivity
and deterioration of water resources. Land degradation in catchments has caused or
increased poverty among the vulnerable (the poor, women and indigenous communities),
who comprise the majority of the population and who depend on these catchments for
food and income (Millennium Ecosystem Assessment, 2005). Rapid population growth in
this region continues to increase pressure on the existing and already deteriorated
catchment resources to a point where options regulating the use of these resources at
sustainable levels become irrelevant. This creates a downward spiral of further land
degradation and increased vulnerability of the people to the negative consequences.
Degradative processes have critical limits beyond which the various effects are irreversible,
and ecosystem services cannot be restored (Hooper et al., 2007; Lal, 1997). The costs
incurred in attempts to restore these services have also been regarded as higher than the

cost of preventing degradation (Millennium Ecosystem Assessment, 2005).

Therefore, there is a need for proper management of the use of catchment resources, with
their many conflicting uses, and mitigation of their deterioration — a process referred to as
catchment management. This is defined as the integrated utilization, regulation and care
of water and land resources in a catchment with the aim of meeting pre-defined
development goals (SCSA, 1982). Catchment management in the broader sense means
maintaining the equilibrium between elements of the natural ecosystem or vegetation,
land or water on the one hand and human activities on the other hand (Dubey, 2018).
Catchment management must encompass the core elements of environmental, economic

and social sustainability. Sustainability can occur only when the needs of people and the



capacity of the natural resource base to meet those needs are balanced over time (Mwangi
et al., 2016 a, b). This is a complex process which must be approached in a holistic and
participatory manner. The multiple resources within a catchment, including forests,
pastures, agricultural land, surface water and groundwater, are all linked through the
hydrological cycle. Therefore, any form of management must be undertaken along
hydrological boundaries, which may at times conflict with administrative boundaries (SCSA,
1982). Sound catchment management plans must also involve all relevant stakeholders
(individuals and institutions) who shape the catchment landscape due to their activities.
Conventional catchment management focused on the use of hydrological engineering to
solve the various technical problems related to water management. However, experience
has shown that the success of program implementation depends on the effective
participation of all relevant stakeholders in the planning, implementation, maintenance
and monitoring of the different initiatives (Mwangi et al.,, 2016a,b). Catchment
management comprises diverse activities addressing proper land use, prevention of land
degradation, maintenance and improvement of soil fertility, conservation and proper use
of water, erosion control, flood protection, sediment reduction and increasing the
productivity of all land uses (Khan et al., 2017; Mwangi et al., 2016a). Due to the dynamic
nature of catchment hydrology, stakeholders and availability of resource catchment

management plans differ.

An assessment of the status of catchment resources is a pre-requisite of meeting the
challenges of catchment management. This step has different dimensions, including the
natural and human sciences and stakeholder involvement (Jakeman & Letcher, 2003).
Under the natural science dimension, we are able to understand the nature of the
processes occurring in the catchment, such as physical pathways for the movement of
water/nutrients and pollutants, water balances and deposition areas. Under the human
science dimension, assessments aid in identifying current and future catchment pressures
and demands, as well as the social/political situation in the catchment (Ferrier & Jenkins,
2009; Jakeman & Letcher, 2003). Stakeholders are imperative for identifying the priority
processes and problems, determining the spatial and temporal scale of the catchment
assessment and ultimately developing management plans. At times catchment
assessments may fail due to a lack of focus on real problems or a lack of understanding of

the real problem. Here the insights obtained from the failed analysis can be used to



conceptualize a clearer problem(s).
1.2 Tools to support catchment assessment and management

Integrated hydrological models are fundamental tools for the integrative and iterative
assessment and management of catchments (Jakeman & Letcher, 2003). They provide a
way of exploring and explaining the different matter fluxes on the hydrologic cycle
components and determining the direction and magnitude of change in relation to
different management strategies. They serve as tools that can be adopted by stakeholders
to produce the information needed to develop catchment management interventions
(Jakeman & Letcher, 2003). Application of models requires the integration of site-specific
knowledge, regional calibration, environmental scenarios and social problems at different
levels of complexity (Duffy & Yu, 2018). Different models exist and are grouped on the basis
of model input, parameters and the extent of physical principles applied in the model. With
regards to the complexity and availability of input data, models are broadly classified as
empirical, conceptual and physically based (Singh, 2018). Empirical models are the least
data intense, do not simulate physical processes and are based on a cause-and-effect
relationships (Devia et al., 2015). Conceptual models describe the different components of
the hydrologic cycle using semi-empirical equations. Physical-based models such as the Soil
and Water Assessment Tool (SWAT) (Arnold et al.,, 1998) are more data intense and
represent hydrological processes and the inter-link between these processes in a more
complex manner. Model parameters are assessed not only through field studies but also
through calibration, suggesting that large data sets of hydrological and meteorological
records are required. A large number of parameters are introduced into physically based
models, which may lead to the problem of over-parameterization, denoting that a large
number of parameters may not necessarily translate to better model performance or
better representation of the hydrologic processes (Shukla, 2011; Singh, 2018). Over the
years, catchment models have been used to advance the scientific understanding of
processes, parameters and uncertainty. This is due to increased computing power; better
optimization techniques; advancement in numerical mathematics; increased spatial and
temporal modelling scales; the development of tools for data acquisition, storage, retrieval
and dissemination and the development of instruments for measuring the different

hydrologic variables (Singh, 2018).

Recently, the use of physically based hydrologic models has been complemented with land-

4



use optimization tools to determine the right balance/trade off amongst the different
catchment ecosystem services (Kaim et al., 2018). This is because in reality, catchments
have multifunctional uses and are shared by different stakeholders who may have multiple
and contradicting aims and interests which they seek to promote and defend. Land-use
optimization tools explore a large number of land-use management configurations for the
optimization amongst various objectives (Chapagain et al., 2021; Lautenbach et al., 2013).
Possible non-dominated solutions are solved by either maximizing or minimizing the
different objectives. This is done using algorithms such as the genetic algorithm (GA)
(Mitchell, 1996), which forms its basis from biological evolution. GAs such as the non-
dominated sorting algorithm (NSAG-II) start with an initial population and use concepts
such as selection, mating and mutations to create the next set of populations and
ultimately determine the solutions (Kaim et al., 2018). Parameters to be optimized are
encoded in a genome, and the individuals in a population are then evaluated on the basis
of objective functions. The fitness of the simulation within a generation determines
whether or not it will be selected for the next generation (i.e. solutions with higher rankings
survive and are selected to reproduce). Mating within a generation is performed by
crossover operators, which randomly combine the genomes of two individuals. Moreover,
the genome of the offspring can be randomly changed (mutation) (Lautenbach et al., 2013).
An implicit elitism strategy ensures that the best solutions ever found in the search history
are retained in the population throughout the optimization process (Wang et al., 2019).
Land-use optimization tools using the NSAG-Il have been used to solve complex land
allocation problems based on different objectives. Lautenbach et al. (2013) analysed the
biophysical trade-off between bioenergy and crop production using a hydrological model
coupled with NSAG-II. Rodriguez et al. (2011) as well as Panagopoulos et al. (2012) applied
SWAT and NSAG-II in the selection and placement of best management practices, which
minimized pollution in a cost-effective way. Still, the fundamental problem limiting the use
of hydrologic models and consequently of land-use optimization tools is the availability of

data, of which soil and soil properties are important inputs.

Soil surveys and in-situ soil erosion studies are expensive and time consuming to fulfil the
large demand for soil information for environmental modelling and monitoring
(Lagacherie, 2008). Besides, new areas of interest have emerged related to soil science,

such as soil pollution mapping, land quality mapping, biochemical cycling and erosion risk



mapping, which were not traditionally investigated. The scarcity of soil spatial data has
stimulated the development of digital soil mapping (DSM) (Lagacherie, 2008). DSM s
defined as the creation and population of spatial soil information systems by numerical
models inferring the spatial and temporal variations of soil types and properties from
observations and knowledge from related environmental variables (Lagacherie, 2008).
DSM has been applied to overcome the limitations of traditional soil surveys that employ
polygon data, which undergo generalization within spatial as well as parameter domains
due to scalability (A-Xing et al., 2007). Using high-resolution data representing soil-forming
covariates, point data and a suit of interpolation techniques, estimates of soil
property/function/threats, spatial maps can be derived. DSM has been successfully applied
in data-scarce areas to yield satisfactory predictions of different soil properties and
vulnerabilities (Kamamia et al., 2021). At times, the soil properties of interest may be
difficult to measure, resulting in the use of proxies. By definition, ‘proxies’ are measurable
variables that are used in place of variables that are difficult to measure (Lea et al., 2014).
A correlation between the proxy and the variable of interest must be established. Proxies
have been used in different fields, such as i) medicine to collect data on patients (Tachikawa
et al., 2019) and when testing the potency of new drugs (Emmerich & Deutz, 2018); ii.)
econometrics for forecasting purposes (Mitrut & Bratu, 2014); iii.) Logistics to optimize
delivery costs (Geiger & Sevaux, 2011); iv.) palaeoceanography to reconstruct past ocean
states (Tachikawa et al., 2019) and soil science to assess organic matter turnover,
susceptibility to erosion, soil biochemical activities and soil hydrological processes
(Delelegn et al., 2017). The challenges faced in determining soil erosion have resulted in
the use of other soil properties (‘proxies’) that are strongly related to soil erosion
(Bissonnais, 2016). Soil aggregate stability was recommended as a proxy for erosion
susceptibility (Bissonnais, 2016). The continuous regional spatial mapping of such proxies
through DSM can facilitate the application of appropriate conservation and management
strategies. Within DSM, the use of machine learning algorithms (data mining tools used for
predictive purposes) has also gained popularity only within the past two decades.
Conventionally, spatial soil prediction was embedded within the geostatistical framework,
which was unable to adequately equate non-linear relationships and capture gradual
changes in soil variation and was computationally more demanding for large datasets
(Wadoux et al., 2020). By contrast, machine learning algorithms can represent non-

linear/non-parametric relationships (which are predominant in nature) and can easily
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handle large datasets (Singh et al., 2016; Wadoux et al., 2020). Depending on the algorithm
and data available, two main techniques can be applied: ‘supervised’ or ‘unsupervised’.
Supervised learning requires an external dataset (training dataset) from which the different
input-output patterns/relationships are ‘learnt’ and an inferred function produced. The
algorithm is then deployed for prediction purposes. In unsupervised learning, the algorithm
produces an inferred function to reveal a concealed structure from a set of data (Ray, 2019).
Different machine learning algorithms exist, such as regression algorithms, instance-based
algorithms, Decision Tree Algorithms, Bayesian algorithms, clustering algorithms etc. (Ray,
2019; Singh et al., 2016). Regression algorithms, such as Ordinary Least Squares, Linear
Regression and Logistic Regression, are approaches of supervised learning used to model
continuous variables and undertake predictions. Decision Tree Algorithms, such as
Classification and Regression Trees, and cubist models are also supervised machine learning
approaches that continuously split data based on features (Malone et al., 2017). Each node
represents a feature in an instance, and each branch corresponds to a value that the node
assumes (Maglogiannis, 2007). Each terminal node contains linear regression models, which
are then used for prediction. The tree is reduced to a set of rules which elicit the paths from
the top to the bottom of the tree (Maglogiannis, 2007; Malone et al., 2017). While decision
trees can handle different data types, they can be unstable and are prone to sampling errors.
Bayesian algorithms, such Bayesian Networks, require an expert who builds the graphical
model and probability tables exhibiting the probability relationship amongst a set of variables.
A training data set is then used to learn both the structure of the model and the parameters in
the probability tables. A sample data set is then predicted based on this probability
distribution. This algorithm cannot handle high-dimension datasets as they are spatially and
temporally infeasible (Singh et al., 2016). Instance-based algorithms, such as k-Nearest
neighbour, use a database with data points grouped into several classes. The algorithm then
classifies the sample data according to the different classes based on the principle that
instances within a dataset will generally exist in close proximity to other instances that have
similar properties (Maglogiannis, 2007). This algorithm is non-parametric and is suited for
multi-modal classification. However, large training sets lower its computational power.
Clustering algorithms, such as k-means and hierarchical clustering, are a form of unsupervised
classification that solves for clustering problems and is applied when variables are large. This

algorithm is sensitive to outliers, initial points and local optima (Singh et al., 2016).



Finally, the use of simple models to measure catchment processes such as soil erosion and
transport of resulting suspended material still remains prevalent in many data-scarce areas
where it is impossible to obtain the substantial data required to match the physically based
models. The advances above have rendered the models more accurate in their applicability.
For example, the revised universal soil loss equation (Renard et al., 2017) (RUSLE), an
extension of the Universal Soil Loss Equation (Wischmeier & Smith, 1978), is an empirically
based model that was conventionally applied to quantify long-term average soil loss. This
soil loss depends on erosion risk factors, which include rainfall erosivity (R-factor), soil
erodibility (K-factor), slope steepness and length (LS-factor), cover management (C-factor)
and support practices (P-factor). Previous studies dealt with soil loss as a static process and
calculated this on an annual basis. Recent application of RUSLE have been complemented
by the application of GIS, remote sensing technologies and DSM (Angulo-Martinez et al.,
2009; Gaubi et al., 2017) to develop high-resolution spatio-temporal estimates of soil loss.
The different erosion risk factors have been adjusted to match this. Schmidt et al. (2018)
applied the RUSLE equation on Swiss grassland in a sub-annual way by varying the R-factor
and the C-factor, which they identified as the main triggers of soil erosion. The R-factor
highly correlates with rainfall amount and intensity (Schmidt et al., 2016). Hence, it is
expected that there will be inter-annual and seasonal variation of this factor wherefrom
dynamic soil erosion risks can be identified. The C-factor approximates the effect of plants
as well as soil cover, biomass and disturbing activities on erosion. Seasonal dynamics and
growth curve highly influence erosion and should be adjusted to reflect this. The results of
this analysis revealed that the mean monthly soil loss by water was 48 times higher in
summer as compared to winter, suggesting that catchment management efforts should be
accelerated during the summer and should focus on the specific erosion hotpots. The K-
factor, expressing the susceptibility of a soil to be detached and transported by rainfall and
runoff (Renard et al., 2017), was initially obtained through long-term soil erosion studies or
the use of soil property data (Wischmeier & Smith, 1958). Nowadays, this factor has been
be mapped through interpolation methods (Addis & Klik, 2015; Avalos et al., 2018) and
machine learning algorithms such as the cubist method (Panagos et al., 2014). Higher
quality satellite images and GIS techniques have improved the P-factor which includes
erosion control measures such as contour cropping, terracing, grass strips and all other
enhancements that reduce slope length (Renard et al.,, 2017) and the LS-factor, which

accounts for the effects of slope steepness and length on erosion (Alexandridis et al., 2015).
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1.3 Catchment management strategies (CMSs)

Soil and water conservation practices (SWC), also referred to as Best Management
Practices (BMP) or catchment management strategies (CMS), are the primary steps of
catchment management whose purpose is to enhance agricultural productivity and offer
protection. Specifically, they decrease runoff rates, improve soil fertility, retard soil erosion
and increase soil-moisture availability and groundwater recharge (WOCAT, 2017).
Conservation practices can be divided into in-situ and ex-situ practices. Ex-situ watershed
management practices reduce peak discharge in order to reclaim gully formation and
harvest a substantial amount of runoff, which increases groundwater recharge and
irrigation potential in catchments. In situ management practices are those made within
agricultural fields and can include structural, agronomic and vegetative measures.
Structural measures involve design and construction with stone, concrete, earth and wood.
They are often constructed long term and lead to a change in slope. Although extremely
effective in reducing sediment loss, they are expensive to install and maintain (Liniger et
al., 2002). They include contour bunding/graded bunding, check dams and gully control
structures, land levelling/land smoothening, bench terracing, farm ponds, percolation
ponds, waterways and diversion drains (WOCAT, 2017). Agronomic measures are
associated with annual crops and are repeated routinely with each season. They are also
un-zoned and independent of slope (WOCAT, 2017). They focus on managing the soil to
minimize soil erosion and improving fertility, thus promoting better vegetative growth.
These measures include contour farming, intercropping, strip cropping,
conservation/minimum/no-tillage systems and mulching. Vegetative measures perform
the same role as agronomic measures but are often zoned, longer in duration and often
lead to a change in slope. They include grass strips, hedge rows and agroforestry systems
(Kumawat et al., 2020). For small-scale agricultural production, as is commonly practiced
in Kenya, both agronomic and vegetative measures are regarded as feasible catchment
management options. This is because they do not require substantial effort and costs to
adopt. They also allow farmers to adjust the designs based on the local context. These
measures have been found to be effective in reducing land degradation, especially when
combined. Mwangi et al. (2015) evaluated the impact of different conservation practices

on water and sediment yield in the Sasumua catchment. They reported that
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implementation of a 10-m filter strip reduced sediment inflow to the river by 35%, and
contour farming reduced sediment flow by 24%. When the two methods were combined,
there was a reduction of 41%. Similarly, Gathagu et al. (2018) reported a 63% reduction
when combining a 3-m filter strip with contour farming in the Thika-Chania catchment,
Kenya. Nevertheless, many small-scale farmers may not adopt CMS for various reasons,
such as agricultural losses as most CMSs occupy space and lack of short-term benefits in

the form of increased and assured income.

Agroforestry vegetative measures in particular have been the focus of many catchment
management programs as they are highly effective in the restoration of deforested areas.
Agroforestry is the interaction of agriculture and trees, including the agricultural use of
trees (World Agroforestry, 2021). This comprises growing trees on farms and the wider
landscape scale (e.g. agri-Silviculture, alley cropping, silvi-pasture) and tree-crop
production (agri-horticulture). The contribution of trees to resilience-carbon sequestration,
nitrogen fixation and as a source of income has been ranked higher and more long term
than that of other catchment management strategies (Speranza, 2010). Forests play a
dominant role in partitioning precipitation due to three distinctive features: i.) The foliage
above ground that form a number of layers composing the total thickness of the protective
canopy; ii.) The accumulation of dead and decaying plant remains on the ground surface
constituting the forest floor that protect the soil from raindrop impact while filtering out
the finer pores that may clog the larger pores andiii.) The forest soils that are formed below
together with the living and dead roots and subsurface stems that permeate the soils
(Reynolds et al., 1988). The consequences of deforestation on the hydrology of the
catchment have been covered by numerous studies. While the effects are difficult to assess
in gquantitative terms, there is a general consensus that they predominantly include:
impaired water quality, degraded aquatic and terrestrial habitats, loss of biodiversity,
contamination of underground aquifers and increased risks of flooding and erosion damage
(Calder, 1993; Mwangi et al., 2016c; Zhang, 2020; Zhang et al., 2014; Zhang & Schwarzel,
2017), most of which last for many years. The impact of forests is most marked in areas
experiencing very high rainfall where tree interception mitigates flooding by offsetting a
large proportion of the storm-producing rainfall and by allowing the build-up of soil
moisture deficits during small rainfall events. Thus, the benefits accrued by trees are

undeniable. Initiatives such as the New York Declaration on Forests endorsed by over 200
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governments are working to promote the establishment of trees globally (Forest
Declaration, 2021). The Three North Shelterbelt Project (TNSP) and the Grain for Green
reforestation Program in China are the world’s largest reforestation programs that sought
to restore the degraded Loess plateau covering an area of 640,000 km? (Zhang & Schwirzel,
2017). Although this program was successful in reducing the sediment by almost 80%, the
average discharge in the basin in 2007 was about 30% of what it was in the 1960s (Zhang
& Schwarzel, 2017). This change was linked to the unplanned rapid afforestation that had
occurred in the catchment (Zhang et al., 2014). In particular, the authors attributed the
reduction in baseflow to the tree stands. Thus, proper catchment assessment to determine
the proportion of the catchment that can virtually be converted to tree cover and other
conservation measures and the ramifications of this change on ecosystem services is a

necessary and crucial step to ensure the sustainability of catchments.

1.4 Concept and research objectives

The overarching goal of this doctoral thesis was to design a methodological framework for
catchment assessment and propose practical catchment management strategies for
sustainable water resources management with the help of digital soil mapping, modelling
and the application of land-use optimization tools. This framework is applied within the
Nyangores and Ruiru catchments in Kenya (East Africa), which face different challenges in
data availability and threats to natural resources. These two study areas were selected on

the basis of data availability, the nature of problems within the catchment and location.
The research objectives were:

a.) To calibrate a hydrological model (Soil and Water Assessment Tool - SWAT) for

scenario analysis for the Nyangores catchment.

b.) To use the SWAT model together with a generic land-use optimization tool
(CoMOLA) to identify and quantify the functional trade-off between

environmental sustainability and food production in the Nyangores catchment.

c.) To assess the potential of Digital Soil Mapping (DSM) of soil aggregate stability as a
proxy for soil erosion mapping in Ruiru catchment.
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d.) To determine if spatio-temporal erosion assessment is an effective tool for
influencing the allocation of timely soil erosion mitigation measures in the Ruiru

catchment.

To achieve the above-stated objectives, the following research questions were addressed:

1. Can the calibration of multi-metric indices on the flow duration curve improve the

performance of the SWAT model?

2. Can the SWAT model coupled with COMOLA adequately identify and quantify
different agroforestry land-use combinations, providing a trade-off between

environmental sustainability and food production in the Nyangores catchment?

3. Is digital mapping of aggregate stability a potential method for easily and quickly

mapping soil erosion ‘hotspots’, particularly for areas with data scarcity?

4. Can the spatio-temporal application of the revised universal soil loss equation
(RUSLE) determine the impact of rainy periods on soil loss and the contribution of

the different land-use classes to sediment yield in the Ruiru catchment?

These research objectives and questions were tackled comprehensively in the individual
papers, and this synthesis will attempt to connect the broad methodology and ideas

presented in Figure 1.
The research articles included in this thesis are:

Paper I: Kamamia, A.W., Mwangi, H.M.,Feger, K.H., Julich, S. (2019). Assessing the impact
of a multimetric calibration procedure on modelling performance in a headwater
catchment in Mau Forest, Kenya. Journal of Hydrology: Regional Studies, 21, 80-91.
https://doi.org/10.1016/j.ejrh.2018.12.005

Paper Il: Kamamia, A.W., Strauch, M., Mwangi, H.M., Feger, K.H., Sang, J. Julich, S. (2022).
Modelling crop production, river low flow, and sediment load trade-offs under
agroforestry land-use scenarios in Nyangores catchment, Kenya. Journal of Frontiers in

Forests and Global Change. https://doi.org/10.3389/ffgc.2022.1046371
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Paper lll: Kamamia, A.W., Vogel, C., Mwangi, H.M., Feger, K.H., Sang, J., Julich, S. (2021):
Mapping soil aggregate stability using digital soil mapping: A case study of Ruiru reservoir
catchment, Kenya. Geoderma Regional 24, e00355.
https://doi.org/10.1016/j.geodrs.2020.e00355

Paper IV: Kamamia, A.W., Vogel, C., Mwangi, H.M., Feger, K.H., Sang, J., Julich, S. (2022):
Using Soil Erosion as an Indicator for Integrated Water Resources Management: A Case
Study of Ruiru Drinking Water Reservoir, Kenya. Environmental Earth Sciences, 81 (21),
502.

https:// doi.org/10.1007/s12665-022-10617-0
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A
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USE OF HYDROLOGIC MODELS +

LAND-USE OPTIMIZATION
i

Is there
adequate
data ?
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USE OF SOIL EROSION PROXIES + CATCHMENT MANAGEMENT
EMPIRICAL MODELS STRATEGIES (CMSs)

—{ PAPER III AND IV |

Figure 1: Conceptual framework of the doctoral research

Papers | and I, addressing research questions 1 and 2, present an ideal catchment
assessment situation. Using a properly calibrated physical-based model coupled with the
CoMOLA land-use optimization tool, the most optimum agroforestry arrangements based
on mean annual minimum stream low-flow indicator, sediment load, and crop vyield of
maize and soybeans were determined. This methodology proved an ideal tool for providing
a trade-off between environmental sustainability and food production in order to achieve

a certain ecological status.
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Paper Il addressed research question 3 and confirmed that with limited soil samples, the
use of computing power, improved prediction techniques such as machine learning and
freely available covariates/environmental variables, DSM can be applied effectively to
predict erosion susceptibility for a catchment with little to no existing soil data. The
empirical RUSLE model was used for a spatio-temporal analysis of erosion dynamics (Paper
IV, research question 4) and concluded that yearly erosion risk maps misrepresent the true
dimensions of soil loss with averages disguising areas of low and high potential. At times, a
small portion of the catchment is responsible for a large proportion of the total erosion.
The use of spatio-temporal analysis is ideal for identifying ‘where’ and ‘when’ erosion

control using different catchment management strategies should be focused.
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2. MATERIAL AND METHODS

This section will first provide a short description of the two study areas and will reflect upon
their unique challenges. Next, the different methodologies implemented within the
individual Papers guided by Figure 1 will be summarized. In this sub-section the intersecting

concepts and differences between the different Papers will be provided in grey boxes.

2.1. STUDY AREA
2.1.1. NYANGORES CATCHMENT

The Nyangores catchment (presented in Paper | and Il) is part of the greater Mara River basin
which is shared between Kenya and Tanzania and covers a total area of 694 km?. The main
river in the catchment is the Nyangores river. The altitude ranges from 2970 m at the Mau
escarpment to 1905 m at Bomet rain gauging station. The mean annual rainfall ranges
between 1000 mm and 1750 mm (Mati et al., 2008). Rainfall peaks twice a year: March—
May (long rainy season) and September—November (short rainy season). Andosols are the
dominant soils. The Nyangores catchment holds the largest proportion of montane forests
within the Mara basin, and the rest is covered by small-scale agriculture. The Nyangores

catchment presents a somewhat complex situation due to its location as a headwater
within a major transboundary catchment. This means that there are numerous
stakeholders located both within and outside the catchment who depend on it for survival.
A study by the Rural Water Resource Association (WRUA) identified water scarcity and
water pollution as the major water problems faced in the catchment (WRMA, 2011). They
linked this to deforestation, planting of eucalyptus trees on riparian land and riverbank
encroachment. The impacts of deforestation on water resources are already being felt
within the larger Mara basin. For instance, the wildlife dwelling within the Masai Mara
(Kenya) and Serengeti (Tanzania) preserves located in the middle of the Mara catchment
at times lack water during dry periods (Mwangi et al., 2016a). The various lodges located
within this area also draw large quantities of water for their daily operations. At times, this
leads to conflicts with the small- and medium-scale pastoral herdsmen who have to
scramble for the little that is left despite it being heavily polluted. On the Tanzanian side
(lowest part of the larger mara basin), sediment deposition in the existing wetlands has
more than doubled over the last 30 years (WRMA, 2011). This situation has been further

aggravated by extreme water events such as protracted droughts and floods in the
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catchment. Moreover, the high population within the Nyangores catchment, projected to
increase at 3%—4% per annum, continues to mount pressure on the existence of the
remaining forests (Kamamia et al., 2019). To reconcile the land-use conflict, a favourable

trade-off amongst ecosystem services must be established.

Nyangores catchment
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Figure 2: The Nyangores catchment. a.) Location b.) Land-use/Land cover and c.) Soil Types.
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2.1.2. RUIRU RESERVOIR CATCHMENT

The Ruiru reservoir catchment (Presented in Papers Il and IV) is located near Githunguri
in Kiambu County, Kenya. The catchment covers an area of 51 km? from the Uplands area
close to the Rift Valley escarpments to the Ruiru Reservoir at the catchment’s outlet. The
major source of water feeding this catchment is the Ruiru river. An average annual rainfall
of 1300-1500 mm is received in the catchment. The long rains are experienced between
March and May, while the short rains are experienced between October and December.
Temperatures range between 13.0 and 24.9 °C. Temperatures are highest from January to
March and lowest in July and August (Nyakundi et al., 2017). Nitisols are the dominating
soils in the catchment, and a small portion of Andosols can be found in the upper part of
the catchment (Fig. 3a). These soils are influenced by pyroclastic and igneous volcanic
parent material. The region belongs to the tea-dairy zone and subsistence farming is
characterised by low-input low-output production (Kamamia et al., 2021). Currently, the
Ruiru reservoir, located within the Ruiru catchment, is one of the four main sources of

water for Nairobi, the capital of Kenya.
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Figure 3: The Ruiru catchment. a.) Location, geology and soil types b.) Elevation and main rivers.

The management of this reservoir has changed hands from its commissioning in 1949
during the colonial time and is now under the Nairobi Water and Sewerage Company (Sang
et al., 2017). A bathymetric survey by Maloi et al. (2016) reported a 14% reduction in the
reservoir’'s capacity due to siltation in the catchment. Further reservoir sedimentation
studies revealed successions of basin-wide light-coloured layers reflecting Fe-rich soil
material. This indicates that sedimentation does not occur steadily over time but in pulses,

for instance at the onset of rainfall events. Research extending to the catchment of this
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drinking water reservoir seeks to bridge the source-to-sink connection by: i.) Identifying

the potential erosion hotspots and ii.) Assessing their spatio-temporal distribution.

2.2. Using the SWAT conceptual model and land-use optimization

Paper | and Il focuses on Nyangores catchment (summary provided in Table 1) with
considerable amount of climate, land-use, soil and discharge data. This was deemed

adequate for the use of SWAT.

Table 1: Summary of materials and methods used for Papers | and Il
Study area: Nyangores catchment
Materials/software:

Raster/vector data:

DEM, Land-use and soil map

Climate data:

Observed data on relative humidity, wind speed, maximum temperature, minimum
temperature and solar radiation

Literature data on yield and sediment output

Software: ArcGIS (ArcMap 10.3), COMOLA land-use optimizer

Main Methods:

Pareto calibration based on FDC, multi-objective optimization of land-use configurations

A multimetric calibration method (5-FDC) (Kamamia et al., 2019) focusing more on low
flows on the flow duration curve is the subject of Paper I. Using Latin Hypercube Sampling
importance sampling, 6000 independent parameter sets were generated and runoff
simulated. The observed data (discharge, runoff ratio, proportion of precipitation
translated to evapotranspiration) was then compared to that simulated using pareto
ensembles from both the multimetric flow duration curve and the hydrograph. The
parameter distribution of the pareto ensembles for each procedure was plotted. This
distribution was linked to the performance of the model with regards to water balance

components.
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Paper Il involved coupling the SWAT model with a land-use optimization tool COMOLA
(Strauch et al., 2019) in the selection of different land-use configuration scenarios at the
HRU level, the smallest spatial unit comprising unique land-use, soil conditions and relief
(i.e. slope). A four-dimension objective function i.e. maximize mean annual minimum stream
low-flow indicator, minimize sediment load, maximize maize yield and soybean yield was
integrated into the SWAT-CoMOLA. This was then employed to assess three different
catchment management strategies (CMSs), which included i.) adoption of agroforestry only,
Scenario 1, ii.) adoption of agroforestry + contour farming + vegetative grass filter strips,
Scenario 2 and iii.) adoption of contour farming + vegetative grass filter strips, Scenario 3. For
all scenarios, COMOLA was run separately using an initial population of 100 and for 500
generations. Lastly, in order to compare the different scenarios with each other and the
baseline, a mid-range of the pareto solutions was determined. This is based on the distance of
the pareto-optimal solutions to the ‘ideal point’ described as the best set of solutions to each

independent objective (Strauch et al., 2019).

BOX 1: Method comparison of Paper | and Paper Il

Apart from using the same hydrological model, both studies recognize the concept of
equifinality that acknowledges that there is no single optimal solution; rather, a set of
pareto solutions exist that give comparable output. In order to account for this, a
multicriteria approach simultaneously optimizing and trading off several user-selected
performance criteria was used to generate pareto calibration parameter sets (Paper I).
Likewise, the land-use optimization tool (Paper Il) was used for multi-objective
optimization of the different land-use allocation options to develop pareto land-use
allocation patterns using the CoMOLA genetic algorithm.

Paper Il is an extension of Paper | and highlighted the strength of the combined use of
SWAT+ CoMOLA to effectively identify and quantify functional trade-off between

environmental sustainability and food production in Nyangores catchment.
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2.3. Using soil erosion proxies and empirical models

Papers lll and IV focused on the methodology (summarized on Table 2) applicable in data-

scarce areas and for the Ruiru catchment only.

Table 2: Summary of materials and methods used for Papers Ill and IV.
Study area: Ruiru reservoir catchment
Materials/software:
Covariate terrain data:
slope, aspect, plan curvature, profile curvature, aspect, relief elevation, TWI,
Hillshading, soil map, geology map, land use map
Covariate spectral data:
Landsat 8 OLI Band 4 and Band 5 (wet and dry season), NDVI, GVI
Software:
ArcGIS (ArcMap 10.3), SAGA-GIS, R statistical software, QGIS
Main laboratory equipment:
Vario TOC Cube Elementar equipment (Elementar Analysensysteme GmbH,
Langenselbold, Germany), Sedimat 4-12 equipment (Umwelt-Gerate-Technik (UGT)
GmbH, Miincheberg, Germany), Eijkelkamp wet sieving apparatus (Eijkelkamp Soil &
Water, Giesbeek, Netherlands), sieves
Main Methods:
Fieldwork:
determining sampling distribution using CLHS, georeferencing and soil sampling
Laboratory Experiments:
Gravimetric determination of water content, wet sieving and sedimentation method,
dry combustion method, fast wetting method of aggregate stability
Analysis:

statistical analysis, DSM, Landsat classification, RUSLE factors aggregation

The absence of data necessitated a data-collection phase. The Latin Hypercube Sampling
method (Paper lll) effectively reduced the intensity of this process and produced an
unbiased sampling scheme. Soil sampling in the Ruiru catchment was undertaken

between January and March 2019. A total of 90 samples from the top 0-30 cm soil were
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collected for analysis purposes. Core ring samples were additionally collected for bulk
density determination. The samples collected from the topsoil were sieved (<2 mm) and
air dried. Aliguots of the soil samples were transported back to Germany for texture
analysis (combined sieve and pipette method), pH, organic carbon (Corg) and aggregate
stability (fast wetting method) tests. Covariate data collected for digital soil mapping
included a digital elevation model from which different derivatives (aspect elevation,
hillshading, plan curvature, slope, topographic wetness index) were extracted and
spectral data. Aggregate stability, measured using the Mean Weight Diameter index
(MWD), was used as a soil erosion proxy. Paper lll provides a detailed description of the
aggregate stability fast wetting test (Bissonnais, 1996) undertaken on the soil samples to
measure this property. The cubist method with regression kriging was thereafter applied
to create a continuous map of the MWD. Reiteratively, this method was applied to
determine the soil erosivity factor (K-factor) in Paper IV. This is one of the erosion risk
factors included in the revised universal soil loss equation (RUSLE) (Renard et al., 2017). In
Paper IV, monthly soil erosion risk maps were developed by multiplying the K-factor with
the monthly rainfall erosivity factor (R-factor), slope steepness and length factor (LS-
factor), monthly cover management factor (C-factor) and support practices factor (P-

factor), using Eq.1

Amontnty = Rmontn * K * L xS * Cponen * P (Eq.1)
Where:
Apmontn 1S the monthly soil loss int ha”*month™!
R is the rainfall erosivity (M] mm ha™'h year)
K is the soil erodibility factor (t ha 'R unit™1)
LS is the topographic factor (dimensionless)
C is the cropping management factor (dimensionless)

P is the practice support factor (dimensionless)

As a final step, the monthly estimates were compared with the Global soil erosion model

(GloSEM) (Panagos et al., 2016).

22


https://www.sciencedirect.com/topics/earth-and-planetary-sciences/erosivity
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/erodibility

BOX 2: Method comparison of Paper lll and Paper IV

Papers Ill and IV used soil data analysed from a field survey. Furthermore, they
implemented DSM using the cubist method machine learning algorithm with regression
kriging. Both analyses resulted in static spatial maps which informed the catchment
management strategies (CMSs) suggested.

While Paper Ill focuses mainly on the implementation of DSM for mapping the aggregate
stability proxy, Paper IV implements this only for the calculation of the erodibility factor
following Schwertmann (1987), which was thereafter integrated into

the soil loss equation to yield the total soil loss given in tons/hectare/month.
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3. RESULTS AND DISCUSSION

Based on the underlying research questions, this chapter synthesizes both published and
unpublished major findings of this research. The results and discussion are presented in
terms of modelling/mapping extent and aim to answer each individual research question

while still encompassing the broader objective.

The results from the modelling studies presented in Papers | and Il and Papers Il and IV
demonstrate the differences in the model structure complexities and the diversity of the
results. In Papers | and Il, the SWAT model was first calibrated on the flow duration curve.
Thereafter, the calibrated model was complemented with a land-use optimization tool to
create possible land-use allocation combinations guided by objectives providing a trade-off
between environmental sustainability and food production. Within Paper lll, using readily
available data (DEM and derivatives from satellite images) as covariates and measured
point data, a predictive spatial map for the aggregate stability was developed. In Paper 1V,
the Revised Universal Soil Loss Equation (RUSLE) complemented with the cubist-kriging
interpolation method for the erodibility factor (K-factor) was employed to develop monthly

soil erosion risk maps for the Ruiru catchment.

3.1. Assessing multi-metric calibration performance using the SWAT model

RQ1: Can calibration on multi-metric flow duration curve improve the performance of

the SWAT model?

Within Paper |, discharge data for the period 1972-1978 was used for calibration and
validation purposes. The selection of this period was based on the quality and continuity of
the data. The results demonstrate that the limitations faced by conventional calibration
can be overcome by i.) using a flow duration curve (FDC), which relies on discharge
magnitudes rather than time series; ii.) undertaking a multi-metric calibration on the FDC;
iii.) aggregating multiple statistical methods to assess the quality of the calibration runs

and iv) selecting a pareto parameter set rather than a single set.

The first step in using a hydrologic model involves calibration using observed data.
Calibration is an effort to better parameterize a model to a given set of local conditions. It
involves adjusting parameter values (describing physical, chemical and biological
processes) within their respective plausible ranges and comparing the model predictions

with observed data (Arnold et al.,, 2012). Most often, discharge is used for calibration
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purposes. This conventional form of calibration is based on the hydrograph presented as a
discharge time series. This means that it is impossible to adopt where there is a temporal
mismatch between input and output data (Westerberg et al., 2011). As an alternative, the
flow duration curve (FDC), which relies on discharge magnitudes rather than time series, is
applicable for data-scarce areas where temporal coverage is poor (Pfannerstill et al., 2017).
Splitting the FDC into five segments depicting the very low, low, mid, high and very high
discharge magnitudes (5-FDC) produced a set of calibration runs that adequately depicted
the response of the catchment to the different watershed functions. When the 5-FDC was
compared with the normal calibration based on the hydrograph (normal calibration
procedure-NCP), the 5-FDC improved the calibration of low and very low segments,
whereas the NCP performed better where the peak flows were concerned. The low and
very low flows are related to the interaction of base flow with riparian evapotranspiration
during extended dry periods, and the high and very high flows signal the response of the
catchment to high-intensity precipitation events (Kamamia et al., 2019; Yilmaz et al., 2010).
It follows that the choice of a calibration method should be influenced by the purpose of

modelling.

Multiple statistical methods, such as the root-mean square error (RMSE), Nash-Sutcliffe
efficiency (NSE) and the Kling-Gupta efficiency (KGE), can then be used to assess the quality of
the predictions and obtain a final parameter set. There exists no single statistical model that
adequately covers all the phases of the hydrograph. Using a single statistic can lead to undue
emphasis on matching one aspect of the hydrograph at the expense of another (Moriasi et al.,
2007). Aggregating them offers an option for exploiting the strengths of the different
statistical measures (Wadoux et al., 2020). The Pareto optimization technique implemented
during the calibration process allowed for the identification of parameter sets (Pareto
ensembles) that realized an optimal trade-off point amongst multiple objective functions
selected. During calibration, different parameter sets may produce similar outputs, especially
where different statistical measures are employed, thus the need for a

multi-objective calibration approach. For the Nyangores catchment, improved calibration
on the 5-FDC for low flows is potentially useful for watershed resource managers working
in low-flow environments. With better representation of low flows, they can establish

effective limits to ensure that there is no over-allocation of water.
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3.2. Land-use optimization using SWAT-CoMOLA for the Nyangores catchment

RQ 2: Can the SWAT model coupled with COMOLA adequately identify and quantify
different agroforestry land-use combinations, thus providing a trade-off between

environmental sustainability and food production in the Nyangores catchment?

The SWAT-CoMOLA application yielded different agroforestry land-use combinations that
were dependent on environmental sustainability (mean annual minimum stream low-flow
indicator and sediment yield objectives) and food production (maize yield and soybean
yield objectives). A general outlook of the three scenarios [Scenario 1—forests only,
Scenario 2—forests + conservation agriculture, Scenario 3—conservation agriculture only]
displayed that environmental sustainability favoured the planting of more trees and
conservation agriculture, whereas food production favoured mostly conventional
agriculture. When the mid-range solutions of the scenarios were compared, a +8% change
from agriculture to forest for Scenario 1 resulted in a decrease in sediment load (—66%).
This change was accompanied by a 5.2%, 12.8% and 11.4% decrease in the mean annual
minimum stream low-flow indicator and crop yield of maize and soybean, respectively.
Within Scenario 2, a 3.6% conversion to forest paired with a 35% conversion to
conservation agriculture resulted in a decrease in sediment load (—78%). This also resulted
in smaller decrease in crop yield (maize and soybean production decreased by 3.8% and
3.4%, respectively) and a positive increase in the MAM low-flow indicator (14%). Similarly,
Scenario 3 recorded a comparable crop yield reduction (*—3%), a lower increase in mean
annual minimum low-flow indicator output (+5%) and sediment load (—41%). Therefore,

Scenario 2 proved to be the most superior.

The outputs and the mid-range spatial maps of Scenario 1 and Scenario 2 exhibited the
importance of trees in reducing sedimentation, especially in the upper part of the
catchment. The reduction of soil erosion in the Nyangores catchment is significant as the
majority of people consume water directly from the stream without any form of treatment
(Mwangi et al. 2016a). Trees possess a dense upper storey, under storey litter and
extensive tree roots, which altogether reduce the erosive power of raindrops, improve soil
aggregation and increase the resistance of soils to erosion. This allows the trees to
moderate peak runoff, thereby reducing sedimentation in the rivers (Veldkamp et al.,
2020). This could explain why the land-use optimization tool allocated trees to areas with
the highest elevation, which experience the highest precipitation in the catchment
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(regardless of slope). The results of Scenarios 2 and 3 shed light on the impact of
conservation agriculture (defined by contour farming and use of a filter grass strip of 5 m)
on increasing the mean annual minimum stream low flow. The ridges and troughs created
by contouring act as barriers to water flow, thereby allowing it more time to infiltrate,
which reduces surface runoff and soil erosion (Mwangi et al., 2015). Likewise, vegetative
grass strips slow down run-off and trap sediments. As they do not possess as extensive
rooting systems as trees, they enhance the recharge of aquifers, ensuring that the water is
released to the streams as base flow during extended dry periods. For the Nyangores
catchment, combining both the use of trees and conservation farming is the most feasible
option for solving the major water quantity and quality problems while ensuring

agricultural sustainability.

Land-use optimization tools such as COMOLA allow for the incorporation of stakeholders.
This can be done before or after the optimization process. When incorporated before,
stakeholders are imperative not only for identifying the main problems in the catchment
but also for defining the multi-objectives and designing feasible solutions that the
communities would be willing to adopt. However, including the stakeholders before the
optimization process may constrain the search space for feasible solutions (Strauch et. al,
2019). This is solved by involving them in the selection of the preferred solution once the
Pareto optimal solutions are reached (Lee & Lautenbach, 2016). The spatial visualization
results indicate that this is a classic example of an upstream/downstream kind of trade-off.
Since the upstream forest establishment and management are oriented towards the
welfare of the downstream community, the upstream farmers can be paid by the
downstream stakeholders for foregoing their previous agricultural practices. Finally, well-
designed regulatory measures prohibiting deforestation must be enforced in the

Nyangores catchment to ensure its sustainability.
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3.3. Digital soil mapping of soil aggregate stability

RQ 3: Is digital mapping of aggregate stability a potential method for easily and quickly

mapping soil erosion ‘hotspots’, particularly for areas with data scarcity?

A major challenge which is faced in the application of DSM in data-scarce areas such as the
Ruiru catchment is: what is the optimal sample size for DSM? Within Paper Ill, an improved
sampling technique — conditioned Latin Hypercube Sampling (CLHS) involving sampling on the
covariate rather than the geographic space — was applied (Kamamia et al., 2021). The
different sampling sizes were compared against the environmental covariates. This is an
important step to determine if the sampling distribution adequately covers the environmental
covariate feature space. Tools such as density plots, box plots and chi-square can be used to
assess this distribution (Brungard & Boettinger, 2010). A favourable sampling size should
provide enough samples for use in predictive models used in DSM. Predictive models exploit
the relationship between soil properties, sampling and soil-forming factors to make
predictions. Most of the soil-forming factors come in the form of digitally available data, such
as the digital elevation model, remote sensing images, geological survey maps etc. With
recent advancement in remote sensing techniques and the emergence of regional and global
soil databases, products that better delineate the soil forming factors/covariates can be
obtained. For example, MODIS and Sentinel-2A data provide high-resolution surface
spatiotemporal data, even in areas that are inaccessible (Lagacherie, 2008). Furthermore, the
use of machine-learning algorithms for prediction allow for the learning of data without
explicit instructions, can uncover patterns/structure in very large datasets and create digital
soil maps with their associated accuracies. At the same time, it must be stressed that the
application of DSM is only as good as: i.) The observed point properties data influenced by the
sampling density; ii.) the ability of the covariates to explain the variability of the target
variable iii.) and the spatial resolution of the data on environmental variables. The results of
Paper Il demonstrate that the combined use of CLHS and DSM reduced the need for intensive
soil sampling and was able to capture aggregate stability variability. This methodology can be
adopted in many other data-scarce areas such as Kenya where data is constrained by low
government investment, few soil scientists and the long periods required to complete soil

surveys.

The results from digital soil mapping of aggregate stability presented in Paper Ill reveal that

susceptibility to erosion is imminent under cropland, some tea plantations, roadsides and
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deforested areas in the western part of the catchment. The low aggregate stability
observed on the roadsides revealed an often-overlooked soil erosion contributor,
especially in the rural tropics laden with earthen feeder roads (Kamamia et al., 2021).
Proper grading of these roads and stabilization of the roadsides mostly using vegetation
(i.e. grass) could offer a more practical solution for the catchment studied. The results of
variable aggregate stability for land uses under different management practices also
illustrate that land management influences the intensity of soil erosion and can serve to
either mitigate or amplify soil loss in the Ruiru catchment. For example, some well-
managed tea plantations recorded aggregate stability similar to that under undisturbed
natural forests (Kamamia et al., 2021). By contrast, some plantations revealed inherently
low aggregate stability, close to that of bare land. The map of predicted aggregate stability
for the study area was effective in identifying potentially degraded areas for which
catchment management strategies (CMS) should be developed and suggested that options
that increase soil organic matter (SOM) should be carefully integrated, focusing first on the

most critical areas to ensure a maximum impact on the reduction of sedimentation.

3.4. Spatio-temporal analysis using the revised universal soil loss equation (RUSLE)

RQ 4: Can spatio-temporal analysis with the revised universal soil loss equation (RUSLE)
determine the impact of rainy periods on soil loss and the contribution of the different

land-use classes to sediment yield in the Ruiru catchment?

In Paper IV, the RUSLE was applied to determine the intra-annual soil loss variability and
was adjusted to local conditions. In particular, the R-factor and C-factor were adjusted for
every month to account for the natural temporal variability of precipitation and plant
growth (cf. Schmidt et al., 2019). The K-factor, LS-factor and P-factor either show multi-
annual variability or are static and were therefore not included in the temporal analysis.

This resulted in maps of monthly erosion risk.

The RUSLE is an empirically based erosion model originally developed to estimate the
annual average soil erosion (tons per ha per year) and was developed for smaller
catchments (Benavidez et al., 2018). Improvements and modifications of the RUSLE have
made it applicable to larger spatial scales, including coarser resolution representation at
the global scale, thus making it ideal for application in data-scarce areas. Furthermore, its
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easy applicability and availability of numerous studies for comparison purposes explains
why its use remains attractive despite many uncertainties (Alewell et al., 2019). The
uncertainties observed by the RUSLE are due to the lack of long-term soil loss data with
which to compare the results and the lack of data for calibration purposes. However, it is a
good first step to determine the soil loss as estimates rather than absolute values
(Benavidez et al., 2018). Hammad et al. (2004) compared observed soil loss data to i.) RUSLE
on an annual basis based on global datasets and ii.) RUSLE with adjusted sub-factors. They
reported that the initial application of the RUSLE over-estimated the soil loss by a factor of
3 while the adjusted RUSLE based on soil moisture, land cover and support practices

reduced the model error by 14%.

The spatio-temporal analysis of soil loss laid bare the dynamic distribution with higher soil loss
occurring during the long rains and lower soil loss occurring during the short rains. Thus, time-
specific land management practices such as mulching before the onset of the rains for areas
under cropland and tea and agroforestry were suggested as a solution for areas recording
high soil losses. At the same time, the soil erosion studies revealed permanent erosion
hotspots such as deforested areas where more long-term solutions should be sought. Most of
these areas in the Ruiru catchment are either bare or under tea plantation. Veldkamp et al.
(2020) reported that deforestation for tree cash crops such as tea plantations reduces the
SOM content below 50 cm more than does deforestation for cropland. Worse still, the results
also confirmed that soil loss is higher in deforested areas left bare than areas under any other
land use left bare. The highest soil loss was from bare land under deforested land and not that
around homesteads, roadsides or even fallow agricultural land. This may have been
influenced by a combination of many factors such as location (most of the forests are located
in areas with high elevation without steep slopes), climate and notably the drastic change in
inputs of litter or organic residues that occurs during clear-cut deforestation. Lastly, although
reforestation has been proposed as a solution to previously deforested areas, the results also
reveal that reversing the effects of deforestation may take time, and the soil properties under
reforested trees (especially in the sub-soil) may still differ from those under undisturbed
natural forested soils (cf. Veldkamp et al., 2020). Therefore, in addition to improved land
management practices, effective policies to curb deforestation must be enforced in the Ruiru

catchment to ensure its sustainability.
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4. CRITICAL ASSESSMENT OF THE METHODS USED

4.1. Assessing the suitability of data for modelling and overcoming data challenges

There is an urgent need to better manage catchments in order to ensure their
sustainability. One response to this demand is through the acquisition of scientifically
backed information. Tools and methods such as models and digital soil mapping can be
used to bridge this information gap. One argument for the use of distributed physically
based hydrologic models such as SWAT is that they are more realistic and can be used for
a broad range of topics, such as assessing the impact of land-use change, climate,
management of water, sediment, agricultural and chemical vyields for catchment
management (Neitsch et al., 2011; Shukla, 2011). Nevertheless, such models require high
input of data such as rainfall, temperature, topography, vegetation and hydrogeology in
addition physical parameters describing the various chemical, biological and physical
processes. Acquisition and preparation of a suitable dataset is an important and very
demanding step. Variable data exists in terms of temporal intervals: hourly, daily, monthly
etc. and in terms of spatial extent: global data, field data and regional data (Bonell &
Bruijnzeel, 2005). After the acquisition of available data, the main question posed is: How
then does one check the quality of this data to ensure that it is suitable for the modelling
one wishes to undertake? This is a complex process as no common and structured process
exists (Van Loon & Refsgaard, 2005). Different experts apply different approaches to
accessing the suitability of data, often because it is difficult to provide quantitative
estimates of the level of certainty/uncertainty (Benke, 2007). Here, it is better not to
attempt to provide a step-by-step procedure for assessing data quality but rather to
provide different facets of the term ‘suitable’ that should be considered. First, the integrity
of the data must be assessed mostly through the metadata. Information on sources of data,
instrument type, measuring technique, sampling technique, any pre-analysis done etc.,
provided with the dataset, should be checked against the minimum standards required to
match the model complexity and purpose. Where the source of data is unknown, units are
inconsistent, transcription errors are present, the data collection method is not approved
or data tampering is suspected, then this data should be eliminated from the dataset.
Second, the dataset characteristics should be assessed. Aspects such as length, scales,
missing values and data frequency should match the modelling purpose. For example, for

climate-change analysis, a minimum of 50 years of recorded meteorological data is
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suggested (Bonell & Bruijnzeel, 2005). For hydrological analysis, an ideal dataset should
include average, wet and dry years to ensure that all relevant hydrological processes are
activated. Any missing values and gaps should be examined and decisions on whether or
not to fill missing values made. Where frequencies and scales differ, decisions of whether
or not to aggregate/summarize/harmonize data to ensure consistency should be made. The
modeller must also be able to obtain adequate information, especially for the most
influential parameters, from the data available. For all missing information, the use of
surrogate data, i.e. data that is used in place of unavailable data ostensibly required by the
model should be considered. This may include data obtained from published literature.
Finally, the data required for calibration and validation must be selected carefully. Data
used for calibration purposes directly influences the results of the modelling exercise.
Assuming that the catchment problems have been properly identified, it is presumed that
the performance of the model simulation for both calibration and validation is a strong
indicator of the adequacy of the dataset used. Thus, the calibration process itself should be
as robust as possible to adequately assess model performance. Ideal calibration should i.)
use multiple statistical measures to assess the quality of outputs, ii.) consider more than
one constituent of the hydrologic cycle and iii.) assess the uncertainty of the model inputs
that translates to the model responses (Gupta et al., 1998; Kamamia et al., 2019; Moriasi
et al., 2007; Westerberg et al., 2011). Model evaluation guidelines such as that provided by
Moriasi et al. (2007) categorize model performance (depending on the calibration and
statistics) as ‘very good’, ‘good’, ‘“fair’ or ‘satisfactory’. Good model performance means
that the model closely matches the behaviour of the real system it represents (Gupta et al.,
1998). Moriasi et al. (2007) proposed that stricter performance ratings be followed where
the model use will lead to serious consequences, such as change in policies and water

regulation.

However, models are only abstract representations of the reality, and as such they naturally
have distinct limitations. It is important that the modellers understand the model structure
and parameterization to employ it in the required context to overcome these limitations.
Moreover, they should properly communicate the implications of these limitations for the
modelling results, as they are important in informing decisions (Bremer et al., 2020). Most
hydrologic models were developed for the biophysical conditions of the temperate zone
and may not adequately represent similar processes occurring differently in the tropics. For
example, the plant growth component of the SWAT is based on temperature climate which
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is characterized with day-length driven dormancy and seasonal shedding (Neitsch et al.,
2011), which do not occur in the tropics. Thus, it is not able to simulate perennial vegetation
dynamics in the tropics. Within Paper |, several adjustments to the plant growth

component were made to ensure the continuous growth of both trees and perennials.

When faced with insufficient data for physically based models, the modeller may opt for
simpler empirical models. Empirical models, also referred to as black box models, explain
the relation between input and output of the data relationship (Devia et al., 2015). Despite
being less data intense than physically based models (see chapter 1) good quality input
data is critical for reducing uncertainty during their application. At the regional scale, input
data may not exist, resulting in the use of global data to extract the required input
parameters. Although global datasets are now readily available and highly evolved, making
them useful in these models, they are not subservient to observed/real measured data.
Good quality data for regional assessment refers not only to the accuracy of the input data
but also to the spatial and temporal resolution of it. These characteristics are difficult to
achieve for coarse global products (Wohl et al., 2012). Most of the global data is prepared
from extrapolation methods, with most observed/measured data coming from the
developed countries. For instance, the rainfall erosivity data that serves as an input in the
global soil Erosion Map (GIoSEM) was prepared using data from 3,625 precipitation
stations, with Europe contributing 48% (Borrelli et al., 2017). Africa contributed only 5% to
the database, meaning that there is higher uncertainty in soil loss estimates of Africa and
observed data is necessary to correct for this (Wohl et al., 2012). Consequently, global data
includes a lot of generalization in which relevant information is lost. This was verified by
the analysis of Paper IV, where regional monthly erosion soil maps developed using the
empirically based revised universal soil loss equation (RUSLE) displayed small-scale spatial
soil heterogeneity, which exposed various erosion hotspots that were not captured by the
global soil erosion map (GloSEM). This implies that with good quality data, empirical models
are adequate and important in analysing trends and exposing critical source areas and

sinks.

In many regions in Africa, and at the regional scale, obtaining the data required to drive
hydrologic models or even simple empirical models still remains a challenge. This research
has established that this challenge can be overcome by exploiting improved sampling and

predictive methods and outputs from advanced remote-sensing techniques. Improved
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sampling methods, such as conditioned Latin Hypercube Sampling (cLHS), reduce the need
for intensive soil sampling while still capturing spatial variability (Kamamia et al., 2021).
Improved prediction tools, such as data-mining tools, have highly evolved and are designed
to explore large amounts of data and different parameters. Satellite-based technologies,
such as Landsat TM Enhanced Thematic Mapper (ETM+), Moderate Resolution Imaging
Spectoradiometer (MODIS), Advanced Speceborne Thermal Emission and Reflection
Radiometer (ASTER), now provide readily and freely available digital images wherefrom
environmental indicators such as land-use/land cover can be obtained with high precision
(Lagacherie, 2008; Mora-Vallejo et al., 2008). New sensors, such as laser, radar and
hyperspectral imagers, now provide more absolute and spatially dense measurements of
variables only measurable from the ground (Bonell & Bruijnzeel, 2005). This information
provides a cost-effective mechanism for extrapolation of point-based measurements using
techniques such as digital soil mapping (DSM). Furthermore, DSM allows for easy inclusion
of the estimation of the quality of predictions through uncertainty analysis, which increases
their acceptability. Uncertainty analysis is often neglected in the evaluation of complex
systems but is inherent in models owing to the inherent uncertainties of the processes they
represent. Uncertainties in the results stem from uncertainties in data input, calibration
data, imperfect model structure and the parameters estimated (Solomatine & Shrestha,
2009). Thus, it is important for decision makers to know the confidence level of the
predictions, as catchment-management decisions are based on these results. The analysis
in Paper lll validated that with limited soil samples, the use of computing power, machine
learning and freely available covariates/environmental variables, DSM can be applied
effectively to predict aggregate stability for a catchment with little observed data. The
prediction interval was attached to this prediction, thus acknowledging the uncertainty in

the predictions.
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4.2.Selecting catchment management strategies based on catchment
assessment

Outputs from basic application of hydrologic modelling for catchment management
comprise information on runoff, soil erosion, sedimentation, streamflow, flood forecasting,
drought assessment and water quality and quantity. These outputs (in isolation) are similar
to those produced using the methods prescribed for data-scarce areas. Although methods
for data-scarce catchment assessment are able to maintain a thorough representation of
the main environmental and anthropogenic factors, they reduce a very complex system
into a simple one for one objective/process (Borrelli et al., 2017). Accordingly, catchment
management strategies (CMS) must be directed towards solving a single objective. For
example, digital soil mapping was undertaken on aggregate stability to site erosion
hotspots (paper lll). Likewise, the revised universal soil loss equation (Paper IV) was applied
for erosion prediction. Time-dependent CMS, such as timely tilling of land, and more
permanent CMS, such as road embankments and terraces, were recommended for
dynamic and permanent erosion hotspots (Papers Il and 1V). The effectiveness of such
CMSs can only be assessed by adjusting the inputs to reflect the changes and reanalysing
for the same objective. Yet, it is known that most CMS improve multiple ecosystem services
concurrently (Kamamia et al., 2021), e.g. terraces not only control erosion but also have an
effect on runoff reduction, soil water storage, transport and discharge and nutrient
enhancement (Kosmowski, 2018), all of which cannot be simultaneously simulated and

guantified using simple catchment assessment methods.

Advanced use of hydrologic models allows for different outputs/objectives to be assessed
simultaneously. Catchment management problems are usually diverse and inter-related
(Mwangi et al., 2016a, b). Hydrologic models adequately depict the various catchment
components and processes (including their interconnectivity) within the hydrologic cycle.
They are also able to integrate across spatial and temporal scales. This ensures better
understanding of the major catchment problems. Different CMSs can be simulated using
models, either in isolation or combined. The implications of the CMSs on the various
ecosystem services and at different scales can be assessed iteratively (Bremer et al., 2020).
Hydrologic models have been supplemented with multi-objective optimization tools that
manipulate simulations of different CMSs to automatically produce non-dominated

solutions which can then be deliberated upon by the relevant stakeholders (Paper Il).
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5. CONCLUSION AND RECOMMENDATIONS

This research was motivated by a transition towards developing knowledge- to- concrete
actions. It serves as a harbinger of how to solve unprecedented catchment problems in
areas with or/and without data and provides readily implementable solutions adapted to
their own complex local conditions and circumstances. It provides a conceptual scientific
structure for catchment management, which in the past had mostly been guided by
comparative evaluations based on intuition, past experience and political assessments

alone.

As recommendations, further studies in the Nyangores catchment should include
assessment of the impact of adopting additional vegetative, agronomic, management and
structural measures (not covered). For example, it would be worthwhile to assess the effect
of no till/minimum tillage/conservation tillage, the use of terraces and contour bunds
(either in isolation or combined) on water resources. Cost-benefit analysis implementing
CMSs should be incorporated to include both on-/off-site and long-/short-term benefits.
This evaluation offers a traceable procedure for translating impacts into economic terms
that are easily understood by stakeholders. Future research should also extend the use of
CoMOLA to the larger Mara basin. Studies such as Dick et al. (2014) and Lee and Lautenbach
(2016) have reported that some functions such as those leading to water regulation may
be diminished at smaller scales, and there is a need to consider interactions across multiple
scales. For the Ruiru catchment, further studies should be undertaken to test hypotheses
such as the impact and intensity of the onset of the rainfall on soil loss in the catchment

and the role of landscape factors in controlling soil loss.

The accuracy of model outputs, especially for regional catchment assessments rely heavily
on the availability of quality data. Therefore, given the insufficient data in both Nyangores
and Ruiru catchments, more effort should be put into setting up data acquisition
infrastructure such as river gauging stations, climate stations, sediment samplers and yield
records where they do not exist. Soil data acquisition through integrative field campaigns
is especially important not only in the study areas but also in many catchments throughout
Kenya that remain largely unexplored. Such field campaigns would aid in improving our
understanding of the tropical soil-water-atmosphere nexus and in designing better
catchment management plans. It has been reported that climate change compounded with

anthropogenic activities has resulted in greater spatial-temporal variability in different
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aspects of hydrology: fluxes of energy and water within vegetation, as well as land surface
and subsurface, in ways that are unknown and would be exposed with stringent monitoring

(Wohl et al., 2012).

Finally, the key to thriving catchments aiming at both sustainability and resilience requires
urgent collaborative action by all stakeholders. Gone are the days where responses to land
degradation were solved in a purely technical way. Social acceptability of catchment
management strategies by stakeholders such as farmers dictate the success of their
implementation. For both the Ruiru reservoir and the Nyangores catchment, public
education of the issues surrounding land degradation must be communicated. The
necessary stakeholders must then be involved in catchment assessment in order to identify
the catchment problems, mitigation strategies/roles and responsibilities while keeping in

mind that some risks need to be shared and negotiated, but so will the benefits.
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ARTICLE INFO ABSTRACT

Keywords: Study region: Nyangores catchment, Mara catchment, Kenya.

5 segmented Flow Duration Curve (5FDC) Study focus: Hydrologic models are widely used tools in watershed management to assist in
Normal Calibration Procedure(NCP) decision making by representing catchment functions under alternative scenarios. This study

Parameter identifiability
Pareto set

Pareto analysis

Water balance

focused on the evaluation of the 5 segment Flow Duration Curve based calibration procedure
(5FDC) for the period 1975-1978 using the Soil Water Assessment Tool (SWAT). The Normal
Calibration Procedure (NCP) based on the hydrograph was compared to the 5FDC. Two separate

Multimetric calibration ensembles each containing 10 Pareto calibration runs were obtained individually from each
Latin hypercube sampling method and evaluated based on their goodness-of-fit. A final Combined Procedure (CP), which
Performance metrics was an intersection of 5FDC and NCP was executed. With this supplementary analysis, the
Uncertainty parameter distribution and water component balance were analyzed and compared.

Prediction New hydrological insights for the region: The comparison of 5FDC and NCP shows that the 5FDC
HydrOI‘)_giC model provides a better representation of the low and mid-level section of the flow duration curve as
;‘Tlréi:i’:: compared to the NCP, which greatly overestimates these flows. This method also closely matches
B;lse ﬂowsy the observed runoff ratios. This indicates that the SFDC calibration may be well suited for water
Variability resource applications focused on low flows. The CP combines the advantages of both procedures
Optimum by improving parameter identifiability, leading to better representation of high and low flows.

Stepwise intersection
Ensemble
Water partitioning

1. Introduction

Globally water demand is increasing due to factors such as population growth, increasing agricultural and industrial production.
To meet this ever rising water demand, improvement in water resources management is required. Planning is a fundamental aspect of
sustainable water resources management. Hydrological models are essential tools widely used in planning of water resources.
Hydrologic models are able to efficiently integrate, study and evaluate different components of watershed’s complex, dynamic and
spatially variable hydrological processes (Niehoff et al., 2002; Bormann et al., 2007; Hulsman et al., 2009; Wagner et al., 2016).
Therefore, by using reliable and accurate data, hydrological models can be used to assess present and future changes in water
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demands leading to informed management decisions on competing water uses. Other common applications of hydrological models in
water resources management is prediction of impact (e.g. quantity, quality, timing) of land use and climate change on watershed
hydrology.

A wide range of hydrological models exists. The models vary depending on how they represent the underlying hydrological
processes. They also vary depending on how the hydrological components (e.g. model parameters) and processes are represented in
time and space (Devi et al., 2015). Thus, the choice of hydrological model depends on the intended purpose (based on the output of
the model) and the model structure including the level of detail of the model inputs, processes and the outputs. Whatever the type of
hydrological model chosen, the reliability of the model in simulating accurate (or observed) outputs (e.g. runoff or sediment yield)
needs to be examined (Kirchner, 2006; Wagener and Wheater, 2006; Westerberg et al., 2011). This is usually done by calibrating the
model based on the desired model output(s).

Models are calibrated by adjusting parameters to improve model fit based on objective functions, which are used to evaluate the
modelling efficiency (Gupta et al., 1998; Wagener and Wheater, 2006; Pfannerstill et al., 2017). Model calibration can be done
manually or automatically by use of optimization algorithms such as Shuffled Complex Evaluation method (Duan et al., 1994),
General Likelihood Uncertainty Estimation (GLUE) (Beven and Binley, 1992) and Bayesian recursive parameter estimation encom-
passing Sequential Uncertainty Fitting Algorithm (SUFI-2) (Thiemann et al., 2001). All these differ in their underlying assumptions,
residual errors, possible iterations and types of uncertainties accounted for and represented explicitly (Samadi et al., 2017).

Normally, the accuracy of calibration of hydrological models is evaluated by statistically assessing the fit of simulated and
observed hydrographs (Hrachowitz et al., 2013; Wambura et al., 2018). One advantage of this method (herein after referred as
Normal Calibration Procedure NCP) is preservation of timing information (e.g. timing of runoff). However, although hydrographs
represent an integrated measure reflecting all the complexity of flow processes occurring in the catchment, it is difficult to infer the
nature of these processes directly (Beven, 1993). Where times for discharge and model input data do not overlap, calibration using
this method may not be suitable (Westerberg et al., 2011).

An alternative to hydrograph calibration can involve use of Flow Duration Curve (FDC) (Westerberg et al., 2011). FDC is a
cumulative frequency curve, which shows the percent of time specified discharges were equaled or exceeded (Vogel and Fennessey,
1994). The shape of the FDC is highly influenced by the climatological and geophysical characteristics of the catchment (Yokoo and
Sivaplan, 2011), and calibration of the FDC involves matching discharge magnitudes. The method therefore inherently takes into
account the influence of catchment characteristics during the calibration.

However, a major limitation of this method is that, unlike the NCP, the timing information is lost. Sawicz et al. (2011) found that
splitting the FDC into individual segments in the calibration procedure led to an overall better representation of catchment char-
acteristics. A study conducted by Pfannerstill et al. (2014) split the Flow Duration Curve into five segments (5FDC) representing: very
high, high, mid, low, and very low flow segments. In this study, calibration on these segments within a multi-metric evaluation
framework calibrated SWAT model adequately for both the high and low flows. Low flows are often of special interest to water
resource managers who may need to consider minimum flows in order to avoid over-allocation of water (Dudgeon et al., 2006).

In this study, the main objective was to calibrate the Soil and Water Assessment Tool (SWAT; Arnold et al., 2012a) using the 5FDC
procedure and compare it with the NCP. Additionally, a hybrid of NCP and 5FDC methods i.e. Combined Procedure (CP) was
assessed. CP involved intersecting a final set of calibration runs from both the SFDC and NCP. Specifically, this study aims to compare
the differences in selection of optimum parameter ensembles for both the S5FDC and NCP approaches, in terms of efficiency criteria,
parameter distribution, and water balance components in addition to assessing the CP method.

2. Material and methods
2.1. Study area

The Nyangores catchment, spanning an area of about 694 km?, is located in the upper part of the Mara River basin (Fig. 1).
Elevation ranges from 1900 m.a.s.l. to 2970 m.a.s.l. on the Mau escapements (Mwangi et al., 2016a). The mean annual temperature is
approximately 25 °C. Bimodal seasonal rainfall, ranging between 1000 mm to 1750 mm, is linked to the annual oscillation of the
Inter-tropical Convergence Zone (ITCZ) (Fiirst et al., 2015). River Nyangores originates from the Kiringet area in the Mau Forest and
joins with River Amala to form the Mara River. The population of this catchment, according to the census held in 2009 was 300,000
(Fiirst et al., 2015) and an annual increase of 3% is projected (KNBS, 2010).

There was a 40% deforestation rate between 1972 and 1995 (Juston et al., 2014). This land-use shift brought about by increased
permanent settlements and agriculture has continued to increase steadily to date (Juston et al., 2014; Mwangi et al., 2018). This has
significantly affected the hydrological regime in the catchment (Mwangi et al., 2016a). Mango et al. (2011) reported that the con-
version of forests to agricultural land has and will continue to decrease dry season flows. At the same time, an increased peak of high
flows (7%), observed between 1973 and 2000, is expected to rise in the future (Mati et al., 2008; Mango et al., 2011).

2.2. Soil and Water Assessment Tool (SWAT)
SWAT (Arnold et al., 2012a) is a mesoscale and semi-distributed watershed model, developed by the Agricultural Research
Service (ARS) of the United States Department of Agriculture (USDA) (Bekele and Nicklow, 2012). SWAT operates on a daily time

step, and can predict the effects of alternative management decisions on water, sediment, and chemical yields (Winchell et al., 2013).
The major model components include: weather, soil dynamics, hydrology, plant growth, nutrient availability, land management, and
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Fig. 1. Nyangores catchment. a.) Location b.) Land use c.) Soil.

pathogens. All processes are driven by the hydrologic cycle. A digital elevation model (DEM) forms the basis from which the wa-
tershed is delineated. Using the individual reaches, the basin is divided into sub-basins. Within sub-basins Hydrologic Response Units
(HRU) are formed by a unique combination of land use, slope, and soil characteristics (Arnold et al., 2012a). At the HRU-Level, all
processes of the hydrologic cycle are simulated. The daily volume of water yield is then estimated by solving the water budget for
each HRU. A full description of the SWAT model is provided by Neitsch et al. (2005).

2.3. Catchment delineation input data

2.3.1. Hydro-meteorological data

The climatic data was obtained from the Kenya Meteorological Department (KMD) for Kisii, Kericho, and Narok stations. The data
included daily data of relative humidity, wind speed, maximum and minimum temperature, and solar radiation. Daily rainfall data
from twenty different individual rain gauge stations located both within and outside Nyangores catchment were used for analysis.
Only three of the twenty stations are located within the Nyangores catchment, these are Baraget, Tenwek and Bomet West. The rest
were included as they were located close to the centroid of the catchment. Short gaps within each data set were filled using the
arithmetic mean method with the neighboring station following Mwangi et al. (2016b).

Streamflow data for the station near Bomet town (1LA03) was obtained from Water Resource Authority (WRA). This is the only
gauging station with recorded data within the catchment.
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2.3.2. Spatial data

The main spatial input datasets used in SWAT include the Digital Elevation Model (DEM), landuse/land cover data and soil data.
The Shuttle Radar Topography Mission (SRTM) 90-m DEM was used to obtain topographic information and derive the flow pathways
during watershed delineation. A land-use map of 1983 (Government of Kenya-GoK, 1983) was used for model setup, as this time
period was the best match for the study. A soil vector map with a scale of 1:1 million representing the soils of the study region was
obtained from the Kenya Soil Survey and Soil Terrain Database (SOTER) of the International Soil Reference and Information Centre
(ISCRIC) (Batjes, 2002)

2.4. Model setup and calibration

Model setup was conducted using ArcSWAT version 2012.10.2.18. Some adjustment to the plant growth module were done
according to Mwangi et al., (2016b). The adjustments were made to address the SWAT model’s inability to adequately simulate
perennial vegetation dynamics in the tropics (Strauch and Volk, 2013; Mwangi et al., 2016b; Alemayehu et al., 2017a, b). Trees and
perennial crops in SWAT are modelled based on temperate climate, which is characterized with day-length driven dormancy and
seasonal shedding and sprouting of leaves (Neitsch et al., 2005). The adjustments made included (1) increasing the minimum Leaf
Area Index (LAI) from the default 0.75 to 3 for perennials, (2) reducing the Potential Heat Units (PHU) fraction from 0.15 to 0.001
and (3) using the “Kill” operation to restart the growth cycle of trees and perennial crops. The changes in the LAI are intended to
ensure that continuous evapotranspiration occurs throughout the growing period of the trees and perennials (cf. Mwangi et al.,
2016b). The adjustment in PHU ensure there is no delay in growth at the beginning of growth cycles. Plant growth in SWAT is
modelled using PHU and enough heat units must be accumulated for growth to occur/start. As part of the parameterization exercise,
and considering that the CN2 parameter value is adjusted daily as a function of plant evapotranspiration (Neitsch et al., 2005), the
initial values for the present land uses, (FRSE (Evergreen Forest)-35, FRST (Mixed Forest)-35 and Agriculture (AGRR)-75) were
modified in the database.

The model was calibrated using daily streamflow data for the station number 1LA03 near Bomet town. The data used for cali-
bration was for the period 1972 -1978. The first three years were used as warm-up period. The selection of this period was based on
quality of the data. The period had more continuous data than any other period. As indicated by Hulsman et al. (2017) there exists a
long-term discharge time series between 1955 — 2015. However, the temporal coverage is poor, this is especially so for recent years.
The same has also been acknowledged by other modelling studies in the watershed where authors used similar period of data for
calibration e.g. Dessu and Melesse (2012) (1978-1982) and Mwangi et al., 2016b (1974-1982).

Automated Latin-Hypercube-Sampling (LHS) was performed using the FME package in R (Soetaert and Petzolt, 2010), which was
used to obtain 6000 parameter sets. The model parameters selected for calibration and the range used to sample the parameter values
are presented in Table 1.

2.5. Statistical and graphical model performance evaluation

Statistical performance measures quantify the ability of a model to simulate measured data (Legates and McCabe, 1999). Ac-
cording to studies by Guse et al. (2017) on the connective strength between model parameters and performance criteria using
regression trees, a minimum of three statistical performance measures is required to represent the different parts of the hydrologic
system. However, this is also dependent on the process complexity in the catchment. The different performance measures give
different results based on the selected periods of observation and the types of performance measure applied (Beven, 1993). In this
study, three statistical measures of performance were used (NSE, PBIAS and RSR). NSE is an ideal dimensionless objective function in

Table 1
Short description of the parameters selected for calibration and the initial value ranges.
PARAMETER NAME DESCRIPTION RANGES
SURLAG (surface runoff lag coefficient) Controls the fraction of water allowed to enter the reach on any one day. As it decreases, more 0-4
water is held in storage.
SOL_AWC (Soil Available Water Available water capacity for each soil layer. —0.20-0.20
Capacity) SOL_AWC = FC-PWP
ESCO Soil Evaporation compensation factor. As value decrease the model extracts more water from the 0-1
lower levels
CH_N2 Manning’s value for the main channel 0.01-0.3
CH K2 Effective Hydraulic Conductivity for the main channel 0-10
ALPHA _BF2 Base Flow Alpha Factor 0.6-0.99

0.1-0.3- Land responds slowly to recharge
0.9-1- Land responds fast to recharge

GW_DELAY(days) Estimated Ground Water delay time 0-31

GW_REVAP Groundwater re-evaporation from the shallow groundwater to the surface. As value reaches 0, 0.02-0.15
water movement to upper layer is restricted

GWQMN Threshold shallow depth required for return flow to occur. Groundwater occurs when this valued is 150-2000
exceeded.

RCHRG_DP Deep aquifer Percolation Fraction (0-1) 0.02-0.25
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evaluating model performances for difference in output responses (Moriasi et al., 2015). Krause et al. (2005) concluded that its main
disadvantage is its lack of sensitivity to low flow over and under-prediction. Percent Bias (PBIAS) is an error index that measures the
average tendency of the simulated constituent values to be larger or smaller than the measured data. A positive value indicates the
under-prediction of a model while a value of zero indicates a perfect fit of data (Moriasi et al., 2007). This may at times be deceiving
as this value may be achieved where the model overpredicts as much as it underpredicts (Moriasi et al., 2015). The RMSE-ob-
servations standard deviation ratio (RSR) (Singh et al., 2004) is another error index that standardizes the Root Mean Square Error
(RMSE). Its main advantage over the RMSE is its scaling factor that enables the reported values to apply to various constituents. It is
also less focused on high flows. Graphical performance measures involve direct or derived visual comparison of simulated and
measured data (Moriasi et al., 2015). They are usually used to complement statistical performance measures to capture distinct
aspects of the model such as identifying differences in peak shapes and timings (Moriasi et al., 2015; Biondi et al., 2012). The
statistical software R was used in analysis of the statistical performance measures (R Core Team, 2013). Parameter set selection was
done based on the statistical metrics described above assessed using the R packages HydroGoF and HydroTSM (Zambrano-Bigiarini,
2014). Both the hydrograph and the Flow Duration Curve (FDC) graphical performance measures were used to complement this
analysis.

2.6. Application of the 5FDC and NCP calibration procedure

Calibration of the FDCs and hydrographs was undertaken for the years between 1975 and 1978. This step involved the con-
struction of FDCs using the HyroGOF package. Each FDC was split into five segments (hereafter referred to as 5FDC) according to
Pfannerstill et al. (2014). This constituted the very high flows (0-5%, Q5), high flows (5-20%, Q20), medium flows (20-80%, Qmid),
low flows (80-95%, Q80) and the very low flows (95-100%, Q95). The upper end of the medium flows segment applied by
Pfannerstill et al. (2014) was extended from 70 to 80% to match the flow guidelines stipulated by the Water Resource Authority
(WRA). This metric represents the abstraction limit (GOK, 2012). The discharge between Q50 and Q80 is referred to as available flow
(GOK, 2012).

The NSE, segmented RSR, and PBIAS were used to assess the performance of the calibration runs. The RSR for each of the five
segments was separately estimated and ranked for all of the 6000 model simulations arising from the 6000 parameter sets sampled by
LHS. These were represented as RSR_Q5, RSR_Q20, RSR_Qmid, RSR_Q80 and RSR_Q95 (Haas et al., 2016). The best 2000 runs were
then extracted from each segment and a minimum threshold determined. The optimal value of RSR is zero. These best runs were
plotted with NSE against PBIAS. All simulations having an NSE value lower than zero were considered non-behavioral and were
excluded from further analysis. Thereafter, these selections were intersected with each other, two at a time, starting from the very low
to the very high flows to obtain a final best set of calibration runs appearing within the 2000 calibrations from each individual
segment. As a final step, an overall ranking obtained from the sum of the rank of each calibration run under each performance metrics
was determined as a plausibility check for the intersection undertaken. This first involved ranking the performance metrics using the
minimum threshold (Lower RSR threshold value means better performance). Each calibration run under each performance metrics
was then separately ranked. These ranks were then summed up and a final ranking undertaken. It was expected that the final set of
calibration runs obtained through the 5FDC would hold a high ranking and would prove the intersection method as being capable of
selecting an optimum set of calibration runs.

Analysis of the hydrograph-based NCP involved selection of 2000 best simulation runs from the initial 6000 based on the lowest
residual RSR.

2.7. Determination of Pareto ensembles and the CP procedure

Pareto optimization technique allows for the identification of parameter sets (Pareto ensembles) that represent an optimal trade-
off point between multiple objective functions or criteria used. Here every parameter set is ranked using two or more criteria
represented by maximizing or minimizing objective functions/ performance criteria. The obtained set of solutions are said to be
located within the defined feasible parameter space ( 6e®) see Equation 1. Within this space, it is impossible to improve one criterion
without making the other worse. These parameter sets are referred to as a Pareto front and represent the trade-off between the
criteria used. Calibration of semi-distributed hydrologic models with many parameters describing catchment behavior is often faced
with parameter equifinality leading to multiple “behavioral” sets, which adequately simulate the observed flows. Acknowledging
equifinality involves simultaneously optimizing and trading off the performance of several user-selected criteria to measure the
different aspects of the model performance (Beven, 1993; Yilmaz et al., 2010). The more independent the contradictory selected
criteria are (e.g. high and low flow prediction or hydrologic matter and fluxes), the greater is the potential for Pareto optimization to
find meaningful trade-off points in the model behavior. In order to determine the model runs that adequately represented the
different phases of the FDC and the hydrograph, a Pareto package (rpref- Rooks, (2016)) was applied in the R environment. An
ensemble of 10 model runs minimizing PBIAS and maximizing the NSE was selected from the best calibration runs obtained from the
stepwise intersection under the 5FDC. Under the NCP, the Pareto ensemble was obtained from the 2000 best simulations. The
performance of the two Pareto ensembles was consequently analyzed based on parameter and water balance distribution.

Equation 1: Pareto equation.

Min or Max Fm(8) = {F1(8), F2(6), F3(0).......Fn(6)} 0c0
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Fig. 2. Summary of performance metrics and selection of 2000 best calibration runs. Brown color scatter plots represent the initial 6000 calibration
runs; black color scatter plots represent the best 2000 calibration runs as determined by threshold in each segment, the blue color scatter plots
represent the result of the sequential intersection in each segment and the red scatter plots represent the location of the Pareto front. Sections a—e
represent the results of the stepwise intersection in the SFDC while section f represents the selection made by implementing the NCP (For inter-
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article).

Where;

6 represents a vector with n parameters

O represents feasible parameter space

F1(6), F2(0), F3(6)....Fn(6) represent performance measures (PBIAS, NSE, RMSE) used to

determine the distance between measured and simulated data

The main aim of the Combined Procedure (CP) was to create a hybrid that would merge the characteristics/qualities of both the
NCP and 5FDC. It was hypothesized that the CP would reveal superior parameter sets that overcame any limitations exhibited by
either the NCP or 5FDC in representation of both the high and low flows. The 5FDC and NCP ensembles were intersected to extract
those runs that were common in both ensembles. These runs were separately analyzed and this performance was compared to that of
the NCP and 5FDC.

3. Results

NSE and PBIAS relationship of the calibration runs obtained from analysis on the 5FDC and NCP procedures are summarized in
Fig. 2. The very low and the very high quartiles were not very selective in the selection of calibration runs. This resulted in runs that
highly overestimated (low negative PBIAS value) and underestimated (large positive PBIAS value) the observed discharge. Using the
threshold (RSR presented in brackets) to assess the ranking of the metrics, the mid-segment (0.46) which performed best followed
sequentially by low (0.82), high (1.70), very low (2.52), and very high (6.82) segments. The initial intersection of very low and low
segments had the largest impact on the calibration runs in which they were reduced to 668. A further intersection with the mid-
segment also greatly reduced these runs to 315. The impact of the high flow section slightly reduced the simulation runs to 238. The
last intersection resulted in 113 runs. Determination of the Pareto ensemble led to a variable range of model runs that represented not
necessarily the best parameters in each performance measure but rather, the most-optimum simulations in each segment.

2000 simulation runs from NCP were selected based on a low RSR. This highly selective procedure resulted in higher NSE values
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Table 2

Summary of performance measures of Pareto ensemble obtained from 5FDC.
RUN NSE PBIAS RSRQ95 RSRQ80 RSRMID RSRQ20 RSRQ5 JOINT RANKING
471 0.65 —-0.4 1.88 0.32 0.21 0.68 4.26 2
4136 0.63 -0.8 2.31 0.24 0.20 0.70 4.68 10
2754 0.63 -14 1.86 0.19 0.21 0.68 4.65 4
911 0.63 -2.7 1.97 0.26 0.24 0.69 4.71 9
1650 0.63 -3.3 1.19 0.47 0.25 0.72 4.89 6
1254 0.62 —10.1 1.82 0.30 0.38 1.08 3.15 41
2382 0.62 —10.2 1.51 0.37 0.39 1.00 3.53 27
4135 0.59 -10.3 2.36 0.44 0.37 0.99 3.00 86
855 0.59 —10.4 1.34 0.54 0.39 0.97 3.87 72
968 0.59 -10.1 1.25 0.51 0.41 0.93 4.53 71

but a wide range of PBIAS values. A plot of PBIAS-NSE of the calibration runs under the NCP is displayed in Fig. 2-f. The NSE range
for the 2000 runs was 0.65 - 0.38 while that of PBIAS was -30.7 — 34.4.

3.1. Comparing 5FDC and NCP calibration

In order to compare the two, the Pareto ensembles under the NCP were reanalyzed using the SFDC procedure. Tables 2 and 3
illustrate the values obtained from SFDC and NCP respectively.

NSE values of about 0.50 are judged satisfactory for hydrologic evaluation based on a monthly time step (Moriasi et al., 2007).
The two calibration procedures performed comparatively well given that, daily time step was applied during analysis. However, the
5FDC procedure gave a wider NSE range ( = 0.06) as compared to that of the NCP ( = 0.03). This is not surprising for NCP as the NSE
is focused on high flows. A look into PBIAS results shows that all the selected simulations were within the satisfactory range. A
distinct difference was noted in the low flow section of the segmented RSR values. 5FDC was superior as it resulted in much lower
values (see RSRQ95). Both methods failed to preserve the peak flows with the SFDC performing worse (see hydrograph in Fig. 3).
Three calibration runs (no. 471, no. 1254 and no.2382) appeared in both the NCP and the 5FDC ensembles. These were taken to
represent the calibration runs for the Combined Procedure (CP). The FDC of the 5FDC and NCP Pareto ensembles (Fig. 4) also shows
that the 5FDC procedure tended to underestimate the mid lower segment (Q60-Q80) and the lower segment (Q95) less than the NCP.
NCP highly overestimated the low flows. The CP produced a concession between the two methods by reducing the overestimation of
the low flows by the NCP and of the peak flows by the SFDC.

3.2. Parameter selection and water balance components

Violin boxplots presented in Fig. 5 act as a fusion between box plot and density trace. They not only show the quartile distribution
and outlier values (box and whisker plot) but also illustrate the data probability density at the different values. While comparing the
NCP and 5FDC, variable distribution patterns were observed for parameters with some such as the threshold water level in shallow
aquifer for return flow (GWQMN), the revaporation/return flow coefficient (GW_REVAP) and SURLAG depicting opposing prob-
ability distributions. Both methods reveal the high level of uncertainty associated with groundwater contribution/base flow analysis.
Three parameters exhibited striking differences in the coverage of the parameter space. This included: channel hydraulic conductivity
(CH_K2), Manning’s channel value (CH_N2) and the aquifer percolation coefficient (RCHG_DP). The CH_K2 is a measure of the rate of
loss from the channel into the groundwater. Channels with low CH_K2 have higher transmission losses, which are assumed to enter
bank storage (Neitsch et al., 2005). Channels receiving groundwater contribution have low values (Gitau and Chaubey, 2010). CH_N2
controls the flow velocity of water in the channel. Higher values reduce the velocity of water. The RCHRG_DP controls how much
water is lost into the deep aquifer and considered lost from the system (Neitsch et al., 2005). The CP method had a profound impact in

Table 3

Summary of performance measures of Pareto ensemble obtained using NCP.
RUN NSE PBIAS RSRQ95 RSRQ80 RSRMID RSRQ20 RSRQ5 JOINT RANKING
1573 0.65 0.6 7.9 1.27 0.21 0.63 4.23 634
471 0.65 -0.4 1.88 0.32 0.21 0.68 4.26 2
229 0.65 -17 7.69 1.13 0.24 0.73 3.44 553
5665 0.65 —-25 6.28 0.80 0.24 0.74 3.51 353
1277 0.64 —4.4 8.18 1.29 0.28 0.86 2.46 682
354 0.64 -5.9 3.88 0.43 0.30 0.83 3.79 115
2450 0.63 —-6.1 4.07 0.42 0.30 0.84 3.34 105
2159 0.63 -85 6.03 0.73 0.37 0.92 3.16 453
1254 0.62 -10.1 1.82 0.30 0.38 1.08 3.15 41
2382 0.62 -10.2 1.51 0.38 0.39 1.00 3.53 27
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Fig. 4. FDC of Pareto ensembles, CP and observed flow.

increasing the identifiability of all parameters by reducing the uncertainty in the distribution.

Fig. 6 illustrates an average of water balance components of 5FDC, NCP, CP. The average annual rainfall for the years calibrated
was 1549 mm. The standard deviation of the runs within each parameter ensemble is represented in brackets.

The highest variation within the ensembles was noted in the groundwater components. The high uncertainty observed within the
parameter distribution of groundwater parameters resulted in a wider range of these water balance components. This was higher
under the 5FDC. The execution of the NCP procedure resulted in higher deep aquifer recharge and total water yield. A larger
proportion of the percolated water was lost into the deep aquifer and no longer contributed to the hydrologic cycle. As observable
from Fig. 5, this has been restricted to the upper ranges of the parameter space. The 5SFDC method on the other hand, allowed more
water to infiltrate through the soil and percolate into the aquifers. Most of this water was released as groundwater flow, lateral flow
and as return flow from shallow aquifers to the rooting zone of the plants. The model then impelled the evaporation of this water. CP,
which proved the most superior in terms of parameter identifiability and uncertainty, produced the high amounts of shallow aquifer
storage. The reduced uncertainty in parameter estimated translated to reduced variability in water balance components. This method
combined the characteristics of the 5FDC and NCP.

In order to determine which of the calibration procedures closely simulated observed values, the runoff ratio and proportion of
precipitation translated to evapotranspiration were calculated (see values in brackets next to procedures-Table 4). Although both
methods closely simulated the observed values, the SFDC produced better results. The CP produced values that were between the
5FDC and NCP. No procedures matched the value obtained in the third year. This may be due to the uncertainty in streamflow data as

a result of the use of manual river gauges or from the use of rating equations to convert gauge heights into high flows (Juston et al.,
2014).
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Fig. 5. Violin plots showing the quartile distribution and densities of parameters selected for calibration. Calibration range is represented in
brackets.

4. Discussion

The LHS attempts to sample the response surface according to the likelihood density, and as such, areas with high likelihood are
sampled more frequently (Beven, 1993). This makes this sampling method very efficient in reducing the non-behavioral parameter
values by ensuring that there is no violation of practical or theoretical boundaries for each specific input parameter (Arnold et al.,
2012b).

The multi-metric based system resulted from combining the segments based on their objective function performance (Van
Werkhoven et al., 2009; Pfannerstill et al., 2014). The stepwise intersection of the 5SFDC ensured that a satisfactory set of parameter
was obtained, as the best performing simulations were selected from each segment. The high and very high flows signal the response
of the catchment to high intensity precipitation events, while the mid-range focuses on moderate precipitation events. The low flow
segment is related to the interaction of base flow with riparian evapotranspiration during extended dry periods (Yilmaz et al., 2010;
Guse et al., 2016). The splitting of the 5FDC resulted in calibration runs that adequately represented the response of the catchment to
the different watershed functions. Each performance metric had its own unique distribution pattern and rejected some poorly per-
forming calibration runs. This is further evidenced by the performance of the Pareto runs selected under the 5FDC in the plausibility
check.

The determination of a Pareto ensemble from the final set supports the equifinality theory, in that it refutes the existence of a
single “best” parameter set and recognizes that numerous parameter sets may provide equivalent representations (Beven, 1993). For
this reason, ensembles of 10 parameter sets were obtained for parameter analysis and water balance component evaluation for both
NCP and 5FDC. The CP approach narrowed this to an ensemble of 3 parameter sets.

Parameter identification is a complex non-linear problem and numerous possible solutions might be obtained by different op-
timization algorithms (Nandakumar and Mein, 1997). As deduced from this study, the selection of sensitive parameters does not
mean that the parameter is also identifiable. Linking the parameter performance to the FDC/hydrograph of simulated plots reveals
that the NCP method better represents the mid-upper and high flows. Here, performance was based on lumped global performance
measures that were likely influenced by these flows. Given the high level of uncertainty in the groundwater parameters, simulations
using observed flows are more reliable. And as such, the 5FDC tends to produce better results as compared to the NCP. The water
balance is the driving force behind all processes in hydrologic models (Arnold et al., 2012a). All procedures show that evapo-
transpiration takes the highest proportion of precipitation, and is thus an important component in this catchment. Dessu and Melesse
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Fig. 6. Schematic view of the water balance component values for Precipitation (Prec), Evapotranspiration (ET) surface runoff (Sur_Q), Lateral flow
(Lat_Q), Groundwater flow (GW_Q), Deep Aquifer recharge (DP_Rchg) and Return flow from shallow aquifer (Revap). Standard deviation of runs
within each ensemble is represented in brackets. The size of the boxes is not proportional to the quantities they represent.

Table 4

Run-off ratio of ensembles for Nyangores catchment for the period.1975-1978.
YEAR OBSERVED 5FDC (69.9%) NCP(69.7%) CP(70.0%)

min max Mean min Max Mean Min Max Mean

1975 0.29 0.28 0.32 0.31 0.3 0.34 0.32 0.30 0.34 0.31
1976 0.17 0.16 0.2 0.18 0.18 0.22 0.2 0.17 0.21 0.19
1977 0.32 0.23 0.27 0.26 0.25 0.28 0.26 0.24 0.28 0.25
1978 0.34 0.33 0.35 0.34 0.33 0.35 0.34 0.33 0.35 0.33

Average proportion of precipitation represented by evapotranspiration for all procedures™ 70%.

(2012) reported that on a basis of a 10-year average annual water budget in Nyangores (1978-1982 and 1988-1992), evapo-
transpiration accounted for 70% of losses of annual rainfall input, which is similar to the results found in this study. The Nyangores
catchment is located in the upper part of the larger Mara catchment and is home to one of the largest “water towers” in Kenya, the
Mau Forest. Due to their leaf sizes, thickness and aerodynamic roughness, trees typically provide a large surface area for canopy
interception of precipitation, and consequently evapotranspiration. Their deep and extensive roots additionally aid in extracting more
water from the groundwater allowing for further evapotranspiration (Neitsch et al., 2005). The main benefit of integrating this type
of analysis which incorporates both hard (discharge) and soft data (individual process data) into calibration is to ensure that
parameter sets selected using both procedures simulate realistic water balance components.

While comparing the 5FDC and NCP, simulations using the Pareto ensembles revealed that under the 5FDC a large proportion of
water is stored in the rooting zone or is released as base flow. This can also be linked to the higher CH_K2 values obtained under this
method. This leads to an increase in bank storage, which may move to the adjacent unsaturated zone for use by plants or released as
base flow (Neitsch et al., 2005). A modelling study conducted by Birundu and Mutua (2017) in the Nyangores catchment using the
HBV model concluded that a major proportion of precipitation received in Nyangores catchment is stored and later released as
baseflow. Some of this water could have been transpired by plants contributing to higher evapotranspiration values simulated. The
lower CH_N2 values also resulted in faster response of this catchment to peak rainfall leading to overestimated high flows. This can be
viewed in Fig. 3 and Fig. 4. Additionally, the SFDC procedure exhibited runoff ratios closer to the observed values for most years. The
wider range in groundwater components observed within the 5FDC Pareto ensemble can be explained by the fact that this procedure
selected calibration runs that attempted to match all the phases of the hydrograph leading to a high tradeoff between the high and
low flows. By contrast, the NCP was quite selective in focusing on the flows favored by the objective functions selected for analysis.
The higher loss of water to deep aquifer under the NCP can be attributed to the high RCHRG_DP values. This reduces the amount of
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water released as baseflow or “revaporated “into the unsaturated zone (Neitsch et al., 2005). Higher SURLAG and low SOL_AWC
values also indicated that less water was retained in the soil (Neitsch et al., 2005). This could explain why this procedure performed
better under the high flows. However, water resource managers are mostly concerned with ensuring availability of water to the water
uses during water shortages of different levels of severity. With better representation of low flows, they can establish effective limits
that ensure that there is no overallocation of water. In theory, FDCs are well suited for representing the hydrological response of the
catchment. They are also easier to use and interpret even for users with limited hydrological background (Vogel and Fennessey,
1994). By reshaping the data on the basis of flow frequency, the timing component of streamflow is removed. This means they cannot
be applied for purposes such as flood frequency estimation. Under the hybrid procedure (CP), both the high and low flows were
adequately represented. The parameter identifiability additionally improved. This increases confidence in the simulations obtained
and does not limit their applicability. CP can thus be effectively applied for scenario creation and prediction purposes.

5. Conclusion

In this study, a mesoscale hydrologic model was applied for calibration purposes to the Nyangores catchment, Kenya. The ca-
libration period selected was from 1975 to 1978. Using LHS importance sampling, 6000 independent parameter sets were generated
and runoff simulated. The observed data (discharge, runoff-ratio, proportion of precipitation translated to evapotranspiration) was
then compared to that simulated using Pareto ensembles from the 5FDC, NCP and CP. Parameter distribution of the Pareto ensembles
for each procedure was plotted. This distribution was linked to the performance of the model with regards to water balance com-
ponents.

This study follows the approach of Pfannerstill et al. (2014) and Yilmaz et al. (2010), which developed a multi-metric framework
to implement the results of an optimum parameter set that adequately represented all the phases of the hydrograph. The use of the
5FDC improved the calibration of low and very low flows. This improvement has potential for use by watershed resource managers
working in low-flow environments. NCP, however, performed better than S5SFDC where peak flows were considered. We additionally
recognized the equifinality theory by selecting Pareto ensembles within which no single best parameter set is selected. The parameter
analysis revealed differences in parameters relating to catchment properties, surface and groundwater flow between the two pro-
cedures. This corresponded with the differences in how the model partitioned the water balance components. With these differences,
the intersection of the 5FDC and NCP created a hybrid (CP). This procedure merged the strengths exhibited by both the 5FDC and
NCP leading to reduced parameter uncertainty. However, there is need for further studies to be undertaken to understand especially
the partitioning of the water balance components. Finally, the study demonstrated that the selection of the calibration procedure
should be dependent upon the purpose of the modelling exercise. The 5FDC, however, produced simulations closer to the observed
values especially for the low flow volumes. This was also the case for the runoff-ratios. The 5FDC method can thus better predict low
flows and long-term base flows and hence is more suitable for long-term water management.
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The largest impact of land-use change on catchment hydrology can be
linked to deforestation. This change, driven by exponential population growth,
intensified food and industrial production, has resulted in alterations in river
flow regimes such as high peaks, reduced base flows, and silt deposition.
To reverse this trend more extensive management practices are becoming
increasingly important, but can also lead to severe losses in agricultural
production. Land-use optimization tools can help catchment managers
to explore numerous land-use configurations for the evaluation of trade-
offs amongst various uses. In this study, the Soil and water assessment
tool (SWAT) model was coupled with a genetic algorithm to identify
land-use/management configurations with minimal trade-offs between
environmental objectives (reduced sediment load, increased stream low flow)
and the crop yields of maize and soybean in Nyangores catchment (Kenya).
During the land-use optimization, areas under conventional agriculture could
either remain as they are or change to agroforestry or conservation agriculture
(CA), where the latter was represented by introducing contour farming and
vegetative filter strips. From the sets of the resulting Pareto-optimal solutions
we selected mid-range solutions, representing a fair compromise among
all objectives, for further analysis. We found that a combined measure
implementation strategy (agroforestry on certain sites and conservation
agriculture on other sites within the catchment) proved to be superior
over single measure implementation strategies. On the catchment scale, a
3.6% change to forests combined with a 35% change to CA resulted in
highly reduced sediment loads (—78%), increased low flow (+14%) and only
slightly decreased crop yields (<4%). There was a tendency of the genetic
algorithm to implement more extensive management practices in the upper
part of the catchment while leaving conventional agriculture in the lower
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part. Our study shows that a spatially targeted implementation strategy
for different conservation management practices can remarkably improve
environmental sustainability with only marginal trade-offs in crop production
at the catchment-level. Incentive policies such as payments for ecosystem
services (PES), considering upstream and downstream stakeholders, could
offer a practical way to effect these changes.

sustainability, multi-objectives, ecosystem services, agroforestry, sediment load,
CoMOLA, Pareto optimization, land-use configurations

Introduction

The largest impact of land-use change on catchment
hydrology can be linked to deforestation. This change, driven by
exponential population growth, intensified food and industrial
production (Foley et al, 2005; Kamamia et al, 2022), has
resulted in alterations in the river flow regime such as
high peaks, reduced base flows, and silt deposition in water
bodies and reservoirs (Bajocco et al,, 2012; Borrelli et al,
2017; Kamamia et al,, 2021). Furthermore, climate change has
accelerated land degradation by intensifying extreme events
such as droughts and floods whose ramifications have been
especially felt in the developing countries (Borrelli et al,
2017). Mounting evidence suggests an exacerbation of this
situation by 2050 with more pronounced changes at the sub-
regional/catchment scale (Boretti and Rosa, 2019). In Kenya,
deforestation has greatly impacted the five major water towers
(Mount Kenya, Mau Forest, Aberdare Forest, Mount Elgon, and
Cherangani) which supply about 75% of the total freshwater
and which support important ecosystems that are vital for
the country’s sustainable production. Deforestation in Mount
Kenya, Aberdare Forest, Mount Elgon, and Cherangani water
towers has led to a decline in rainfall amounts (e.g., less cloud
water interception) accompanied by shifting rainfall patterns
thereby reducing their productivity (Mwangi et al, 2020).
Additionally, climate change impacts associated with weather
variability such as high temperatures have increased forest fires
incidents, further threatening the existing forests (Schmitz and
Kihara, 2021). Mulinge et al. (2016) reported a 32% decrease
in forest cover for the Mau forest water tower (in which the
Nyangores catchment is located) between 2001 and 2009. They
attributed this to population expansion which stimulated: (i) an
extension of cropland (with unsustainable agricultural practices)
into forested areas, (ii) an encroachment of marginal lands
and forests by pastoralist communities, and (iii) an increased
demand for fuel wood and timber (Cohen et al., 2006; Mulinge
et al., 2016; Kogo et al., 2020).

In this regard, catchment management is necessary in
order to protect the natural ecosystem as well as to
achieve a sustainable use of agricultural land in degraded
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areas. Soil and water conservation practices also referred
to as catchment management strategies (CMSs) are the
primary steps of catchment management whose purpose is
to enhance agricultural productivity and protect catchments.
Specifically, they aim at decreasing runoff rates, improving
soil fertility, retarding soil erosion, and thus increasing soil-
moisture availability and groundwater recharge (WOCAT,
2007). Agroforestry has in particular been the focus of many
catchment management programs in the developing world
(many countries in Africa, Asia, and Latin America whose
economies are agriculture-driven) (World Agroforestry, 2021).
Agroforestry has been considered a key pathway to restoring
degraded ecosystems and achieving food security globally.
Within these systems, reforestation efforts have been scaled
up to combat the alarming rates of deforestation and forest
degradation. The contribution of trees to carbon sequestration,
nitrogen fixation and provision of a source of income has
been ranked higher and is perceived more sustainable than
other CMSs (Speranza, 2010). However, in order to reap
the numerous benefits offered by trees, it is imperative to
determine at the catchment scale where and what proportion
of land can reasonably be converted. Since trees consume more
water than other vegetation (Mwangi et al,, 2016a; Kirschke
et al,, 2018) an improper allocation could magnify an already
existing water scarcity situation. Moreover, CMSs threaten the
productive capacity of catchments as their implementation
may lead to losses in agricultural production. Thus, there is
need for a comprehensive and systematic understanding of the
possible adverse effects of agroforestry and its combination
with other CMSs on the different ecosystem services. Tools
such as hydrologic models have been used to conceptualize
the impacts of the climatic and anthropogenic changes on the
different sub-processes within the hydrologic cycle (Legesse
et al,, 2003). For instance, Asres and Awulachew (2010),
Strauch and Volk (2013), and Memarian et al. (2014) used
the soil water assessment tool (SWAT) hydrologic model in
different tropical countries to assess the impact of land-use/land
cover change on water discharge and sediment load. Mango
et al. (2011) investigated the impact of complete deforestation
and climate change on the catchment water balance in the
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Nyangores catchment-Kenya, using the SWAT model. Mwangi
et al. (2016a) extended this study to assess the effect of
implementing different agroforestry scenarios on the various
water balance components. In the two latter studies, only a
few pre-selected options were evaluated to characterize possible
futures. Cao et al. (2011) and Seppelt et al. (2013) argue that
classical approaches of scenario analysis result in the exclusion
of more optimal solutions not considered during the scenario
selection/formulation step. Also, using certain model outputs
in isolation, focusing on only one target service, can prompt
the enhancement of one ecosystem service while masking the
deterioration of other essential ecosystem services.

Therefore, the use of such models for developing spatially-
explicit catchment management plans has been supplemented
with land-use optimization tools (Lautenbach et al, 2013;
Verhagen et al., 2018; Strauch et al., 2019; Kaim et al., 2021).
In reality, catchments have multifunctional uses, shared by
different stakeholders who may have contradicting aims and
interests (objectives) which they seek to defend (Kaim et al,
2020). Land-use optimization tools offer a solution by exploring
a large number of land-use management configurations for the
simultaneous optimization of various objectives (Lautenbach
etal,, 2013; Chapagain et al., 2021). Land-use optimization tools
differ in the number of objectives, scale applied and the timing
of inclusion of stakeholders and decision makers (Strauch
et al,, 2019). Multi-objective optimization problems can be
solved using either scalarization or Pareto-based methods.
Scalarizing methods combine multiple objective functions into
one single scalar function, e.g., using a weighted sum. Pareto-
based methods present the different trade-offs as a Pareto
frontier which is a set of optimal solutions to the respective
multi-objective optimization problem (Kaim et al, 2018).
Within a Pareto frontier, no objective can be further improved
without compromising the other objectives. Possible solutions
are identified either by maximizing or minimizing the different
objectives using genetic algorithms (GAs) (Deb et al.,, 2002).
Genetic algorithms start with an initial population and use
concepts such as selection, mating, and mutations to create
the next set of solutions (Kaim et al., 2018). Parameters to be
optimized are encoded in a genome and the individuals in a
population are then evaluated based on objective functions. GAs
are highly explorative and gradient free which means that they
can deal with complex, non-linear and discontinuous problems
(Mitchell, 1996; Kaim et al., 2018). However, these algorithms
are unconstrained by nature and have to be modified to reflect
real world scenarios. In terms of land-use allocation, this could
include setting rules constricting the conversion of one land-
use to another and/or setting the minimum and maximum area
that can possibly be converted (Strauch et al., 2019). Land-use
optimization tools using the non-sorting Genetic Algorithm-
II (NSGA-II) have proven to solve complex land allocation
problems based on the optimization of different user specified
objectives. Wicki et al. (2021) applied a land-use optimization
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tool to aid in planning green and dense cities based on a trade-
off between urban ecosystem services and compactness. Kaim
et al. (2020) coupled SWAT and a bird species distribution
model with NSGA-II in order to optimize land management
strategies for biodiversity, water quality and quantity, and
agricultural production. On the resulting set of Pareto-optimal
solutions, they applied stakeholder preferences to identify “best-
compromise” solutions. Rodriguez et al. (2011) as well as
Panagopoulos et al. (2012) applied SWAT and NSGA-II in the
selection and placement of best management practices which
minimized pollution in a cost effective way. Also, Lautenbach
et al. (2013) coupled SWAT with NSGA-II. They analyzed the
biophysical trade-off between bioenergy crop production and
stream water quality and quantity.

The Nyangores sub-catchment management plan (WRUA,
2011) created by the Mara River Water Users Association
indicated that this catchment faces severe water quality and
quantity problems. In order to address this situation, they
proposed reforestation using indigenous trees in addition to the
adoption of water and soil conservation measures. However,
this report lacks information on exactly how and where within
the catchment these measures should be targeted. This poses a
potential challenge for all stakeholders in the area. Against this
background, the main objective of this study is to determine
functional trade-offs between environmental sustainability and
food production in the Nyangores catchment, Kenya. To
achieve this purpose, we coupled SWAT with NSGA-II to
explore different land-use combinations representing the best-
possible trade-off (or Pareto) solutions in a four-dimensional
objective space defined by (i) minimizing sediment load, (ii)
maximizing stream low flow, and (iii, iv) maximizing the
crop yields of maize and soybeans, respectively. To the best
of our knowledge, no previous study has considered the
consequences of implementing the proposed CMSs for different,
partly conflicting, dimensions of sustainability in the Nyangores
catchment. This study therefore aims to provide practical
solutions for solving the major problems experienced in the
catchment. Moreover, although agroforestry is well promoted
as a way of restoring trees in many other developing countries,
its impact on several ecosystem services is not well researched
(Muthee et al,, 2022). The methodology adopted here can be
customized for these regions. It also allows for an easy inclusion
of stakeholders who can then be involved in developing targeted
policy interventions which balance environmental goals and the
social needs of the existing population.

Materials and methods

Nyangores catchment

The Nyangores catchment (Figure 1A) covers a total area
of 694 km? and is part of the greater Mara River basin
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FIGURE 1

Nyangores catchment (A) location and elevation, (B) land-use/land cover, and (C) soil types.

which is shared between Kenya (65%) and Tanzania (35%).
The altitude ranges from 2,970 m at the Mau escarpment
to 1,905 m at Bomet stream gauging station. The mean
annual rainfall ranges between 1,000 and 1,750 mm (Mati
et al, 2008). Rainfall peaks twice a year: March-May (long
rainy season) and September-November (short rainy season).
The main river in the catchment is the Nyangores River
(Figure 1B). Andosols, characterized by favorable aggregate
structure and high porosity, are the dominant soils in the
catchment (Figure 1C). The Nyangores catchment holds the
largest proportion of Montane forests within the Mara basin
and the remaining area is covered by small-scale agriculture.
The main crops grown in the catchment include: maize, beans,
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soybeans, sorghum, potatoes, and oilseeds. In areas with high
rainfall uncertainty the farmers practice intercropping (Omonge
et al,, 2020). Otherwise, maize is primarily grown within the
first long rainy season (April/May) and harvested in September
while the other crops take advantage of the short rains and
are harvested in February, thus completing a crop rotation
schedule. A major land-use shift from forest to agriculture has
significantly affected the hydrological regime (water quality and
quantity) in the catchment (Mwangi et al., 2016a). This has
raised concern as the middle part of the Mara River basin hosts a
major wildlife-reserve ecosystem, that heavily relies on the water
resources (Mati et al., 2008; Mwangi et al., 2016a). Omonge et al.
(2020) predicted an increase in water scarcity in the area driven
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by population expansion (+4% per annum) and intensified
agriculture. Thus, there is urgent need for the development
and implementation of CMSs to combat the water crisis in the
catchment while still ensuring continued and sustained food
production.

Datasets

A 30-m digital elevation model (DEM) and Landsat-8
operational land imager (OLI) were downloaded from the
Earth Explorer hosted by the United States Geological Survey
(EarthExplorer-USGS, 2019). A soil map (scale 1: 250,000)
and soil database were obtained from the Soil and Terrain
(SOTER) database of the International Soil Reference and
Information Centre (ISCRIC) (Batjes, 2008). A land-use map
(1983) coinciding with the period selected for calibration and
validation was sourced from the Survey of Kenya (SOK).
Furthermore, daily rainfall data for 20 stations located in
and within the vicinity of the Nyangores catchment, and
climate data (relative humidity, wind speed, maximum and
minimum temperature, and solar radiation) from Narok,
Kericho, and Kisii weather stations were obtained from the
Kenya Meteorological Department (KMD). Discharge data for
the only existing stream gauging station-LA03-Bomet was
obtained for calibration purposes. The presence of data gaps
limited the calibration period to the 4 year period from 1975 to
1978.

Due to lack of observed sediment load data, a time series was
determined by relating discharge at the catchment outlet and
sediment concentration (SC) using Eq 1 (Kiragu, 2009), which
was specifically developed for the study area, and Eq 2 (Bartram
et al.,, 1996).

SC =19.77 4 22.42 % Log Q (1)
where:
. . . mg
SC is the sediment concentration (T)
Q is the discharge in 3 /5. and
SL = Q % SC % 0.0864 2)

where SL is the suspended sediment load in tonnes/day.
Supplementary Appendix I provides a summary of the
datasets used for the analysis.

Soil water assessment tool base
scenario set-up

The SWAT model is a continuous time, semi-distributed
process based river basin model (Arnold et al.,, 2012). Soil water
assessment tool operates on a daily time step and was developed
to determine the impact of land use and management on
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water, sediment, agricultural, and chemical yields. In SWAT, the
catchments are divided into sub-catchments which are further
divided into hydrologic response units (HRUs) which consist
of homogeneous land use, management, soil, and slope. These
units are represented as a percentage of the total catchment
area. The main components include: weather, hydrology,
soil properties, plant growth, nutrition, pesticides, bacteria,
pathogens, and land management. A detailed description is
provided by the theoretical documentation (Neitsch et al., 2011).
The model setup and calibration for discharge was done
following Kamamia et al. (2019) using the ArcSWAT version
2012.10.2.18. The DEM-30 m was loaded into the ArcGIS
environment (ArcMap version 10.2) and used as a base for
watershed delineation. All other inputs (land use map, soil
map) were prepared and entered into the model. The slope
was divided into four classes: 0-10, 10-20, 20-30, and above
30%. Potential evaporation was calculated using the Priestly and
Taylor method (1972) which is based on radiation. The following
adjustments were made to adequately simulate growth of
perennial vegetation dynamics in the tropics (c.f., Mwangi et al.,
2016a; Kamamia et al,, 2019). (i) Lowering the Potential Heat
Units (PHU) from 0.15 to 0.001, (ii) Increasing the minimum
leaf area index (LAI) from 0.75 to 3 to ensure continuous
evapotranspiration of trees and perennials (iii) Using the “kill”
operation to restart the growth cycle of trees and perennial
crops. The curve number (CN2) parameter was also adjusted
depending on plant evapotranspiration. Using the set of most
sensitive parameters presented in Supplementary Appendix
II, calibration for discharge and sediment were undertaken
simultaneously. R? and Nash-Sutcliffe efficiency (NSE) were
used as statistical indices to assess the ability of the model
to match the data observed. The R? estimates how well the
model variance prediction represents those of the observed
values. These values range from 0 (no correlation) to 1 (perfect
correlation) (Moriasi et al., 2007). The NSE measures how
well the simulated output matches the observed along a 1:1
regression line. NSE values <0 indicate that the observed data
mean is more accurate than the simulated output (Moriasi et al.,
2007). For simulating sediment loads, performance values of
0.55 and 0.62 were achieved for NSE and R?, respectively.
Maize and soybean were selected for the modeling exercise
to represent the crops to be grown during the long and
short rains, respectively. Using a 2014 land-use map, the
agricultural HRUs were adjusted to reflect the actual cropping
seasons indicated in section “Nyangores catchment”. According
to literature, annual maize yield in Nyangores catchment is
between 2,500 and 4,000 kg/ha (Ngome et al,, 2013) while that
of soybean is averaged at 1,000-2,500 kg/ha (FAO, 2011). This
is considerably lower than the potential of 6,000 kg/ha for
maize and 30% higher for soybeans. During planting, inorganic
fertilizer diammonium phosphate (18%N, 20%P) is applied at
the average rate of 135 kg/ha which is also well below the
recommended 250 kg/ha (Munialo et al, 2020). Despite a
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slight improvement in output over the last two decades, the
low application of both organic and inorganic fertilizers, poor
soil management and climate and pest related hazards have
contributed to what would be still regarded as low yield output
(Munialo et al,, 2020). The hand-hoeing method was selected
to represent tillage in the SWAT agricultural management files.
Planting and harvesting dates for Maize and Soybean were set to
Ist April and 31st August and 1st October and 15th February,
respectively. The biomass outputs of both crops were checked
against the values obtained in literature (see section “Nyangores
catchment”) and the PHUs adjusted accordingly. Moreover, the
management files were adjusted to represent the land use of
2014. Mwangi et al. (2016b) estimated that climate variability
only contributed 2.5% to the changes in streamflow in the
catchment between 1980 and 2014 while the rest was linked to
land-use change. Thus, it was necessary to adjust this to capture
the drastic land-use change. The already calibrated model was
run one last time to reflect the aforementioned adjustments and
obtain the final base scenario model.

Set-up of catchment management
strategies scenarios and use of
land-use optimization tool

The main CMSs can be classified as structural, agronomic,
and vegetative measures (Liniger et al, 2002). Structural
measures (such as terraces and contour banks) lead to a change
in slope. They are mainly permanent and often require high
inputs of labor and capital for installation (Liniger et al., 2002;
Mwangi, 2011). Agronomic measures, usually associated with
annual crops are applied regularly in each season and include
contour cropping/mixed/cover cropping and mulching (Mati
et al., 2008; Mwangi, 2011; Gathagu et al., 2018). Vegetative
measures use perennial grasses and trees over a long time.
For small-scale farming, vegetative and agronomic measures
are prescribed as they are easier to adopt, cost less and still
lead to an improvement of the catchment (Liniger et al,
2002; Mwangi, 2011). These CMSs can be used in isolation
or combination with other measures. Mwangi et al. (2015)
evaluated the impact of different conservation practices on
water and sediment yield in the Sasumua catchment in Kenya.
When implemented in isolation, a 10 m filter strip and contour
farming reduced sediment inflow to the river by 35 and 24%,
respectively. When combined, a 41% sediment reduction was
recorded. Reforestation practices in which woody perennials
are deliberately grown in deforested areas have been used to
restore degraded areas (Mwangi, 2011; Mwangi et al.,, 2015).
Trees within this system provide both productive and protective
functions. Among the productive functions, the five “Fs” (fuel
wood, food, fodder/feed, fiber, and fertilizer) (Atangana et al.,
2014) are principal. The protective functions include shade,
reduction in wind speed, erosion control, carbon sequestration,
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and climate change adaptation (Atangana et al., 2014; Nair et al.,
2021).

Therefore, agroforestry and agronomic scenarios were
implemented at the HRU level and slope-wise for the
agricultural land use only. In ArcSWAT version 2012.10.2.18,
agroforestry was simulated as woodlots. Contour farming and
vegetative filter strips were selected to represent agronomic
vegetative measures. Contour farming is a form of agriculture
where farming activities are done across the slope rather than
up and down the slope (Liniger et al, 2002). The rows of
crops planted across the slope block water flow allowing it
more time to infiltrate which reduces surface run-off and
erosion. In order to represent contour farming, the CN2
value of all agricultural HRUs in the SWAT model were
reduced by three units according to Mwangi et al. (2015).
Furthermore, the Universal Soil Loss Equation (USLE_P)
parameter was adjusted according to Neitsch et al. (2011)
depending on the slope of the HRU. In order to represent
the vegetative filter strips such as Napier grass, the width
of edge-of-field filter strip parameter (FILTERW) was set at
5 m according to Mwangi (2011) who reported that the
combined use of contour farming and a 5 m vegetative
filter strip produced the largest reduction in sediment load
(~73%). Three different scenarios were represented by three
different model setups. These were the adoption of: (i)
agroforestry only - Scenario 1, (ii) agroforestry + contour
farming + vegetative filter strips (CA) — Scenario 2, and (iii) CA
only- Scenario 3.

Objective functions and constrained
multi-objective optimization algorithm

In this study, four different objective functions were
selected to be optimized with the genetic algorithm NSGA-
II. The functions describe catchment-scale environmental and
economic values that can be directly derived from SWAT model
outputs:

i) Minimize average sediment load (Sed_ld) in tons/year at
the gauging station (minimize- [ ).

ii) Maximize discharge under low flow conditions measured
using the mean annual minimum (MAM) stream low-flow
indicator in L/s (minimize- [ ,).

iii) Maximize catchment-wide total harvested maize yield
(Mai_yld) in kilotons/year (minimize- [ 3)-

iv) Maximize catchment-wide total harvested soybean yield

(Soy_yld) in kilotons/year (minimize- [ 2)-

Soil water assessment tool was coupled with NSGA-II
using COMOLA, a generic Python environment for Constrained
Multi-objective Optimization of Land use Allocation (Strauch
et al, 2019). This software is available at: https://github.com/
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michstrauch/CoMOLA. The tool has been applied for a wide
range of spatially explicit models in multiple case studies
(Verhagen et al., 2018; Bartkowski et al., 2020; Kaim et al., 2020;
Schwarz et al., 2020; Witing et al.,, 2022). CoOMOLA supports
user-defined models or objective functions and allows for basic
land use constraints, such as (i) transition rules defining which
type of land use can be converted into another and (ii) minimum
and maximum area proportions of each land use type within the
study area. In this study, land use was optimized for a set of 98
HRUs, which are currently used for conventional agriculture.
The HRUs could either remain as conventional agriculture,
change to forest (in scenario 1) or change to forest or CA (in
scenario 2) or change to CA (in scenario 3). By optimizing
agricultural HRUs only, all existing forests remained at the same
location.

Figure 2 displays a schematic view of the CoMOLA
workflow, which is inspired by biological evolution: The
group of 98 HRUs with its base scenario setup (conventional
agriculture) is defined as the starting individual. Based on
the starting individual and the pre-defined transition rules,
CoMOLA starts an evolutionary process by creating a set
of different HRU configurations. Each HRU configuration is
called an individual and is represented by a genome, ie.,
a string of integers (n = 98) encoding the land cover and
management of each HRU. All individuals of one generation
form a population which changes over generations due to
selection and variation (i.e., combination and mutation): Using
the objective functions described above, each individual is
assigned fitness values representing the achieved values for the
four objectives, which are derived from running SWAT. Based
on their fitness values, the algorithm applies a Pareto ranking
for all individuals. Best performing individuals are archived and
selected for mating to generate a new (offspring) population.
In mating, each offspring individual is generated by a random
combination (crossover) of two genomes. The likelihood of
mating increases for individuals with a higher Pareto rank.
Additional random mutations increase the diversity of genomes
to consider a wide range of different HRU configurations.
Mating and mutation can result in constraint-violating (so-
called “infeasible”) offspring individuals. Genomes of infeasible
individuals are modified using a repair operation described in
Strauch et al. (2019). The entire procedure, from fitness value
calculation to offspring generation and genome repairing, is
repeated for a pre-defined number of generations.

The genetic algorithm was run with a population size
(PS) of 100 for a total 500 generations (M_Gen). We chose a
crossover rate (CR) of 0.9 and a mutation rate (MR) of 0.01. The
recommended ranges for PS and CR are (40-100) and (0.80-
0.98), respectively. The MR should be set to 1/no. of genes
(i.e., HRUs) within the genome of an individual (Strauch et al.,
2019; Wang et al,, 2019). PS defines the number of individuals
(i.e., HRU configurations or SWAT model runs) per generation.
M_Gen determines the number of generations over which the
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NSGA-II will evolve. A larger number M_Gen ensures a better
convergence while a smaller number of PS may propagate
premature convergence. CR drives the optimization search
while the MR prevents the population from being confined in
the local optima.

Lastly, in order to compare the different scenarios, the mid-
range Pareto solution for each case was determined following
Strauch et al. (2019). This is the numerically “best” compromise
solution (i.e., the solution that is closest to the mean of each
objective).

Results and discussion

Optimization within Scenario 1 considered a change from
conventional agriculture to forest. The shape of the Pareto front
(Figure 3) depicted a clear trade-off between the objectives
crop yield and sediment load reduction. The higher the share
of forests, the higher was the reduction in sediment load, but
this came at the cost of less achievable crop yield. As it was
only possible to change cropland to forest and not vice versa,
all solutions had lower crop yields and a higher sediment load
reduction compared to the status quo, which is represented by
conventional agriculture in all cropland HRUs. With reference
to the status quo, and at the mid-range position, Sed_ld
decreased by 66%. This was accompanied by a decrease in the
MAM of 5.2%. Furthermore, Mai_yld and Soy_yld production
decreased by 12.8 and 11.4% respectively.

Likewise, Figure 4 illustrated a negative relationship
between crop yield and Sed_ld for Scenario 2. At the mid-
range position, Sed_ld decreased significantly by 78% while
the MAM increased by 14%. Mai_yld and Soy_yld production
decreased by 3.8 and 3.4%, respectively. Scenario 3 (Figure 5)
showed a comparable loss in crop production. This also
resulted in a significantly lower reduction in sediment yield
reduction (—41%) and a smaller increase in the MAM (+5%).
A similar trend was observed by Kennedy et al. (2016) for
a catchment in Brazil. They reported a trade-off between
agricultural productivity and both water quality and biodiversity
using a greedy heuristic algorithm, which - unlike the genetic
algorithm - progressively builds toward a global optimum
solution by focusing on local optimum solutions at each
stage. Similarly, Femeena et al. (2018) reported a trade-off
between food and biofuel production and nutrient pollution
(represented as Nitrate and Total Phosphorous). Lee and
Lautenbach (2016) assessed the relationships existing among the
different ecosystem services and concluded that the relationship
between regulating (e.g., sediment load) and most provisioning
ecosystem (maize and soybean yield) services is dominated by
trade-offs, where the increase of one service happens at the
expense of the other.

Forests (as in Scenario 1) had a high impact in reducing
sediment loads but also resulted in decreased MAM, Mai_yld
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FIGURE 2
Flow chart of the COMOLA optimization process for SWAT applications.

and Soy_yld (see Table 1). The combined use of trees and CA
(Scenario 2), in contrast, not only reduced the sediment load,
but also increased the MAM for a large number of solutions
(all yellowish dots in Figure 4). Additionally, it led to a lower
reduction in crop yield as compared to implementing each
conservation measure individually, making it the most superior
Scenario. In principle, forests are characterized by three primary
elements that account for the distinctive movement and action
of water. First, the foliage above ground forms a number of
layers that compose the total thickness of the canopy. Second,
the accumulation of dead and decaying plant remains on the
ground surface constitute the forest floors (Reynolds et al,
1988). Both the canopy and litter intercept precipitation and
modify the raindrop size and velocity. This reduces the impact of
rain drop on soil surface resulting in reduced soil erosion. Last,
the extensive and deeper root networks permeate the soil and are
able to extract water from the soils and groundwater storages.
During the dry season, the tree roots extend deeper than those
of most vegetation and extract water from the groundwater
storages, making it unavailable in the streams (Reynolds et al,,
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Termination
criteria
reached?

1988; Mwangi et al, 2016b). Nevertheless, the benefits of
forests far outweigh the negative consequences. Mango et al.
(2011) modeled the impact of a complete deforestation of
the Nyangores catchment and conversion to agriculture. This
resulted in a 31% increase in overland flow, 2% increase in
evapotranspiration, >9% decrease in groundwater discharge
and a 3% decrease in total water yield.

Contour farming (in Scenarios 2 and 3) halts surface runoft
and in that increases water infiltration into the soil layers. The
ridges and troughs created by contouring act as barriers to
water flow, allowing it more time to infiltrate into the shallow
aquifers. An increment of water in the shallow aquifer implies
that this water can gradually be released during the dry season
(Gathagu et al., 2018). Vegetative filter strips may allow some
of the surface runoff with sediments to pass. The width of the
filter strip determines the trapping efficiency. Generally, the
wider the grass strip, the higher the trapping efficiency. Studies
such as Gathagu et al. (2018) concluded that increasing the
vegetative grass filter strip beyond 30 m increased the amount of
sediment trapped by insignificant percentages while others such
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FIGURE 3

Performance of the pareto solutions of scenario 1 for MAM, sediment load and crop yield objective functions.

as Mwangi et al. (2015) recorded the highest sediment reduction
within the first 3 m of filter strip width. Accordingly, the most
optimum filter strip should be one that ensures the highest
sediment reduction at the smallest width. The implementation
of both contour farming and a 3-m filter strip had the highest
impact on increasing the MAM stream low flow indicator.
Unlike trees, these measures do not possess extensive roots
systems which can tap into these aquifers during extended
dry periods. This ensures that the water is released to the
streams as base flow. In the Nyangores catchment, the small-
scale farmers (who are the majority) practice hand-hoeing.
Important parameters of soil loss such as the surface roughness
obtained from the tillage depth are lower with hand-hoeing
method as compared to mechanized tillage. Therefore, the actual
soil loss in the catchment may be lower than that simulated
in the study. Regardless, some studies have reported similar
magnitudes using the SWAT model. For instance, Gathagu et al.
(2018) concluded that the implementation of contour farming
and filter strips reduced sediments by 63% in the Thika-Chania
catchment in Kenya. Mwangi (2011) reported a 73% sediment
load reduction for combining contour farming with a 5 m grass
strip.
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Most of the small-scale farming in Nyangores catchment is
rain-fed and its potential remains extremely low as a result of
the unsustainable farming practices and the effects of climate
change (see section “Soil water assessment tool base scenario
set-up”). The reduction in yield in all scenarios is a consequence
of the reduction in cultivated land taken up by implementing
the CMSs. But, it is expected that over time the positive effects
of implementing the CMSs will result in increased crop yield.
A review of the impacts of well-maintained soil and water
conservation practices on crop yield by Adimassu et al. (2017)
concluded that there exists a positive relationship between the
age of CMSs and crop yield (although not linear). Meaning that
under these conditions, the longer the time a CMS has been
established, the higher the crop yield. Jat et al. (2014) reported a
prominent improvement in yield after 2-3 years in a CA system
when compared to a conventional tillage (CT) system of a 7 year
rice-wheat system. Tanto and Lackemariam (2019) reported that
adopting terracing and grass bunds CMS for 5 years increased
wheat yield by 72.8% for a catchment in Southern Ethiopia.
This is because, most of the CMS such as those implemented
in the study are effective in: (i) reducing soil loss/increasing
soil depth, (ii) reducing nutrient loss (iii), increasing moisture
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FIGURE 4

Performance of the pareto solutions of scenario 2 for MAM, sediment load and crop yield objective functions.

retention, and (iv) increasing baseflow. In view of this, the trade-
off between sediment load, baseflow and crop yield need not be a
major deterrent for the adoption of Scenario 2; which is the most
feasible option for solving the major water quantity and quality
problems while ensuring agricultural sustainability.

The mid-range output for Scenarios 1 and 2 clearly exhibits
CoMOLAs tendency to allocate the different Land Use/Land
Cover (LULC) in the headwater of the catchment. For Scenario 1
mid-range solution, all the HRUs that changed to forests (+8%)
were located in the upper part of the catchment (see Figure 6).
The upper part of the catchment has the highest elevation but
not necessarily the highest slopes. Konrad (1996) reported a
strong positive relationship between precipitation and elevation
in mountainous regions. With orographic features enhancing
precipitation, higher erosion rates are expected in the upper
part of the catchment. Although Andosols (the dominant soils)
are considered well aggregated, their resistance to water erosion
decreases significantly when high rainfall intensities are exposed
on bare/poorly maintained agricultural land. Khamsoulk et al.
(2002) concluded that Andosols have a high susceptibility to
compaction which occurs when put under agriculture. High
rainfall intensities are able to take off chunks of aggregated
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topsoil as a whole leading to high erosion rates. This can be
confirmed by the map of sediment load (Supplementary Figure
1) which presented these areas as having the highest sediment
load in the base Scenario.

Within Scenario 2, the change to CA (~35%) dominated
over that of forests (3.6%). This can be attributed to its effect on
improving MAM while not greatly reducing the yields of maize
and soybean, all of which carry equal weight in the optimization
process due to Pareto ranking. With most of the upper part of the
catchment already allocated to forests, the mid-range solution
also displayed the tendency of COMOLA to locate CA on the
extreme ends of the mid-section of the catchment bordering
the forests and in areas possessing high slopes. The latter trend
was also observed within Scenario 3 where the change to CA
was ~42%. Most of the areas having high slopes in the mid-
section are already under forests but there were a few still under
conventional agriculture that were selected in this mid-range
output. Most of the mid-section can be classified as having a
slope range of between 10 and 20%, thus experiencing mostly
sheet and rill erosion (Khamsouk et al., 2002). All cropland with
slopes <10% (majorly the lower part) was not considered during
the analysis.
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It should be noted that the complete set of Pareto-optimal
solutions yields a set of different land-use configurations and
it is up to the stakeholders to assess and select the solution
most preferred. The use of land-use optimization tools such as
CoMOLA allows for easy incorporation of stakeholders. This
can be done before or after the optimization process. When
done before, they are imperative not only in identifying the
main problems in the catchment (e.g., defining the multiple
objectives) but also in designing solutions that the communities
would be willing to adopt. However, including the stakeholders

TABLE1 Summary of performance of all the scenarios under the
various objectives.
Scenario 3 (%)

Objective Scenario 1 (%) Scenario 2 (%)

MAM —52 +14 +5
Sed_yld —66 —78 —41
Soy_yld —11.4 —34 -2.9
Mai_yld —12.8 —3.8 -3

A negative sign indicates a reduction/deterioration with reference to an objective while a
positive sign indicates an increase/improvement.
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before the optimization process may constrain the search space
for feasible solutions. This is solved by involving them in the
selection of the preferred solution once the Pareto optimal
solutions are reached (Lee and Lautenbach, 2016; Kaim et al.,
2020). The results indicate that the Nyangores catchment
represents an upstream-downstream kind of trade-off. Although
incentive based measures such as payment for ecosystem
services (PES) schemes remain administratively and logistically
challenging (Kindu et al,, 2022), they can offer a way to effect
the desired changes. Since upstream changes such as forest
establishment, management and adoption of CA are oriented
toward positive changes in the whole catchment, the upstream
land-owners can be paid by the downstream stakeholders for
forgoing their normal production.

Well-designed agroforestry and CMSs should meet both
ecosystems and livelihood needs (Muthee et al, 2022). For
example, for agroforestry systems, potential ecosystem benefits
such as; (i) water quality regulation, (ii) soil enrichment,
(iii) biodiversity conservation, and (iv) carbon sequestration
(Jose, 2009) must be simultaneously assessed against livelihood
securities. The methodology adopted can be used to present
the various ecosystem trade-offs and synergies in quantitative
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Scenario (A).

Spatial distribution of the different land-uses for the mid-range solution for Scenario 1 (B), Scenario 2 (C), and Scenario 3 (D), relative to the base

measures which stakeholders can use to identify solutions
according to their preferences and needs. With this scientific
foundation, different land-use policies can be developed and
contextualized for the sustainability of any catchment.

Conclusion

In this study, the SWAT model was coupled with CoMOLA
to select land-use combinations providing the smallest trade-
off amongst sediment load, MAM stream low flow indicator,
and the crop yield of maize and soybean. The SWAT model
was run for different HRU management and land cover
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configurations and the outputs were assessed. The obtained
results are influenced by the model parameterization which
heavily depends on the quality and availability of the required
data. This is often a major challenge in data-scarce areas,
such as the Nyangores catchment, which are mostly in need
of scientific backed research to inform decisions related to
catchment management. The major limitations faced in this
study were the lack of water quality data, more recent discharge
data and crop yield records. This was overcome by using older
data and values from literature as well as information derived
from interviewing selected farmers. The calibration outputs

obtained from the simulation were regarded as satisfactory. The
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introduced approach can be adopted for other catchments and
different multi-objective problems.

The mid-range solutions of both Scenarios 1 and 2 exhibited
land-use optimization preference for locating the trees in the
upper part of the catchment. Scenario 2 was superior with
regards to most of the ecosystem objectives as it resulted in the
smallest trade-off. The Pareto-optimal solutions identified under
this scenario provide different configuration options allowing
for stakeholders to assess and select their most preferred
solution which would achieve the highest sustainable output
with the least degree of environmental degradation. Kaim
et al. (2020) provided a promising example on how to involve
stakeholders to select their preferred solutions from the full set
of Pareto-optimal solutions. Although the reduction in crop
yield could raise concerns for the communities, it must be
viewed within the greater context of the nexus approach to
water resource management. Water, soils and food production
are interlinked and must be managed in an integrated manner.
Also, in the long run, these conservation practices could elicit
increased crop yield due to improved water and nutrient
retention (Pooniya et al,, 2021). With climate change inducing
more frequent floods and droughts in the Nyangores catchment,
protecting the remaining forests together with the adoption of
agroforestry and other soil and conservation practices is critical
not in just offsetting the excess water and sediments during
floods but also ensuring water availability through groundwater
recharge during the extended droughts.

Finally, this methodology can play an integral part in
ensuring the sustainability of multifunctional landscapes. It
provides a way to quantitatively assess multiple trade-offs of
ecosystem services when adopting CMSs. It also promotes the
inclusion of stakeholders which further increases the acceptance
of these strategies.
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Water erosion results in sedimentation, which reduces storage capacities in reservoirs and lowers their produc-
tive life. To effectively develop strategies for the mitigation of reservoir sedimentation, an assessment of the spa-
tial variation of erosion is necessary. In data-scarce areas, soil erosion proxies such as aggregate stability can be
used to map erosion hotspots. To assess the potential of using aggregate stability as a proxy for soil erosion, 90
sampling sites in the Ruiru catchment (Kenya) were selected using conditioned latin hypercube-based sampling.
Aggregate stabilities were determined based on mean weight diameter (MWD). Thereafter, digital soil mapping
(DSM) of MWD was applied to identify erosion-prone areas. Correlation analysis between MWD, soil properties
and covariates revealed that organic carbon had the highest influence (27.9%) on MWD. When comparing the
MWDs under different land-uses, areas under cropland and tea plantations had lower MWDs (2.54 +
0.39 mm and 2.83 + 0.36 mm, respectively) than forested areas (3.18 + 0.09 mm) and were more susceptible
to aggregate breakdown. A spatial map created using DSM revealed that earthen roadsides had the lowest
MWD of 2.07 + 0.27 mm,; thus, highlighting their potential role in contributing to erosion. From our findings,
the prediction of aggregate stability appears to be a valuable resource tool to identify erosion ‘hotspots’ and
might be used for the development of catchment management plans aiming at mitigation of soil degradation.

©2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Globally, water erosion is the primary cause of soil degradation and
is mainly induced by deforestation and unsustainable agricultural man-
agement (Wynants et al., 2019). East Africa has experienced drastic
land-use changes through the extension and intensification of agricul-
ture, at the expense of forests and other ecosystems (Dunne, 1979;
Ovuka, 2000a, 2000b), resulting in increased soil erosion and associated
land degradation (Borrelli et al, 2017; Pimentel et al, 1995;
Vanmaercke et al,, 2014). Water erosion has also led to increasing sedi-
ment loads in rivers (Dunne, 1979) as well as lakes and reservoirs
(Hunink et al,, 2013; Maloi et al., 2016; Stoof-Leichsenring et al., 2011;
Vanmaercke et al., 2014; Vogl et al., 2017; Wooldridge, 1984), which
has resulted in negative feedback on agricultural productivity in the
catchment, water supply and hydropower energy generation, as sedi-
mentation affects the trophic state of water bodies and reduces the stor-
age capacity of reservoirs (Hunink et al,, 2013). An example, therefore, is
the Ruiru reservoir in Central Kenya, East Africa. The Ruiru dam supplies
a third of the total water to the residents of Nairobi, a city with a

* Corresponding author.
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population of over 4,500,000 (Macrotrends, 2010). Since the establish-
ment of the dam in 1949, the land-use pattern has been changing dras-
tically. Based on a bathymetric survey, Maloi et al. (2016) concluded
that due to sediment deposition, the reservoir has lost about 11-14%
of its storage capacity over 65 years. An annual sediment yield of
38.4 t/ha places this study area among the regions with the highest sed-
iment yields worldwide (Maloi et al., 2016). Reduced storage capacity
has contributed to frequent water rationing in Nairobi and its surround-
ings (The Nature Conservancy, 2015).

To mitigate these negative effects, erosion hotspots need to be iden-
tified to effectively develop soil conservation measures. Such hotspots
can be identified through in-situ experiments, such as rainfall simula-
tions on runoff plots (Duiker et al., 2001; Iserloh et al., 2013; Vaezi
etal., 2016), with the spatial calculation of the Universal Soil Loss Equa-
tion (USLE) with the aid of Geo-Information-Systems (GIS) (Kouli et al.,
2009) or with process-based models such as WEPP or SWAT (Flanagan
et al,, 2007; Hunink et al,, 2013). However, in-situ runoff experiments
are expensive, time consuming and limited in spatial coverage. Models
are data driven and the amount, type and resolution of data required de-
pend on the specific model. For Ruiru reservoir catchment, as it is the
case with many watersheds in the world and particularly in Africa, the
data may not be available or sufficient to run the models. (Kwakye
and Bardossy, 2020; Naschen et al., 2018; Tegegne et al., 2017).

2352-0094/© 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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To overcome these challenges, easy-to-estimate indicators, such as
aggregate stability (Amézketa, 1999; Demenois et al., 2017), which are
strongly related to soil erosion (Le Bissonnais, 1996), have been devel-
oped. For example, soil aggregate stability has been suggested as a
proxy for erosion susceptibility (Le Bissonnais, 1996). It has an impact
on soil structure, soil organic carbon storage, infiltration rate, aeration,
water retention, soil compaction and hydraulic properties (Kalhoro
etal, 2017) and, consequently, on the intensity of soil erosion. Although
the breakdown of aggregates occurs naturally, through climatic factors
such as precipitation and freeze-and-thaw cycles, in general, it is more
often human-induced (Demenois et al., 2017). Factors such as tillage in-
tensity, timing, seedbed preparation, cropping, addition of organic mat-
ter and the use of heavy machinery may affect soil aggregate breakdown
(Kalhoro et al., 2017). Decreased soil disturbance, as in no-till or mini-
mum tillage systems, enhances the formation of aggregates (Kalhoro
etal,, 2017). Chaplot et al. (2019) recorded a 40% increase in Cog in a
no-till system (13.80 + 0.14 g kg™') that had been under direct sowing
for more than 23 years as compared to a till system (9.85 + 0.71 gkg ™)
that had been cultivated yearly using a mouldboard. Aggregate stability
can be expressed by different indices, which are categorised depending
on the amount of force required to break the aggregate, and the aggre-
gate amount remaining under the different fractions after a disruptive
force has been exerted. The most common index is the mean weight di-
ameter (MWD) (van Bavel, 1950), which indicates the soil's ability to
withstand physical forces associated with splashing, which contributes
to soil aggregate breakdown, dispersion and, subsequently, erosion.
Higher MWD levels represent stable aggregates, whereas low MWD
characterise weak aggregates that are susceptible to soil erosion.

Even for a single soil parameter/property and where the aim is to
have a good spatial coverage of the landscape, soil surveys are expensive
and time consuming. The scarcity of soil spatial data has therefore stim-
ulated the development of Digital Soil Mapping (DSM) (Lagacherie,
2008; McBratney et al., 2003). DSM is defined as the creation and pop-
ulation of spatial soil information systems by numerical models infer-
ring the spatial and temporal variations of soil types and properties
from observations and knowledge of related environmental variables
(Lagacherie, 2008). This approach has been applied to overcome the
limitations of traditional soil surveys which employ polygon data that
undergo considerable generalisation within spatial as well as parameter
domains due to scalability (Zhang et al., 2017). Additionally, DSM
methods have the advantages of: i.) providing quantitative predictions
(with uncertainty) of soil attributes, ii.) producing conventional soil
maps faster and more cost-efficiently iii.) easy automation and regular
updating and iv.) allowing for ranking of the most important factors af-
fecting the different soil properties (Arrouays et al., 2020). Using high-
resolution data representing soil-forming covariates, point data and a
suit of interpolation techniques, raster estimates of soil property maps
can be derived. Thus, DSM has been successfully applied in data-scarce
areas to yield satisfactory predictions of different soil properties. For ex-
ample, Prado et al. (2008 ) mapped available potassium contents at a re-
gional scale using limited soil profile data, considering different biomes
in Brazil. Similarly, Lemercier et al. (2008) illustrated the variability of
soil pH and its relationship to the evolution of soil phosphorus at a
spatio-temporal scale in France. Furthermore, Giasson et al. (2008)
used logistic regression to predict soil units based on several terrain pa-
rameters obtained from the Digital Elevation Model (DEM) in the south
of Brazil. The most popularly used DSM methods allow the flexible
modelling of non-linear and non-parametric data, making them more
suitable for real-world processes. These include the cubist method
(Quinlan, 1992) and random forest method (Breiman, 2001).

Numerous studies have shown the high correlation between aggre-
gate stability and susceptibility to erosion (Annabi et al., 2017,
Bieganowski et al., 2018; Demenois et al., 2017; Egashlra et al., 1983;
Mainuri and Owino, 2013; Six et al., 2000; Souza et al., 2009; Zhou
et al,, 2020), whereas fewer studies have mapped aggregate stability
as MWD using DSM. Annabi et al. (2017), for example, compared
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MWD predictions obtained using pedotransfer functions to regression
kriging, using only geological ancillary data (covariates) in an
800-km? agricultural area in Tunisia with samples collected randomly.
The two methods produced comparable results (R* = 0.61-0.74), but
regression kriging was preferred as it was less laborious and time-
consuming. Mainuri and Owino (2017) established that land-use and
landscape interactions influence the spatial variability of MWD, using
random sampling in predefined landscapes in the Njoro catchment,
Kenya, with the application of Empirical Bayesian kriging (RMSE =
0.9). Ye et al. (2018) then applied ordinary kriging using both spectral
and terrain ancillary data for a catchment under farmland, shrubland
and woodland on the Loess Plateau, China, using soil samples collected
via a random stratified approach. Although they obtained a lower MWD
(R? of 0.4) as compared to Annabi et al. (2017), they identified factors
influencing aggregate stability under various land-uses. Recently, Shi
et al. (2020) explored the possibility of using hyperspectral remote
sensing imaging to produce a 2 x 2-m high-resolution spatial MWD
consisting of more than 700 bare soil fields (R? of 0.50), using an exter-
nal validation dataset for a 230-km? mixed agriculture loam belt in
Belgium. The timelines in the above studies indicate a trend in the use
of DSM for aggregate stability prediction. First, there was a shift from
simple to complex landscapes. Second, the predictors (ancillary data)
describing complex landscapes increased, which resulted in more elab-
orate prediction models. Third, the sampling techniques shifted from
random to more purposeful. Finally, there has been a recent trend to
use machine-learning algorithms and higher-resolution satellite data
and a shift to validate models using an external independent dataset
for a completely unbiased assessment of model quality (Malone et al.,
2017; Zhang et al., 2017).

Using proxies such as aggregate stability (mapped as MWD) com-
bined with digital soil mapping is a potential method for easily and
quickly mapping soil erosion ‘hotspots’ particularly for areas with data
scarcity and where resources (time and money) are limiting.

Thus, the objective of this study was to assess the potential of Digital
Soil Mapping (DMS) of soil aggregate stability (mapped as MWD) as a
proxy for soil erosion mapping in data scarce tropical areas. We applied
this approach to the catchment of the Ruiru reservoir in Central Kenya,
East Africa under different land-covers/land-uses to investigate their in-
fluence aggregate stability. For our study, spatial interpolation was done
using a machine learning algorithm and kriging technique on samples
collected using conditioned latin hypercube procedure which has
hardly been tested for similar studies in the region.

2. Material and methods
2.1. Ruiru reservoir catchment

The Ruiru reservoir catchment is located in Kiambu County, Central
Kenya. It covers an area of 51 km?, extending from Uplands near the
Rift Valley escarpment to the Ruiru dam near Githunguri Town
(Fig. 1). The Ruiru reservoir catchment is a major tea-dairy farming
zone. Subsistence farming of crops such as maize, vegetable and fruits
- characterised by low-input low-output production - is also commonly
practiced (Jaetzold et al., 2006). The elevation ranges from 1940 to
2434 m asl (Fig. 2), with an average annual rainfall between 1300 and
1500 mm. Rainfall reliability during the first rainy season (March to
May) and the second rainy season (October to December) ranges be-
tween 700 and 850 mm and between 250 and 470 mm, respectively
(Jaetzold et al., 2006). Soil formation is affected by the underlying pyro-
clastic and intermediate igneous volcanic geology, formed from the
cooling of magma from the Rift Valley fault. The two major soil types
are Andosols and Nitisols (Fig. 1), which are deeply developed, well-
drained and highly fertile, contributing to a considerably high agricul-
tural productivity (Maloi et al., 2016).

The Ruiru reservoir catchment population translates to 1678 people
per km? (Macrotrends LLC, 2010). Population expansion in the
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Fig. 1. Ruiru reservoir catchment: location, geology and soils (source: Jaetzold et al., 2006 and Survey of Kenya).

catchment between 1990 and 2010 resulted in an increased demand for
land and water resources (Mwangi et al., 2017), which prompted an in-
crease in clear cutting of forests for agriculture as well as settlements
and an intensified cultivation on steep slopes and river banks (Maloi
et al, 2016). As a consequence, land degradation from intense
land-use increased soil erosion and related sedimentation in the Ruiru
reservoir. The establishment of state corporations, such as the Water Re-
source- Authority (WRA) under the Kenya Water Act, 2016, has
attempted to ensure sustainability in the management of water re-
sources through efforts such as protecting riparian areas and regulating
water abstraction. However, this has been inadequate for the Ruiru res-
ervoir catchment with a rapid population growth of 4.6% per year
(Macrotrends LLC, 2010).

2.2. Sample collection and analysis

2.2.1. Determination of sampling size and location

A 30-m Digital Elevation Model (DEM) and Landsat-8 Operational
Land Imager (OLI) were downloaded from the Earth Explorer hosted
by the United States Geological Survey (EarthExplorer - USGS, 2019).
A soil map (scale 1: 250000) was obtained from the Soil and Terrain
(SOTER) database of the International Soil Reference and Information
Centre (ISCRIC) (Batjes, 2008). A coarse geology map was obtained
from the Survey of Kenya (SOK). Using the System for Automated
Geoscientific Analyses-SAGA-GIS (Conrad et al., 2015), a sink-filled
DEM was used to calculate various DEM derivatives, including primary
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terrain attributes (slope, aspect, plan curvature, profile curvature, as-
pect, relief and elevation) and secondary terrain attributes (topographic
wetness index (TWI) and hillshading). The plan curvature was taken
into account as it illustrates the hydrological patterns and can display
the flow acceleration and deceleration areas (Webster, 2007). The TWI
was additionally selected as it provides information on flow patterns
and the likelihood of accumulation by displaying flow patterns. In addi-
tion to the soil, geology and land-use maps, these DEM derivatives were
stacked together and split into 30-m segments, using the fishnet tool in
ArcGIS (ArcMap version 10.2). Therefore, each pixel was represented by
a set of different covariates (Fig. 3).

Sampling distribution was determined using the conditioned Latin
Hypercube sampling (cLHS) algorithm (Minasny and McBratney,
2006) present in the clhs package (Roudier et al., 2012) in the statistical
software package R version 3.5.1. (R Core Team, 2019). The different
sample sizes (60, 90, 120 and 200 samples, respectively) were initially
selected as potential sampling sites. Thereafter, the sampling distribu-
tions of sample sizes were visually compared against each other using
density plots (Fig. 4) to determine which sample size closely approxi-
mated the values of the covariate. The cLHS sampling is based on the
concept of Latin hypercube sampling, where the sampling space is inde-
pendently stratified into equal continuous intervals according to the cu-
mulative density function (CDF). The samples are then randomly drawn
from each interval. In cLHS, the sample space is first divided into as
many dimensions as the number of covariates (strata) present, thus
forming a ‘hypercube’. Each dimension is further divided into as many
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Fig. 2. Ruiru reservoir catchment. a) Land-use/land-cover map (source: Landsat Classification) and b) slope (represented by colours) and elevation (represented by shading) map (source:

SAGA GIS version 2.3.2).

rows and columns (intervals) as the number of samples to be selected.
One sample is then selected from each row and column throughout
the whole hypercube of covariates. The cLHS adds the condition that
each point must exist on the actual landscape. The soil surveyor then se-
lects the most optimal distribution, which corresponds to a number of
samples to be collected.

The sample size of 90, whose spatial distribution is presented in
Fig. 5, was selected for further analysis as it closely represented the dis-
tribution for most of the covariates (Brungard and Boettinger, 2010).
Using already geo-referenced potential sampling locations, similarity
sites within a 500-m radius for each site were determined. These were
set as alternative sites in case of inaccessibility to the originally selected
sampling site, where, for example, there was no permission to access
private land or where it was impossible to access sites in the thick indig-
enous forest.

2.2.2. Fieldwork
The sampling sites were located in the field by GPS. It was ensured
that samples were collected from the exact coordinates obtained from
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the selection process (Section 2.2.1), which was imperative to capture
the influences of slope, geology, vegetation and soil type, which are het-
erogeneous in nature. At each site, undisturbed samples were taken
using metal core rings (100 cm®) for the determination of bulk density
(BD). To determine soil texture, organic carbon content (Cog) and ag-
gregate stability, another set of samples was obtained from the top
0-20 cm at the same sites. This depth was selected as the topsoil ac-
counts for most of the soil loss in the Ruiru catchment (Lewis, 1985).
The samples were transported in boxes to diminish aggregate break-
down during transportation.

2.2.3. Laboratory analysis

2.2.3.1. Determination of basic soil parameters. Soil moisture content re-
sults, assessed gravimetrically from the core rings, were used to calcu-
late BD. Soil texture was determined using a combined wet sieving
and sedimentation procedure. The sand fraction was obtained using
wet sieving, whereas the silt and clay fractions were quantified by
employing sedimentation analysis based on Stoke's equation in the
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Fig. 3. Splitting catchment based on coarse land-use, soil map and DEM derivatives (elevation, slope, aspect, profile curvature, topographic wetness index).
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Fig. 4. Density plots of a) topographic wetness index (TWI), b) profile curvature, and c) slope (%) covariates and 60, 90, 120, 200 samples and covariate (cov), respectively.
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Fig. 5. Google Earth image of the distribution of the selected sampling points in the Ruiru reservoir catchment (source: Google Earth, earth.google. com/web/).

Sedimat 4-12 equipment (Umwelt-Gerdte-Technik (UGT) GmbH,
Miincheberg, Germany). The levels of C, and total nitrogen were de-
termined by dry combustion using the Vario TOC Cube Elementar
equipment (Elementar Analysensysteme GmbH, Langenselbold,
Germany).

2.2.3.2. Soil aggregation and the aggregate stability test by fast wetting. The
fast wetting method following Le Bissonais (2016), which induces slak-
ing action typical of rapid rainfall events, was applied to determine ag-
gregate stability of the undisturbed soil samples. The soil fraction
between 2 and 4.6 mm was selected for testing aggregate stability as
this was the largest aggregate fraction and thus most prone to aggregate
breakdown under raindrop impact. Before performing the tests, the
samples were oven-dried at 40 °C for 24 h to ensure a constant matric
potential (Le Bissonnais, 1996). About 2 g of the sample was weighed
and placed in a 0.063-mm open sieve cup. The soil samples were then
quickly immersed in beakers with about 50 mL of deionized water for
10 min. Thereafter, the samples were transferred to a wet-sieving appa-
ratus (Eijkelkamp Soil & Water, Giesbeek, The Netherlands) containing
ethanol, which minimises the destruction of aggregates during sieving
and prevents them from bonding during drying (Rohoskova and Valla,
2011). After 3 min, the samples were transferred into glass dishes and
placed into the oven at 105 °C for about 24 h.

Finally, a set of five sieves between 0.063 and 2 mm was used to de-
termine the aggregate size distribution after the disruptive forces. The
lowest possible amplitude (0.5 mm) and the shortest time (1 min)
were set on the sieving machine AS 200 control “g” (Retsch, Haan,
Germany) to minimise aggregate breakdown. The mass of the different
fractions 2-4 mm, 1-2 mm, 1-0.63 mm, 0.25-0.63 mm, 0.063-0.25 mm
and < 0.063 mm was determined using a precision scale. The MWD was
then calculated for each mass fraction by Eq.1
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MWD = ¥ (m; x d;) x 0.01 1)
with m; as weighted percentages of the aggregates in the fraction i
and d; as mean diameter of the size fraction.

2.3. Data analysis

2.3.1. Datasets and software

Exploratory analysis was undertaken using the R statistical software
version 3.5.1. (R Core Team, 2019). Geostatistical analyses and mapping
were performed using the packages sp. (Pebesma and Bivand, 2005),
raster (Hijmans et al., 2020), rgdal (Bivand et al., 2019), GSIF (Hengl
etal,, 2019), aqp (Beaudette et al., 2020), Cubist (Quinlan, 1992) and
gstat (Pebesma and Wesseling, 1998), loaded in the R statistical soft-
ware. To extract terrain attributes from the DEM, SAGA GIS version
2.3.2 (Conrad et al., 2015) was used. In addition to the terrain attributes
obtained during the selection of the sampling points, Landsat-8 Opera-
tional Land Imager (OLI) images for both dry (February) and wet (Octo-
ber) months were obtained from the United States Geological Survey
Earth Resources Observation and Science (USGS EROS) Centre archive
(Landsat-8 image courtesy of the U.S. Geological Survey) to increase
the robustness of the predictions. Based on the Landsat images parame-
ters like the Normalized Difference Vegetation Index for the dry season
(NDVID), the Normalized Difference Vegetation Index for the wet sea-
son (NDVIW) and the Green Vegetation Index (GVI) were calculated
with the Raster calculator tool in QGIS (Version 3.8.3-Zanzibar).

2.3.2. Land-use/land-cover classification

The land-use/land-cover (LULC) classification presented in Table 1
was based on the major LULC in the catchment. This included indige-
nous forests (FORI), planted forests (FORP), grasslands/shrubland (GR/
SH), Napier grass (NAP), roadsides (RD), riparian vegetation (RIP),
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cropland (AG) and tea plantations (TEA). All these LULCs were under
different management strategies.

2.3.3. Exploratory analysis

In this step, a suite of covariates representing ‘scorpan’ factors
(which is a mnemonic for soil (s), climate (c), organisms (o), relief (r),
parent material (p), age (a), spatial position (n) and e represents the
spatial dependent residuals- Eq. 2) was selected to represent the sec-
ondary data (McBratney et al., 2003).

S:/(s,c,o.r,p,a.n)+€ 2)

This secondary data included remote sensing images, DEM and their
derivatives. A large number of potential covariates are available, and the
selection of the covariates is based on expert judgement (Lagacherie,
2008). In this study, the selection of the covariates was based on previ-
ously published articles (Malone et al., 2017; Mora-Vallejo et al., 2008;
Taghizadeh-Mehrjardi et al., 2019) and the availability of covariates.
For the DSM exercise, a final dataset of 15 covariates, with similar grid
size and geo-reference, was compiled (Table 2).

Subsequently, the relaimpo package in R was applied to determine
the relative importance of the soil properties and covariates in
predicting the aggregate stability distribution. This was done by
weighing the proportionate contribution of a covariate in the prediction
of a criterion to that when combined with all other covariates in the re-
gression equation (Groemping, 2006). For statistical analysis, the differ-
ent distributions were represented graphically using violin plots.

2.3.4. Assessing performance of model predictions

For assessing the performance of the predictions, R?, RMSE and BIAS
were selected; R? is referred to as coefficient of determination and is de-
fined as the ratio between the observed MWD and their corresponding
predicted MWD. It measures the precision of the relationship between
observed and predicted values, using the following equation:

3 (obs,—obs) (pred; —pred
. : P> (o S;—O| s) (ir pre ) ’ 3)
\’/ > (obsifﬁ)z Y ; (pred,-fpfied)z

i=1

where obs is the observed MWD, pred is the predicted MWD, n is the
number of observations.

The RMSE measures how much the estimates deviate from the mea-
sured values on average. As this measure is sensitive to both random

Table 1
Land-use/land-cover description.
Land-use Description
Cropland (AG) Area predominantly composed of agricultural food crops

either used for commercial or subsistence purposes.

Area predominantly composed of trees that have not been

established by planting and/or deliberate seeding. This was

identified with the assistance of a Kenyan Forest Service

(KFS) officer.

Planted forest Area predominantly composed of trees that have been
(FORP) established by planting and/or deliberate seeding.

Grassland/shrubland ~ Area characterised by vegetation devoid of trees and

Indigenous forest
(FORI)

(GR/SH) dominated by shrubs, often including herbs and grasses.
Included both tall, low closed and open scrub.
Napier grass (NAP)  Area characterised by Napier grass forage crop serving as
fodder for dairy animals.
Roadside (RD) Area located between road and adjacent landscape.

Riparian vegetation  Interface between land and river system. This is ideally
(RIP) 0-30 m from the river system (Water Resource

Management Authority, WRMA 2002).

Area characterised by the evergreen tree shrub Camellia

sinensis at the different stages of growth.

Tea (TEA)
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Table 2
Description of covariates used in Digital Soil Mapping (DSM).

Covariate name

1. Band4d (red band for dry
season)

Description

Landsat 8 OLI Band4 red (R) date:
01-Feb-2019 (dry season) path: 168 row: 61
cloud cover: 4%. Discriminates vegetation
slopes
2. Band5d (near infrared band for Landsat 8 OLI Band4 red (R) date:

dry season) 01-Feb-2019 (dry season) path:168 row: 61
cloud cover: 4%. Emphasises biomass
content/ecology

3. Band4w (red band for wet Landsat 8 OLI Band4 red (R) date:
season) 29-Sept-2019 (wet season) path: 168 row:
61 cloud cover:4%. Discriminates vegetation
slopes
4. Band5w (near infrared band Landsat 8 OLI Band4 red (R) date:
for wet season) 29-Sept-2019 (wet season) path: 168 row:
61 cloud cover:4%. Emphasises biomass
content
5. NDVID (normalized difference  (Band5d-Band4d)/(Band5d + Band4d)

vegetation index-dry season)  Range — 1to 1 (Least vegetated to most
vegetated). Represents the photoactivity of
vegetation and is used to monitor growth
(Band5w-Band4w)/(Band5w + Band4w)
Range — 1to 1 (Least vegetated to most
vegetated). Represents the photoactivity of
vegetation and is used to monitor growth
0.2941*Band2-0.243"Band3 0.5424"Band4

6. NDVIW (normalized
diffference vegetation index-wet
season)

7. GVI (degree of green vegeta-

tion index) + 0.7276*Band5
+ 0.0713"Band6-0.1608*Band7.
Ignores the interaction and effects of
atmosphere, soil and vegetation and
determines the correlation between
vegetation covers (Xue and Su, 2017)
8. Aspect Compass direction of steepest downhill slope
and describes solar irradiance (Travis et al,,
1975)
9. Elevation Primary terrain attribute
10. Hill-shading (analytical Determines the angle at which light from its
hill-shading) source would strike the surface
11. Longitudinal_c (longitudinal ~ Local morphometric terrain attribute
curvature) describing the curvature in the down/slope

direction

Local morphometric terrain attribute
describing the rate of change of aspect and
describes the converging and diverging flows
and soil water properties

Local morphometric terrain attribute
describing the rate of change of slope as
concave, convex or horizontal and describes
erosion and depositional zones

Local morphometric terrain attribute that
assesses the topographic erosion potential
(Travis et al., 1975)

In (a/tanB), where a is the local upslope area
draining through a certain point per unit
contour length and tanp is the local slope.
Indicates the potential runoff generation

12. Plan_c (plan curvature)

13. Profile_c (profile curvature)

14. Slope

15. TWI (Topographic wetness
index)

and systematic errors, it is ideal for determining the accuracy of predic-
tions on a validation dataset. The equation is as follows:

Bias is defined as

Bias = E(H)—o, (5)

where H is the estimator and 6 is the predictor.

Bias is an error index that measures the average tendency of the sim-
ulated constituent values to be larger or smaller than the
measured data.
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2.3.5. Continuous spatial mapping

The Cubist model with regression kriging is based on the “scorpan”
approach (McBratney et al.,, 2003) introduced in section 2.3.3. The cubist
model was applied as the deterministic component of the predictions. This
is arule-based model that hierarchically partitions the data into different
partitions/subsets/clusters, which are similar with respect to environment
variables (Malone et al., 2017). This means that each data point belongs
to a specific subset and cannot be included in another subset. Each
subset is defined by a rule represented using a conditional statement
which may include one or more covariates. Consequently, each of the
formed subset is then regressed according to the rule defining it, which
results in the prediction of the soil property of interest. This indicates that
the regression equations are local to the data partitions and hence have
smaller errors in magnitude (Malone et al., 2017). Moreover, the cubist
algorithm requires the establishment of three parameters: rules,
committees and extrapolations. Data partitioning is based on the rules,
and the extrapolations constrain the model. Committees define the
number of boosting iterations. Since soils properties vary locally and their
spatial pattern can be discerned (Goovaerts, 1998; Keskin and
Grunwald, 2018), kriging interpolation was used to define the residual/
stochastic part of the equation (Eq. 2) and to estimate the spatially
dependent residuals (Keskin and Grunwald, 2018; Malone et al., 2017).
Regression kriging is a spatial interpolation technique that combines the
output of a regression model, such as the Cubist model, with interpolated
regression residuals (difference between the predicted and observed
values) (Ma et al.,2017). Therefore, a semivariogram quantifying the
spatial structure of the residuals is developed and fitted into the model.
Based on this structure, the prediction residuals are kriged and
combined with the regression from a deterministic model, such as the
cubist method.

Following Malone et al. (2017), the cubist method with regression kriging
was executed as shown below:

i.)All covariates (Table 2) were transformed into 30 x 30-m grids, based on
the resolution of the raster dataset, and were set to the same geographic
co-ordinate system.

ii.) The covariates were overlaid with each other to form a raster stack.
Using the georeferenced 90-point MWD values, the covariate values
associated with each sample point were extracted. The resulting dataset
was split into two segments representing the training and testing data (~80
and ~20%).

iii.) The cubist model was applied to the training data. In this study, the
rules and extrapolations were both set to 5, and the committee parameter
was set to 1.

iv.) The predictions within each subset were evaluated using leave- one-out
cross validation (LOOCV) to overcome the bias estimates of the quantiles
of the residual/model error (Solomatine and Shrestha, 2009).

v.) Once the model was trained, it was employed to determine the quantile
distribution of the model error for the test set. Given the small test dataset
(20% of data), a 10-fold jack-knifing technique was used to resample the
data (Hengl and MacMillan, 2019).

vi.) Regression kriging, exemplifying the stochastic component, was then
undertaken.

vii.) The uncertainty of the model was estimated using the prediction interval
(PI) (Solomatine and Shrestha, 2009). This involved obtaining the 5th
and 95th quantile percentiles of the residual distribution for each data
partition, summing them up and ultimately adding this to the final prediction
obtained from the cubist method with regression kriging. This step
was used to determine the upper and lower prediction limits, using
the model errors/residuals (Malone et al., 2017).

viii.)At the end, a spatial map was created from the augmentation of the
cubist method and regression kriging.
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3. Results and discussion
3.1. Soil parameter exploratory analysis

The soil texture triangle illustrates that the soils in the Ruiru reser-
voir catchment were mainly classified as loam, clay-loam and clay
(Fig. 6). Nitisols, characterised by high clay contents (up to ~80%), pres-
ent the dominating soil types. Andosols, characterised by high silt con-
tents of up to ~70%, are located in the western part of the catchment.
As the Andosols have lower clay contents, they are well-drained and
easy to work with. However, these soils are mostly under FORI
and FORP.

Analysis using the relative importance regression equations demon-
strated that the soil properties had a higher influence on the MWD as
compared to the spectral, vegetation and terrain covariates (Table 3).
Specifically, Corg had the highest influence of 27.9% on aggregate stabil-
ity. This can be underpinned by the findings of Chenu et al. (2000), who
demonstrated that Cy,g was a good predictor (R* = 0.72) of aggregate
stability. Also, Mainuri and Owino (2013) reported a positive correla-
tion between Corg and MWD.

Aside from the soil properties (Table 3), spectral data (Bands 4 and
5) and vegetation indices (NDVI and GVI) generally acted as better pre-
dictors for MWD as compared to the terrain attributes. Jones et al.
(2020) reported that NDVI was one of the most important predictors
of aggregate stability, whereas attributes such as aspect and elevation
performed poorly. Vegetation indices act as surrogates for vegetation
cover and influence the landscape patterns. Spectral data provide infor-
mation on the physical properties of land surfaces relevant to soils, such
as soil texture, soil moisture and mineral composition (Browning and
Duniway, 2011). Of the terrain attributes, elevation had the highest rel-
ative importance of 9.1%, whereas slope contributed only 0.22% to
predicting the MWD. The Ruiru reservoir catchment is located in a
high-elevation area with steep slopes, where intensive agricultural ac-
tivities are performed. Jin et al. (2008) concluded that elevation is the
most important terrain factor affecting the spatial distribution of vege-
tation. In turn, vegetation serves as a source of SOM, which contributes
directly to the formation and stabilisation of aggregates (Celik, 2005). It
can thus be concluded that aggregate stability is highly dependent on
soil properties and vegetation. While soil properties cannot be adjusted
to reduce the risk of erosion, human intervention using vegetation can
be adopted.

The results of BD and Corg of the individual LULC are presented in
Fig. 7a, b as violin plots. In addition to representing the interquartile
ranges and the median, violin plots depict the entire distribution of
data. The Corg values decreased in the following order:

FOR1-8.97 + 1% > FORP-7.03 + 1.63% > TEA- 6.39 + 2.40% > RIP-
6.21 4+ 1.34% > GR/SH- 5.86 + 1.57% > NAP-5.81 + 1.57% > AG-

KEY

O Andosols

O Nitisols

T S
© ©o ©
[%] Sand 50-2000 um

Fig. 6. Texture classification of soils in the Ruiru reservoir catchment based on the USDA
soil texture triangle.
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Table 3
Relative importance values of soil properties and covariates.

Variable Rank % Relative
importance

Soil property: Corg, BD, K, clay, silt, sand, pH 1,2, 27.89,18.27,3.87,
79,10,12,14 2.42,2.92,1.81,0.97

Spectral data: Band4d, Band5w, Band5d, 3,6,11,13 11.30, 4.29, 2.06,

Band4w 153
Vegetation indices: NDVID, GVI, NDVIW 5,816 7.71,2.90,0.92
Terrain data: Elevation, Hillshading Aspect, 4, 15,17,18, 9.05, 0.94, 0.60, 0.30,

Longitudinal_c, Profile_c, Plan_c, slope,
TWI

19,20,21,22 0.27,0.25,0.22,0.14

5.80 + 1.97% > RD- 5.0 & 0.72%. The BD values followed a decreasing
order: AG-1.0 4 0.13 g/cm® > RD-0.72 + 0.16 g/cm® > TEA- 0.66 +
0.14 g/cm®> > GR/SH-0.67 + 0.17 g/cm® > NAP 0.67 + 0.08 g/cm*
> FORP-0.64 + 0.11 g/cm> > RIP-0.63 + 0.05 g/cm® > FORI-0.60 +
0.04 g/cm. Generally, BD showed a decreasing trend and C, showed
an increasing trend from AG to FORI. Similar differences between AG
and FORI have been reported by Amanuel et al. (2018) and Takele
et al. (2015), who attributed this to the low organic matter application
to cultivated soils, complete biomass (SOM) removal and mechanical
tilling, which stimulates decomposition by microorganisms. Six et al.
(2000) found that disturbances by ploughing under continuous tillage
accelerated the decomposition of SOM twice as fast as non-tillage sys-
tems. A depletion of SOM increases the mineral fraction, which is denser
than SOM, resulting in a higher BD. In forest systems (FORI and FORP),
aggregate breakdown is reduced due to the protection and stabilisation
of SOM within these aggregates, leading to the accumulation of carbon
in the top 0 to 10-cm layer, which has increased soil volume and less
weight (Six et al., 2000). Therefore, management activities such as
minimum-tillage, direct sowing or mulching could be alternative strat-
egies to preserve Corg and BD in the Ruiru reservoir catchment.

The higher values of BD and C,,, under TEA can be explained as fol-
lows: i) soil compaction from continuous trampling by tea workers dur-
ing the various management practices (Abrishamkesh et al., 2010) and
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ii) external SOM input by residue from pruning, which is distributed as
mulch. The BD observed under GR/SH was similar to that under NAP, al-
though GR/SH showed higher C,¢ values. The NAP LULC is mostly a cut-
and-carry system which leads to the removal of biomass. The low BD
under RIP values can be explained by their continued protection and
availability of water, which results in high SOM accumulation. It is also
worth noting that the violin plots of the BD exhibited a variable distribu-
tion as compared to that of Cog. Rithlmann and Kérschens (2009) re-
ported that in addition to Cor, there are several other factors
influencing the BD and causing soils with similar C,g values to exhibit
extremely different BDs. For example, the clay content directly influ-
ences the BD of a soil (Céspedes-Payret et al., 2017; Riihimann and
Korschens, 2009).

3.2. Aggregate stability and relationship with LULC

The highest MWD of 3.18 4+ 0.09 mm was found under FORI,
whereas that of 2.07 £ 0.27 mm under RD was the lowest (Fig. 8). All
roads leading to the smallholder farms and tea plantations within the
Ruiru reservoir catchment are earthen and formed from cut-and-fill em-
bankments, therefore lacking proper drainage and watercourse cross-
ings. Moreover, these roads are continuously used by heavy vehicles
that collect tea and milk from the small-scale farmers. The continuous
impact by heavy load vehicles compresses the road, forcing the edges
of the road to break away. Often overlooked in most parts of Africa in
areas with earthen roads is the erosion that occurs on the roadside
(Parsakhoo et al., 2014). This compares with the highest aggregate sta-
bilities under FORI, which can be attributed to higher root densities of
older trees and greater leaf biomass, which contribute to increased
soil organic matter levels (Gupta et al., 2009; lori et al., 2014) and
hence higher percentages of larger sized and more stable aggregates.
However, FORP showed higher MWD values of 2.87 4 0.39 mm com-
pared to GR/SH (2.80 + 0.37 mm). Most of the individual tree stands
are comprised of either native trees to restore forest ecosystems or
short-rotation plantations of fast-growing Eucalyptus species mostly
grown on previously over-cultivated soils or on degraded land. Various
studies observed that afforestation substantially increased Corg Stocks

a.) Bulk Density (BD)
1.0
7
£ 081
o
73’ B
2 06 é) %
AG FORI FORP  GRISH NAP RD RIP TEA
LULC
b.) Organic Carbon (Corg%)
12,5
10.04
9 L
5 754
o
2 5- T T T ) T T T T
AG FORI FORP  GRISH NAP RD RIP TEA
LULC

Fig. 7. a-b: Violin plots of a) BD, b) Co4 content of the LULC in the Ruiru reservoir catchment.

grassland/shrubland, NAP - Napier grass, RD - roadside, RIP - riparian area, TEA - tea.
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BD - bulk density, AG - cropland, FORI - indigenous forest, FORP - planted forest, GR/SH -
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Fig. 8. Violin plots of MWD under different LULC systems. MWD - mean weight diameter, LULC - land-use/land-cover, AG - cropland, FORI - indigenous forest, FORP - planted forest, GR/SH

- grassland/shrubland, NAP - Napier grass, RD - roadside, RIP - riparian area, TEA - tea.

when starting from crop or degraded land (Boulmane et al., 2017;
Nogueira et al.,, 2006), which might increase aggregate stability. The
NAP LULC also presented slightly higher MWD values of 2.68 +
0.40 mm against those of AG (2.54 4 0.39 mm). Mutegi et al. (2008) re-
ported that adoption of Napier grass as vegetative hedges has a poten-
tial for improving soil productivity on steep arable land, in addition to
serving as fodder for animals. When intercropped with leguminous
crops, Napier hedges are effective in significantly reducing soil erosion
and increasing soil organic matter. This means that this LULC could pro-
vide a solution to degraded croplands as it improves the soil MWD and
has an added economic benefit. Furthermore, high MWDs of 2.89 +
0.21 mm were observed under RIP, which indicates some gradual pro-
tection of these sensitive areas. The enactment of the Water Act 2016
acknowledged the importance of community participation in the man-
agement of water resources, resulting in the formation of Water Re-
source Users Associations (WRUAs). The WRUA-Ruiru has been
actively enforcing the directive by the government prohibiting cultiva-
tion on riparian land by ensuring those flouting this directive face
legal ramifications.

The large variation in MWDs (1.71-3.2 mm) exhibited under tea
(TEA) can be explained by the different ages of the tea trees and the dif-
ferent land management practices taken up by the various farmers.
Generally, higher MWDs were found in established tea plantations
and low MWDs in young tea plantations undergoing pruning and
other management practices. Tea is a major export cash crop for
Kenya and is grown by both smallholders and on large-scale estates
(Aragie, 2018). Most of the tea plantations in the Ruiru reservoir catch-
ment are located along steep slopes. In the early years of tea planting,
there is frequent pruning and deep weeding as the young tea plants
need to be protected from weed overgrowth. This results in continuous
soil disturbance, making the soil more vulnerable to erosion. As the for-
age is under-developed, rainfall will have more significant impact on
the detachment and further transport of the soil aggregates. After the
establishment of the tea plantations (2-3 years after planting), there
is occasional pruning of the crop before full canopy formation
(Allaway and Cox, 1989). Likewise, pruning in the tea estates is per-
formed at different times, and this could very well vary even within
one tea estate. During this time, soil loss may occur along footpaths
within the tea rows. On the contrary, established and well-managed
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tea plantations produce slightly more erosion than forests (Allaway
and Cox, 1989). The MWDs of FORI are comparable to those of
established tea plantations, as represented by the upper quartile of the
TEA violin plots in Fig. 8. At this stage, the thick forage offers protection
to the soil against heavy rainfall, and the roots mechanically reinforce
the soil aggregates (Kuriakose and van Beek, 2011).

3.3. Spatial mapping

Using 80% of the data for training and a raster stack of the covariates,
the cubist method split the data into two parts with 47 and 25 samples,
respectively. This partitioning relied heavily on the spectral data
(Band4w, Band4d, Band5w) and vegetation indices (NDVID, GVI) rather
than on terrain (hillshading and elevation) attributes. A similar trend
was observed during the independent determination of the relative im-
portance of the covariates to MWD, where, for example, these covari-
ates accounted for three of the top five predictors. Howell et al. (2008)
reported that predictive models tend to focus more on hyperspectral
satellite data in areas where large variations in vegetation and precipita-
tion occur. The reason is that spectral features related to characteristic
absorption bands of SOM and soil moisture can be mapped with more
detail and represent accurate predictors for the spatial and temporal
variation of vegetation and precipitation (Howell et al., 2008). Fig. 9 de-
picts the map obtained after overlaying and summing up the results of
the cubist method with regression kriging. The spatial map identified
areas around and adjacent to the forested area on the upper/western
part of the catchment as having lower MWDs as compared to that
under FORI. These were previously under forest cover but have been
converted into cropland (AG) and tea (TEA) production areas. More-
over, the Andosols in this part of the catchment have high silt contents
(up to 70%), making them vulnerable to potential soil erosion by water
and eventual deposition into the Ruiru reservoir. The lowest aggregate
stability of 1.56 was found for the south eastern part of the catchment
under RD. Most of the areas having low MWDs were under AG and
TEA. It is important to note that most of areas with low aggregate stabil-
ity were located close to the Ruiru reservoir, which is on the lowest/
eastern extreme end of the catchment.

The performance results presented on Table 4 indicates that the
model performed better during training (R> = 0.53) than testing.
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Fig. 9. Spatial distribution of aggregate stability represented as mean Weight Diameter- MWD (mm) derived from the cubist method with regression kriging.

Training validation involves the use of sets used when tuning
parameters while testing validation involves the use of a test set
that is not in any way used during the training of the model
(Malone et al., 2017). From the literature review, no
comprehensive model evaluation guideline was found and the
model output was compared with other published works. Annabi
et al. (2017) reported RMSE values from 0.37 to 0.55 when
mapping aggregate stability using the MWD in Tunisia. Ye et al.
(2018) reported a comparable R? value of 0.4 and a higher RMSE
of 0.53 for MWD of a small catchment on the Loess plateau in
China. Shi et al. (2020) reported an R? of 0.5 when mapping
aggregate stability using high resolution Airborne Prism
Experiment hyperspectral images in croplands. All authors
attributed the models' performances to the selection of covariates
that represented most (not all) of the spatial variation of
aggregate stability in the various areas. Noteworthy are the lower
RMSE values recorded in this study, which lead us to infer that
the model more accurately predicted the MWD, although not all
predictors could explain the variability in MWD.Fig. 10 illustrates
boxplots of the upper and lower prediction limits against the
observed MWD. The upper prediction range was 2.97-3.93 mm
and the lower prediction range 1.02-2.70 mm. The observed
range was 1.70-3.28 mm. Although all prediction values fell

Table 4
Coefficient of determination (R?), Mean Square Error (MSE), Root Mean Square Error
(RMSE) and Bias performance measures of the Cubist model for training and testing.

Model R? MSE

1. Cubist model - Training (80% data) ~ 0.53  0.07  0.26 3.362985e-07
2. Cubist model - Testing (20% data) 039 013 037 0.05

RMSE  Bias
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within the PIs, only 30% of the predicted data fell within the lower PI;
the remaining ones were within the upper PI. The width of the PI
obtained from the test set indicated a larger level of model
uncertainty when compared to the observed value range. This method
of error estimation takes into account all sources of errors without
attempting to disaggregate their contribution given their individual
sources, which might result in wider uncertainty ranges (Solomatine
and Shrestha, 2009). Some studies that reported lower levels of
uncertainty even when applying DSM for the prediction of
other soil properties accredited this to the inclusion of categorical
covariates, which better explained the heterogeneity of the target soil
property, or the use of higher-quality covariates, such hyperspectral
images, gamma radiometric data and higher-resolution satellite images
(Jones et al., 2020; Rivero et al., 2007; Zhang et al., 2012). Hence, it
would be necessary to test whether the MWD predictions can be
improved with the inclusion of similar data where accessible.
Nevertheless, the results suggest that the different LULCs in the
Ruiru reservoir catchment have the largest influence on aggregate
stability and thus on potential soil erosion. Therefore, improved
watershed management is essential for combating water-driven soil
erosion. The aggregate stability prediction map for the study area was
effective in identifying potentially degraded areas for which catchment-
based management plans should be developed. With this study, we
showed that
i) the existing forests should be protected and riparian protection efforts
should be maintained, i) roadsides should be stabilised, possibly by
using vegetation, iii) options that increase SOM, such as afforestation,
no-till systems, agroforestry and Napier grass as vegetation hedges,
should be carefully integrated, focusing first on the most critical areas
to ensure a maximum impact on the reduction of sedimentation - the
critical problem for the Ruiru reservoir.
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4. Conclusions

Using readily available data (DEM and derivatives from satellite im-
ages) as covariates and measured point data, a predictive spatial map
for the aggregate stability was developed. The results revealed that
the different LULCs had higher influences on aggregate stability as com-
pared to the terrain attributes. Furthermore, the prediction map devel-
oped from DSM was used as a tool to identify different LULCs with high
and low aggregate stability. Based on the aggregate stability maps, sus-
ceptibility to erosion by water exists under cropland, tea plantations
and roadsides, which are located in the eastern part of the catchment,
and deforested areas on the western side. Using this spatial variability
of erosion-prone areas, a specific watershed management plan
prioritising intervention in those areas could be established.
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Abstract

Functions and services provided by soils play an important role for numerous sustainable development goals involving mainly
food supply and environmental health. In many regions of the Earth, water erosion is a major threat to soil functions and is
mostly related to land-use change or poor agricultural management. Selecting proper soil management practices requires
site-specific indicators such as water erosion, which follow a spatio-temporal variation. The aim of this study was to develop
monthly soil erosion risk maps for the data-scarce catchment of Ruiru drinking water reservoir located in Kenya. Therefore,
the Revised Universal Soil Loss Equation complemented with the cubist-kriging interpolation method was applied. The
erodibility map created with digital soil mapping methods (R>=0.63) revealed that 46% of the soils in the catchment have
medium to high erodibility. The monthly erosion rates showed two distinct potential peaks of soil loss over the course of
the year, which are consistent with the bimodal rainy season experienced in central Kenya. A higher soil loss of 2.24 t/ha
was estimated for long rains (March-May) as compared to 1.68 t/ha for short rains (October—December). Bare land and
cropland are the major contributors to soil loss. Furthermore, spatial maps reveal that areas around the indigenous forest on
the western and southern parts of the catchment have the highest erosion risk. These detected erosion risks give the potential
to develop efficient and timely soil management strategies, thus allowing continued multi-functional use of land within the
soil-food—water nexus.

Keywords Erosion - Soil-water nexus - Digital soil mapping - Spatio-temporal dynamics - RUSLE - Erodibility

This article is part of a Topical Collection in Environmental Earth
Sciences on “The Soil-Water—Atmosphere Nexus”, guest edited by
Daniel Karthe, Lulu Zhang, Sabrina Kirschke, Nora Adam, Serena

Caucci, and Edeltraud Giinther. Soils form a critical component influencing the hydrologi-
cal cycle and are crucial in supporting and protecting food
and energy production. Several sustainable development
goals (SDGs) defined by the United Nations (Goals 1-3,
6-7, 11 and 13) are linked to soil health (United Nations
2015). Soil health must therefore be maintained as they
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water bodies and even induced flooding (Borrelli et al.
2017; Ozsoy et al. 2012). Borrelli et al. (2017) rated Afri-
can countries around the equator as erosion hotspots. Due
to high population growth compounded by an agriculture-
based economy, existing forests are subjected to increasing
pressure. This has resulted in deforestation to pave way for
other competing land uses such as settlement and agricul-
ture (Carr 2004; Mulinge et al. 2016). Deforestation coupled
with high rainfall and fragile terrains with exposed soils has
led to severe soil erosion. Maloi et al. (2016) showed that a
shift in land use, primarily from forests to cultivation, has
increased siltation in the Ruiru Reservoir (Kenya), thereby
decreasing its storage capacity by 11-14% in 65 years. There
is an urgent need to identify areas with high susceptibility to
erosion to implement strategies to mitigate erosion to main-
tain soil health and prevent impairment of water quality of
surface water bodies such as rivers, lakes, and reservoirs.
Patil (2018) suggested that the assessment of the soil ero-
sion risks can assist in watershed assessment in areas where
erosion is a major threat. Moreover, the processes involved
in soil loss by water underlie a high spatio-temporal variabil-
ity which should be taken into account in integrated water
resource management (IWRM). IWRM refers to “a process
which promotes the coordinated development and manage-
ment of water, land and land related resources, in order to
maximise the resultant economic and social welfare in an
equitable manner” (GWP 2000). This denotes that water and
land/soil are interrelated (Calder 2006). Problems concern-
ing water quality and quantity cannot be treated in isolation
and a “system thinking approach” between the water—soil
nexus needs to be adopted. Using average erosion soil rates
can camouflage erosion occurring at smaller scales (Hatfield
et al. 2017). Furthermore, extreme events in precipitation
as a result of climate change have increased the potential
for soil erosion in ways that are not well understood and
assessed. Hence, proper spatio-temporal analysis could pro-
vide a better understanding of the climate variability and
soil ecosystem services intersection. Based on such infor-
mation, decision-makers and land resource managers can
develop more timely and targeted cost-effective measures in
the frame of IWRM (Mwangi et al. 2016a, b).

Different studies have been undertaken to quantify soil
erosion. The most accurate and ideal methods involve con-
ducting field experiments using erosion plots. Here, ero-
sion measurements are carried out under natural conditions
(Ampofo et al. 2002; Boardman and Evans 2019). Alterna-
tively, the rain events can be simulated, where parameters
such as rainfall intensity, drop size and spatial variability
can be adjusted (Duiker et al. 2001; Stroosnijder 2005; Ries
et al. 2013; Iserloh et al. 2013). Other methods include the
use of radionuclide tracers (Maina et al. 2018). Nevertheless,
direct erosion measurements are expensive, unstandardised,
time-consuming and limited in terms of spatial and temporal

&9

variation (Lal 2001; Stroosnijder 2005; Ries et al. 2013). The
setbacks faced by direct measurements have resulted in the
use of models to predict soil erosion. These models are pri-
marily classified into three (physical, conceptual and empiri-
cal) depending on model input and the extent of the under-
lying theoretical principles (Igwe et al. 2017; Patil 2018).
Physical models take the individual components affecting
soil erosion into account, e.g., spatial and temporal variabil-
ity. Such models include the European Soil Erosion Model
(EUROSEM) (Morgan et al. 1998). Conceptual models like
the Soil and Water Integrated Model (SWIM) (Krysanova
et al. 1998) represent processes in terms of fluxes at different
spatial and temporal resolutions. Empirical models are the
least data intense and focus primarily on observed data and
their responses. These include the Universal Soil Loss Equa-
tion (USLE) (Wischmeier and Smith 1978) and its revised
version, the Revised Universal Soil Loss Equation (RUSLE)
(Renard et al. 2017), which are conventionally applied to
quantify long-term average soil loss (Alewell et al. 2019).
They are used to calculate the annual erosion rate using fac-
tors which include rainfall erosivity (R-factor), soil erodibil-
ity (K-factor), slope steepness and length (LS-factor), cover
management (C-factor) and support practices (P-factor). The
R-factor highly correlates with rainfall amount and intensity
(Schmidt et al. 2016). Hence, it is expected that there will be
an inter-annual and seasonal variation of this factor where-
from dynamic soil erosion risks can be identified. Recent
studies on the temporal variability of the R-factor revealed
a distinct seasonality influenced by intense rainfall events
in Switzerland (Schmidt et al. 2016). The K-factor, defined
as soil loss rate per erosion index, expresses the susceptibil-
ity of a soil to be detached and transported by rainfall and
runoff (Renard et al. 2017). Direct measurements of this
factor require long-term soil erosion studies or the use of
soil property data (Wischmeier and Smith 1958). Although
there exists a dataset on soil erodibility at higher resolution
(up to 500 m) for some developed regions such as Europe
(Panagos et al. 2014), only coarse estimates are available
for Africa (Borrelli et al. 2017). Since the K-factor is a sig-
nificant parameter in the soil erosion process, its spatial
variability across different landscapes should be considered
(Zhu et al. 2010). The spatial variability of the K-factor has
been mapped through interpolation methods (Addis and Klik
2015; Avalos et al. 2018) and machine learning algorithms
such as the cubist method (Panagos et al. 2014). The LS-
factor accounts for the effects of slope steepness and length
on erosion (Alexandridis et al. 2015). The C-factor repre-
sents the effect of plants as well as soil cover, biomass and
disturbing activities on erosion. Schmidt et al. (2018) identi-
fied crop cover as one of the main triggers of soil erosion as
itis highly dependent on their seasonal dynamics and growth
curve. The P-factor includes erosion control measures such
as contour cropping, terracing, grass strips and all other
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enhancements that reduce slope length, thereby reducing the
amount and rate at which the soil is lost (Renard et al. 2017).

The RUSLE has been reported to generate quantitative
estimates of soil loss in ungauged catchments that have
been applied in designing sound conservation measures
(Asis and Omasa 2007). Moreover, recent applications of
soil loss models such as RUSLE have been complemented
by the application of GIS and remote sensing technolo-
gies. Such technologies include the use of satellite images
and geospatial algorithms such as interpolation distance
weighing (IDW) (Angulo-Martinez et al. 2009; Gaubi
et al. 2017), kriging (Wang et al. 2002; Kouli et al. 2009),
regression equations (Panagos et al. 2014) and machine
learning available through digital soil mapping (DSM)
(Avalos et al. 2018; Taghizadeh-Mehrjardi et al. 2019).
Jenny (1941) established that soil physical and chemical
properties are influenced by five soil-forming factors,
namely, climate, organisms, topography, parent mate-
rial and time. This can be exploited with DSM which
assumes that a relationship exists between environmental
conditions and soil properties (McBratney et al. 2003).
By using prediction algorithms, a suite of environmental
covariates and measured soil properties, this relationship
can be obtained and extended to areas without observa-
tions. This means that soil properties such as soil erod-
ibility can be mapped at much lower costs and effort.
With access to both geospatial algorithms and higher
quality input data, models such as RUSLE can be applied
at higher temporal and spatial scales (Uddin et al. 2016;
Schmidt et al. 2019; Wang et al. 2019). Schmidt et al.
(2016) demonstrated that it is possible to predict soil loss
dynamics by modelling the intra-annual variability of the
R-factor and C-factor within the RUSLE. By applying the
RUSLE equation on Swiss grassland with a sub-annual
resolution at a national scale, the authors showed that
the mean monthly soil loss by water was 48 times higher
in summer as compared to winter. However, the effec-
tiveness of the application of RUSLE depends on the
availability of datasets. For developing countries, global
datasets are sometimes the only data available. Although
providing valuable data, this may still be considered too
coarse for effective application. But by undertaking pur-
posive soil sampling and applying digital soil mapping,
time and spatial variability of soil properties and vul-
nerabilities can effectively be determined in data-scarce
areas such as Africa (Kamamia et al. 2021). In the pre-
sented study, we applied a combination of DSM with the
RUSLE to estimate erosion loss on monthly time steps for
a data-scarce watershed in Kenya, East Africa. We addi-
tionally compared the predicted monthly soil loss with
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estimates from a global soil loss dataset for this region.
With the application of the temporally and spatially vari-
able RUSLE prediction, we wanted to address the follow-
ing questions. (1) What is the impact of rainy periods on
erosion and soil loss in the study area? (2) What is the
contribution of the different land-use classes (LULC) to
sediment yields in the catchment? (3) Can the assess-
ment of spatio-dynamic erosion inform the planning of
soil conservation measures to mitigate soil erosion?
This paper is organised into five sections. “Ruiru Reser-
voir catchment” (following the introduction) describes the
study area. “Methodology” summarises the site selection
procedure, data collection phase and laboratory analysis.
It further presents a step-by-step methodological approach
adopted including the plausibility check. “Results and dis-
cussion” discusses the spatio-temporal analysis and links
this to the major land uses. Final section concludes the
impact of the major findings on the soil-water nexus.

Ruiru Reservoir catchment

The Ruiru Reservoir catchment (Fig. 1a) is located in
Kiambu County, Kenya. The catchment covers 51 km? from
the uplands close to the Rift Valley escarpments to the Ruiru
Reservoir at the catchment’s outlet. A humid highland sub-
tropical climate with wet and dry seasons characterises the
local climate. An average annual rainfall of 1300-1500 mm
is received in the catchment. Long rains are experienced
between March and May, while short rains are experienced
between October and December. Daily temperatures range
between 13.0 and 24.9 °C. Temperatures are highest from
January to March and lowest in July—August (Nyakundi et al.
2017). Nitisols are the dominating soils in the catchment,
whereas a small portion of Andosols can be found in the
upper part of the catchment (Fig. 1a). These soils are influ-
enced by pyroclastic and igneous volcanic parent material.
The region belongs to the tea—dairy zone and subsistence
farming is characterised by low-input low-output production
(Kamamia et al. 2021). The Ruiru Reservoir in which the
Ruiru River drains, located in the lowest part of the catch-
ment, was designed to supply 23,000 m*/day of water to the
residents of Nairobi, the capital city of Kenya. Maloi et al.
(2016) reported that land-use change, majorly from forest to
agriculture, has increased sediments in runoff into the reser-
voir especially during the rainy seasons, thus increasing the
treatment costs. Hence, land-use management must address
the water insecurities in the catchment to ensure sustainable
supply of good quality water (Calder 2006).
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Fig. 1 The Ruiru Reservoir
catchment: a location, soils,
geology and location, b eleva-
tion, main rivers and location of
the Ruiru Reservoir
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collection and synthesis of raw data. In the second step,
the individual RUSLE factors were determined. These fac-

Figure 2 presents a flowchart of the approach followed in  tors were then integrated and compared to the Global Soil
the spatio-temporal analysis. The first step involved the ~ Erosion Model (GloSEM) in the third step.
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Fig.2 Flowchart of the applica- e S
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Step 1: creation of land-use land cover map, data
collection and synthesis

Supervised classification of the major land uses in the Ruiru
catchment

A Landsat 8 image Operational Land Imager (OLI) for
August was downloaded from the Earth explorer (EarthEx-
plorer, USGS 2019) and was used in combination with the
semi-automatic classification plugin in QGIS 3.4 (QGIS.org
2019). All the bands were then clipped to the study area size
and converted to reflectance (Young et al. 2017). A band set
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with Band5, Band4 and Band3 (Bands 5-4-3), which rep-
resents a temporary virtual raster that allows for the display
of composite colours, was created (NASA 2013). Next, the
training sites were defined by creating regions of interest
(ROJ). In addition to georeferenced points obtained during
the field campaign, Google Earth was used to increase the
number of ROIs. The main defined land-use classes were
water (WTR), bare land (BARE), cropland (AG), tea (TEA),
grassland and shrubland (GR/SH), built-up (BLD) and for-
ests (FOR). The classification was carried out by using the
maximum likelihood algorithm (MLA) (Benediktsson et al.
1990). The MLA is a rule-based algorithm that is based on
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Table 1 Landsat 8 band description and combination

Band number Description

Band 1 Coastal

Band 24 Visible blue, green, red

Band 5-7 Infrared (near, short-
wave (1.56-1.66 pm),
shortwave (2.10—
2.30 um)

Band 8 Panchromatic

Band 9 Cirrus

Band 10-11 Infrared (longwave

(10-11.3 um), long-
wave (11.5-12.5 um)

Source: https://landsat.gsfc.nasa.gov/landsat-8/landsat-8-bands/

the probability that a given pixel belongs to a particular
class. MLA was applied iteratively and with the Band 5-4-3
(see description in Table 1) band combination.

Each time the classification was done, the spectral signa-
tures (reflectance as a function of the shortwave and different
objects have unique signatures which can be used for clas-
sification) (NASA 1999) were assessed. However, during

classification similar spectral signatures may be recorded for
different materials which could lead to misclassification. To
overcome this, more training sites were delineated to allow
MLA to discriminate between the various vegetation cover
and between bare land and built-up areas. The post-process-
ing step included the removal of raster polygons smaller than
the minimum mapping unit (MMU), which was set at 25.
As the GR/SH vegetation was limited, a new class "Natural
Vegetation (NV)" was created by aggregating the grasslands,
shrublands and forests. A final land-use map with an accu-
racy of 71% obtained from the confusion matrix was created
(Fig. 3). The distribution of the main LULC for determining
soil loss was BARE (4.8%), AG (38.3%), TEA (34.8%), NV
(16.6%). The remaining distribution represented built-up
areas and the Ruiru Reservoir.

Selection of sampling sites

A 30 m sink-filled digital elevation model (DEM) (Earth
Explorer, USGS 2019) was used to extract derivatives
using the System for Automated Geoscientific Analyses
(SAGA-GIS) (Conrad et al. 2015). From the DEM, slope,
aspect, plan curvature, profile curvature, relief, elevation,

Kilometers

Legend

carthen_roads [ RR [ TEA BARE
| R\ AG [l BuiLr-up

Fig.3 Land-use land cover of Ruiru catchment obtained from supervised classification using Landsat 8 image Operational Land Imager (OLI)

downloaded from the Earth explorer (EarthExplorer—USGS 2019)
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Topographic Wetness Index (TWI) and hill shading deriva-
tives were extracted. Additional data acquired include a Soil
map at a scale 1:250,000 from the Soil and Terrain (SOTER)
database of the International Soil Reference and Information
Centre (ISCRIC) (Batjes 2008) and a geology map from the
Survey of Kenya (SOK).

All DEM derivatives and additional data were stacked
together and split into 30-m segments in ArcGIS (ArcMap
version 10.2). This means that each segment was represented
by a series of a different set of covariates which included
the DEM derivatives, geology, soil, and land-use values.
The sampling distribution was determined by using the
conditioned Latin hypercube sampling algorithm (cLHS)
(Minasny and McBratney 2006) included in the cLHS pack-
age (Roudier et al. 2012) of the R statistical software, ver-
sion 3.5.1 (R Core Team 2019). 90 soil sampling sites whose
distribution is presented in the supplementary information
(Online Resource 1) were selected for this study. Similarity
sites within a 500-m radius for each site were determined.
These were set as alternative sampling sites to the originally
selected sampling sites. For example, the sites would act as
substitute sites where permission to access private land was
not granted or where accessibility was constrained due to
geographical barriers or safety reasons.

Fieldwork and laboratory analysis

The soil sampling sites were located in the field with the aid
of a GPS. Caution was exercised to ensure that samples were
collected from the exact coordinates obtained from the selec-
tion process. At each site, undisturbed soil samples from
the top 0-30 cm were collected by using soil cores for the
determination of bulk density, texture and organic carbon
content (Kamamia et al. 2021).

For soil texture analysis, the combined wet sieving and
sedimentation method was applied. The sand fraction was
determined using wet sieving, while the silt and clay frac-
tions were analysed using sedimentation analysis using the
Sedimat 4-12 equipment (Umwelt-Geréte-Technik—UGT
GmbH, Miincheberg, Germany). The organic carbon content
(Cyrg) Was determined by dry combustion using the Vario
TOC Cube (Elementar Analysensysteme GmbH, Lan-
genselbold, Germany). A summary of this data is presented
as supplementary information (Online Resource 2).

STEP 2: calculating the individual RUSLE factors

Soil loss was calculated with RUSLE (Renard et al. 2017)
by multiplying all factors represented below:

A=R+K*L*xS*xCxP (1)
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where A is the annual soil loss in t ha™!yr™!
Ris the rainfall erosivity (MJ mmha™'h year)

K isthe soil erodibility factor (t ha™'R unit™! )

LS is the topographic factor (dimensionless)
Cis the cropping management factor (dimensionless)

Pis the practice support factor (dimensionless)

This equation was modified to calculate the monthly soil
loss based on Schmidt et al. (2019) (Eq. 1).

A =Ryonth * K # L * S% Cpopn * Py )

monthly

where A, ., is the monthly soil loss in t ha~'month™"

The data sources and derivation of the RUSLE factors
are given in Table 2.

R-factor

The required daily rainfall data for the determination of
R onin Tor the years between 2011 and 2017 was obtained
from the Kenya Forest Service (KFS) for the Upland Station
located in the western part of the Ruiru Reservoir catchment.
This is the only existing station in the catchment. These data
were complemented with gridded daily rainfall of the Cli-
mate Hazard Group Infrared Precipitation (CHIRPS) (Cli-
mate Hazards Center—UC Santa Barbara 2020) (Funk et al.
2015). This freely available high-resolution data combines
0.05° resolution satellite imagery with in situ station data
to create gridded time series data starting 1981 to near-pre-
sent. CHIRPS daily precipitation data for the period corre-
sponding to that of the observed daily rainfall was extracted
and used to fill any gaps present in the observed data. The
extracted Modified Fournier Index (MFI) (Arnoldus 1977)
and consequently the R, factor were determined using
Eq. 3 (Table 2). For each month, R, Was assumed to be
spatially static. It was deemed adequate, as the area of the
river catchment is 51 km? and does not experience a large
monthly rainfall variation.

K-factor

Soil texture, permeability and organic matter content of the
topsoil were used to determine the K-factor for the 90 sam-
pled points using the Schwertmann et al. (1987) approach
(Eq. 4). The cubist method (Quinlan 1992) combined with
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Table2 Overview of the individual risk factors, datasets and formulae used as input to RUSLE

Erosion factor Data source

Calculation

Rainfall erosivity (monthly), Rainfall station data

R onth factor

Soil erodibility, K-factor

ability

Cover and management (monthly), C factor

month

Slope length and slope steepness, LS-factor

Measured soil texture, soil
organic matter, soil perme-

Landsat 8 4 (monthly)

Digital elevation model

MFI =
-

R = 1.735 s 1001-5*LosMFI=08188) (Tywari et al. 2016), (3)
MEFI represents the Modified Fournier Index (Arnoldus 1977)
piis the monthly rainfall
P is the annual rainfall
K =277 107 M" « (12 - OM)
+0.043 % (A-2)+0.033 % (4 - D) (4)
with:
M = (%silt + %fine sand) * (%silt + %sand(fine sand excluded))
OM = %Organic matter
A = aggregate stability class
D = permeability class

_ NIR-IR
NDVI = NIR+IR ®
where NIR is the near infrared

IR is the reflection in the visible spectrum
_ —NDVI+1
c=01(22 ) 6)

LS = (szT) (0.0065 + 0.0455 + 0.006552) (7)

where X is slope length in meters
sisthe slope gradient%
nis the exponent according to the angle of slope

Table 3 Overview of the terrain and spectral covariate data used for
cubist-kriging DSM

Covariate type Description

Terrain data Slope, aspect, elevation, topographic wetness
index (TWI), profile curvature, plan curvature,
longitudinal curvature, hill shading, catchment
area, flow accumulation, multiresolution ridge
top flatness (MrRTF), multiresolution valley
bottom flatness (MrVBF), upslope length
factor,

Software: SAGA GIS (version 2.3.2) Requires:
Sink-filled DEM (https://earthexplorer.usgs.
gov/)

Spectral data Blue, green, red, near-infrared, Normalised Dif-
ference Vegetation Index (NDVI) wet (ndvid)
and dry season (ndviw), Green Vegetation
Index (GVI)

Software: ArcMap version 10.2

regression kriging (Malone et al. 2017) and selected covari-
ates (Table 3) was applied as DSM to create a continuous
map of soil erodibility.

The cubist model divides data into partitions based on
rules associated with covariates and fits a regression equa-
tion to each subset. Predictions are then determined based
on the relative importance of the covariates. Moreover, three
parameters must be established: rules—maximum number
of partitions allowed, committees—maximum number of
boosting iterations, and extrapolation—model constraints
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(Malone et al. 2017). On the other hand, regression kriging
is a spatial interpolation technique that uses a semi-vario-
gram to quantify the spatial structure of residuals (difference
between the predicted and observed values) (Ma et al. 2017).
In this study, soil erodibility data from the 90 sampling sites
were split into two segments representing the training and
testing data (~ 70% and ~ 30%, respectively). First, the Cub-
ist model was applied where the data was partitioned based
on the most relevant covariates present. This represented
the deterministic component of the predictions. Regres-
sion kriging, representing the stochastic component, was
then undertaken. Finally, these two components were added
together to arrive at the final prediction. A leave-one-out
cross-validation scheme was applied to assess the accuracy
of the predictions, which were represented using the coef-
ficient of determination R%. A detailed description can be
found in Malone et al. (2017).

C-factor

The monthly C-factors were adjusted based on the normal-
ised difference vegetation index (NDVI) (Jong 1994), which
was calculated from Landsat 8 images for the year 2017. The
NDVI values range between —1, for almost bare surfaces
and water bodies, to 1 for densely vegetated surfaces. The
values for NDVIs were afterward converted to the C-factor
using Eq. 6 (Almagro et al. 2019), by applying the Raster
Calculator tool in ArcGIS (ArcMap version 10.2).
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In the months where cloud cover was > 10% (April, May,
November), the C-factor values were obtained from spline
interpolation. The spline interpolation method is a mini-
mum curvature function that passes through the data with
the accuracy of their mean errors. In this method, all the
data points influence the value of the interpolated point, with
those closest to the main station having the greatest impact
on the value of the interpolated point (Niedzielski 2015).
Using the polynomials, the first and second derivatives can
easily be derived, making them applicable in biological
modelling such as developing plant growth curves (Quero
et al. 2015).

LS-factor and P-factor

Using the DEM as an input, the LS-factor was determined
by using Eq. 7 in Table 2 in ArcGIS (ArcMap version
10.2). Only sporadic conservation practices were observed
in the Ruiru Reservoir catchment. This included 'fanya
juu' terraces (Mati 2005) on steep agricultural lands and
grass strips along the riparian region. To account for this
traditional land management practice, a threshold of 25%
slope was set for agricultural lands. This means that this
conservation measure would be implemented in areas with
a slope above 25%. As not all farmers have adopted this

Fig.4 Map of soil erodibility of
the Ruiru Reservoir catchment
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conservation measure, 10% of all the possible pixels were
randomly selected. Using the dply package in R statisti-
cal software version 3.5.1 (R core Team 2019), all pixels
were loaded and the first filter according to the slope was
implemented. The 10% of remaining pixels were selected
using random sampling and a value of 0.7 was assigned
according to Angima et al. (2003). Furthermore, the P-fac-
tor value for all pixels within 30 m of the Ruiru River was
adjusted to 0.9 following Mwangi et al. (2015) to account
for grass strips. These have been developed along the
Ruiru River as part of an integrated water resource protec-
tion initiative by Water Rural User Association (WRUA)
(Kamamia et al. 2021). For all other LULC, the P-Factor
was set to 1.

STEP 3: plausibility check with GIoSEM data

As a plausibility check, the monthly soil loss values
(REG_SL) were compared with annual soil loss estimates
from GIoSEM (Borrelli et al. 2017). As presented in the
flowchart (Fig. 2), the individual RUSLE factors were
overlaid and multiplied with each other using the Raster
Calculator tool in ArcGIS (ArcMap version 10.2). The
K-factor, LS-factor and P-factors remained static, while
the R-factor and C-factor were substituted for each month.

Kilometers
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Monthly soil loss was then compared for the different
LULC by using the land-use map created from Landsat
8 +data.

Results and discussion
Map of soil erodibility

A spatial soil erodibility map with an R? of 0.63 for the
validation dataset was obtained from the DSM analysis
(Fig. 4). The most important predictors were slope, ele-
vation, MrRTF, Band5d, ndvid and GVI. Given that no
comprehensive model evaluation guideline was found on
the model output, these results were compared with other
published works. Avalos et al. (2018) reported R” values of
0.31 for DSM by using only terrain attributes and obtained
a significant linear relationship between slope and erod-
ibility. Taghizadeh-Mehrjardi et al. (2019) reported R? val-
ues of 0.71. Panagos et al. (2014) reported an R? of 0.74
on cross-validation when applying the cubist method with
the multi-level B splines interpolation technique with both
spectral and terrain attributes. Although the combined use
of these covariates improved the predictions, latitude and
elevation covariates were ranked as the most important
predictors.

The importance of terrain factors may be attributed
to the information they contain on landscape position-
ing. These covariates can discriminate between hillslopes
which are dominated by erosion and transport processes
and consequently high erodibility (Gallant and Dowling
2003; Jones et al. 2020). Noteworthy is the preference for
MrRTF over MrVTF as a predictor. In general, the RUSLE
equation does not account for depositional areas such as
valley bottoms represented using the MrVFT (Alewell

Fig.5 K-factor for the different
land-use and land cover classes

et al. 2019). The importance of spectral data may be attrib-
uted to the information they contain on vegetation devel-
opment, which is an input source of soil organic matter.
Taghizadeh-Mehrjardi et al. (2019) found a strong nega-
tive correlation between the K-factor and soil organic mat-
ter. Zhao et al. (2018) and Addis and Klik (2015) reported
that soil erodibility has an indirect relationship with veg-
etation type, which influences the soil organic matter and
soil particle distribution. This means that soil erodibility
is a dynamic property that can be highly influenced by
anthropogenic activities such as changes in land-use or
land management (Lal 2001).

According to Schwertmann et al. (1987), erod-
ibility can be classified as follows: K< 0.1—‘very
low’, 0.1 <K<0.2—‘low’, 0.2 <K <0.3—‘medium’,
0.3 <K< 0.5—‘high’ and K> 0.5— very high’. Hence,
46% of the catchment can be ranked as either having
medium or high erodibility (Fig. 4). The highest erodibility
is observed in areas surrounding the indigenous forest on
the western part of the catchment and in the northern and
southern extremes (see Fig. 3). Moreover, steeper slopes
are classified as having higher erodibility as compared to
lower slopes. For the different LULCs (Fig. 5), the highest
K-factors were recorded under cropland and bare land. The
lowest K-factors were predicted under some tea planta-
tions and not under the indigenous forest as expected. The
K-factor is affected by the complex interaction between
the different environmental factors, which vary within the
different LULC. For the silt-dominated soils of the Loess
Plateau of China, Zhao et al. (2018) reported that for the
native vegetation, soil properties and topography were
the dominant factors which influence soil erodibility.
For managed and restored vegetation, soil organic matter
highly influenced erodibility (Zhao et al. 2018). Terrain
factors such as slope and elevation influence the physical

K factor for the different LULC

(LULC) in the Ruiru Reservoir 0.6 ; o ° ° °
catchment cropland (AG), bare Very_high
land (BARE), natural vegetation
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and chemical properties of soils leading to changes in soil
particle composition and soil erodibility. Higher eleva-
tions were associated with higher erosion of silt material,
which is then deposited in the lower elevation (Zhao et al.
2018). Against this background, the presence of andosol

(high content of silt and organic matter) in the high eleva-
tion could have recorded lower K-factor values due to the
effect of long-term erosion. Conversely, the use of high
organic amendments such as mulch from pruned residues
could explain the low erodibility observed under some
tea plantations. The use of mulch protects the soil against
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Fig.6 a Water erosion risk maps for the Ruiru Reservoir catchment for January—June. b Water erosion risk maps for the Ruiru Reservoir catch-

ment for July-December
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the impact of raindrops and increases soil organic matter,
which stabilises the soil aggregates and making them less
prone to erosion (Ni et al. 2016; Xianchen et al. 2020).

Temporal and spatial soil erosion dynamics

An overview of the spatial monthly soil erosion (Fig. 6a
and b) shows that most of the soil loss occurs within two
distinct periods. The first is between March and June
and the second is between October and December. Fur-
thermore, they reveal that the areas in the vicinity of the
indigenous forest on the western and southern parts of
the catchment have at the highest erosion risk. These are
mostly deforested areas that are now either bare land or
have sparse shrub cover. Consequently, increased rainfall
further increases the risk of erosion along the slopes in
the Ruiru catchment. These results can be corroborated
by Kamamia et al. (2021) who found that these areas are
characterised by low aggregate stability and are therefore
highly susceptible to erosion.

From Fig. 7 a cumulative monthly soil loss of 2.23 t/
ha and 1.68 t/ha was estimated from the long rainy season
(March 0.11 t/ha/month, April 1.70 t/ha/month, May 0.43
t/ha/month) and short rainy season (October 0.56 t/ha/
month, November 0.89 t/ha/month, December 0.22 t/ha/
month). The highest soil loss was observed in April, while
the lowest soil loss of 0.003 t/ha/month was observed in
July. Ongoma (2019) reported that precipitation in Kenya
reaches its peak in April and is lowest in July. A compari-
son with the monthly average of 0.27 t/ha/month estimated
from GloSEM shows that the average soil loss in April
predicted by REG_SL is 6.3 times higher than the average

cumulative yearly soil loss from GloSEM. This illustrates
that the use of such averages for the design of erosion
control measures could lead to the under-designing and
construction of ineffective control measures. This situa-
tion could further be exacerbated where such measures
fail, resulting in damage to crops and even loss of lives.

Soil loss can be described with two main mechanisms:
erosion by raindrop impact and erosion by surface runoff.
In reality, both mechanisms occur simultaneously. Thus, soil
erosion mechanisms should be classified based on the degree
of susceptibility of one mechanism relative to another (Kin-
nell 2005). There are two cropping seasons in the Ruiru Res-
ervoir catchment that take advantage of the bimodal rainfall
in the catchment. Before the onset of the rainy seasons, the
soils are dry and possess high infiltration rates. Despite this,
the soils are loose and bare due to tilling. At the start of the
rains, the soils are more susceptible to erosion by raindrop
impact. Over time, the soil pores gradually get saturated with
water and therefore increased precipitation causes more rain-
drops to penetrate through the flow detaching soil particles
which are then lifted and transported (Kinnell 2005). Higher
soil loss recorded during the long rains is due to increased
precipitation events. Wei et al. (2009) concluded that rainfall
events with long durations but relatively low intensities play
important roles in inducing severe erosion. Therefore, it is
imperative to note that measures protecting the soil against
rainfall drops (such as increased plant cover) would mark-
edly reduce soil losses in the Ruiru catchment at the onset
of rainfall.
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Fig.7 Graph showing on the top: line graph of monthly rainfall distribution. Bottom: dynamic (REG_SL- bar plot) and static (GloSEM- line

graph) monthly water erosion risk
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Fig.8 Soil erosion dynamics
under different land use and
land cover (LULC). Cropland
(AG), bare land (BARE),
natural vegetation (NV) and tea
plantation (TEA)
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The monthly soil loss trend observed in Fig. 8 for all months
was BARE > AG>TEA > NV. Despite occupying the small-
est area (4.8%), BARE contributes largest to soil erosion.
Online Resource 2 indicates that these areas have the low-
est clay percentages making them highly prone to erosion
and probably the largest contributor to siltation in the Ruiru
Reservoir catchment. This LULC includes some deforested
areas and areas around homesteads and roadsides. These
roads recorded high soil losses as observed from the maps
(Fig. 6a and b). Most of the feeder roads within the Ruiru
catchment occur on steep slopes and are made of earthen
material. They are constantly used by heavy vehicles that
carry milk and tea from the smallholder farmers to the vari-
ous processing units. This impact compresses the roads,
forcing the edges to break away leaving the bare soils sus-
ceptible to water erosion. Cerdan et al. (2010) found a posi-
tive relationship between erosion rates and slope length on
bare soils. As this LULC records the highest soil loss, veg-
etative or structural stabilisation of roadsides for example,
by use of gabions (Laflen et al. 1985) could offer an all-year
solution to mitigate erosion in these areas. The establish-
ment of grasses/turfs around homesteads and reforestation
of areas surrounding the forests (see Fig. 3) also recording
the high soil loss in March and November could protect the
bare soils against erosion.

Cropland with an aerial coverage of 38.3% is the domi-
nating land-use in the Ruiru catchment and recorded the
second-highest soil loss throughout the year. Most of the
farmers in the Ruiru catchment practice rain-fed mixed
annual agriculture. At the onset of the long rains in March
and short rains in November, the soils are usually tilled and
sowed. Tilling activities destroy soil aggregates and lack of
vegetation exposes the soil to the direct impact of raindrops.
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Exposure of the already loose soil to rain leads to severe
denudation of the topsoil (Feng et al. 2016; Muoni et al.
2020). This variation also changes with the rainfall intensity
with higher erosion rates being experienced during higher
precipitation (Fig. 8). Adoption of more appropriate crop
and tillage activities such as conservation tillage and strip
cropping could be used as a strategy to reduce the soil loss
recorded at the onset of both the long and short rainfall.
Mulching activities can further protect the soil surface from
the erosive forces of raindrop impact and overland flow espe-
cially during times where crops are less developed. Finally,
the adoption of agroforestry can serve as a more permanent
solution to reducing erosion by water.

Tea plantations in the Ruiru catchment, covering an area
of 34.8%, occur mostly along steep slopes. High soil loss
may occur due to the general topography and poor manage-
ment strategies (Krishnarajah 1985; Mupenzi et al. 2011).
In consequence, soil erosion on top of slopes could lead to
loss of productivity, which may be irreversible as the rate
of soil loss greatly supersedes its formation rate. Soil loss
occurs during (1) establishment of new tea plantations,
which are undertaken without any conservation measures
and (2) management activities such as pruning and weeding
often lead to trampling, which loosens the soil, making it
more susceptible to erosion. Soil loss in the tea plantations
is particularly high within the first two months of the long
(April and May) and short (October and November) rains.
Before these months, productivity is usually low, there is
largescale pruning and weeding in the catchment, as a result,
the soil is loosened and exposed. This soil is then lost dur-
ing the next rainy season. Contrary to this, some studies
have concluded that well-managed tea bushes or developed
tea bushes have erosion rates comparable to natural forests
(Krishnarajah 1985; Allaway and Cox 1989). For Sri Lanka,
Krishnarajah (1985) reported that conservation measures
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such as mulching with pruning residues and grass cuttings
as well as the use of terraces resulted in almost complete
elimination of soil erosion in tea plantations along steep
slopes. The author further observed that mulching during
replanting reduced soil erosion. Reduction of water erosion
risk for this LULC can be attained by applying mulch during
the establishment of new tea plantations. Moreover, mulch-
ing before pruning and weeding activities could protect the
soil against trampling which induces erosion.

The NV LULC with a share of 16.6%, recorded the lowest
soil loss throughout the year. NV included indigenous forest
located on the western part of the catchment, afforested land
as well as grasslands and shrublands. Afforested lands are
part of an initiative by the Kenya Forestry Service (KFS) to
restore degraded or deforested areas using mixed species
of indigenous trees. Some of the afforested areas contain
young tree stands. In addition to possessing underdeveloped
tree canopies, the spacing between planted trees is usually
wider during the establishment phase (Oliveira et al. 2013).
This leaves a lot of open spaces where the impact of rain-
drops is much higher due to the lack of canopy, litter and
underdeveloped tree roots (Drzewiecki et al. 2014). Over
time, the trees’ canopies develop, and the leaf area index
(LAI) increases. The increased litter forms a mulch layer
protecting the soil surface (Oliveira et al. 2013). Only then,
trees are efficiently capable of controlling soil erosion while
increasing soil biomass as in the case of indigenous ones.
Nevertheless, the major advantages associated with trees,
especially indigenous, should be exploited through the adop-
tion of agroforestry systems. During the formative years,
the crops can provide ground cover for the young trees. The
trees would then later on control soil erosion and increase
base flow through increased infiltration (Nair 2008). This
was also observed by Ligonja and Shrestha (2015), who con-
cluded that on-farm tree planting contributed significantly
to a 7% reduction of areas under very high erosion between
1986 and 2008 in addition to increasing flow during the dry
periods in Kondoa area, Tanzania. Likewise, Nambajimana
et al. (2020) recommended a reforestation scheme of rap-
idly growing tree species as an important feature for erosion
control in eroded areas of Rwanda. Waithaka et al. (2020)
reported that most grasslands and shrublands (now occupy-
ing~6% of the catchment) have been converted into settle-
ment areas in the Ruiru catchment. The remaining scattered
portions serve as alternate pasture for the dairy cattle in the
catchment. Grass and shrublands have shown the potential
to reduce soil erosion.

Thus, it is clear that vegetation coverage is an important
factor for soil erosion, as it reduces the direct impact of rain
drops and alleviates runoff through increased infiltration
which finally affects the quality of surface and river runoff
(Cerdan et al. 2010; Feng et al. 2016). It should be however
noted that extreme rainfall, such as that received in April,
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may at times increase the uncertainty of the effectiveness
of vegetation in reducing erosion (Wei et al. 2009). Finally,
the spatial distribution of vegetation on the slopes is a key
factor for the Ruiru Reservoir catchment. This affects the
source-sink spatial landscape patterns which influence the
runoff generation and sediment transport (Liu et al. 2018).
For instance, if done properly, adjusting vegetation patterns
along slopes could greatly reduce soil losses into streams
and the Ruiru Reservoir and therefore improve water quality
and preserve the water quantity.

Annual regional soil loss vs GIoSEM

An average cumulative yearly soil loss of 3.24 t/ha/yr (range:
2.33-17.52 t/ha/yr) was obtained for the study area while
using the GloSEM (Online Resource 3a). Although the
REG_SL (Online Resource 3b) recorded a much lower aver-
age cumulative soil loss of 1.72 t/ha/yr, the soil loss range
was much wider (0.0003-38.29 t/ha/yr). Online Resource
3a-b show that there is a spatial agreement between the two
estimates of high erosion risk on the farthest western part of
the catchment. However, the differential map further shows
that the GIoSEM overpredicted soil loss for most of the
catchment and underpredicted for the areas where REG_SL
recorded high erosion rates. The cumulative REG_SL unlike
the GloSEM displayed the small-scale spatial heterogeneity,
which exposed the various erosion hotspots. Borrelli et al.
(2020) argued that although the GloSEM model provides
pioneering assessment to determine potential erosion at
global scales, it is heavily data dependent and is not able to
capture all the varying conditions to which it is applied given
its global scale. Therefore, the coarse nature of the GloSEM
grids could have resulted in spatial aggregation /generalisa-
tion and the loss of small soil loss inclusions.

Conclusion

Sustainable soil management, in the context of integrated
water resource management, improves soil functions which
impact positively on the SDGs. Suitable indicators such as
risk of soil erosion is needed to transfer the complexity of
the soil-water nexus into a format that can be assessed and
measured. More often these indicators have not been well
explored and little or no data is available in developing
countries. Here, we established that through the combina-
tion of efficient soil sampling, analysis of remote sensing
data and DSM useful information such as maps of monthly
soil loss can be developed in data-scarce areas to aid in
developing IWRM measures. Moreover, we demonstrated
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that the static annual erosion could misrepresent the true
dimensions of soil loss with averages disguising areas of
low and high erosion potential. The monthly erosion risk
maps reveal that a monthly average obtained from average
cumulative yearly soil loss from the GloSEM average soil
loss is 6.3 times higher than the average soil loss obtained
from April. Furthermore, the bare land LULC (occupying
the smallest areal coverage) was the largest contributor
to erosion indicating that at times a small portion of the
catchment is responsible for a large proportion of the total
erosion.

As the RUSLE does not account for all complex soil
erosion exchanges, the results obtained should be taken as
estimates and not absolute values (Benavidez et al. 2018).
But as highlighted in this study, it is ideal for determin-
ing soil loss at landscape areas especially in data-scarce
areas. Varying both the R-factor and C-factor greatly
impacted the dynamics of soil loss in the Ruiru catch-
ment. While the spatio-temporal distribution of rainfall
is largely uncontrollable, the crop management factor is
greatly influenced by the type and intensity of human
intervention. Thus, it is only natural that erosion control
focuses on improving catchment management practices
“where” and “when” erosion is highest. This means that
the spatio-temporal maps can be used by different stake-
holders during the development of watershed management
plans (Mwangi et al. 2016b, c). Within these plans, land-
scape-scale measures including timely allocation of scarce
erosion mitigation and protection measures, proper crop
selection that reduces erosion, as well as time-dependent
planting and harvesting techniques for agriculture, can be
purposefullly incorporated. For Ruiru drinking water res-
ervoir catchment, a successful watershed management plan
will require joint effort from the different stakeholders:
small-scale farmers/communities, large-scale tea estate
farmers, The Nairobi Water and Sewerage Company and
the Kenya Forest Service. Only then will the sustainable
use of soil and water resources and related ecosystem ser-
vices in the catchment be achieved.
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Online Resource 3: Average annual soil loss differential map for Ruiru catchment with a.)
representing the annual soil loss obtained from the GloSEM (Borrelli et al. 2017) and b.) Annual
REG_SL c.) Annual differential soil loss map
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