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Figure 1.1 Conceptual framework underpinning the research. 

1.2 Aim and Objectives 

The overarching aim of this thesis is to develop spatially explicit modelling to assess the impact 

of differing tree species, planting densities, and individual tree location, on rainfall-triggered 

landslides and sediment delivery while accounting for varying environmental conditions, such 

as slope gradient, lithology, or soil type. To achieve this aim, the study addresses the following 

key objectives: 

1. Use open-source high resolution remote sensing products (e.g., aerial photography) to 

develop methods for mapping shallow landslides and individual trees at landscape scale.  

2. Test the hypothesis that the individual tree effect on slope stability can be ascertained by 

examining the spatial relationship between landslides and trees. 

3. Determine the feasibility of modelling slope stability at the scale of individual tree using 

statistical landslide susceptibility models. 

4. Develop quantitative methods that allow for both ex-ante and ex-post assessments of 

slope stability for silvopastoral systems at farm to regional scale, whereby individual tree 

effects are included through spatial explicit representation. 
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5. Develop a morphometric landslide connectivity model to quantify the effect of 

silvopastoral systems on sediment yields, providing an objective basis for targeted 

mitigation of shallow landsliding. 

6. Determine the cost-effectiveness of targeting biological mitigation to critical source areas 

of sediment.  

7. Propose a landslide erosion and sediment risk management framework for planning, 

implementing, and monitoring biological erosion and sediment mitigation in silvopastoral 

landscapes. 

1.3 Thesis Organization 

In Part I, this first chapter provides the research and policy context in which this thesis is 

situated and lists the key objectives of the thesis. Chapter 2 reviews the scientific literature on 

the key subjects relevant to this thesis, beginning with silvopastoralism as a land management 

practice that aims to improve environmental outcomes such as pasture, soil, and/or animal 

welfare. Next, the review introduces slope stability concepts. This includes the fundamentals 

of how trees promote slope stability, providing an overview of both the mechanical and 

hydrological processes involved. The review then briefly summarizes methods for quantifying 

root reinforcement, as well as how spatial predictions of root reinforcement can be included in 

physically based models. Statistical landslide susceptibility modelling is then introduced and 

contrasted to physical models by discussing key differences, including both challenges and 

benefits of these complementary approaches. The final section of Chapter 2 delves into the 

literature on the topic of sediment connectivity and hillslope channel coupling. Concepts and 

methods of connectivity are reviewed, limitations discussed, and knowledge gaps identified. 

Since this is a thesis with publications, Part II comprises Chapters 3-5, which are standalone 

papers that have been published in international journals. Chapter 3 aims to respond to the first 

two stated objectives 1) and 2) of the thesis by developing an empirically based rationale for 
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be used at farm scale to quantify the effectiveness of silvopastoralism on reducing shallow 

landsliding. 

The development of the techniques in Chapters 3 and 4 leads to their application in Chapter 

5, which focuses on objectives 5) and 6). The primary aim here is the development of a 

statistical landslide connectivity model to quantify the effect of silvopastoral systems on 

sediment yields. Specifically, this piece of research links hillslopes to streams by determining 

the likelihood of sediment delivery to a stream in the event of a landslide being triggered at any 

given location. This is achieved by coupling the landslide susceptibility model developed in 

Chapter 4 with the landslide connectivity model in a modular fashion. Finally, land 

management scenarios are used to inform on the cost-effectiveness of different approaches to 

biological mitigation. 

In Part III, Chapter 6 provides a synthesis of the research by examining how each of the 

stated research objectives has been addressed and further discusses the key findings and their 

implications for land management. Moreover, consideration is given to how this research 

contributes to the advance of science-based knowledge more broadly and with reference to the 

review of relevant scientific literature in Chapter 2. And lastly, a comprehensive conceptual 

framework for management of erosion and sediment in silvopastoral systems is proposed. The 

framework adopts a risk management approach, of which risk assessment is a key component.  

Drawing on the statistical models developed in this thesis, the application of the framework for 

erosion and sediment mitigation is demonstrated, and its implications for land management 

discussed in the context of silvopastoral systems. Finally, Chapter 7 provides a summary 

conclusion of the thesis followed by an outlook in Chapter 8 that explore future research needs 

and opportunities.  
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for livestock shelter (shade, shelterbelts), where woodlands are grazed, or where grazed pasture 

or rangelands include a forest, tree or woody shrub component (Thevathasan et al., 2018). As 

with agroforestry systems more generally, silvopastoralism seeks to optimize benefits from 

biophysical interactions that are created when trees are combined with livestock. Trees are 

managed to maintain an herbaceous understorey as livestock forage, in recognition of the 

emergent properties of the ecosystem that can add both economic and environmental value to 

the land management system provided the overstocking does not degrade the land resource 

(Peri et al., 2016).  

In terms of geographic extent, silvopastoralism is a common land use in many parts of the 

world. In Europe, wood-pastures make up close to 20% of all grasslands, featuring most 

prominently in terms of areal extent in the Mediterranean (Montado/Dehesa consisting mainly 

of oaks in Spain, France and Italy), but also in the Alpine region and the Black Sea region 

(Romania, Bulgaria) (Plieninger et al., 2015). The native ñire (Nothofagus antarctica), or 

southern beech, found in Chile and Patagonia, Argentina, forms the basis of extensive natural 

silvopastoral landscapes. Further examples include the rangelands of North America 

(Huntsinger et al., 2010; Huntsinger and Oviedo, 2014), Australia (Reid and Moore, 2018), 

China, and India (Nair et al., 2021). 

Besides the diversified income streams through the sale of timber, the productivity of 

pasture under silvopastoral systems can increase in areas with severe water stress conditions 

(Peri et al., 2018, 2016). Trees in a pastoral system can have positive or negative effects on 

pasture productivity and biodiversity due to competition for light, water and nutrients 

(Callaway et al., 1991; Moreno and Pulido, 2008). The outcome can be manipulated through 

choice of tree species, planting density and spatial distribution (Mosquera-Losada et al., 2018; 

Nair et al., 2021; Plieninger and Huntsinger, 2018). An increase in pasture production beneath 

tree canopies have been found in many different landscapes globally (Callaway et al., 1991; 

Frost and McDougald, 1989; Moreno, 2008; Moreno Marcos et al., 2007; Peri et al., 2018), 
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while reductions in pasture productivity have been measured elsewhere (G. Douglas et al., 

2013b; Moreno and Pulido, 2008; Wall et al., 2006).  

In the Chilean ñire, understorey dry matter production was found to be dependent on soil 

water availability in interaction with light transmittance and provision of shade. While 

understorey production was significantly reduced for sites with moderate water stress, 40% - 

60% transmissivity was the optimal for sites with severe water stress conditions (Figure 2.1), 

which is explained by a combination of soil moisture conserving mechanisms that reduce 

evapotranspiration, including reduced canopy temperature, reduced windspeed (up to 80%), 

and stomatal closure (Peri et al., 2016). 

 
Figure 2.1. Mean dry matter (DM) grass understorey production in ñire silvopastoral systems under different light 
intensities (determined by a gradient of crown cover) and adjacent open areas (100 % transmissivity) in Southern 
Patagonia. Source: (Peri et al., 2016). 

Benefits of trees integrated into a pastoral system are multifaceted and include economic 

activity produced by firewood, fruit, fodder, mushrooms, medicinal uses, pinyon nuts, and 

juniper berries used for gin (Plieninger et al., 2015; Plieninger and Huntsinger, 2018). 

Ecological benefits are many and include the increase in biodiversity (both flora and fauna) 

(Huntsinger and Oviedo, 2014; Tölgyesi et al., 2018), carbon sequestration (Hoogmoed et al., 

2012; Montagnini and Nair, 2004), increased slope stability (G. Douglas et al., 2013a), and soil 

nutrient accumulation (Moreno Marcos et al., 2007; Obrador et al., 2004). Indeed, it has been 

stated that the ecological function of scattered trees is disproportionately large relative to their 

spatial extent, as they provide a microhabitat within an otherwise uniform pastoral structure 
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2.2.2 Tree Interactions and Effects 

Pine silvopastoralism 

The most rigorous long-term silvopastoral trial undertaken in New Zealand to date was the 

Tikitere trial at Rotorua (Hawke, 1991). Planted in 1973, the trial contained plantings of Pinus 

radiata at 50, 100, 200 and 400 stems/ha, as well as open pasture for comparison purposes. 

Data obtained through biannual measurements of pasture regrowth and botanical composition 

shows decreasing pasture yields with increasing tree density and age. At 200 stems/ha, the 

pasture yield was 18% of open pasture compared to 50% at 100 stems/ha. The initial decline 

was attributed to competition for light, soil nutrients and water, and smothering of pasture from 

pine needles at a later stage. The Tikitere project provides evidence for the adverse effects of 

pine silvopastoralism on wood quality and volume, pasture production and animal performance 

(G. Douglas et al., 2013b; Hawke, 1991; Kemp et al., 2018). 

Poplar and willow silvopastoralism 

Impacts of widely spaced trees on understorey pasture yield and quality has been quantified 

for poplars (Benavides et al., 2009; Douglas et al., 2006a, 2006b, 2001; Guevara-Escobar et al., 

1997; Wall et al., 1997), showing an overall negative influence, which is attributed mainly to 

reduced light transmission due to canopy shading (Dodd et al., 2005). Based on measurements 

of pasture dry matter production for 12-24 months across a range of poplar canopy closures, 

including open pasture, annual pasture DM production was predicted to be 77%, 60%, and 48% 

of open pasture beneath 25%, 50%, and 75% of canopy closure respectively (Wall et al., 2006). 

While the degree of reductions in understorey pasture production compared to open pasture 

differed with species, canopy closure, tree maturity, slope aspect, climate, and soil, the 

consistent finding is that widely spaced poplar trees result in a reduction of pasture dry matter 

accumulation.  
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that certain species may not penetrate the underlying bedrock, such as massive mudstone 

(Marden et al., 1991). With only shallow lateral root systems and no basal root reinforcement, 

trees are prone to windthrow.  

Most empirical studies aimed at quantifying the effectiveness of biological erosion control 

under silvopastoral systems have been carried out in New Zealand (e.g., Douglas et al., 2011). 

Despite the widespread use of discontinuous tree cover, there has been relatively little 

experimental or quantitative work to establish their effectiveness in reducing erosion in relation 

to factors such as tree size, planting density, slope gradients (Basher, 2013). Furthermore, to 

date no study has quantified the effect of spaced trees on sediment yields.  

Semi-quantitative and qualitative approaches tend to be site, transect or catchment-based 

and have a broader perspective but limited measurement and require an assessment of trends in 

erosion status which are generally subjective (Thompson and Luckman, 1993). Past evaluations 

of effectiveness of soil conservation planting have undertaken paired comparisons between 

treated and untreated areas (G. Douglas et al., 2013a), or how erosion status has changed as a 

result of the treatment. These quantitative approaches measure the effectiveness of individual 

trees or tree stands in terms of relative reduction in bare ground or amount of landsliding (G. 

Douglas et al., 2013a; Douglas et al., 2009; Hawley and Dymond, 1988; McIvor et al., 2011, 

2015).  

A novel method was developed by Hawley and Dymond (1988) to quantify the fraction of 

eroded soil following landslide-triggering storm events at increasing radial extents from trees. 

For their study area in Ngatapa, Gisborne, where a rainfall event in March 1985 triggered 

extensive shallow landsliding, spacing of 14-year-old trees was 20 m and 66% of the planted 

trees had survived. The measured reduction in landsliding due to trees for the storm event was 

13.8%.  However, because the fraction of eroded soil increased with distance from trees, 

Hawley and Dymond (1988) calculated that if trees had been planted at 10-m spacing, the 

reduction in landslide damage achieved would likely have been 70% if trees were fully 
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intermittent movement (Glade and Crozier, 2005). This conceptual model which includes the 

three states of stability recognizes the causes and development of slope instability through time.  

 

Figure 2.3 Stability states and destabilizing factors. Source: Glade and Crozier (2005). 

Moreover, it is important to distinguish between preparatory, triggering and sustaining 

factors that influence slope stability in different ways (Figure 2.3). Preconditioning or pre-

disposing factors include all intrinsic factors of an area which provide the circumstances for 

destabilizing factors to work more effectively. An example would be a steep slope with an 

underlying failure plane rich in clay, which under the influence of a prolonged rainfall event 

could provide the ideal setting for slope failure. Preconditioning factors can be defined as 

preparatory or triggering factors. Preparatory factors decrease the margin of stability over time 

without triggering slope failure, thus causing a shift from a stable state to a marginally stable 

state. Preparatory factors may act over all time scales. Factors operating over long periods 

include tectonic uplift and/or climate change, whereas processes such as deforestation or slope 

oversteepening due to erosion activity or slope excavations are examples of shorter time scales. 

Triggering factors are processes that initiate the movement, causing a shift from a marginally 

stable state to an actively unstable state. Typical triggering factors include high intensity 

rainfall, prolonged rainfall, rapid snowmelt, earthquakes, and slope undercutting. Finally, 

sustaining factors determine the behaviour of actively unstable slopes, e.g., duration, rate, and 

the form of movement. These may either be dynamic external factors like rainfall or may e.g., 

relate to the path of the landslide and potential obstacles it may encounter. Land cover change 

can be an important preparatory factor when it reduces the slope stability (e.g., deforestation). 
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Vegetation roots can be defined and classified in different ways (Gregory, 2006; Reubens 

et al., 2007; Styczen and Morgan, 1995). Taproots are the main vertical roots below the bole of 

the tree; lateral roots extend from the central bole in the horizontal plane; sinker roots are 

vertical roots that branch out from lateral roots (Phillips and Marden, 2005). Root system 

architecture impacts on slope stability. Therefore, tree selection is important with respect to soil 

type, lithology, and mass movement process (Figure 2.4). 

 

Figure 2.4. Representation of root classes illustrated by Styczen and Morgan (1995): a) H-type maximum root 
development occurs at moderate depth (>80% of biomass found in top 60 cm), with most roots extending horizontally 
and having a wide lateral extent; b) R-type: maximum root development is deep with only 20% of the root matrix 
found in the top 60 cm; most of the main roots extend obliquely or at right angles to the slope and their lateral extent 
is wide; c) VH-type: maximum root development is moderate to deep but 80% of the root matrix occurs within the 
top 60 cm; there is a strong tap root but the lateral roots grow horizontally and profusely, and their lateral extent is 
wide; d) V-type: maximum root development is moderate to deep; there is a strong tap root but the lateral roots are 
sparse and narrow in extent; e) M-type: maximum root development is deep but 80% of the root matrix occurs within 
the top 30 cm; the main roots grow profusely and massively under the stump and have a narrow lateral extent. H- 
and VH-types are considered beneficial for slope stabilization and wind resistance. H- and M-types are beneficial 
for soil reinforcement. The V-type is wind resistant.  

Root reinforcement is generally a function of the root tensile strength (differing with tree 

species), topology and morphology of root systems (e.g. length, diameter, branching), the 

spatial arrangement (distribution and density of fine and course roots; maximum root length), 

and soil-root mechanical (frictional) interactions (Cohen and Schwarz, 2017; Schwarz et al., 

2010b). Fine and coarse roots have different functions: A dense network of fine roots are more 

effective at soil fixation than coarse roots (Reubens et al., 2007). Fine roots stay in position 

relative to the soil particles, thus having a stiffening effect on the soil mass (Cohen and 

Schwarz, 2017). While fine roots tend to break during slope failure, coarse roots can slip out of 

soil. However, the reverse has also been observed, i.e., situations in which fine roots slip and 
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coarse roots snap (Giadrossich et al., 2019). It was therefore suggested that the root behaviour 

varies as a function of landslide head scarp orientation relative to root orientation from nearby 

trees. However, only the coarse roots are able to reinforce shallow soils by anchoring deeply 

into firm strata, which is particularly effective when sinker or tap roots extend deeper than the 

position of failure surface of a potential shallow landslides (Cohen and Schwarz, 2017; Reubens 

et al., 2007). 

The development of root systems is influenced by environmental factors, which include the 

soil type (compression properties), as well as available soil water and nutrients. Generally, root 

morphologies are modified by edaphic factors that include physical soil conditions, particularly 

stoniness, drainage conditions, depth of the water table, bedrock conditions or the strength and 

permeability of strata (Figure 2.5; Phillips and Marden, 2005). For example, shallow plate-like 

root structures can be found on steep slopes where shallow soils directly overlie massive 

bedrock (Marden et al., 1991).  

The contribution of roots to soil cohesion is dependent on the material properties of the roots 

as well as the morphology of root systems (Stokes et al., 2009). Besides the influence of soil 

properties, the rate at which soil is colonised by roots is dependent on the lateral and vertical 

growth rate of a given species and planting density (Phillips et al., 2011a). When root system 

architecture is known, planting densities can account for the root lengths to permit root site-

occupancy, i.e., the state where roots contribute to soil reinforcement through interlocking root 

systems (Phillips et al., 2011a; Watson et al., 1999). 
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Figure 2.5 Classes of plant-root reinforced and anchored slopes (Source: Styczen and Morgan, 1995). 

This variation of root morphology and distribution is difficult to predict due to the interplay 

of biological mechanisms and environmental factors (Reubens et al., 2007). Indeed, root system 

architecture can be highly variable - even within a single species growing in different 

environments (Schmidt et al., 2001; Schwarz et al., 2016). This complexity of parameters that 

influence the growth of root systems poses challenges to the quantification and spatial-explicit 

modelling of root reinforcement. The following section introduces some common methods for 

measuring root strength and developing root reinforcement models. 

Root reinforcement modelling 

Resistance to soil failure is maximised when the tensile strength of roots is fully mobilised 

under strain, which can occur when roots are stiffly bound to the soil to cause a compatible 

behaviour between soil and roots (Styczen and Morgan, 1995). When the tensile strength is 

exceeded by the shear force acting on a slip plane, roots fail by rupture. Root failure by pull-

out (slipping) occurs prior to reaching peak tensile strength when the bond of the soil-root 

composite is not as strong.  Thus, the increase in soil cohesion due to root reinforcement 
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vegetation cover as factors. Regardless of the statistical method applied, statistical approaches 

to landslide susceptibility rely on past observations of landslides to train and test the models. 

Geo-environmental variables commonly used in statistical landslide susceptibility models 

can be broadly categorized into four groups: 1) morphology, 2) geology and soil, including 

geotechnical properties, 3) land cover, and 4) hydrological (Reichenbach et al., 2018; van 

Westen et al., 2008). The following section summarizes these thematic classes and briefly 

explains their importance for slope stability based on theoretical and empirical observations. 

Terrain morphology 

Morphological variables are commonly derived from a digital elevation model (DEM) to 

produce spatial layers representing slope gradient, aspect, curvature, relative relief, or terrain 

roughness. The utility and effectiveness of morphometric variables is dependent on the scale 

and accuracy of the elevation data used. Furthermore, if very high-resolution elevation data 

(e.g., obtained from airborne LiDAR sensors) is available, care must be taken to consider 

implications related to the acquisition date of the data. Where possible, morphological 

parameters should be derived from a DEM acquired prior to slope failures. However, 

processing techniques can also be used to modify the terrain to approximate pre-event 

morphology (Wechsler and Kroll, 2013). 

Terrain slope, (or slope gradient), is the most important environmental variable used in 

landslide susceptibility modelling (Budimir et al., 2015; Chung and Fabbri, 2003; Reichenbach 

et al., 2018). The reason for its effective explanatory power is directly related to the physics of 

gravitational failure: the slope gradient controls the stresses and resistance acting on a slope to 

maintain stability (Wu and Sidle, 1995). The greater the slope gradient, the greater the 

resistance force mobilized in response to increasing driving force. Particularly in combination 

with thematic variables pertaining to the mechanical properties of soil and lithology, terrain 

slope can be a very good predictor of slope failure (Betts et al., 2017).  
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processes; ii) spatial and temporal feedbacks between sediment detachment and transport 

processes; and (iii) mechanisms of sediment detachment and transport (Figure 2.7). The novelty 

of this framework is the recognition that different detachment/erosion processes act according 

to different frequency/magnitude scales. For example, the diversity in recurrence interval 

associated with mass movement, glacial, or aeolian processes has repercussions for transport 

processes as well.  

 
Figure 2.7 Sediment connectivity framework proposed by Bracken et al. (2015). 

The first major component of the framework considers the dependency of sediment 

detachment and transport on the frequency-magnitude distributions of rainfall events that 

influence sediment supply available for transport (Figure 2.8). This relationship has important 

implications for connectivity since the chosen timescale can largely determine the degree of 

connectivity and also time since previous rainfall event (Wolman and Miller, 1960). While the 

geomorphic processes of detachment, transport and deposition of sediment result in changes to 

landforms across space and time expressed as frequency/magnitude relationships, landforms 

also function as controls of these processes. This relationship, which represent the second 

component of the framework expressed as the spatial and temporal feedbacks between sediment 

detachment and transport processes, has implications for connectivity and sediment delivery.  
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The upstream component is a function of the upslope contributing area and its mean slope 

gradient. The downstream component is a function of the length of the flow path to the nearest 

pre-defined sink and considers the slope gradient along the flow path. 

While the IC has clear limitations related to the interpretation of the index as well as the 

lack of quantitative validation (Najafi et al., 2021b). However, recent efforts have been made 

to demonstrate its utility and interpretational value by including it as input to a logistic 

regression analysis (Martini et al., 2022; Scorpio et al., 2022). Moreover, the IC has been 

successfully used as a predictor of muddy flood-affected sites (de Walque et al., 2017) and 

sediment transfer between sediment sources (e.g., landslides, debris flows) and water channels 

(Martini et al., 2022). Najafi et al. (2021) also made an important distinction in terms of 

structural and functional connectivity concepts. The IC aims to represent structural sediment 

connectivity based on (high-resolution) topographic influences on sediment flux. Since the IC 

fails to represent process-specific characteristics of sediment source and transport, 

inconsistencies can arise when comparing IC values to process-specific modelling (Cislaghi 

and Bischetti, 2019; Poeppl et al., 2019; Zhao et al., 2020). Thus, the IC is a useful tool for 

representing structural connectivity but has limited value for modelling functional connectivity 

(Cislaghi and Bischetti, 2019; Hooke and Souza, 2021; Martini et al., 2022; Poeppl et al., 2019).  

2.5 Summary 

This review provides an overview of relevant literature related to key components for the 

research that follows. Silvopastoral systems best describe the thematic context for where this 

thesis is situated. The same is true regarding the methodological challenges that characterise 

the research undertaken. As will be shown, the inherent nature of silvopastoral systems, 

characterised by scattered trees integrated into a pastoral landscape, present some unique 

challenges resulting from the heterogeneity of the system compared with landscapes of more 

uniform land uses (e.g., treeless pasture). Given this context, an understanding of silvopastoral 
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Figure 3.1. Location of study area in Wairarapa, New Zealand, showing a range of rock types (New Zealand Land 
Resource Inventory) and location of study sites 1 and 2. Map projection is New Zealand Transverse Mercator 
(NZTM). 

Significant areas of colluvium (landslide debris) have accumulated along the base of many 

hillslopes, and in mid- and upper-slope hollows. Mean annual rainfall is 1100 mm, 

characterised by winter maxima and summer droughts. Long duration, low intensity rainfall is 
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growth is restricted by four defined thresholds: i) a threshold below which a pixel cannot be a 

tree (th_tree); ii)  a growing threshold to determine whether a pixel is added to the tree crown, 

which must be greater than the mean height of the current crown multiplied by this value 

(th_seed); iii) a second growing threshold, whereby a pixel is added to the crown if its height 

is greater than the current mean height of the region multiplied by this value (0-1) (th_crown); 

and iv) a maximum value of the crown diameter of a detected tree (max_crown). We used stem 

counts of different species from the field to optimize parameterization of pycrown for the trees 

in our study area. We refer to Zörner et al. (2018) for a more detailed explanation of 

parameterisation. 

 

Figure 3.4. Workflow and data inputs for rural tree species classification using an SVM model. 

The most important parameter of pycrown is the window size used for identifying treetops 

with local maxima, since it has significant implications on the number of seeds identified and, 

thus, crowns delineated. Besides th_tree, the remaining thresholds determine the final crown 

geometry. Experimentation with three window sizes (3, 4, 5) found that 5 m yielded optimal 
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defined as slopes below the 1st percentile in the slope density distribution of the landslide 

inventory, which is 17.5° (Figure 3.6). Thus, 92.3% of the study area is classified as a land 

cover typical of pastoral hill country, and 52.0% of the study area exceeds the threshold of 

17.5°, resulting in a slope-pasture mask of 377.8 km2. Therefore, according to this simplified 

definition, 44.8 % of the study area is pastoral hill country. To isolate the influence of a single 

tree at a given pixel, areas of potential co-influence are removed by creating 15-m buffers 

around tree points and removing intersecting areas (Figure 3.5).  

 
Figure 3.6 A: Density plots of shallow landslide scar slopes and slopes where trees are located on pasture. B: 
Density plots of slopes according to species class within pasture mask. The vertical line represents the 1st percentile 
(17.5°) of landslide slopes, which is the cut-off used for tree selection. 
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Figure 3.7. Distribution of storm-triggered landslides (red polygons) mapped in this study, and the rainfall 
magnitude of storms > 120 mm for the period March 2005 to January 2010. The beginning date of the events which 
recorded the highest rainfall during this period are labelled at each rain gauge. The extent of farms (sites 1 and 2) 
used for tree species field mapping is also shown. Insert A: Distribution of landslide scar size (m2), including vertical 
lines of median (49 m2) and mean (81.1 m2); Insert B is the extent of yellow frame at Site 1; Insert C is the extent of 
yellow frame at Site 2. 
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(2013). Yet, removal of mean brightness (2013) resulted in a significant reduction of accuracy, 

and therefore contributes to the performance of the classifier in interaction with mean NDVI 

(2013). Therefore, the final SVM model includes 11 predictors following removal of TH (Table 

3.4) and trained on 9260 tree crowns from sites 1 and 2. A final accuracy of 92.6% and a Kappa 

value of 0.89 proves the SVM model to be an excellent classifier for these tree species classes. 

 
Figure 3.8. Variable importance using AUROC for selection of best predictors. An AUC of 1 would indicate perfect 
classification, while an AUC score of 0.5 equates to performance no better than a random guess.  See Table 3.2 for 
interpretation of abbreviated variable names. 
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typically quantified using physical root reinforcement models. The TIMSS have largely 

confirmed the shape and distribution of spatial root distribution models, with influence on slope 

stability declining rapidly with distance from trees as a sigmoid curve. Poplars and willows 

have the greatest maximum effective distance (20 m), and the tree influence decreases more 

slowly with increasing distance compared to the other three species classes. The spatial 

application of TIMSS has shown that 43.8% of the pastoral hill country in the study area (165.3 

km2) has increased slope stability due to the presence of trees on slopes. An additional 950,000 

poplars/willows at 44 sph would be required to mitigate landslide erosion on the remaining 

212.5 km2 (56.2%) of untreated pastoral hill country in the study area. However, not all pastoral 

hill country is equally prone to landslide erosion. Therefore, tree influence models should be 

integrated into multi-variate landslide susceptibility modelling in silvopastoral and agroforestry 

landscapes to support the development of targeted mitigation plans.  



https://doi.org/10.1016/j.geomorph.2021.107993
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individual tree detection with application at landscape to regional scales. While integrating the 

influence of individual trees in slope stability calculations has been held in the domain of 

physical modelling, this study aims to develop a statistical approach for assessing effectiveness 

of individual trees in silvopastoral landscapes. 

Landslide susceptibility can be defined as the likelihood of future landslide occurrence for 

a given areal unit given local geo-environmental attributes (Brabb, 1984). Statistical landslide 

susceptibility models do not attempt to model the physical processes that control slope stability. 

Rather, and in the absence of geotechnical soil data, statistical models use readily available 

surrogate data and thus have less stringent data requirements compared with physical models. 

A key input parameter that influences the accuracy of statistical susceptibility models, 

especially for evaluating the influence of single trees, is the quality of vegetation data. In most 

existing statistical models, land use or land cover data (LULC) are used to capture the varying 

effect of vegetation composition. These data are frequently prepared through visual 

interpretation of aerial photography and are rarely available at the scale required to quantify the 

effect of individual trees (Reichenbach et al., 2018; Spiekermann et al., 2021). Therefore, in 

hill country, where shallow landslide erosion is a dominant geomorphic process (Smith et al., 

2021), we address the methodological and knowledge gap related to statistical modelling at 

landscape scale to quantify the reduction in landslide erosion due to individual trees at 

landscape scales.  

In this context of silvopastoral landscapes, previous studies have been limited by scale (e.g., 

hillslope) or method (e.g., univariate analyses). There is a need for spatially explicit modelling 

to assess the impact of differing tree species and planting densities on landslide erosion while 

accounting for varying environmental conditions, such as slope gradient, lithology, or soil type. 

To enable such assessments, high resolution vegetation data are a prerequisite. Automated 

processing of satellite imagery and airborne LiDAR data is continually increasing the spatial 

and temporal resolution of land cover products, creating opportunities to map the location of 

individual trees in the landscape (Brandt et al., 2020; Gómez et al., 2016; Weinstein et al., 
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Figure 4.11. For Sites 1 (left column) and 2 (right column): percentage of landslide susceptibility classes (low, 
medium, and high) with and without trees; contribution of different tree types to change (%) in landslide 
susceptibility; density (stems/ha) of different species across susceptibility classes.  
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Sites 1 and 2, respectively, suggesting there is great potential for smarter targeting of erosion 

control by decision-makers in land management. The high-resolution spatial information 

provided by the landslide susceptibility map can be used to support the development of 

landslide erosion mitigation measures.  

4.6 Supplementary Material 

 
Figure 4.A1. Boxplot diagrams for numerical variables in landslide susceptibility model showing differences in 
median and interquartile range for landslide presence and absence (5x) for the two different sampling approaches 
(all vs 2xED). N= Landslide absence points; Y = Landslide presence points. 





https://doi.org/10.1016/j.ecoleng.2022.106676
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From a sediment mitigation perspective, both potential landslide source areas and mobilisation 

of sediment from source to channel need to be assessed to support targeted erosion control 

through tree planting. In general, targeting mitigation actions to critical source areas greatly 

increases the cost-effectiveness of measures (Doody et al., 2012; McDowell, 2014; McDowell 

et al., 2018). Cislaghi and Bischetti (2019) proposed a modular approach to couple slope 

stability modelling and connectivity. Similar methods have been used for modelling sediment 

delivery from debris flows (Burton and Bathurst, 1998), surface erosion (Najafi et al., 2021b; 

Poeppl et al., 2019; Zhao et al., 2020), and large wood recruitment to streams (Lucía et al., 

2015; Rigon et al., 2012). These approaches adopt either physical or statistical models to predict 

slope stability, followed by a prediction of run-out length to determine the degree of 

connectivity. While landslide connectivity models have been categorised by various authors 

(e.g., Rickenmann 2005b, Cislaghi and Bischetti 2019, Najafi et al. 2021a), the most common 

methods use either a limiting criterion (e.g., involving critical slope and deposition zone; e.g., 

Bathurst et al., 1997 or Dymond et al., 2006), or some variation of an empirically fitted 

relationship between landslide volume and runout length (e.g., Cislaghi and Bischetti, 2019), 

which may be extended to include additional factors influencing run-out distance such as travel 

angle or fall height (Bessette-Kirton et al., 2020; Corominas, 1996). Other approaches to 

identify erosion source and deposition areas include the use of repeat digital elevation models 

(Croke et al., 2013; Heckmann and Vericat, 2018; Scheip and Wegmann, 2022), mathematical 

graph theory (Heckmann and Schwanghart, 2013), and a two-parameter friction model 

(Wichmann et al., 2009). 

The index of connectivity (IC) developed by Borselli et al. (2008) and further developed by 

Cavalli et al. (2013) has been widely adopted. Najafi et al. (2021a) reviewed the IC and 

discussed its limitations, which relate to the interpretation of the index as well as the lack of 

quantitative validation. However, the IC has been successfully used as a predictor of muddy 

flood-affected sites (de Walque et al., 2017) and sediment transfer between sediment sources 

(e.g., landslides, debris flows, sheet, and rill erosion) and water channels (e.g., Najafi et al. 















Chapter 5 

152  

 

potential increases in SDR through surface runoff erosion post rainfall event (Xiong et al., 

2022). In addition, we compute sediment yields for the landslide triggering event, assuming 

soil bulk density is 1.4 t m-3 and an average scar depth of 1 m (Crozier, 1996). 

 

Figure 5.2. Insert A: Stream network and TWI-based sinks set using percentiles from the distribution shown in Insert 
B; Insert C: Number of landslide scars connected (1) and unconnected (0) based on intersection of landslide deposits 
with respective sinks. 

Explanatory variables 

The most common approach for estimating sediment delivery from landslides to streams is 

to develop empirical relationships between soil volume and run-out distance, which may be 

further refined by considering the vertical drop (Rickenmann, 1999).  Therefore, an important 

explanatory variable that determines runout-distance is the initial soil-involved landslide 

volume (Cislaghi and Bischetti, 2019; Corominas, 1996; Crozier, 1996). We include landslide 

scar area (ScarArea) as an explanatory variable in the models. Scar area is a reasonable 

substitute for volume, since shallow landslides tend to have small depth to area ratios (Betts et 

al., 2017). To test the influence of multi-source landslide deposits on the mobility of sediment 

material, we also include the total area of all scars (SumScAr) contributing to any given 

landslide deposit as a second variable related to the volume of source material.  
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estimates across the 100 models as well as the estimates of the best performing model are shown 

in Figure. 5.A1 (Supplementary Material). 

 
Figure 5.4. Insert a): Heat-map displaying the inclusion rate of variables for all 6 connectivity targets including the 
scar size variables. The numbers indicate how often variables were selected for the models out of 100 estimates. 
Note that the sum of scar area is the only variable included consistently across all connectivity targets. Darker 
colours show variables selected more frequently. Grey boxes with a dash indicate which variables were never 
selected for the models. Insert b): Heat-map displaying estimates of coefficients (median of non-zero estimates) for 
all six connectivity-targets. Grey boxes are equivalent to coefficients of zero and were never selected for the models. 

Model performance of the 100 repetitions using 10-fold cross-validations was very good for 

the scar-size models, and generally decreased with increasing size of the connectivity target, 

from a median AUROC of 0.87 for Streams to 0.81 for TWI-p.75 (Figure 5.5a). This means the 

models were best at classifying landslides as connected or unconnected when the 5 m buffered 

stream network was set as the connectivity target. It may reflect the importance of the combined 

scar size (SumScAr) in determining connectivity to streams and the lack of connectivity of 

individual scars. While only 150 of 571 landslides (26%) with 1:1 scar-desposit ratio connected, 

396 of 985 (40%) with converging landslide deposits connected to target.  

Model performance was further evaluated for the best of the 100 models considering both 

model fit and predictive skill. Model fit was excellent across all six scar-size models, with 

AUROCs ranging between 0.81 and 0.88, which corresponds to a maximum accuracy of 81.6% 

(Streams) and 75.7% (TWI-p.80; Figure 5.6). Predictive skill is shown in the boxplots in Figure 

5.6. While AUROC scores are generally high, a small number of train-test iterations resulted 
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in low AUROC scores causing large variation in predictive skill. TWI-p.80, TWI-p.90 and TWI-

p.95 show the greatest variation in AUC, which points to greater uncertainty with these models. 

Yet in all but 4 of the 60 train-test iterations, cross-validation results across all six scar-size 

connectivity models had scores >0.75, which suggests these models can predict sediment 

delivery with a fair degree of certainty (Safari et al., 2016). 

Variation in coefficient estimates is another indication for robustness in model fit, which 

was greatest for the scar size variables, as well as DisOvrlnd and VDis (Figure 5.A2) However, 

these are the variables with the highest inclusion rate, which likely impacts on the variability 

of coefficient estimates. Along with the scar size variables, these two distance variables were 

the most important in terms of effect size. TPI had both a high inclusion rate in the TWI-based 

models and low variability in the estimates of effect size. The red dots in Figures 5.A2 and  

5.A3 signify the coefficient values used in the best-ranked models used for spatial predictions. 

 
Figure 5.5. Model performance (AUROC) by a) scar-size connectivity models and b) morphometric connectivity 
models for each of the targets. Boxplots include 100 model repetitions, each with 10-fold cross-validation. 
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Figure 5.6. ROC plots for best of 100 models including scar size variables based on six different connectivity targets. 
The grey dashed lines are ROC-curves based on validation using 10-fold CV. The red dashed line is the ROC curve 
based on model predictions of entire unbalanced dataset (2002 scars). Maximum accuracy is calculated using the 
cut-off that renders the highest accuracy for the entire dataset.  

5.3.2 Morphometric Landslide Connectivity Models  

The morphometric landslide connectivity models isolate the role of local topography in 

determining sediment connectivity. The result of removing the two scar size variables 

(ScarArea, SumScAr) promotes the importance of all fourteen morphometric variables included 

in the models. The inclusion rate is overall high, with Northernness, TPI, Gradient, VDis, 

DisOvrlnd, and VRM most often selected across all six targets (Figure 5.7a). TWI, Slope, 
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GradientDif, and LogFA were included less often and when included had small coefficient 

estimates. In terms of effect size, VDis, DisOvrlnd, Northernness and Gradient were the most 

important variables in determining connectivity (Figure 5.7b). 

 
Figure 5.7. Insert a): Heat-map displaying the inclusion rate of variables for all 6 connectivity targets excluding the 
scar size variables. The numbers indicate how often variables were selected for the models out of 100 estimates. 
Note that the exclusion of scar size variables increases inclusion rate of morphometric variables. Darker colours 
show variables selected more frequently. Grey box with a dash indicates the variable was never selected for the 
models. Insert b): Heat-map displaying estimates of coefficients (median of non-zero estimates) for all six 
connectivity-targets. The grey box is equivalent to a coefficient of zero and was never selected for the models. 

However, the removal of scar size variables comes at a cost in terms of model performance 

(Figure 5.5b), which is to be expected given the importance of these variables in the scar-size 

models. Across the 100 repetitions, the Streams connectivity model performed best, with a 

median AUROC of 0.75. The TWI-based models performed less well, with median AUROC 

ranging between 0.67 and 0.69. Of the 100 repetitions, the best-performing Streams 

connectivity model had a model fit with an AUROC of 0.76 and accuracy of 75.7% (Figure 

5.8). Of the six models, the TWI-p.75 connectivity model reveals the worst model fit with an 

AUROC of 0.67. The remaining four TWI connectivity models have an AUROC of 

approximately 0.70. In terms of predictive skill, the Streams connectivity model outperforms 

the five TWI models with a median AUROC of 0.77 from 10-fold cross-validation. The range 

in AUROC from 0.67 to 0.84 suggests potential for both good and poor predictions. Of the TWI 

connectivity models, the TWI-p.80 model shows greatest predictive skill with a median 
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AUROC of 0.72. However, three of ten folds tested poorly (<0.66), which indicates high model 

uncertainty for predictions of connectivity. 

As with the scar-size connectivity models, the greatest variation in effect size is found with 

DisOvrlnd and VDis (Figure 5.A3). The least variation is found in the morphological TWI-p.90 

connectivity model. However, this is explained by the well-balanced dataset of connected to 

unconnected landslides (Table 5.2), which means resampling from the unconnected would 

result in very similar datasets across the 100 model runs compared to the other five targets used. 

This approach is still meaningful in that it is much like a repeated cross-validation (100 x 10-

fold CV). DisOvrlnd is the most important variable for predicting connectivity to Streams and, 

while still important for the TWI-models, its effect is less pronounced. As with the scar-size 

connectivity models, north-facing slopes are generally more likely to connect to water ways 

than south-facing slope. This may be due to topographic differences and variation in soil 

properties that influence properties such as clay content. 
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Figure 5.8. ROC plots for best of 100 models including only morphometric variables based on six different 
connectivity targets. The grey dashed lines are ROC-curves based on validation using 10-fold CV. The red dashed 
line is the ROC curve based on model predictions of entire unbalanced dataset (2002 scars). Maximum accuracy is 
calculated using the cut-off that renders the highest accuracy for the entire dataset. 

5.3.3 Quantifying the Reduction of Sediment Delivery at 

Farm Scale 

The spatial predictions of landslide connectivity were reclassified into three classes using 

probability thresholds. These were obtained by ranking all connected scars (Table 5.2) in 

descending order and extracting the probability values at the 80th and 95th percentiles. Thus, 
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