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DISSERTATION FORMAT 

This dissertation is comprised of the three stand-alone studies attached in the appendices 

as manuscripts for submission to peer-reviewed journals. The abstract that summarizes the major 

findings of the three studies is given first. What follows is the introduction which provides the 

background and hypothesis of the problems. The Present studies section offers details of the 

background, objective, results and main conclusions of each individual study.  
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ABSTRACT 

The presented three studies attempted to enhance our understanding of the evolution of stony 

hillslope in drylands. Multi-temporal terrestrial LiDAR scans were conducted at six positions 

around stony plots (2 × 6.1 m2) with three slope treatments (5%, 12%, and 20%, two replications 

for each slope treatment) through 22 simulated rainfall applications. The first study examines the 

potential use of terrestrial LiDAR scanner to measure erosion on small plots at high resolutions. 

With the aid of fixed reference controls in the form of concrete target surfaces of varying 

roughness, registration accuracy was better than 1 mm and the mean level of change detection 

was less than 2.2 mm. Comparisons between the erosion mass estimated from LiDAR scans and 

from runoff samples suggest that using the LiDAR to monitor soil erosion at the plot scale is 

feasible, and provide guidance about the level of accuracy one might expect in doing so, and the 

number of scan positions could be reduced to three while not significantly impacting the 

volumetric change estimations. The second study investigates the effects of DEM interpolation 

and interpolation methods on quantification of soil surface roughness. DEMs errors tended to 

increase after the surfaces evolved to a rougher state and when a coarser resolution was used. 

Comparisons between the random roughness calculated from LiDAR point cloud directly and 

from LiDAR-interpolated DEMs showed that DEMs generated from LiDAR underestimated soil 

surface roughness and are ineffective for tracking changes in soil surface roughness over time 

and that LiDAR point cloud data must be used instead on the present scale. The third study 

tracks the spatiotemporal evolution of soil surface roughness on stony plots. Roughness indices 

including random roughness (RR), fractal dimension and generalized fractal dimension, were 

calculated from LiDAR point cloud directly. Surface roughness showed an increasing trend as 

the rainfall simulation proceeded, and the steeper slope resulted in greater surface roughness. 
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Both the increase of surficially exposed rocks and the formations of erosion features, e.g., rills 

and depressions, contributed to the spatiotemporal variations of soil surface roughness. Results 

also showed that the fractal dimension was not a good indicator of soil surface roughness, but 

rather was an index of the form of the surface. Crossover length was a measure of roughness at a 

scale of a few millimeters, while random roughness was a measure of elevation variation on the 

scale of the length of the transect measured, and thus encompassed larger morphological features 

including rills. We also established a new method for analyzing multiple fractals that 

characterized the heterogeneity of soil surface roughness. These results improve our 

understanding of the evolution of semiarid stony hillslopes. 
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INTRODUCTION 

 On semiarid hillslopes, soil erosion occurs by processes of soil splash from raindrop 

impacts and sediment entrainment by surface water flows (Nearing et al. 1999). Due to the 

preferential detachment and transport by water flow, finer and more transportable materials are 

selectively removed, armoring the remaining surface with coarse elements (Nearing et al. 1999, 

2005, Giménez and Govers 2001, Gómez et al. 2003, Willgoose and Sharmeen 2006, Rieke-

Zapp et al. 2007, Sharmeen and Willgoose 2007). This evolution process is defined as erosion 

pavement or armoring that more coarse rock fragments accumulate on the hillslope surface than 

that of the original soil as a result of removal of finer soil (Shaw 1929, Abrahams and Parsons 

1991). As hillslope surface evolves spatially and temporally that induced by water erosion, the 

evolved microtopography, in turn, will alter the hydrological and hydraulic behaviors of overland 

flow. Spatiotemporally changing hydrological and hydraulic patterns, then cause continual 

changes in erosion patterns on hillslopes. Hence, a feedback loop between the erosion, water 

flow hydraulics and surface microtopography is expected (Lei et al. 1998, Giménez and Govers 

2001, Gómez et al. 2003). Most previous research studies have been concentrated on the 

empirical relationships between microtopography (e.g. surface roughness, surface stoniness) and 

erosion rate, while less on how surface microtopography evolves in response to erosion, how the 

evolved microtopography then alters erosion process (Sharmeen and Willgoose 2007), and rarely 

on the potential final stage where surface microtopography might evolve. 

Since erosion potential is generally greater on the steeper slope, the erosion-induced rock 

cover is positively correlated to slope gradients in many semi-arid environments. Survey of 

spatial distribution of surface rock along catenas in semiarid Arizona and Nevada was conducted 

by Simanton et al. (1994), and they found a logarithmic relationship between rock fragment 
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cover and slope gradient, that greater rock cover associated with steeper parts of the hillslopes. 

Similar findings were also reported by Nearing et al. (1999), Poesen et al. (1998) and Van 

Wesemael et al. (1996). Erosion pavement promotes rock to accumulate on hillslope surface, 

consequently motivates the evolutions of surface physical roughness and hydraulic resistance, 

and hence in return alters erosion patterns.  

Nearing et al. (2005) put forward a hypothesis of slope-velocity equilibrium that, due to 

the greater preferential erosion on steeper slope, the resultant rougher surfaces then will impose 

retarding effects on overland flow velocity to balance off the accelerating effects of slope 

gradient, leading to the independence of water flow velocity over slope gradient. This hypothesis 

came from his previous investigations of erosion both on plot and watershed scales (Nearing et 

al. 1999, 2005). In his hypothesis testing study (Nearing et al., 2017), a series of rainfalls were 

simulated on small plots with three slope treatments. The total applied rainfall volume for each 

surface ranged from 1400 to 2240 mm to account for medium-term (ca. 10 years) rainfall effects. 

Surface elevations were measured by a laser device along three transects across the plots for 

assessing soil surface roughness using the random roughness index, and rock covers were 

measured using a pointer method at 300 points on a 20 by 20 cm grid. The final surface random 

roughness was slope dependent, that the steeper the slope, the greater the random roughness. The 

final mean flow velocities on different slopes displayed slope independent. The theory of slope-

velocity equilibrium is well established and evidenced in Nearing et al. (2017). However, given 

the limited transect measurements, the results and the theory of slope-velocity equilibrium would 

benefit from more dense surface elevation measurements, such as using terrestrial LiDAR.  

Terrestrial LiDAR scanning (TLS) has been recognized as an effective surface mapping 

technique. The application of TLS has rapidly increased in geoscience research for applications 
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to various scales because of its potential to provide highly accurate and dense terrain elevation 

data (Eitel et al. 2011, Orem and Pelletier 2015, Vinci et al. 2015, Neugirg et al. 2016, Stenberg 

et al. 2016, Fey and Wichmann 2017, Goodwin et al. 2017, Liu et al. 2017). Three primary 

advantages of TLS are the ability to measure an area of interest without contacting the surfaces 

of the investigated site, which is favorable for soil surface change detection (Eltner and 

Baumgart 2015), the capability of measuring physically inaccessible research areas (Abellán et 

al. 2011, Fey and Wichmann 2017), and time-savings for obtaining detailed terrain information 

(Stenberg et al. 2016). However, once the LiDAR is employed to sample the surface elevations 

on small plots, several hypotheses need to be addressed:  

1. Whether the LiDAR technique can be used to measure the erosion on small-scale 

plots? Previous studies into the detection of surface changes due to erosion via LiDAR have been 

reported. However, the feasibility of using LiDAR to accurately quantify surface changes on 

small erosion plot has not been tested. If possible, what level of accuracy LiDAR can be used to 

measure erosion on small stony plots should be determined. Also, inasmuch as the occlusion 

effects that induced by the exposed rocks, scans from multiple scanning positions have to be 

conducted such that scans compensate each other to achieve a complete representation of the 

target surface. However, increase in the number of scanning positions will increase the 

workloads, there should be a balance between the number of scanning positions and the accuracy 

of estimates of the eroded volumetric changes.  

2. How can we use the LiDAR products to quantify the soil surface roughness (SSR) and 

track the temporal variations of SSR? One of the common methods is interpolating the LiDAR 

point cloud to gridded DEMs which quantifications of SSR are conducted on. Previous studies 

on large scales have demonstrated that both the interpolation method, DEM resolution and 
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terrain characteristics will impose effects on the quality of DEMs. It can be anticipated that the 

SSR estimations based on LiDAR-interpolated DEMs will be affected by these three factors as 

well. However, how these three factors ultimately affect the quantifications of SSR has not been 

studied. If the uncertainties or errors introduced during the interpolation process are sizable 

enough to mask the true surface changes, LiDAR point cloud data hence must be used directly.  

3. How the SSR of stony surface spatiotemporally evolves under the simulated rainfalls? 

The accumulated rocks due to the preferential erosion of fine materials, unlike soil aggregates 

that would experience breakdown during rainfalls, may increase the SSR by pedestalling or 

protruding from the surface. However, relatively little is known about the temporal and spatial 

evolution of SSR on stony surfaces. Since the random roughness index is unable to account for 

the spatial properties of surface microtopography and the surface microtopography may display 

multiple fractal characteristics, index rather than random roughness index alone should also be 

calculated and compared.  

This study was therefore conducted in three parts. The first study aimed to examine the 

feasibility of TLS to measure water erosion on small scales. The second study investigated the 

effects of interpolation method, surface characteristics and DEM resolution on the quantification 

of SSR. The third study attempted to use the TLS point cloud directly to track the spatiotemporal 

variations of SSR on the stony surface using multiple SSR indexes. The overall goal of this work 

was to enhance our understanding of the evolution of stony hillslope in drylands.  
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PRESENT STUDY 

Study 1  

Terrestrial LiDAR scanning (TLS) has been widely used to detect terrain elevation 

changes on large scales in order to monitor soil erosion. However, the feasibility of using TLS to 

accurately quantify surface changes on small erosion plot has not been tested. On hillslopes in 

semiarid landscapes, abundant rocks accumulate as the result of erosion pavement (Shaw 1929, 

Abrahams and Parsons 1991). Those rock covers can create occlusion effects during TLS data 

acquisition. Bare surface soil behind rock elements is difficult to sample when a single TLS scan 

is conducted, resulting in missing data (Becker et al. 2009, Wang et al. 2011). To minimize the 

amount of missing data due to occlusion, it is necessary to collect scans from multiple positions, 

and then merge them to attain a full terrain representation (Perroy et al. 2010, Liu et al. 2017). 

However, increase in the number of scan positions will increase data acquisition efforts, data 

storage, and computational time (Yilmaz and Uysal 2016). The number of scan positions should 

be designed to minimize the efforts needed to acquire and process data while minimizing 

occlusions in order to ensure the preservation of the important terrain features without sacrificing 

the accuracy level (Soudarissanane et al. 2011, Shen et al. 2016).  

The main objective of this study was to determine to what level of accuracy TLS can be 

used to measure erosion on small stony plots. We hypothesize that the TLS is a promising tool to 

monitor erosion on small plots and its performances will vary depending on erosion magnitude 

and slope gradient; and the number of scan positions required to accurately estimate volumetric 

erosion can be optimized. We tested the hypotheses using a rainfall simulator to apply 11 rainfall 

events on 12 m2 soil plots with three slope treatments (20%, 12% and 5%). TLS scans were 

conducted from six positions around the plots before each rainfall simulation and at the end of 
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the last simulation of each slope treatment. Surface elevation changes were quantified for each 

simulation by comparing successive TLS scans through the Multiscale Model to Model Cloud 

Comparison (M3C2) algorithm that implemented in the CloudCompare software. The TLS-

derived erosion mass of each rainfall event by using both the soil bulk density and sediment 

density was then compared with runoff sediment data to determine the accuracy of the TLS 

measurements.  

The registration procedure, registration error estimation, LOD, cell size chosen for 

volumetric estimations, and density measurements for mass estimation ultimately affect the final 

interpretations of TLS derived products. Though comparisons with runoff sediment data 

indicated the TLS could be a promising tool for quantifying erosion at the plot scale, however, 

the data acquisition and processing should be treated with care. Due to the lower magnitude of 

erosion at the 5% slope, small surface changes were more difficult to be distinguished from the 

measurement uncertainty, which will restrict the reliable interpretations of TLS at low levels of 

erosion. Therefore, for lower erosion rates, one may need to monitor for a longer period of time. 

At the 20% and 12% slopes with higher erosion magnitudes, six positions were sufficient for 

volumetric change estimations, and the scan number may be reduced from 6 to 3 or 4 at the scale 

of this study. Elevating the scanner position was found favorable for volumetric estimations. We 

also address the benefits of using stable unchangeable areas for registration procedures as well as 

the associated errors, and the importance of selection of grid cell size and density measurement 

for accurate erosion estimations.   
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Study 2 

One method usually employed to utilize TLS measurements for quantifying SSR involves 

generating digital elevation models (DEMs) by spatially interpolating the TLS point cloud and 

then estimating the SSR based on the gridded, LiDAR-interpolated DEMs.  However, the 

interpolation method, resolution and terrain characteristics have been found to impose effects on 

the quality of DEMs. It can be anticipated that the SSR estimations based on LiDAR-interpolated 

DEMs will be affected by these three factors as well. However, how these three factors 

ultimately affect the quantifications of SSR has not been studied. If such effects exist, the 

estimations of temporal variations of the SSR would likewise suffer uncertainties when the 

LiDAR-interpolated DEMs are utilized. Unlike at the large scale, the magnitudes of SSR and 

SSR variations on small plots usually are at the order of centimeters or sub-centimeters (Darboux 

et al. 2001, Nouwakpo et al. 2016) and potentially affected by the qualities of DEMs whose 

uncertainties are of the same order; Moreover, since SSR plays an important role in hydrological 

erosion models and the temporal variations of SSR are usually related with rainfall amounts or 

tillage practices, the uncertainty of the estimations of SSR and SSR temporal variations could 

impair model performances.  

The main objective of this study was to investigate the effects of interpolation methods 

on the estimations of SSR and SSR temporal variations on small plots. We hypothesized that the 

interpolated surface would be smoother because of the interpolation process, leading to SSR 

estimations from LiDAR-interpolated DEMs that are lower than those directly calculated from 

LiDAR point cloud. Also, as the actual surface changes (in this case the surface become rougher) 

due to erosion, the resultant change in DEM uncertainties may mask the true SSR changes, 

resulting in misleading SSR variation trends. We tested the hypotheses by using rainfall 
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simulator to apply rainfall events on 12.2 m2 soil plots with two slope treatments (20% and 

12%).  TLS scans were conducted from six positions around the plots. For each surface, six 

scans were first registered to obtain a unified TLS point cloud and then generated into DEMs 

with resolution of 10 mm and 5 mm by using Inverse Distance Weighting (IDW), Natural 

Neighbors (NN) and Universal Kriging (UK) interpolators that were implemented in ESRI 

ArcGIS 10.5. Random roughness index (RR) was calculated based on the LiDAR-interpolated 

DEMs and TLS point clouds directly, and then compared.  

The results showed that the quality of interpolated DEMs is dependent on the selection of 

interpolation method, surface roughness status and choice of resolution. Due to the smoothing 

effects of interpolation method and the loss of elevation information between the adjacent 

gridded points, the interpolated DEMs underestimated the RR, and those underestimations were 

greater when the surface evolved into rougher stages, masking the true surface elevation changes 

and leading to underestimated or wrong estimations of temporal RR variations. Therefore, once 

the point cloud is utilized for generating DEMs, the quality of interpolated DEMs and associated 

DEM-derived parameters should be treated with cautions in order to avoid misinterpretation of 

the surface processes.  
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Study 3 

On semiarid hillslopes with stony soils, rock fragments accumulate as the result of 

erosion through the process of preferential erosion of fine materials, often creating a rock 

pavement surface. Once erosion pavement develops, the accumulated rock fragments, unlike soil 

aggregates that experience breakdown during rainfall, may increase the soil surface roughness 

(SSR) by pedestalling or protruding from the surface (Van Wesemael et al. 1996). The erosion-

induced increased SSR is then expected to impose greater resistances to retard flow velocities, 

and hence reduce the erosion potential and change erosional patterns. Relatively little is known 

about the temporal and spatial evolution of SSR on stony surfaces.   

The present research aimed to investigate the spatiotemporal SSR evolution of stony plots 

under simulated rainfall with highly dense surface elevation measurements and multiple 

roughness indices based on the soil surface spatial properties. Therefore, terrestrial LiDAR 

(TLS) measurements were conducted to sample the soil surface morphology at high resolutions 

in the rainfall simulation experiments of Nearing et al. (2017). Random roughness indices and 

fractal dimensions were then employed to investigate how the SSR of stony soil responded to the 

simulated rainfalls. In order to investigate the soil surface complexity in a thorough way, 

multiple fractal analyses with the use of a new probability function were also conducted. 

The present study investigated the surface roughness evolution of stony plots with the aid 

of LiDAR. Our results showed the steeper slope evolved to greater surface roughness and 

heterogeneity degree as quantified by RR, fractal dimension and the crossover length, and 

multiple fractal analysis, which supported the findings of Nearing et al. (2005) that the steeper 

slope would evolve to a rougher soil surface. The increased irregularity and roughness over 
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rainfalls was resultant from both the cumulative rock cover due to the selective erosion, and the 

formation of erosional features, e.g., rills and depressions.  

 The RR index was shown to be a good estimator in discriminating roughness level of 

given rain sequence. Fractal analysis was also conducted to tackle the drawbacks of RR that 

neglect the spatial correlation of roughness elements. Fractal dimension and crossover length 

provided supplementary information about the spatial organization of the roughness elements.  In 

order to investigate the entire soil surface complexity, multiple fractal analysis (MFA), with a 

new probability function, was also conducted. The parameters derived from MFA, especially the 

MI, enabled us to provide quantitative measures of surface heterogeneity. Compared with single 

fractal analysis, MFA studied the surface complexity more fully and fewer computation efforts. 

We therefore believe that the MFA introduced in the present study is a promising tool to 

characterize soil surface roughness. Further research should focus on relating the parameters 

from MFA with water flow hydraulics in order to incorporate these parameters into erosion 

models.    
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Abstract 

Terrestrial LiDAR scanning (TLS) technology is used to detect terrain elevation changes 

in order to monitor soil erosion. This study examines the potential use of terrestrial LiDAR to 

measure erosion on small plots at high resolution. Multi-temporal TLS scans were conducted at 

six positions around plots (2 × 6.1 m2) with three slope treatments through 11 simulated rainfall 

applications. Surface elevation changes were quantified by comparing scans between rainfall 

simulations, and elevation changes greater than the level of detection were used to obtain 

volumetric change estimations. Erosion mass was estimated both by using soil bulk density and 

the density of sediment collected in runoff, and then compared to the erosion estimated from the 

runoff samples. Results showed: 1) with the aid of fixed reference controls in the form of 

concrete target surfaces of varying roughness, registration accuracy was better than 1 mm and 

mean level of change detection was less than 2.2 mm; 2) the TLS-estimated erosion accuracy 

was affected by erosion magnitude, and grid size of 10 mm was found to be appropriate for this 

scale to estimate the volumetric changes; 3) the number of scan positions could be reduced to 

three while not significantly impacting volumetric change estimations; and 4) elevating the 

scanner resulted in much better accuracy for eroded mass estimations. This study suggests that 

using the LiDAR to monitor soil erosion at the plot scale is feasible, and provides guidance about 

the level of accuracy one might expect in doing so.  

Keywords: LiDAR, small plot, level of detection, scanning number, soil erosion 

1 Introduction 

Soil erosion has been identified as a serious environmental threat and a major driver of 

land degradation in many semiarid lands, affecting the functioning of plant communities, 

depleting soil biodiversity, disrupting the ecosystems and impairing forage productions 
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(Pimentel, 2006). Quantifying soil erosion rates is useful for assessing ecosystem health, making 

land management decisions and evaluating the effectiveness of erosion control practices. One 

common method for quantifying erosion is based on sediment collection. By collecting sediment 

at the outlets of erosion plots or watersheds, the mass of eroded sediment per area can be 

determined (Eltner and Baumgart, 2015). However, composite sediment samples are inadequate 

for capturing spatially distributed erosion and deposition information (Nouwakpo et al., 2016; 

Rengers and Tucker, 2015). The lack of high-resolution data for quantifying surface changes 

hinders the understanding of spatially distributed erosion process along hillslope (Zhang and 

Cundy, 1989). In semiarid watersheds, vegetation is often patchy (Nearing et al., 2005), runoff 

generating precipitation events are of short duration (Goodrich et al., 2008) and soils are 

heterogeneous (Osterkamp, 2008). For these reasons, hydrological connectivity tends to be poor 

at the hillslope scale. The discontinuous nature of runoff highlights the necessity of acquiring 

highly detailed measurements in order to quantify spatially distributed changes on eroded 

surfaces. Moreover, high spatial and temporal resolution measurements are essential for 

developing and calibrating physical based erosion and transport models (Huihui et al., 2016).  

Terrestrial LiDAR scanning (TLS) has been recognized as an effective surface mapping 

technique. The application of TLS has rapidly increased in geoscience research for applications 

to various scales because of its potential to provide highly accurate and dense terrain elevation 

data (Eitel et al., 2011; Fey and Wichmann, 2017; Goodwin et al., 2017; Liu et al., 2017; 

Neugirg et al., 2016; Orem and Pelletier, 2015; Stenberg et al., 2016; Vinci et al., 2015). Three 

primary advantages of TLS are the ability to measure an area of interest without contacting the 

surfaces of the investigated site, which is favorable for soil surface change detection (Eltner and 

Baumgart, 2015), the capability of measuring physically inaccessible research areas (Abellán et 
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al., 2011; Fey and Wichmann, 2017), and time-savings for obtaining detailed terrain information 

(Stenberg et al., 2016).  

On hillslopes in semi-arid landscapes, fine materials are selectively removed through 

preferential detachment and transport by water flow, which often results in armoring of the 

remaining surface with rock fragments (Nearing et al., 2005, 1999). This increase in surface rock 

cover is referred to as erosion pavement (Shaw, 1929; Abrahams and Parsons, 1991). Data 

acquisition on stony surfaces remains challenging. Abundant rock cover can create occlusion 

effects during TLS data acquisition. Bare surface soil behind rock elements is difficult to sample 

when scanned by a single TLS scan, resulting in missing data (Becker et al., 2009; Wang et al., 

2011). Slope steepness also creates these occlusion effects (Gutjahr and Raggam, 2003). To 

minimize the amount of missing data due to occlusion,  it is necessary to collect scans from 

different angles, and then merge them to attain a full terrain representation (Liu et al., 2017; 

Perroy et al., 2010). Hence, the scans complement each other to minimize the data occlusions. 

However, increasing the number of scan positions will increase data acquisition efforts, data 

storage, and computational time (Yilmaz and Uysal, 2016). The number of scan positions should 

be designed to minimize the efforts needed to acquire and process data while minimizing 

occlusions in order to ensure the preservation of the important terrain features without sacrificing 

the level of accuracy (Shen et al., 2016; Soudarissanane et al., 2011). Because all of the points in 

the different TLS scans do not provide equally valuable information for representing the terrain 

surface, there is a balance between the number of scan positions and accurate and efficient 

representation of the scanned surface. For example, Goodwin et al. (2017) studied two gullies 

and found that the number of TLS scan positions required to accurately represent them could be 

reduced from 50 to 20 and 36 to 17 to generate the desired DEMs, thus reducing field workloads.  
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Repeat scans of an area of interest will allow for surface comparison to quantify the 

spatially distributed elevation changes at high resolution. One common method used for this is 

by gridding TLS point clouds to generate digital elevation models (DEMs), followed by using 

map algebra on the gridded DEMs, wherein elevation changes are calculated at a grid-cell scale 

(often called DoD) (Wheaton et al., 2010). Another approach is to convert reference point clouds 

into triangular meshes, and then calculate the distance from points to the meshed surface (often 

called C2M ) (Girardeau-Montaut et al., 2005). The above two methods require gridding or 

meshing processes that compare TLS point clouds indirectly. An innovative method called 

Multiscale Model to Model Cloud Comparison (M3C2) was introduced by Lague et al. (2013) to 

measure the changes of point clouds in the normal direction. Compared with indirect point cloud 

comparison methods, such as DoD and C2M, M3C2 provides the capability to compare point 

clouds directly without gridding or meshing thus avoiding interpolation errors and eliminating 

steps in data processing. The ability of M3C2 to calculate surface changes has been tested by 

Barnhart and Crosby (2013) and Esposito et al. (2017). Fey and Wichmann (2017) further 

improved the algorithm specifically for long-range TLS scanning.  

Uncertainties generated during TLS data acquisition and processing, such as noise and 

misalignment of multiple scans, will propagate into elevation change calculations. Level of 

detection (LOD) is required to be defined in order to separate the “false” elevation changes 

induced by uncertainties from the true elevation change (Goodwin et al., 2016). LOD can be 

simply assigned a fixed value. For example, Goodwin et al. (2016) calculated the LOD based on 

the standard deviation of residual error of the laser scanner compared with control points, and 

used ±0.134 m as LOD. However, assigning a single fixed value as LOD limits the ability to 

capture information at locations with small elevation changes (Fey and Wichmann, 2017). 
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Spatially distributed LODs are often mathematically derived from error budgets. For example, in 

the M3C2 algorithm, the LOD of each point is calculated based on local roughness and 

registration error (Lague et al., 2013). Based on that LOD formula, Fey and Wichmann (2017) 

added a term accounting for the long-range position uncertainty due to the enlargement of laser 

footprint.  

Recent research into the detection of surface changes due to erosion via TLS has been 

reported in various studies. For example, Fey and Wichmann (2017) used TLS to detect surface 

changes on two natural slopes extending from 2300 m to 2600 m a.s.l. with a width of 1.2 km, 

and from 1760 m to 2500 m a.s.l. with a length of 4 km. Goodwin et al. (2016) applied TLS to 

trace the geomorphic change of a gully exceeding 5m depth and 20 m width in Queensland, 

Australia. Using TLS to monitor erosion on a 2000 m2 Mediterranean field plot was reported by 

Eltner and Baumgart (2015). However, these applications are mainly implemented at large 

spatial scales from long hillslopes to watersheds. Studies where TLS has been applied on small 

scales are also reported, though erosion-induced surface elevation changes have not been the 

emphases. Smith et al. (2011) used TLS to investigate the impacts of fine-scale surface 

roughness on flow hydraulic resistance on 6m2 plots in Mediterranean semi-arid catchments. 

Eitel et al. (2011) applied TLS to quantify the surface roughness on 8.5m2 rangeland plots to 

study the effects of TLS-derived roughness on concentrated flow. Nouwakpo et al. (2016) 

compared the performances of TLS and structure-from-motion technique for acquiring soil 

surface microtopography on 12 m2 erosion plots. The feasibility of using TLS to accurately 

quantify surface changes on small erosion plot has not been tested. Historically, small erosion 

plots play a significant role in soil erosion research and they remain the most commonly used 

method for measuring erosion (Loughran, 1989). Many well-established hydrological erosion 
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models are derived from datasets collected on small erosion plots, such as Universal Soil Loss 

Equation (USLE) (Renard et al., 2011), Water Erosion Prediction Project (WEPP) (Nearing et 

al., 1989) and Rangeland Hydrology and Erosion Model (RHEM) (Nearing et al., 2011). 

Examining the feasibility of using TLS on small erosion plots is important for validating and 

improving these hydrologic-erosion models. Moreover, most current TLS applications are 

restricted to a single survey time period. In order to the apply TLS for monitoring erosion, 

multiple scans in both space and time are required.  

The main objective of this study was to determine the level of accuracy to which TLS can 

be used to measure erosion on small stony plots. We hypothesize that the TLS is a promising tool 

to monitor erosion on small plots and its performances will vary depending on erosion magnitude 

and slope gradient; and the number of scan positions required to accurately estimate volumetric 

erosion can be optimized. We tested the hypotheses using a rainfall simulator to apply 11 rainfall 

events on 12 m2 soil plots with three slope treatments (20%, 12% and 5%). TLS scans were 

conducted from six positions around the plots before each rainfall simulation and at the end of 

the last simulation of each slope treatment. Surface elevation changes were quantified for each 

simulation by comparing successive TLS scans. The TLS-derived erosion mass of each rainfall 

event was compared with runoff sediment data to determine the accuracy of the TLS 

measurements. The results will improve our ability to monitor erosion with TLS on semi-arid 

hillslopes. 



 

32 
 

2 Materials and Methods  

2.1 Soil and instrumentation  

Rainfall simulations were conducted on an instrumented, metal-bound, slope adjustable 

box with dimensions of 2 m wide and 6 m long.  The experimental soil was collected from the 

top layer (0 to 15 cm) of a Luckhills-McNeal gravel sandy loam with 52% sand, 26% silt, 22% 

clay and less than 1% organic carbon in the Lucky Hills area located in the Walnut Gulch 

Experimental Watershed (310044’ 34”N; 110003’51” W) (Nearing et al., 2007; Renard et al., 

2008). The soil has low shrink-swell capacity. The collected soil was turned over several times in 

order to mix and homogenize the materials prior to filling the box.  

A computer-controlled rainfall simulator (Walnut Gulch Rainfall Simulator, Fig. 1) 

developed at the USDA-ARS Southwest Watershed Research Center was used in this study 

(Paige et al., 2003). Four VeeJet 80100 nozzles spaced 1.52 m apart were mounted on a single 

oscillating boom for spraying water. By controlling the spray time of nozzles, various rainfall 

rates ranging from 13 to 190 mm h-1 with kinetic energy of 204 kJ ha-1 mm-1 were obtained 

across a 2 by 6.1 m area. Detailed information about Walnut Gulch Rainfall Simulator was 

presented in Paige et al. (2003). Windscreens were set up surrounding the rainfall simulator to 

minimize unwanted rain disturbances by wind.  

A V-shaped flume equipped with an electronic depth gauge was positioned at the end of 

box. Flow depth was recorded with a data logger and then converted to flow discharge rate using 

a pre-calibrated depth-discharge relationship. Runoff rate was also calibrated using a weighing 

bucket technique at various times during the experiment. Runoff samples were collected in 

plastic bottles after runoff was initiated and continued throughout the rainfall simulation.  
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The soil surface was scanned with a RIEGL VZ400 terrestrial LiDAR (www.riegl.com). 

This instrument provides high speed and non-contact data acquisition through a collimated beam 

with a nominal divergence of 0.3 mrad (0.3 mrad corresponds to an increase of 3 mm of beam 

diameter per 10 m distance) (Riegl GmbH, 2012). Because TLS point density is dependent on 

the distance of the TLS sensor to the scanned object, soil surfaces far from the scanner will be 

sampled at lower density than those close to the scanner. Moreover, rock occlusion effects result 

in missing data. Six scan positions were established to maximize the capture of the soil surface 

morphology. Position #1, #5 and #6 were set up with mounting tripod on the ground while #2, 

#3, #4 were on platforms 4 m above the ground (Figs. 1 and 2). Elevating scan positions #2, #3 

and #4 was done to provide favorable viewing angles. Each position was located approximately 

2 m from the soil box to minimize the shadow produced by the instrument. The locations of TLS 

scanner relative to soil box are shown in Fig. 2. When the soil box slope was adjusted, the 

relative heights of scanner to the upper and lower end of box changed. Since the soil box itself 

was an average of 1.5 m above the ground, the relative heights of the scanner in each position 

relative to the center of the soil box were approximately 0.5, 2.5, 2.5, 2.5, 0.5 and 0.5m for 

position 1, 2, 3, 4, 5 and 6, respectively. For all scan positions the scanner was configured to emit 

a pulse at 0.040 increments in the azimuth (0-3600) and zenith (30-1300) direction, resulting in 

one point every 1 mm at a distance of 2 m and every 6 mm at a distance of 8 m. In this paper we 

will use the words “scan set” to refer to a surface survey wherein the TLS scans from all six 

positions were conducted.  

2.2 Experimental procedures  

Applications of TLS in this study were conducted for three slope treatments (20%, 12% 

and 5%). Rainfall was simulated three times for the 20% slope and four times for the other two 
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slopes. Each individual simulation was considered as a single event with continuous rainfall 

application, and rainfall durations varied from 1.5 to 5 hours (Table 1). The entire experiment 

consisted of 11 simulations, which is the term we use to designate a single application of rain.  

Simulations always occurred on separate and subsequent days for each slope treatment. 

For each slope treatment, the box was first positioned horizontally to fill with soil to a 

depth of 20 cm. The soil surface was then scraped with a wooden block to obtain an even 

surface. After the box was filled, the soil surface was covered with a porous cloth, and the 

surface was pre-wet with 35 mm h-1 intensity of rainfall.  This was done to create consistent 

initial moisture conditions for each slope treatment. The box was then adjusted to the designated 

slope (5%, 12% and 20%). The first simulation of each slope treatment was started from low 

intensity (approximately 60 mm h-1), then increased to high intensity (approximately 180 mm h-

1) for most of the simulation time, and then changed to low intensity (60 mm h-1) again. 

Subsequent simulations were started from high intensity (180 mm h-1) for most of the simulation 

time, and then decreased to lower intensity (60 mm h-1) at the end.  Detailed descriptions of the 

rainfall simulation procedures were presented in Nearing et al. (2017). For each slope, TLS scan 

sets were conducted before each simulation and at the end of the last simulation. Surface 

elevation changes that occurred during each simulation were obtained by comparison of 

subsequent scan sets as described in the following sections. Scan sets were made prior to the 

simulation each day, as well as on the following morning after the final simulation for the slope 

treatment. This time interval was made in an attempt to minimize the effects of water on the soil 

surface and water content in the air immediately after simulation for TLS scanning (Heritage and 

Hetherington, 2007).  
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After completing all simulations for a given slope treatment, the top layer of soil to a 

depth of approximately 5 to 10 cm was removed from the soil box and replaced with fresh soil.  

2.3 TLS data processing  

2.3.1 Scan to scan registration  

During scanning, the distance from the scanner to the object is measured by emitting 

laser beams, and the coordinates of objects are recorded in an internal spherical coordinate 

system whose origin is the scanner. Scans from different positions need to be transformed into a 

common external coordinate system from the different internal spherical coordinate systems to 

obtain a composite point cloud. This is accomplished by scan to scan registration (Fan et al., 

2015). A large number of registration methods have been described in the literature, and in 

general they are distinguished as target-based and feature-based (Besl and McKay, 1992; Fan et 

al., 2015; Liu et al., 2017; Shen et al., 2016).  

The iterative closest point (ICP) (Besl and McKay, 1992) algorithm implemented in the 

Riegl RiScan Pro software (http://www.riegl.com/products/software-packages/riscan-pro) was 

applied to register six scans from each survey scan set. Generally prior to implementing ICP, 

rough alignment of the scans is required (Chen et al., 2017). Rough alignment can be achieved 

by finding corresponding features/targets in each scan. In this study, eight control points were 

established around the soil box (Fig. 2) and their coordinates were surveyed with a Trimble R8 

robotic total station. Eight cylindrical reflectors with diameters of 10 cm were set up over the 

control points on survey tripods (Fig. 1). Rough alignment of scans was accomplished by 

matching the corresponding reflectors among the scans. At least three reflectors were required to 
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complete a rough alignment. After rough alignment, the ICP algorithm was run to generate a 

composite point cloud for each scan set.  

2.3.2 Scan set to scan set registration 

The composite point cloud for each scan set was in a unique coordinate system. Point 

clouds were transformed from their individual coordinate systems to a common coordinate 

system during point cloud comparisons in order to detect surface change. This was done through 

scan set to scan set registration.  

ICP implemented in the software CloudCompare1 (http://www.danielgm.net/cc/) was 

used to register point clouds from different scan sets. In this study, six stationary concrete 

squares (45cm × 45cm, Fig.1) with different surface roughness levels were securely attached 

with the soil box. They were defined visually as smooth, rough and very rough, respectively. The 

concrete surface roughness was made by embedding pebbles randomly to mimic the rock 

exposure of the soil surface after erosion. These squares were distributed around the soil box to 

provide stable, unchanging surfaces.  

In this study, we designated three of the concrete squares as “CSR” (signifying “concrete 

surface for registration)” labels for scan set to scan set registrations. The point clouds of the 

CSRs for any two scan sets, e.g., A and B, within a slope treatment were first extracted from the 

6-scan composite point clouds. The transformation matrix that was used for registering scan sets 

B to A was calculated through ICP only using the point clouds of the CSRs. Once the 

transformation matrix was obtained, the positions and orientations of the soil surface point cloud 

of scan set A were fixed and the soil surface points of scan set B were translated and rotated by 

multiplying with the transformation matrix. Thereafter the soil surface point clouds of scan set A 
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and B were ready for comparison. The scan set to scan set registration process was executed in 

the software automatically to minimize the impacts of operator error on registration accuracy. 

2.3.3 Elevation changes calculations 

One of the advantages of TLS to monitor erosion is the ability to reveal the spatial 

surface elevation changes. Surface elevation changes can result from the combined effects of soil 

compaction of raindrops, soil swelling, erosion, and deposition. The soil in this study has low 

shrink-swell capacity and a significant rock cover on the surface after rainfall applications 

(Nearing et al., 2017), hence both soil swelling and compaction is neglected. In other words, the 

changes of surfaces elevations are considered as solely resultant from the erosion and deposition.  

Surface change was estimated by comparing soil surface point clouds generated from 

different scan sets. The M3C2 algorithm introduced by Lague et al. (2013) was applied to 

measure surface elevation changes in this study. The M3C2 algorithm is available in the Cloud 

Compare open source software. The essential parameters of the M3C2 algorithm are normal 

scale (D) and project scale (d). For any given point, k, in the reference point cloud, D is the 

diameter of a modeled disk whose center is k. Points of a reference point cloud that fall in that 

disk were used by the algorithm to fit a plane. The normal vector of this plane is calculated for 

point k. A cylinder with radius d then was defined, of which the axis parallels the normal vector 

and goes through point k. That cylinder will intercept the reference cloud and comparison cloud, 

resulting in two subsets of points, I, J.  After projecting these two subset points on the axis of the 

cylinder, the mean position on the axis of each subset of points is defined as i, j. The length from 

i to j along the axis is the elevation change for point k. In order to optimize the calculations, 

parameter D is suggested to be 20-25 times that of the local roughness scale, and d should be 

smaller than D, and chosen to include a minimum of 20 scan points (Lague et al., 2013).  In this 
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study, D and d were assigned values of 5 cm and 3 cm, respectively, for the soil surface 

elevation change calculations. The parameters were verified to meet the aforementioned 

guidelines.  

2.3.4 Registration error  

Registration error is inevitable during scan to scan and scan set to scan set registrations, 

and is expected to propagate into the data during post-processing. However, it is challenging to 

estimate registration error because it is difficult to distinguish error associated with the mismatch 

of points between the two point clouds from scanning noise, which is a property of individual 

scans. One method for assessing registration error is by evaluating how well the positions of the 

stationary targets or control points, whose coordinates are known, match between scan to scan or 

scan set to scan set. However, the density and arrangement of targets will affect this assessment, 

and moreover, this method presumes that the target center can be identified exactly by the 

scanner, which is not always guaranteed (Fan et al., 2015; Fey and Wichmann, 2017).  Another 

method for assessing registration error, which was applied in this study, is by measuring the 

deviation between two point clouds covering the same stable surface (Fan et al., 2015; Fey and 

Wichmann, 2017).  In this study we used the remaining three of the six concrete surfaces for this 

purpose, designated as “CSREE” (referring to “concrete surface for registration error 

estimation”). One should note that the three stable surfaces, CSR, used in registration process 

(see section Scan set to scan set registration) were not the same as those used for estimating the 

registration errors (Fig. 1)( Lague et al., 2013).  

To estimate registration error, the point clouds of CSREE, e.g., E and F, for any two scan 

sets within a slope treatment, were first extracted from the 6-scan composite point clouds. The 

positions and orientations of the point cloud of E were fixed and the point cloud F was multiplied 
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with the transformation matrix, calculated as described in the section Scan set to scan set 

registration, to obtain a registered scan FR, then the standard deviation of distance between E 

and FR was used as an estimate of the registration error. The distance measurements here were 

also calculated via the M3C2 algorithm, and parameter D and d was 2.5 and 2 cm, respectively.  

2.3.5 Level of Detection (LOD) 

Registration error complicates the change detection process, and may generate false 

detections of changes (Girardeau-Montaut et al., 2005). The crucial component of elevation 

change detection on eroded surfaces is determining the Level of Detection, LOD, for statistically 

separating “true” from “false” changes (Goodwin et al., 2016).  In the M3C2 algorithm, Lague et 

al. (2013) provided a LOD calculation formula for each point with a confidence interval of 95%, 

consisting errors from registration processes and from the effects of local roughness.  

𝐿𝑂𝐷 = ±1.96(registration error + √
𝜎1(𝑑)2

𝑛1
+

𝜎2(𝑑)2

𝑛2
) 

Where 𝜎1(𝑑) and 𝜎2(𝑑) are calculated as the standard deviations of  elevations of the subset of 

points ( I, J ) in the cylinder, and 𝑛1 and 𝑛2 are the number of subset of points in the cylinder 

(see section Elevation changes calculation) (Lague et al. 2013, Esposito et al. 2017). 

2.3.6 Volumetric change estimations 

Once the distance measurements and LOD for each point were obtained, only points with 

significant changes (change is greater than LOD) were used in computing volumetric changes. A 

new point cloud was generated following two steps: finding the point with significant change, 

and assigning that change as the “z value” for each point; finding the point with insignificant 

change, and assigning zero as the “z value” for those points. The new point cloud was projected 
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onto a grid, for each grid cell, the average of the elevation of all point inside the grid ∆H was 

calculated. The volume of each cell was estimated as cell size × cell size ×∆H, and the sum of 

the cells with negative volume values accounted for the eroded volume while the sum of cells 

with positive volume values contributed to deposited volume. In this study six cell sizes, 4 mm, 6 

mm, 8 mm, 10 mm, 12 mm, and 14mm, were tested.  

2.3.7 Scanning position combination 

 In order to test the effects of reducing scan numbers on volumetric changes estimations, 

five combinations of scan positions were used to estimate volumetric changes in comparison 

with the volumetric changes based on all six scan positions. The combinations include: 1) a 

single scan from position #3, which was on the upper end of the box; 2) a single scan at position 

#6, which near the lower end of box; 3) combination of positions #2, #3 and #4, which were 

located on 4 m tall platforms; 4) a combination of positions #1, #5 and #6, which were located on 

the ground and near the lower end of the box; 5) a combination of scanner positions #2, #3, #4 

and #6, which constituted one on each side of plot and one on the upper and lower ends of the 

plot (Fig. 2). The procedures for calculating the volumetric changes were the same as those used 

for the combined set of six scans. A paired t-test was conducted to compare the differences of 

volumetric estimations from different combinations of scan positions. Reported differences were 

based on P=0.05.  

Relative errors which used the volumetric changes estimated from the six-scan composite 

point clouds as references were calculated to assess the accuracy of different scanning 

combinations for estimating volumetric changes. 
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2.4 Calculations of eroded mass  

For each simulation, the eroded mass was estimated both from the TLS measurement and 

the sediment collection method. Hence, the sediment collection method provides an independent 

measurement for determining the accuracy of TLS based measurement of eroded mass.  

 For the sediment collection method, runoff sample bottles were first weighed and oven 

dried in the lab to determine sampled sediment concentration. The eroded mass was then 

calculated using the standard equations and the measured runoff discharge and calculated 

sediment concentration. For the TLS measurement, both soil bulk density and density of 

sediment was used for estimating erosion mass. In this study, before the first simulation of each 

slope treatment, two soil bulk density samples were collected using a Compliant Cavity method 

(Grossman and Reinsch, 2002), one was on the upper part of the box and the other one was on 

the lower part. The averaged density of these six bulk samples was then multiplied with the 

eroded volume calculated from the TLS point clouds. Since the sediment was highly aggregated 

during oven drying, it was challenging to estimate the sediment density directly. Therefore, for 

each simulation, dry sediment from all runoff samples were first lumped for particle size 

fractions analysis. A 200 g soil sample was then synthesized using the soil from soil pile, based 

on the particle size fractions of the lumped dry sediment. The density of this synthesis soil 

sample was estimated and used as a substitute for sediment density, and then was multiplied with 

the eroded volume.  

 Absolute relative errors which used the erosion mass estimated from the runoff samples 

as references (using the sediment density and bulk density) were calculated to assess the 

accuracy of TLS to estimate erosion mass.  
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3 Results and Discussion  

3.1 Registration errors 

The mean and standard deviations of the elevation measurement differences between the 

points covering the concrete squares, CSREE, used for estimating the registration error are 

shown in Table 2. Figure 3 shows histograms of the elevation measurement differences 

calculated within CSREEs for two simulations at 20% slope, as an example. The average 

registration errors were similar for the 20%, 12% and 5% slope with value 0.513, 0.503, and 

0.565 mm, respectively.  

When applying TLS to measure erosion on small stony plots, a number of procedures and 

factors need to be treated cautiously. Of priority is the registration process. Due the nature of 

TLS that point density is range-dependent, and the occlusion effects imposed from rocks, 

multiple scans are necessary for fully representing the terrain surface. As suggested by Fey and 

Wichmann (2017), an ICP algorithm instead of target-based registration method was used in 

present study both for scan to scan and scan set to scan set registration in order to get around the 

problematic complications of recognition of target centers. We do not want to downplay the 

applicability of the target method, but we do suggest that the ability of the method for identifying 

surface change is sensitive to the use of the targets. As mentioned in the Methods section, we 

used cylindrical reflectors with diameters of 10 cm to conduct a rough initial alignment of scans 

for registration. During that process we noticed unwanted disturbances of the tripods that held 

the targets, which in some cases resulted in horizontal and vertical shifts of targets at magnitudes 

of a centimeter, which is unacceptable for aligning multiple scans for quantifying erosion on 

small scales. It would be expected that uncertainty on the order of centimeters when using 

disturbed targets would mask the sub-centimeter surface changes, restricting reliable application 
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and interpretation of TLS. On natural hillslopes, risk of disturbance of targets due to natural or 

human activities is not uncommon if a long period TLS survey is required. Fey and Wichmann 

(2017) also demonstrated the superiority of using ICP algorithms for registration for overcoming 

the uncertainty of target centers due to the difficulties in recognition over long distances. In this 

study, three stable concretes squares (CSRs) were used as basis for ICP registrations and 

positions of these squares were arranged triangularly instead linearly on one side of plot (Fig. 1), 

in order to avoid bias in the registration. This process significantly improved our ability to 

accurately quantify differences between surface elevations. 

Registration error is inevitable during processing TLS data and these errors will 

propagate into point cloud distances measurements. However, estimating registration error is 

quite difficult due to the grouping of registration error and scan noise. In this study, the standard 

deviation of distances of predesign and well-distributed concrete squares is used as a substitute 

for registration error. The three concrete squares used for calculating registration error were not 

equally smooth, but had different surface roughness levels. The main consideration here is that 

registration errors vary for differing roughness of surfaces (Fey and Wichmann, 2017). Solely 

using smooth squares might be insufficient to assess the registration error when the areas of 

interest dynamically change. Registration error is a complex function of various factors, such as 

the TLS instrument and the registration method ( Lague et al., 2013). The changes of incident 

angle due to the differences of slope steepness also might be a factor, because increased scanning 

noise resulting from high incident angle will complicate the registration error (Soudarissanane et 

al., 2011). However, the average registration errors are similar among 20%, 12% and 5% slopes 

and no trends between registration error and slope steepness were seen in present study. 

Identification of such a relationship due to slope steepness is not possible or intended here due to 
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the fact that the slope treatments were not replicated. The fact that we did not see any trend could 

be due to the compensations of each TLS scan position. For example, when slope is lower, the 

lower incident angle of position 3 would balance the greater incident angle of position 6, to some 

extent counteracting any slope effects. How position 3 explicitly interacts with position 6, 

however is unclear and more sophisticated experimental designs would be required to determine 

these interactions, which is beyond the scope of the present research. In addition, natural 

conditions such as the shadows of rainfall simulator legs that result in some scanning noise could 

also blur any slope-registration error relationship.  

3.2 Level of Detection (LOD) 

Mean and standard deviations of LOD for each simulation are shown in Table 3. In 

general, all the LOD values were 2.2 mm or less. There were no consistent differences in mean 

LOD for each simulation among different slope treatments.  

Registration errors that propagate into point cloud distance measurement necessitate the 

separation of false changes from true elevation changes. Without an LOD, portions of assumed 

quantified erosion volume could in fact be due simply to measurement uncertainties. Goodwin et 

al. (2016) estimated the geomorphic changes of a gully with and without LOD, and found higher 

magnitudes of change were indicated without the LOD. They further addressed the importance of 

LOD. The formula to calculate LOD introduced by Lague et al. (2013) has the advantages of 

taking the local surface roughness, point density and registration error into consideration. In the 

study of Lague et al. (2013), the LOD showed a spatial pattern and was not a fixed single value. 

In our experiment there were no consistent differences in mean LOD for each simulation for the 

different slopes due to the combined effects of registration error and local roughness. However, 

the relative contribution of local roughness to the mean LOD for each slope treatment tended to 
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increase as rainfall simulations proceeded (Fig. 4).  We speculate this increasing trend is related 

to soil surface dynamic evolution. Initially, the soil surface before the first simulation was 

relatively flat, hence the local roughness was slight and had little contribution to LOD 

estimation. As the surfaces evolved after several simulations, the surfaces tended to be rougher 

(Nearing et al., 2017), therefore, local roughness would be expected to impose greater effects on 

LOD estimations.  

Other conditions held constant, erosion is expected to be greater on steeper slopes, and 

the evolved surface roughness on steeper slope would be expected to be greater (Nearing et al., 

2017). Fey and Wichmann (2017) already found greater surface roughness resulted in a greater 

LOD, while lesser surface roughness had a smaller LOD. This might explain why the relative 

contribution of local roughness to mean LOD was greater on the 20% slope than on the 12% and 

5% slopes (Fig. 4). The above speculations would need experimental replications to support the 

conclusion, but nevertheless, they imply that the LODs are dynamical and spatially distributed 

values because of the spatiotemporal surface evolutions. Therefore, using a fixed LOD for long-

term dynamic monitoring of water erosion may not be ideal. In the LOD formula introduced by 

Lague et al. (2013), a single registration error is used for each LOD calculation, implying that the 

registration error is uniformly distributed for each surface. Although limitations of using a single 

registration error to calculate LOD are recognized (Fey and Wichmann, 2017), the compromise 

is used routinely because there are no favorable alternatives (Fan et al., 2015). The LOD 

calculation could be improved if a spatially distributed registration error were available.   

3.3 Surface elevation measurement comparisons  

3.3.1 Comparisons with the initial surfaces  
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               Figure. 5 shows how the surface evolved after the first and the last simulation at each 

slope when using point clouds compared with the initial surfaces. At 20% and 12% slope, rills 

were initially developed in the lower half of the soil box, and as erosion continued, the eroded 

rills extended into the upper region of the soil boxes, and thus it appeared that erosion 

connectivity increased. There were apparent changes of the soil surfaces after all simulations 

were completed. At 5%, slope, after four simulations, no obvious rills were developed, but some 

preferential pathways could be visually identified. The surface of the 5% slope evolved more 

slowly than did the other two slopes. That is probably due to the lower erosion potential at 

shallower slope. 

3.3.2 Comparisons between subsequent simulations 

Table 4 shows the mean and standard deviations of all of surface elevation difference 

measurements between each set of subsequent simulations with exclusion of differences less than 

the LOD.  

For each slope, a decreasing mean elevation change as the experiments proceeded 

indicates lesser net erosion rate over time through the experiments (Table 4). That is consistent 

with the measured sediment data (Table 1). As the surface eroded, increase in rock coverage 

occurred due to the removal of finer soil, which served to protect the soil from splash and 

detachment (Nearing et al., 2017). Moreover, in Fig. 5, we see that rills developed in the first 

simulation under slopes 12% and 20%, and upland headcuts developed in the subsequent 

simulations that acted to retard flow velocity, which then decreased the erosion and 

transportation potential. Giménez and Govers (2001) also found that the erosion-induced 

roughness in the rills will decrease the flow velocity. Furthermore, increased roughness results in 

increased surface depressional storage that may have acted to trap sediment on portions of the 
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plot (van Wesemael et al., 1996). The relatively lower erosion magnitude at 5% slope was 

mainly due to the low erosion potential of the shallower slope.  

3.4 Volumetric change estimations  

Significant surface elevation changes that are greater than the LOD were plotted in grids 

to assess the volumetric changes for each simulation. Fig. 6 shows the volumetric change 

estimations for each simulation of three slope treatments using six cell sizes described in the 

Materials and Methods section (4, 6, 8,10, 12 and 14 mm). As the simulation progressed, the 

volumetric changes tended to decrease, and greatest volumetric changes occurred after the first 

simulation, which is consistent with the decreasing trend in elevation changes reported in Table 

4.  

The volumetric assessment showed sensitivity to the grid size, particularly for the smaller 

grid cell sizes. Fig. 6 shows the increasing trend of volumetric estimations as a function of grid 

size. The differences of volumetric estimations tended to level off, and became relatively 

insensitive at approximately 10 mm. The effect of grid size on volumetric assessments was 

expected. Vericat et al. (2014) previously highlighted the importance of grid size for the 

estimations of topographic changes in complex landscapes, and he argued that the selection of 

cell size was limited by the density of available TLS data. Esposito et al. (2017) performed a 

sensitivity analysis of the cell size on the volumetric estimations of an excavated mine and found 

the estimated volume increased with cell size, and then used 50 cm as optimal cell resolution. It 

is not possible to definitively determine the optimum cell size for our experiments, nevertheless, 

the volumetric estimation based on the 10 mm grid was used for further analyses because the cell 

size effect on the estimated volumes became much less sensitive at that cell size.  
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3.5 Eroded mass  

3.5.1 The accuracy of TLS to estimate eroded mass  

The average soil bulk density was 1.56 g cm-3 with a standard deviation of 0.1 g cm-3, and 

the average sediment density was 1.38 g cm-3 with a standard deviation of 0.2 g cm-3.  The 

average bulk density was greater than the averaged sediment density, which is not contrary to 

expectation. That is because of the selective erosion that finer particles are preferentially 

removed. Parsons (1991) analyzed the size characteristics of sediment of overland flow on a 

runoff plot at the Walnut Gulch Experimental Watershed and found the eroded sediment was 

finer than the matrix soil of the hillslope. This size difference was then inferred to be the result of 

the incompetence of the interrill flow for transporting the coarser fractions.  

Table 5 shows the absolute relative errors of TLS-estimated erosion mass using bulk 

density and sediment density for each simulation. The average absolute relative errors ranged 

from 2.1 to 31.8%, with greater values on 5% slope. No attempts were made to specify the 

relation between the absolute relative errors and slope gradients since there were no experimental 

replications. We suspect that the greater errors on the 5% slope might be attributed to the lower 

erosion magnitudes. Table 6 shows that the absolute relative errors of estimated mass for high 

erosion magnitude (greater than 60kg) are lesser than those for low erosion magnitude (lesser 

than 40 kg), regardless of the used density. These results that TSL yields better performances for 

quantifying greater magnitudes of erosion are expected because when the surface elevation 

changes are larger the uncertainty caused by propagated error then is lesser (Hartzell et al., 

2015), while marginal surface elevation changes make the differentiation of true elevation 

changes difficult and thus the measurement is less reliable. We also noted that the erosion 

magnitude of the 4th simulation at 12% slope was similar to those of simulations on 5% (around 
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30 kg, Table 1), however, the relative errors are different (Table 5). The alternative explanation 

is that different erosion patterns are dominant: interrill erosion on the 5% slope and partial rill 

erosion at 12% slope. Eltner and Baumgart (2015) already highlighted the challenges of using 

TLS to quantify low intensity interrill erosion. 

3.5.2 The selection of soil bulk density and sediment density  

Due to many factors, such as grain size selectivity during erosion, lithology, soil texture 

and sediment redistribution along plots, scientists have recognized the difficulty of relating the 

volume estimation to masses of soil moved, and usually rather report only the surface elevation 

or volumetric changes (Nouwakpo et al., 2016; Eltner and Baumgart, 2015). However, only by 

converting surface elevation changes into eroded volume and then into eroded mass can TLS 

derived products be made comparable with sediment collection data at the same level. Soil bulk 

density is usually employed to assess eroded mass. Eltner and Baumgart (2015) used an average 

bulk density of 1.6 g cm-3 to estimate the theoretical erosion rates in semi-arid Mediterranean 

plots, and they attributed the difficulties of comparing these theoretical erosion rates with 

previous studies in Mediterranean to the high variability of applied methods, natural conditions, 

and stone content. Whether the soil bulk density is appropriate for calculating the eroded mass is 

not unequivocal and has rarely been discussed in previous research. In this study, both soil bulk 

density and eroded sediment density were used and compared.  

Figure. 7 shows the comparisons of eroded mass estimations using the two kinds of 

density with the measured runoff sediment data. The estimated eroded mass was strongly related 

with that estimated from the runoff sediment samples (R2=0.88 for using sediment density and 

bulk density).  It also appeared that estimated eroded mass by using the soil bulk density was 

always greater than employing sediment density, this is because the bulk density is greater than 
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the sediment density which has been discussed above. For each of the 11 simulations, we found 

exceptions for the first simulation on 20% and 12% slopes, the absolute relative errors of using 

bulk density are less than those of using sediment density. On the 5% slope, using bulk density 

displayed lesser relative error after 3 simulations (Table 5). These results suggest, rather 

tenuously, the selection of bulk density or sediment density might be dependent on the surface 

evolution stage, that in the early stage the sediment sample can reflect the finer materials that 

being washed out and transported, however after the early stage the sediment sample might not 

completely reflect the movements of the large splashed particles that are not delivered to the plot 

outlet due to insufficient overland flow transport capacity (Parsons, 1991).  

It is recognized that the results in Fig. 7 and Table 5 would benefit from more 

experimental verifications, and that the nature of estimated volumetric changes may be 

dependent on the selection of cell size. However, these comparisons are not trivial because they 

reinforce user awareness of the importance of density measurements on estimating eroded mass, 

especially for the cases that selective erosion occurs. We still recognize applicability of using the 

soil bulk density because measuring bulk density is fast and convenient compared with 

measuring sediment density, especially for long-term field erosion monitoring.  

3.6 Effects of number of scans on volumetric change estimations 

Inasmuch as the erosion rate on 5% slope is low and relative errors of eroded mass 

estimation are high, compared with 20% and 12% slope, hence, the effects of reducing the 

number of scans were tested only on 20% and 12% slope. Using the combined set of six scans as 

a reference, relative errors and RMSEs calculated from various combinations of scan positions 

are presented in Table 7 and Table 8. When only one scanning position was used to compute 

volume changes, the estimation for each simulation run was limited, indicated by the relatively 
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high relative errors and RMSEs (single scan from position 3 and from position 6). When 

combining three scans, the volumetric change estimations improved significantly (p<0.05), and 

the scan combination of positions 2, 3 and 4, which were located on the 4 m height platforms, 

yielded better results than those on the ground (positions 1, 5 and 6) (p<0.05). Adding one more 

scan (scan 2, 3, 4, 6), improved the estimated results slightly (p>0.05) relative to the sediment 

measurement estimations of erosion.   

Increasing the number of scans involves increasing the effort and time for data collection. 

Five combinations of scan positions were evaluated to test the effects of reducing the number of 

scan positions. In general, one single scan position is limited in its ability to estimate eroded 

volume (Table 7). This is because information on the terrain behind rocks is missing due to the 

occlusion effects when using a single scan position. Moreover, a single scan samples the surface 

far away from the scanner with less density. Also, when a single position is applied without 

complimentary data from other scan positions, the effects of slope steepness may be important, 

which is indicated by the different RMSEs for 20% and 12% slope (Table 8, third and fourth 

column). This is explained by the altered incidence angle associated with the changed slope.  

When we combined 3 scan positions, the estimated results of volumetric changes 

improved, highlighting the necessity of multiple scans for better surface representations. The 

combination of position 2, 3 and 4 had lesser RMSEs than the combination 1, 5, and 6. This is 

attributed to the greater heights of position 2, 3 and 4, which resulted in a favorable scan 

geometry. Elevating the TLS scanners is a common design for achieving good viewing angles. 

For example, Eltner and Baumgart (2015) installed TLS on a 4 m high tripod to compensate for 

unfavorable scan geometry. Therefore, at the small scale, such as current study, the number of 

scan positions could be reduced from 6 to 3 or 4 while not significantly sacrificing the 
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volumetric estimation accuracy. One practical application of these finding is to reduce field work 

effort if erosion monitoring plots with similar size are established on hillslopes.  When upscaling 

to large areas, such as a gully, Goodwin et al. (2017) already demonstrated the possibility of 

reducing TLS scan positions. We agree with Goodwin et al. (2017) that optimal numbers and 

locations of scan positions are difficult to be determined prior to the first TLS survey. Only after 

the first survey, and with some statistical analysis, whether based on analyzing the residual errors 

as in Goodwin et al. (2017) or the volumetric estimations as in the present study, can the 

optimum reduction of scan number be achieved.   

4 Summary and Conclusions  

The TLS method can be used to track spatial surface elevation changes at high 

resolutions, and identify erosional sources and depositional sinks. Insights into the spatially 

distributed erosion patterns benefits not only the development of physical based erosion models 

but also watershed management, because erosion control practices placed according to the 

identifications of primary erosional sources could be a more efficient use. 

In this study, terrestrial LiDAR is applied to monitor erosion on small stony erosion plots 

during simulated rainfall. The registration procedure, registration error estimation, LOD, cell size 

chosen for volumetric estimations, and density measurements for mass estimation ultimately 

affect the final interpretations of TLS derived products. Though comparisons with measured 

runoff sediment data here indicate that TLS could be a promising tool for quantifying erosion at 

the plot and hillslope scale, the data acquisition and processing should be treated with care. Due 

to the lower erosion magnitude on the 5% slope, small surface changes were more difficult to 

distinguish from the measurement uncertainty, which will restrict the reliable interpretations of 

TLS at low levels of erosion. Therefore, for lower erosion rates, one may need to monitor for a 
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longer period of time. On the 20% and 12% slopes with higher erosion magnitudes, six scanning 

positions were sufficient for volumetric change estimations, and the number of scanning 

positions may be reduced from 6 to 3 or 4 at the scale of this study. Elevating the scanner 

position was found favorable for volumetric estimations. We also address the benefits of using 

stable unchangeable areas for registration procedures as well as associated errors, and the 

importance of selection of grid cell size and density measurement for accurately estimating 

erosion.   
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APPENDIX 1- LIST OF TABLES AND FIGURES  

Table 1. Characteristics of rainfall, runoff and sediment yield for each rainfall simulation. 

slope  Simulation 
Duration 

(minute) 

Cumulative 

Rainfall (mm) 

Cumulative  

runoff 

(mm)  

Sediment  

yield 

(kg) 

20% 

1 92 176 139 93.94 

2 146 369 332 77.41 

3 312 869 717 78.43 

12% 

1 105 220 168 86.44 

2 166 441 387 82.40 

3 286 789 736 68.72 

4 282 786 697 32.87 

5% 

1 132 266 211 38.10 

2 206 542 408 33.45 

3 263 715 647 34.28 

4 307 843 751 28.44 
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Table 2. The mean and standard deviations of the elevation measurement differences between the 

points of the surfaces used for registration error estimation (CSREE) of each simulation.  

simulation  
20% slope(mm) 12% slope (mm) 5% slope (mm) 

mean SD mean SD mean SD 

1 0.101 0.565 0.007 0.476 0.164 0.486 

2 0.006 0.528 0.194 0.572 0.080 0.509 

3 0.162 0.446 0.079 0.468 0.026 0.726 

4   0.089 0.493 0.072 0.539 

average  0.513  0.503  0.565 

 

  



 

56 
 

Table 3. The mean and standard deviations of LOD for each simulation.  

simulation 
20% slope (mm) 12% slope (mm) 5% slope (mm) 

mean SD mean SD mean SD 

1 1.798 0.226 1.525 0.205 1.523 0.205 

2 1.824 0.272 1.791 0.237 1.627 0.222 

3 1.729 0.325 1.658 0.276 2.116 0.246 

4   1.757 0.320 1.807 0.266 

average 1.784  1.683  1.767  
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Table 4. The mean and standard deviations of the surface elevations changes for each simulation.  

simulation  
20% slope (mm) 12% slope (mm) 5% slope (mm) 

mean SD mean SD mean SD 

1 -6.5 5.5 -6.0 3.9 -3.5 2.5 

2 -4.3 4.9 -4.7 3.8 -2.3 1.7 

3 -3.7 4.8 -3.5 3.4 -2.2    2.0 

4   -1.6 3.2 -0.9 1.6 
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Table 5. The absolute relative errors of estimated erosion mass of each simulation compared with 

the runoff sediment data using bulk density and sediment density.  

 
20% slope 12% slope 5% slope 

simulation 

Using 

bulk 

density 

Using 

sediment 

density 

Using 

bulk 

density 

Using 

sediment 

density 

Using 

bulk 

density 

Using 

sediment 

density 

1 18.1% 4.2% 18.0% 4.1% 56.4% 38.0% 

2 3.9% 15.2% 2.1% 9.9% 18.6% 4.7% 

3 7.8% 18.6% 4.6% 15.8% 27.5% 12.5% 

4 
  

2.4% 9.7% 24.7% 33.6% 
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Table 6. The average absolute relative errors of estimated erosion mass for high erosion 

magnitude and low erosion magnitude compared with the runoff sediment data using bulk 

density and sediment density. 

 
high erosion magnitude 

(> 60 kg) 

low erosion magnitude 

(< 40 kg) 

Using bulk density 9.1% 25.9% 

Using sediment density 11.3% 19.7% 
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Table 7.  The relative errors of volumetric estimations of different scan positions combinations 

compared with volumetric estimations derived from the combined set of six scans. 

  
scan positions combinations  

simulation 3 6 1,5 and 6 2, 3 and 4 2, 3,4 and 6   
Relative 

error 

Relative 

error 

Relative 

error 

Relative 

error 

Relative 

error 

20% 

slope 

1 -65.4% -45.5% -7.5% -1.5% 0.0% 

2 -61.2% -66.2% -13.5% 1.0% 0.3% 

3 -60.8% -66.6% -15.7% -1.7% -1.2% 

12% 

slope 

1 -59.9% -64.5% -15.5% -0.7% -0.2% 

2 -52.4% -74.6% -19.6% -0.4% 0.1% 

3 -46.0% -85.1% -31.4% -1.4% 0.0% 

4 -28.1% -96.6% -43.2% 1.6% 0.9% 

 

  



 

61 
 

Table 8.  The RMSEs of volumetric estimations of different scan positions combinations 

compared with volumetric estimations derived from the combined set of six scans (using the 

results of three and four simulations at 20% and 12% slope to calculate the RMSEs for each 

slope, respectively; using the seven simulations to calculate the overall RMSEs).  

  
scan positions combinations 

 

RMSE 

(m3) 

 
3 6 1,5 and 6 2, 3 and 4 2, 3,4 and 6 

20% slope 0.0353 0.0311 0.0062 0.0008 0.0003 

12% slope  0.0258 0.0350 0.0107 0.0004 0.0001 

overall  0.0302 0.0334 0.0090 0.0006 0.0002 
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Figure 1. Rainfall simulator, soil box, cylinder targets and stable concrete squares (“CSR” 

signifies “concrete surface for registration”; “CSREE” signifies “concrete surface for registration 

error estimation”). 
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Figure 2. Relative locations of six scanner positions and control points (circles represented 

scanner positions, the number inside the circle was the ID of scanning position). 
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Figure 3.  Histograms of elevation measurement differences calculated for the CSREE concrete 

squares at 20% slope after the first and second simulation.  



 

65 
 

 

Figure 4.  The relative contributions of local roughness to the mean LOD for each simulation of 

three slope treatments.  
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Figure 5. Spatially distributed, significant, surface elevation changes when compared with the 

initial surfaces (1-2: surface changes after the first and third simulation at 20% slope; 3-4: 

surface changes after the first and fourth simulation at 12% slope; 5-6: surface changes after the 

first and fourth simulation at 5% slope; negative surface changes represented erosion). 
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Figure 6. The volumetric change estimations (10-2m3) as a function of the cell size at three slope 

treatments. 
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Figure 7.  The comparisons between the estimated erosion mass by TLS with measured sediment 

yield (the solid line and the dash line represent the regressions using soil bulk density and runoff 

sediment density, respectively) 
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Abstract 

 Soil surface roughness is often calculated based on the Digital Elevation Models (DEMs) 

obtained by interpolating point cloud data from terrestrial LiDAR measurements. This study 

investigates the effects of DEM interpolation and interpolation methods on quantification of soil 

surface roughness on 2 by 6.1 m plots. LiDAR scans were conducted correspondent to rainfall 

applications at six positions around rainfall simulation plots with 12% and 20% slope treatments. 

DEMs with resolutions of 5 and 10 mm were generated from LiDAR point clouds using Inverse 

Distance Weighting, Natural Neighbors and Universal Kriging methods implemented in ESRI 

ArcGIS 10.5. Random roughness index was calculated based on the LiDAR-interpolated DEMs 

and LiDAR points directly and then compared. Results showed: 1) the random roughness values 

calculated from the interpolated DEMs were consistently lower than those estimated from the 

LiDAR points directly, indicating smoothing of the modeled surface during the interpolation 

process; 2) DEM errors increased as the surfaces evolved to rougher states; 3) DEM errors 

tended to be greater when coarser (10 mm) resolution was used; 4) the resultant increased DEM 

errors as the surface became rougher, masked the true changes in soil surface roughness over 

time using all three interpolation methods. This study shows that at plot scale, DEMs generated 

through interpolations from LiDAR points underestimate soil surface roughness and are 

ineffective at tracking changes in soil surface roughness over time, and that LiDAR point data 

must be used instead at present scale.  

Keywords: LiDAR points, interpolation, DEM error, soil surface roughness  

1 Introduction  

Soil surface roughness (SSR) describes the small-scale variations of surface elevations, 

which play an important role in many hydrologic and erosion processes. A multitude of research 
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studies have shown that SSR affects surface hydrologic behavior, such as infiltration and runoff 

(Helming et al. 1993, 1998, Darboux et al. 2001), as well as hydraulic functions, such as 

retarding or localizing water velocity (Gómez and Nearing 2005), diverting flow directions 

(Abrahams and Parsons 1991, Weltz et al. 1992, Helming et al. 1993, Luo et al. 2017), and 

affecting the runoff sediment size distribution (Ding and Huang 2017). The soil surface 

roughness status has also been shown to affect the evolution of drainage (or rill) networks 

(Gómez et al. 2003, Pelletier 2003). The temporal variation of SSR, moreover, is considered as a 

descriptor that reflects how the soil surface behaves in the presence of erosive agents (Huang and 

Bradford 1992). Unsurprisingly, SSR is incorporated as a crucial component in many process-

based hydrologic erosion models. Thus, accurately quantifying the SSR is important for 

understanding erosion processes as well as for erosion modeling.  

A wide range of techniques have been reported to sample surface elevations for assessing 

the SSR. The profile meter is one of the most commonly used apparatuses (Govers et al. 2000, 

Thomsen et al. 2015). A row of evenly spaced pins mounted on the meter are lowered onto the 

soil surface, the positions of pins are recorded, and then they are digitized either electronically or 

photographically for quantifying SSR. However, a profile meter can only capture limited 

transects of the surface, and the surface-contacted pins may disturb the soil surface for further 

measurements (Xingming et al. 2017) or penetrate the surface causing inaccurate measurements. 

Non-contact laser-scanning devices have also been deployed to scan the area of interest at high 

resolutions (Huang and Bradford 1992, Helming et al. 1998, Jan Vermang et al. 2013, Polyakov 

and Nearing, 2019). However, the size of area that can be scanned is dependent on the size of the 

horizontal carriage frame on which laser scanner moves (Eitel et al. 2011). Another disadvantage 

is their limited field portability, especially for the areas with difficult physical access or for 
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complex terrain (e.g. steep slope). Terrestrial LiDAR scanning (TLS) is better able, compared 

with the profile meter and laser-scanning devices, to map the surface with highly accurate and 

dense terrain elevation data crossing various scales (from small plots to hillslopes) and diverse 

terrain characteristics. Moreover, the “no-contact” nature allows repeat scans for tracking the 

surface elevation spatiotemporal changes (Goodwin et al. 2016). These unprecedented 

advantages have stimulated the fruitful applications of LiDAR in geosciences, including for 

quantifying surface roughness.  

One method usually employed to utilize LiDAR measurements for quantifying SSR 

involves generating digital elevation models (DEMs) by spatially interpolating the LiDAR points 

and then estimating the SSR based on the gridded, LiDAR-interpolated DEMs. The main reason 

for generating DEMs from LiDAR points is their simple, efficient and organized formats for 

storing elevation information (Yilmaz and Uysal 2016). For example, Eitel et al. (2011) applied 

TLS to quantify the SSR on 8.5 m2 rangeland plots to study the effects of TLS-derived roughness 

on the concentrated flow. The TLS points were first gridded to generate 1 by 1 cm DTMs (digital 

terrain models) wherein the value of each cell was the minimum elevation contained within the 

defined search radius, and the values of void cells were linearly interpolated based on the 

surrounding cells. The local roughness index was then estimated based on these DTMs. Shi et al. 

(2017) investigated the soil surface random roughness on 1.4 by 0.65 m plots before and after 

rainfall simulation by using the 1 by 1cm DEMs derived from TLS point clouds, and each row of 

gridded points was then treated as an individual transect for assessing the random roughness 

index. Milenković et al. (2016) compared two mapping techniques using unmanned aerial 

vehicles and TLS for roughness assessments, and roughness analysis was performed on the 

DSMs (digital surface models) generated from unmanned aerial vehicles images and TLS point 
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clouds. However, information about how to select the interpolation methods and the DEM 

resolutions is usually missing, leading to the implication that SSR quantification is independent 

of the selections of interpolation methods and resolutions.  

Spatial interpolation is the procedure of estimating values of variables at locations where 

those values are not measured using measured data from nearby locations. A great number of 

interpolation methods have been reported that can be divided into three groups according to Li 

and Heap (2014, 2011): 1) non-geostatistical methods that predict the unknown points based on 

the values of their neighborhood points. The non-geostatistical methods can be further 

distinguished by the methods used to calculate the weighting factor of each involving 

neighborhood point, such as Inverse Distance Weighting (IDW) or Natural Neighbors (NN); 2) 

geostatistical methods that utilize both the spatial structure and value of sample points, such as 

the Kriging method; 3) combined methods that generate the estimations of unknown points based 

on the non-geostatistical and geostatistical approaches or other statistical methods.  

Due to the errors introduced by the interpolating process and the fact that natural terrain 

surfaces are continuous and comprised of infinite points while interpolation-generated terrain is 

represented in a discrete fashion, the quality of generated DEMs should be assessed before 

further applications. The accuracy of DEMs generated from different interpolation methods has 

been widely discussed and compared. Though a universal optimal interpolation method for 

generating DEMs has not been identified (Chaplot et al. 2006, Bater and Coops 2009, Erdoǧan 

2010), some consensus regarding the factors controlling the accuracies of interpolated DEMs has 

been reached, namely: 1) different interpolations applied over the same data may result in 

different DEMs, and the accuracy of DEMs are a function of the interpolation method (Arun 

2013); 2) the errors of interpolated DEMs depend on the surface characteristics and increase with 
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increased terrain surface roughness regardless of the selections of interpolation method and 

resolutions (Tang et al. 2001, Heritage et al. 2009, Erdoǧan 2010); 3) the errors of interpolated 

DEMs vary for different resolutions, and the coarser the DEMs, the greater are the uncertainties 

in the values of the elevation points in the DEMs (Tang et al. 2001, Bater and Coops 2009, Chen 

and Yue 2010). 

The above three considerations raise concerns about the reliability of estimating the SSR 

and SSR temporal variations using the LiDAR-interpolated DEMs. Since the interpolated DEMs 

and associated accuracies depend on factors associated with the interpolation methods, terrain 

surface characteristics, and DEM resolutions, it can be anticipated that the SSR estimations 

based on LiDAR-interpolated DEMs will be affected by these three factors as well. However, 

how these three factors ultimately affect the quantifications of SSR has not been studied. If such 

effects exist, the estimations of temporal variations in the SSR would likewise suffer 

uncertainties when the LiDAR-interpolated DEMs are utilized. For the dynamically evolving 

surface with temporally changing SSR, the temporal variations of DEM uncertainties (e.g. they 

increase with increase of surfaces roughness) due to the changes of surfaces could in turn mask 

the actual surface changes, resulting in misinterpretations of SSR variations. Those concerns are 

not trivial. First, unlike at the large scale, the magnitudes of SSR and SSR variations on small 

plots usually are at the order of centimeters or sub-centimeters (Darboux et al. 2001, Nouwakpo 

et al. 2016) and potentially affected by the qualities of DEMs if whose uncertainties are of the 

same order; Secondly, since SSR plays an important role in hydrologic-erosion models and the 

temporal variations of the SSR are usually related with rainfall amounts or tillage practices, the 

uncertainty of the estimations of SSR and temporal variations in SSR could impair model 

performances.  
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The main objective of this study was to investigate the effects of interpolation methods 

on the estimations of SSR and SSR temporal variations on small plots. We hypothesized that the 

interpolation-modeled surfaces will be smoother because of the interpolation process, leading to 

SSR estimations from LiDAR-interpolated DEMs that are lower than those directly calculated 

from LiDAR point cloud data. Also, as the actual surface changes (in this case the surface 

became rougher) due to erosion, the resultant change in DEM uncertainties may mask the true 

SSR changes, resulting in misinterpretation of temporal trends in SSR. We tested the hypotheses 

by using rainfall simulator to apply rainfall events on 12.2 m2 soil plots with two slope 

treatments (20% and 12%).  LiDAR scans were conducted from six positions around the plots.  

For each surface, six scans were first registered to obtain a unified LiDAR point cloud and then 

generated into DEMs with resolution of 10 mm and 5 mm by using IDW, NN and Universal 

Kriging (UK) interpolators that were implemented in ESRI ArcGIS 10.5. Random roughness 

index was calculated based on the LiDAR-interpolated DEMs and LiDAR point clouds, and then 

compared. This study highlights the importance and effects of DEM uncertainties on SSR 

quantifications when LiDAR-interpolated DEMs are used. 

2 Materials and Methods  

2.1 Rainfall simulations  

Detailed descriptions of the rainfall simulation procedures used here are available in 

Nearing et al. (2017). Rainfall simulations were conducted on a 2 by 6.1 m long metal-bound 

box. The box was slope-adjustable, ranging from 0 to 20%. Two slope gradients 12% and 20% 

were used. For each slope gradient, the box was first positioned horizontally and filled with soil.  
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The experimental soil was collected from the top layer (0 to 15cm) of a Luckhills-

McNeal gravel sandy loam with 52% sand, 26% silt, 22% clay and less than 1% organic matter 

in the Lucky Hills area of the Walnut Gulch Experimental Watershed (310044’ 34” N; 

110003’51” W) (Nearing et al. 2007, Renard et al. 2008). The soil sample material was mixed 

and homogenized, and then the 2 by 6.1 m are box was filled to a depth of 20 cm. A wooden 

board was used to even the soil while the soil was dry.  

A programmable Walnut Gulch Rainfall Simulator (Paige et al. 2003) was used to apply 

rainfall. This rainfall simulator consisted of a single oscillating boom with four VeeJet 80100 

nozzles. Nozzles were mounted on the boom at a spacing of 1.52 m apart. By adjusting the 

oscillation frequency of nozzles, rainfall intensity from the simulator may range from 13 to 190 

mm h-1 with a kinetic energy of 204 kJ ha-1 mm-1 were obtainable over the 2 by 6.1 m area. 

Detailed information about Walnut Gulch Rainfall Simulator may be found in Paige et al. (2003). 

Three windscreens were set up around the rainfall simulator to minimize unwanted wind 

disturbance.  

Before applying rainfall, the soil surface was covered with a porous cloth, and a 30-

minute pre-wetting rainfall with intensity of 35 mm h-1 was applied to create a relatively 

consistent initial moisture condition for each experiment. The box was then adjusted to the 

designated slope (12% or 20%) and the protective cloth cover was removed.  

Rainfall was simulated three times on 20% slope and four times on the 12% slope. That 

difference was due to the fact that the surface of 20% slope changed more quickly over time, due 

to a faster erosion rate, than at 12% slope. Each simulation was a continuous rainfall application 

with two intensities. The duration of each simulation varied from 1.5 to 5 hours. For each slope 

gradient, the first simulation started from low intensity (59 mm h-1) until steady runoff rate was 
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reached, followed by approximate one-hour of rainfall at high intensity (178 mm h-1), ending 

with approximately 15 minutes of rainfall at low intensity (59 mm h-1). The subsequent 

simulations started from high intensity (178 mm h-1) and then decreased to low intensity (59 mm 

h-1) and lasted for up to 5 hours.  

2.2 Surface elevation measurement  

The soil surface was scanned with a RIEGL VZ4001 terrestrial LiDAR scanner 

(www.riegl.com) after the first and last rainfall applications. The scanner was configured to emit 

a collimated beam with a nominal divergence of 0.3 mrad for sampling the surface at high speed 

and high resolution (0.3mrad corresponds to an increase beam diameter by 3mm per 10 m 

distance) (Riegl GmbH 2012). The range-dependent nature of the TLS measurements results in 

the fact that soil surfaces farther from the scanner were sampled at lower density than those 

closer to the scanner. Six scan positions surrounding the soil box were selected to maximize the 

capture of the soil surface morphology. The scan positions are schematically shown in Fig. 1. 

Position #1, #5 and #6 were set up with the mounting tripod on the ground while #2, #3, #4 were 

from platforms 4 m above the ground. Scan positions #2, #3 and #4 were elevated to obtain more 

favorable viewing angles. Each position was located approximately 2 m from the soil box 

boundaries to minimize the shadow produced by the instrument. The soil surface on the box was 

1.5 m above the ground at its center pivot point, hence the relative heights of the scanner in each 

position to the center of the soil box were approximately 0.5 m for position #1, #5 and #6, and 

1.5 m for positions #2, #3 and #4. During the course of measurements, the scanner sampled the 

                                                           
1 Trade names and company names, included for the benefit of the reader, do not imply endorsement or preferential 

treatment of the product listed by the USDA.  
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surface at angular increments of 0.040 in the azimuth (0-3600) and zenith (30-1300) direction, 

resulting in one point every 1 mm at a distance of 2 m and every 6 mm at a distance of 8 m.  

2.3 LiDAR data processing  

 The surfaces after the first and the last simulation for each slope gradient were used for 

analyses. Thus, there were two surfaces with two sets of scans on each for a total of four scan 

sets. Here, we designate the initial and final LiDAR measurements as A1 and A2 for the 20% 

slope, B1 and B2 for 12% slope.  

For each surface, scans from the six positions were transformed into a common external 

coordinate system from the different internal spherical coordinate systems to obtain a composite 

point cloud. Scan to scan registrations were accomplished in two steps. The first step involved 

matching the corresponding control point targets among the scans. In this study eight control 

points were established around the soil box and their coordinates were surveyed with a Trimble 

R8 robotic total station1. Eight cylindrical reflectors with diameters of 10 cm were set up over 

the control points on survey tripods (Fig. 1). In that step, at least three reflector targets were 

required to match the scans. After the coarse match in the first step, the iterative closest point 

(ICP) (Besl and McKay 1992) algorithm implemented in the Riegl RiScan Pro1 software was 

used to further register the six scans to obtain a composite LiDAR point cloud.   

To avoid the boundary effects of the soil box borders, each composite point cloud was 

clipped to within approximately 25 cm from the soil box edges, with resulting LiDAR points 

covering an area of approximate 5.5 by 1.5 m. Prior to the generation of DEMs, the resultant 

LiDAR points were partitioned evenly into three sections of the plot: upper, middle and lower. In 

each section, five percent of the LiDAR points within each of the three sections were randomly 
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selected as check points for subsequent error analyses. This was done to ensure each section of 

the plot had check points when random selections were conducted. The remaining 95% of the 

LiDAR points were used for generating DEMs.  

2.4 DEM generations  

 Three interpolation methods were selected to generate DEMs: Inverse Distance 

Weighting (IDW), Natural Neighbors (NN), and Universal Kriging (UK). These three methods 

have been widely employed to create raster DEMs from LiDAR data and implementation tools 

are available in Spatial Analyst Tools of ESRI ArcGIS 10.5. In this study, all DEMs were 

generated with 10 mm and 5 mm resolution.  

2.4.1 Inverse Distance Weighting (IDW) 

IDW is one of simplest interpolation methods (El-Sheimy et al. 2005, Mitas and 

Mitasova 2005, Li and Heap 2008, 2011, Huang et al. 2011). The basic assumption is that the 

value of an unknown point can be predicted as a weighted average of values at several nearby 

known points, and the weights are inversely proportional to a power or exponential function of 

distances between the unknown point to the given points. The guiding principle is that the closer 

given point is to unknown point, the greater influence the given point imposes. IDW method can 

be represented by the equation:  

𝑍𝑝 = ∑ 𝑤𝑖𝑍𝑖
𝑛
𝑖=1         (1) 

 where 𝑍𝑝 is the predicted value for unknown points, 𝑍𝑖 is the value of a given point of 

measured elevation; 𝑤𝑖 is the weight assigned to 𝑍𝑖 and is equal to an inverse function of the 

distance (d-α, where d is distance and α is the user-designated exponent of the power function) 

between the known and unknown points. The numbers of sample points and their corresponding 
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weights are shown to affect IDW interpolation results. In this study, 12 neighboring sample 

points were used, and the power of distances was set as 2.   

2.4.2 Natural Neighbors (NN) 

NN also uses equation 1 as the estimation formula with IDW while the calculation 

algorithm for the weight for each sample point differs. Once the DEM resolution is defined, 

sampled points that fallen into a cell are first used to construct a Voronoi diagram (Thiessen 

polygon) V+. Then another Voronoi diagram V around the unknown point is also created. From 

those, the corresponding weight of each sample point is determined by the proportion of overlap 

between the V and V+ (Li and Heap, 2008 ). In ESRI ArcGIS 10.5, the only input parameter 

required for this method was the designed DEM resolutions, which were 10 and 5 mm in this 

study.  

2.4.3 Universal Kriging (UK) 

Kriging is a generic name for a family of generalized least squares regression algorithms 

(Li and Heap 2008). Kriging assigns weighs according to a data-derived weighting function, 

such as the semivariogram function (Anderson et al. 2005). For a large number of points, such as 

are common with a LiDAR point, the semivariance 𝛾(ℎ) can be estimated as: 

𝛾(ℎ) =
1

2𝑛
∑ [𝑍(𝑥𝑖) − 𝑍(𝑥𝑖 + ℎ)]2𝑛

𝑖=1      (2) 

Where x is a point in the cloud, Z(x) is its elevation, and n is the number of pairs of sample points 

separated by a distance h. All kriging estimators are variants of the basic equation: 

�̂�(𝑥0) − 𝜇 = ∑ 𝜆𝑖[𝑍(𝑥𝑖) − 𝜇(𝑥0)]𝑛
𝑖=1       (3) 
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Where 𝜇 is a known stationary mean of the whole domain while 𝜇(𝑥0) is the mean elevation of 

points in the search windows, 𝜆𝑖 is kriging weight linked to the 𝛾(ℎ) (Li and Heap 2008) and n is 

the number of sampled points used to make the estimation.  

In the Universal Kriging algorithm, three simplifications are made based on the Eq. (3): 

1) replace the 𝜇 with 𝜇(𝑥0); 2) forcing ∑ 𝜆𝑖
𝑛
𝑖=1  equal to 1; 3) 𝜇(𝑥0) is the trend component of 

each point in the neighborhood search window. In this study, UK with linear drift was selected 

and 12 neighboring sample points were used in ESRI ArcGIS 10.5.  

2.5 DEM accuracy estimation                  

2.5.1 Root Mean Square Errors  

DEM accuracy defines how reliably the interpolated DEMs represent the true terrain 

surface, and is assessed based on the values of DEM errors (Tang et al. 2001). Hu et al. (2009) 

analyzed DEM error components and concluded that two primary sources that contributed to 

DEM uncertainties were: a) the error from the data source due to inaccuracy of the surveying 

techniques and b) error from the interpolation process in which true elevation is approximated 

from the surrounding points. Root Mean Square Error (hereafter denoted by RMSE_EI ) is most 

frequently used for quantifying the overall DEM accuracy including both sources (Tang et al. 

2001, Heritage et al. 2009, Hu et al. 2009, Yilmaz and Uysal 2016) and its formula was given as: 

𝑅𝑀𝑆𝐸_𝐸𝐼 = √
1

𝑛
∑ (𝐸𝐷𝐸𝑀 − 𝐸𝐶𝐻𝐸𝐶𝐾)2𝑛

𝑘=1       (4) 

Where 𝐸𝐷𝐸𝑀 is the elevation extracted from DEM, 𝐸𝐶𝐻𝐸𝐶𝐾 is the measured elevation of the 

correspondent check point, and n is the number of check points.  
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2.5.2 Terrain representation error  

 Because a natural terrain surface is a continuous surface comprised of infinite points 

while interpolation-generated terrain is represented in a discrete fashion, the interpolated-DEMs 

cannot completely represent the true terrain surface. Limited by the resolution of DEMs, no 

matter how accurate surveying and interpolating procedures are, the interpolated-DEMs only 

approximate to the true terrain surface, therefore a terrain representation discrepancy, or 

accuracy loss is unavoidable (Tang et al. 2001, Chen and Yue 2010). However, RMSE_EI only 

reflects the vertical differences between the interpolated values with the true values (in our case 

is the LiDAR measured value) and is insufficient to describe how completely the DEM 

represents the true surface. An alternative error term was put forward and estimated by Tang et 

al. (2001), designated as terrain representation error (ETR), may be used to describe the 

discrepancy between the DEM and the true terrain surface. The basic algorithm was: for the 

DEM with resolution of R, moving windows with size k×R (k=2, 4, 6…), e.g., 2R, was used to 

cover the DEM, and then five points with one center (i, j) and four corners ((i-1, j-1), (i-1, j+1), 

(i+1, j-1), (i+1, j+1)) of each window were found. The maximum ETR at the position (i, j) was 

then defined as the elevation of center h (i, j) minus the average elevation of those four corners: 

𝐸𝑇𝑅𝑖,𝑗 = ℎ𝑖,𝑗 −
ℎ𝑖−1,𝑗−1+ℎ𝑖−1,𝑗+1+ℎ𝑖+1,𝑗−1+ℎ𝑖+1,𝑗+1

4
      (5) 

Using this algorithm, ETR calculation can be made for moving window with sizes of 2R, 

to 4R, to 6R, etc. More details about the ETR concept and algorithm are available in Chen and 

Yue (2010) and Tang et al. (2001). As described by Tang et al. (2001), once ETR is calculated 

for each center point (i, j), the ETR matrix can be obtained for the entire area of interest. In our 

study, the moving window size was set as two times the resolution (for 10 and 5mm resolution, 
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the window size was 20 and 10 mm, respectively), and the root mean square of ETRs (hereafter 

denoted by RMSE_ET) was calculated based on the following equation  

𝑅𝑀𝑆𝐸_𝐸𝑇 = √
∑ 𝐸𝑇𝑅𝑖,𝑗

2𝑀,𝑁
𝑖,𝑗

𝑀×𝑁
        (6) 

where, M and N represent the rows and columns of the ETR matrix, respectively.  

2.5.3 Total DEM error  

 The total DEM errors consists of the errors that are directly introduced by the 

interpolations (the vertical differences between the interpolated values with the true values ) and 

the accuracy loss during interpolation process. Based on the error propagation theorem, total 

DEM error is given by Chen and Yue (2010) as:  

𝑅𝑀𝑆𝐸𝑡𝑜𝑡𝑎𝑙 =  √𝑅𝑀𝑆𝐸_𝐸𝐼2 + 𝑅𝑀𝑆𝐸_𝐸𝑇2      （7） 

2.6 Roughness index estimations 

A great number of SSR parameters have been reported and can be divided into three 

types following descriptions of Martinez-Agirre et al. (2016), Smith (2014) and Govers et al. 

(2000): single parameters, hybrid parameters and multi-scale parameters. The most widely used 

parameter is the Random Roughness index (RR) which is a length scale that equal to the standard 

deviation of elevations from a mean surface. Moreover, RR was shown to be the best estimator 

in distinguish soils with different surface roughness levels (Jan Vermang et al., 2013), therefore, 

in this study RR values were calculated using following formula and then used to test the 

interpolation effects on roughness quantifications.  

                                                         RR = √
1

𝑁
∑ [𝑍𝑗 − �̅�]

2𝑁
𝑗=1                                                   (8)          
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where 𝑍𝑗 is the elevation measurement at point j, N is the number of the measurements, and �̅� is 

the average value of those N measurements.  

 For each surface, grid networks with 10 and 5 mm resolution were created, then the 

elevation value of each grid point was extracted from the DEMs generated by IDW, NN and UK 

with the aid of Sample tool in ESRI ArcGIS 10.5. Each row of the grid networks was considered 

as single transect that was across the plot, and subsequently a linearly de-trending method was 

utilized to remove the effect of slope. RR index was then calculated for each row.  

When the LiDAR points were directly utilized, each row of the above created grid 

network was treated as a center line for a band with 2 mm width. Since the average point spacing 

was 3 mm, the width with a value of 2 mm ensured that only the points (at least 100 points) near 

to the center line were involved in the calculations. The number of the bands was the same as the 

number of rows of the grid networks. LiDAR points that fell into each band were firstly linearly 

de-trended, and then RR index was calculated for each band.  In this study, in total 553 transects 

were defined for each set of elevation points on the plots at 10 mm resolution and 1106 transects 

at 5 mm resolution. The averaged value of RR of those 553 (or 1106) transects was used for 

further analysis.  

2.7 Data analyses   

For each surface, the relative RR, which is the ratio of the average RR calculated from 

the interpolated DEM to that from the LiDAR points directly, was used to illustrate the accuracy 

of interpolated DEM in terms of quantification of surface roughness. The roughness changes 

were calculated as the RR values of A2 (B2) compared to those of A1 (B1), and positive 

variations indicated that the surface become rougher. A paired t-test was performed using Excel 
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to compare the differences among interpolation methods. In all statistical tests P = 0.05 was used, 

unless indicated otherwise. 

The relationships between DEM errors and surface roughness were developed using the 

𝑅𝑀𝑆𝐸𝑡𝑜𝑡𝑎𝑙 of each interpolator and the average RR calculated from the LiDAR points directly, 

to illustrate the effects of surface roughness on the DEM errors; 𝑅𝑀𝑆𝐸𝑡𝑜𝑡𝑎𝑙 was also related to 

the relative RR to determine the effects of DEM errors on SSR quantifications.  

3 Results 

3.1 DEM errors 

 The RMSE_EI, RMSE_ET and total DEM error for each interpolation method, surface 

and resolution were computed and shown in Table 1. For all eight sets of DEMs (four surfaces at 

two resolutions), RMSE_EI values of IDW and NN were similar (p>0.05), while RMSE_EI 

values of UK was lower than those of IDW and NN (p<0.05); both RMSE_ET and total DEM 

error showed a consistent trend in the values with NN being the greatest, followed by IDW and 

finally UK (p<0.05). Values of RMSE_EI, RMSE_ET and total DEM error were less at finer 

resolution (5 mm) DEMs than at 10 mm resolution (p<0.05). The RMSE_EI, RMSE_ET and total 

DEM error were greater on the second surfaces (A2 and B2) than on the first (A1 and B1) 

(p<0.05) for every combination of slope, resolution, and interpolation method. Also, the 

RMSE_EI and RMSE_ET were both consistently greater at 20% (A1 and A2) than 12% (B1 and 

B2), that is, for A1 compared to B1 and for A2 compared to B2.  
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3.2 Roughness quantifications  

 The RR values for each transect (or band) are showed in Fig. 2 using surface A1 as an 

example. The RR values of a majority of the transects estimated from the LiDAR points directly 

were greater than those calculated from interpolated DEMs, regardless of interpolation method.  

Average Random Roughness (RR) calculated based on the LiDAR points directly and the 

interpolated DEMs using IDW, NN and UK interpolator are shown in Table 1. For each surface 

with the same resolution, the average RR values computed from interpolated DEMs were 

different from each other, and always lower (p<0.05) than those calculated from the LiDAR 

points directly, irrespective of interpolation method. The average RR calculated using the 5 mm 

resolution DEMs was always greater than that calculated using the 10 mm resolution DEMs 

(p<0.05).  

 The relative RR indicated average values of RR from the DEMs were under-predicted 

compared to those directly calculated from LiDAR points by 7% to 20%. As surface the evolved 

from A1 to A2, and from B1 to B2, the underestimations of SSR using interpolated DEMs were 

more pronounced, indicated by the decreased relative RR values. The relative RR of DEMs with 

5 mm resolution were always greater (p<0.05) than those of DEMs with 10 mm resolution.  

3.3 Roughness changes 

The estimated changes in average RR for each slope treatment are shown in Table 2. At 

20% slope, results using the interpolated-DEMs showed a decrease in surface roughness 

irrespective of the interpolation method and DEM resolution. However, when LiDAR points 

were used directly, the change in average RR showed an increase in roughness. At 12% slope, 

both the IDW, NN and UK interpolators gave an increase in average RR. However, the increase 
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of average RR calculated from the interpolated-DEMs was only approximately half of that 

calculated directly from LiDAR points. The differences between the roughness changes for each 

of the interpolation methods and the LiDAR points, all of which are based on a sample size of 

553 or 1106 transects, were statistically significant.  

3.4 Relationship between DEM errors and random roughness   

Total DEM error as a function of average RR at 5 and 10 mm resolution is shown in Fig. 

3. For the two resolutions, the total DEM error was positively correlated with the average 

random roughness, and the rougher surfaces had greater DEM errors. When surface roughly 

evolved, from A1 to A2, and B1 to B2, the total DEM errors increased.   

3.5 Relationship between relative RR with DEM errors 

Figure 4 shows the relative RR as a function of the total DEM error for 20% and 12% 

slopes. The relative RR was negatively related to the total DEM error, that the greater the DEM 

errors are, the more pronounced the underestimations of RR through interpolation are. For each 

surface, the 5 mm resolution associated with lower DEM errors and produced greater relative 

RR. When surface evolved from A1 to A2, or B1 to B2, the relative RR decreased, indicating 

greater underestimations.  

4 Discussion 

4.1 The errors of interpolated DEMs  

Our hypotheses were that the quantification of SSR based on interpolated-DEM would be 

affected by interpolation method, DEM resolution, and terrain surface characteristics, all of 

which were supported in this study. Our results from small plots reaffirm the aforementioned 
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effects of interpolation method, DEM resolution and terrain surface characteristics on DEM 

quality which was previously reported solely on a large scale.  

When DEM resolution was fixed on a surface, the RMSE_EI values were similar between 

the NN and IDW methods. These results are not unusual. For example, Bater and Coops (2009) 

used the TLS data collected on Vancouver Island, Canada to investigate the errors associated 

with interpolated DEMs, and found NN and IDW were similar with respect to the RMS and 

mean absolute errors. This was explainable in that when the sample density (e.g. LiDAR points) 

was great enough, the resultant small distance between known values would dominate over the 

impacts of differences of interpolation techniques (Chaplot et al. 2006). However, in our study, 

both values of errors generated from UK (RMSE_EI, RMSE_ET and total DEM error) were all 

less than those of IDW and NN. This is likely explainable, because UK takes spatial correlations 

into consideration while IDW and NN do not. The different RMSE_ET values also implied the 

potential of using RMSE_ET to provide complementary information for selecting the appropriate 

interpolators and resolutions (Chen and Yue, 2010; Tang et al., 2001), especially in the case 

where RMSE_EI are similar (e.g. the values of IDW and NN in present study).  

When finer resolution (5mm) DEMs were used, all interpolation methods resulted in 

better quality DEMs wither lower RMSE_EI and RMSE_ET values (Table 1). The fact that the 

finer DEMs produce the lower interpolation error (RMSE_EI) has been reported previously 

(Bater and Coops, 2009). This is probably because the distance from the check points to the cell 

centers of the coarser grids was greater on average than for the finer grids, leading to the greater 

difference between 𝐸𝐶𝐻𝐸𝐶𝐾 and 𝐸𝐷𝐸𝑀. The deccreased RMSE_ET as resolution increased from 10 

to 5 mm is because more gridded points were used to represent the terrain surface, hence the 

information loss (the discrepancy between DEM and surface it presented) decreased (Tang et al., 
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2001).  It is also worthy to note that the RMSE_EI values were similar between the NN and IDW 

method while different when various resolutions were selected, implying that the spatial 

resolution in some cases may be more important than the choice of interpolation method when 

LiDAR points are interpolated for DEMs (Bater and Coops, 2009). 

The positive relationship between average RR and total DEM error (Fig. 3) highlighted 

that DEM quality is impaired on complex and rough terrain, namely at the same resolution, a 

rough surface is less accurately approximated by DEM than a simple or flat surface. The results 

are consistent with previous research (Tang et al. 2001, Heritage et al. 2009, Erdoǧan 2010). In 

the case when terrain is represented by a DEM, the natural continuous terrain of each cell is 

approximated by a flat plane with a single interpolated elevation value. The discrepancy between 

the flat plane and natural surface it approximated is expected to be greater when the terrain 

surface is rougher and more complex. In Fig. 3, the relatively gentler regression slope of 5 mm 

resolution also implied that the effects of terrain roughness on DEM quality could be 

counteracted by the effects of resolution. In other words, in order to achieve the same accuracy 

level, rougher surface requires a finer DEM resolution.  

4.2 The effects of interpolation on the quantification of SSR  

The overall result was that SSR is underpredicted by the interpolated-DEM, and the 

extent of underestimation (which is indicated by the relative RR) was dependent on, at least, the 

DEM resolution, and terrain surface characteristics. More specifically, when finer resolution was 

applied, and when the terrain surface was smoother, it would be better approximated by the 

DEM, and the values of RR were closer to those from LiDAR points directly (Table 1, Fig. 3). 

Such findings came from a basic fact that the elevation variations of natural surface covered by 

each cell can be captured by LiDAR points, while this variation information is lost when a 
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smooth flat plane is assigned for that cell during DEM generations. The smoothing effects were 

more pronounced when the sampled natural surface was rougher and DEM cell size was larger. 

This would seem to have apparent importance when using LiDAR technology to characterize 

surface microtopography. It is not only because random roughness is frequently used to estimate 

the friction factor which is then related with the velocity prediction in the erosion models (Weltz 

et al., 1992), but also because random roughness is found to controls many transfer processes on 

and across the surface boundary (Huang and Bradford 1992), even relate with the tillage 

practices (R.R. Allmaras, et al., 1966).   

Note that the total DEM error was estimated for assessing how accurate and reliable the 

interpolated-DEM represented the terrain surface, the rougher the surface is and the coarser the 

DEM is, the greater DEM error is, the less accurately the DEM represents the terrain surface 

(Table 1, Fig. 3). We also note there was a negative correlation between relative RR and DEM 

error, which means the greater the DEM error is, the more pronounced the RR is underpredicted 

by the DEM (Fig. 4). Hence, the DEM error which controlled by the terrain surface 

characteristics and DEM resolution, could be potentially used as an index to assess the 

interpolated-DEM quality in terms of quantification of SSR.  

Given the fact that relative RR decreased with increased total DEM errors (Fig. 4), it is 

interesting that, for each individual surface, the UK, which had the lowest values of total DEM 

error, displayed the least values of relative RR (Table 1). That is probably due to the selection of 

linear drift for considering the slope effects. The linear drift actually is a process used to 

determine the trend component in the search radius (see Method section). Brayant et al. (2007) 

have reported the effects of detrending method on the roughness quantification. Whether the 

selection of linear drift imposes additional smoothing effects on DEMs requires further study. 
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However, the unexpected results that UK when compared to NN and IDW, has a lower value of 

Relative RR, does not alter our interpretations. For all the eight sets of DEMs generated from 

UK, the increasing trend of total DEM error with RR (Fig. 3), and the decreased trend of relative 

RR with the total DEM error (Fig. 4), are still reasonable and valid.  

4.3 The effects of interpolation on the quantification of SSR changes 

Another hypothesis was that estimations of temporal RR variations were unreliable if 

interpolated-DEMs were used due to the changes of DEM uncertainties associated with the 

changes of surface roughness, which was also supported here. The average RR directly estimated 

from LiDAR points indicated that A2 and B2 was rougher that A1 and B1, respectively. (This 

trend of increased roughness was also supported by the three transects measurements of laser 

device as reported in the study of Nearing et al., (2017), and by visual observations during 

experiments). As the surface evolved into rougher stages, for example from A1 to A2, and B1 to 

B2, the increased total DEM error due to the increased surface roughness (Fig. 3) imposed 

greater smoothing effects, consequently increasing the underestimations of RR (Fig. 4) when 

using the interpolated DEMs. As shown in Table 2, in the case of surface A (20% slope), the 

greater roughness which have been tracked by the LiDAR points, however exhibited as a 

decrease using the interpolated DEMs. In the case of surface B (12% slope), the increase of RR 

captured using the interpolated DEM was only approximately half of that calculated from the 

LiDAR points. We therefore speculate, if these RR variation estimations from the interpolated 

DEMs were further related with rainfall, water flow velocity and sediment transport, different 

conclusions would be made, leading to a misunderstand of the erosion process.  
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4.4 Further considerations 

With the rapid development of new terrain measurement techniques, accurate and highly 

dense elevation data are available and increasingly utilized in geoscience. DEM offers a simple 

format for storing terrain information, and they are widely used as inputs to many GIS-supported 

models, such as the Topography-based hydrological Model (TOPMODEL) and the Soil and 

Water Assessment Tool (SWAT) (Yilmaz and Uysal 2016). Generally, the fashions of generating 

DEMs from LiDAR points come from either computability with other datasets or tradeoff for 

ease of use. However, interpolation errors are unavoidable during the process of DEM 

establishment. Even if the interpolation processes are free of errors, the finite grid points that 

make up a DEM, cannot represent the true continuous surface without any discrepancy. The 

inherent errors have the potential to negatively affect the DEM applications (Tang, et al., 2001). 

For example, the estimated surface temporal elevation changes by directly comparing two 

interpolated DEMs include uncertainties and hence assessing the DEMs errors and their 

propagated errors is a crucial step in estimating surface spatiotemporal changes (Goodwin et al. 

2016). Estimations of DEM accuracy should, therefore, be fundamental preliminary work 

necessary for preparing LiDAR data for DEM modeling and associated analyses. However, in 

the past, research on this topic has mainly focused on larger scale, and less attention has been 

paid to the uncertainty of small-scale DEMs and the effects on quantification of surface 

roughness. Our study shows that the user must be aware of the importance and effects of 

uncertainties of interpolated DEMs, especially on small scales when the RR is at the same order 

of interpolated DEM errors.  

In our study, only the random roughness index was calculated, the effects of interpolation 

process on other roughness indices (e.g., fractal dimension and multiple fractals) which describe 
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the spatial heterogeneity of surface roughness has not been tested, which is worthy for further 

investigations. This is because the direct use of LiDAR points to conduct fractal analysis remains 

some challenges. For one, fractal dimensions and multiple fractals are easier derived from 

gridded format data instead of unevenly spaced LiDAR points. For two, due to the huge amounts 

of data, some practical compromises of reducing the original LiDAR point cloud density or 

selecting smaller patches from areas of interest have to be made when LiDAR points are used 

directly (Nouwakpo et al. 2016, Abban et al. 2017). If the interpolation processes mislead the 

interpretation of fractal analysis and LiDAR points must be used instead, new methods for fractal 

analysis should be developed. 

The above findings might not be limited to the LiDAR measurements, but could be 

extended to other techniques, such as Structure from Motion (SfM) in which a huge number of 

points are generated from series of images. For example, Prosdocimi et al. (2017) used the SfM 

to obtain a 3D point cloud, and then the point cloud was generated into DEMs with 1cm 

resolution to investigate the soil water erosion in Mediterranean vineyards. Though the 

mechanism of obtaining point clouds differs between LiDAR and SfM, once these points are 

utilized for developing DEMs, the quality of interpolated-DEMs should be carefully considered 

and the DEM-derived parameters should be treated with caution.  

Our study was limited to the effect of interpolation on the quantification of roughness, 

but not extended to its propagated effects on the hydrological modeling. Whether or how the 

roughness parameters (or other hydrographic features) extracted from interpolated-DEMs impose 

the performances of hydrological modeling also need to be investigated. We also note that the 

finer resolutions produce better DEM quality in terms of roughness quantification. Whether is 
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necessary to take attentional efforts to generate high resolution for estimating roughness 

parameter in order to significantly improve the model results, also need to be addressed.  

5 Conclusions  

In the present study, the random roughness indexes were computed based on the 

interpolated DEMs and directly on LiDAR points. The results showed that the quality of 

interpolated DEMs is dependent on the selection of interpolation method, surface roughness 

values and choice of resolution.  Due to the smoothing effects of interpolation method and the 

loss of elevation information between the gridded points, the interpolated DEMs underestimated 

the RR, and those underestimations were greater when the surface evolved into rougher stages, 

masking the true surface elevation changes and leading to underestimated or wrong temporal RR 

variation estimations. Therefore, once the point cloud is utilized for generating DEMs, the 

quality of interpolated DEMs and associated DEM-derived parameters should be treated with 

cautions in order to avoid misinterpretation of the surface processes.  
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APPENDIX 2- LIST OF TABLES AND FIGURES  

Table 1.  The Root Mean Square Error of the elevation differences, RMSE_EI, Root Mean Square Error of the terrain representation 

error, RMSE_ET and total DEM error of each interpolation method, and the calculated average Random Roughness from interpolated 

DEMs and LiDAR point clouds for each surface with 10 mm and 5 mm resolutions.  

surface interpolator 

10mm resolution 5mm resolution 

RMSE_EI 

(mm) 

RMSE_ET 

(mm) 

total DEM 

error (mm) 

RR 

(mm) 

Relative 

RR 

RMSE_EI 

(mm) 

RMSE_ET 

(mm) 

total DEM 

error (mm) 

RR 

(mm) 

Relative 

RR 

A1 

IDW 2.20 0.94 2.39 4.77 92.7% 2.10 0.62 2.19 4.87 94.7% 

NN 2.20 1.00 2.42 4.80 93.2% 2.10 0.71 2.22 4.91 95.5% 

UK 2.10 0.87 2.27 4.75 92.3% 2.00 0.52 2.07 4.85 94.3% 

Average 2.17 0.94 2.36 4.77  2.07 0.62 2.16   

LiDAR    5.15     5.14  

A2 

IDW 2.90 1.20 3.14 4.50 83.8% 2.80 0.79 2.91 4.67 86.9% 

NN 2.90 1.30 3.18 4.54 84.6% 2.90 0.90 3.04 4.74 88.2% 

UK 2.80 1.10 3.01 4.46 83.1% 2.70 0.67 2.78 4.63 86.2% 

Average 2.87 1.20 3.11 4.50  2.80 0.79 2.91   

LiDAR    5.37     5.37  

B1 

IDW 1.60 0.68 1.74 3.11 87.6% 1.60 0.48 1.67 3.19 89.9% 

NN 1.60 0.73 1.76 3.13 88.2% 1.60 0.55 1.69 3.22 90.8% 

UK 1.60 0.60 1.71 3.08 86.8% 1.50 0.38 1.55 3.16 89.0% 

Average 1.60 0.67 1.73 3.11  1.57 0.47 1.64   

LiDAR    3.55     3.54  

B2 

IDW 2.30 0.96 2.49 3.41 81.3% 2.20 0.64 2.29 3.54 84.5% 

NN 2.30 1.05 2.53 3.45 82.3% 2.20 0.74 2.32 3.60 85.9% 

UK 2.20 0.88 2.37 3.36 80.2% 2.10 0.51 2.16 3.49 83.4% 

Average 2.27 0.97 2.46 3.41  2.17 0.63 2.26   

LiDAR    4.19     4.19  
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Table 2.  Changes in average roughness over time for the 20% and 12% slope. 

  
Roughness changes (mm) 

10mm resolution 5mm resolution 

20% surface (A1 to A2)  

IDW -0.27 -0.20 

NN -0.25 -0.17 

UK -0.29 -0.22 

LiDAR points 0.22 0.23 

12% surface (B1 to B2) 

IDW 0.30 0.35 

NN 0.32 0.38 

UK 0.28 0.34 

LiDAR points 0.65 0.64 
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Figure 1. Relative locations of six scanner positions and control points (circles represented 

scanner positions, the number inside the circle was the ID of scanning position). 
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Figure 2. Random roughness of each transect of interpolated DEMs at a resolution of 10 mm and 

the corresponding LiDAR point band on 20% slope (“LiDAR points” refered to the random 

roughness calculated from the LiDAR points directly, “IDW”, “NN” and “UK” represented the 

random roughness calculated from the interpolated DEMs using Inverse Distance Weighting, 

Natural Neighbors and Universal Kriging respectively).  
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Figure 3. Total DEM error at resolution of 10 and 5 mm as a function of average random 

roughness which estimated from LiDAR points directly for the four surfaces (A1 and A2 for 

20% slope; B1 and B2 for 12% slope).   
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Figure 4. Relative Random Roughness, which is the ratio of average RR from the interpolated 

DEM to that from LiDAR points directly, as functions of total DEM error at 20% and 12% slope.  
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Abstract 

Soil surface roughness (SSR) is widely recognized as an important factor influencing water 

erosion processes.  On semiarid hillslopes with stony soils, rock fragments accumulate as the 

result of preferential erosion of fine materials, often creating a rough, rocky surface. A series of 

rainfall events were simulated on a stony plot (2 × 6.1 m) at three slope gradients (5%, 12%, and 

20%) and rock cover was measured. Surface elevations were sampled by terrestrial LiDAR at 

high resolutions. Calculated roughness indices included random roughness (RR), fractal 

dimension, crossover length, and generalized fractal dimension. Results showed: 1) SSR 

displayed an increasing trend as the rainfall simulation proceeded for all three slope treatments; 

2) the steeper slope developed greater surface roughness; and 3) both the increase of surficially 

exposed rocks and the formation of erosional features, e.g., rills and depressions, contributed to 

the spatiotemporal variations of SSR. Results showed that the fractal dimension was not a good 

indicator of soil surface roughness, but rather was an index of the form of the surface. Crossover 

length was a measure of roughness at a scale of a few millimeters, while random roughness was 

a measure of elevation variation on the scale of the length of the transect measured, and thus 

encompassed larger morphological features including rills. We also established a new method for 

analyzing multiple fractals that characterized the heterogeneity of soil surface roughness. These 

results improve our understanding of the evolution of semiarid stony hillslopes. 

Keywords: LiDAR, soil surface roughness, rock cover, random roughness, fractal dimension, 

multiple fractals 

1 Introduction  

Soil surface roughness (SSR) describes the small-scale elevation irregularity or 

undulation magnitudes of the soil surface and is often related to many hydrologic and erosion 



 

114 
 

processes (Govers et al., 2000; Zobeck and Popham, 1997). Four distinct types of surface 

roughness, including micro-relief variation, random roughness, oriented roughness and high 

order roughness, were classified by Römkens and Wang (1986) according to the magnitudes of 

roughness elements (from few millimeters to several meters) or factors that contributed to the 

roughness (from soil grains to landscape features). Most past research has focused on soil 

random roughness at the scale of approximately 2 to 200 mm (Darboux et al., 2001; Helming et 

al., 1993; Huang and Bradford, 1992; Römkens and Wang, 1986; Vermang et al., 2015). 

Previous studies have shown that SSR affects both the hydrologic behavior and function of water 

flow (Darboux et al., 2001), as for example, runoff generation and sediment production (Gómez 

and Nearing, 2005; Zhao et al., 2016), leading to the inclusions of SSR in many process-based 

hydrologic and erosion models. Dynamic erosion continuously creates and alters the SSR. 

Consequently, the modified SSR will in turn dynamically change the erosion patterns. Hence, the 

temporal variation of SSR is not only a descriptor that reflects how the soil surface behaves 

against the erosive agents (Huang and Bradford, 1992), but also a potential index to distinguish 

different erosion stages (Huihui et al., 2016). It is therefore important to understand the dynamic 

temporal and spatial evolution of SSR due to water erosion.  

Spatial and temporal SSR variations have been widely discussed, and rainfall is 

recognized as one of the major factors that contribute to the spatiotemporal variations (Darboux 

et al., 2001; Helming et al., 1993). Soil surfaces may display a decline in SSR over time due to 

the breakdown of aggregates and subsequent sealing of the surface (Huang and Bradford, 1992; 

Jan Vermang et al., 2013; Van Wesemael et al., 1996), while increased SSR trends may also 

exist associated with the development of erosional features, such as rills or headcuts (Govers, 

1992; Huang, 1998; Huang and Bradford, 1992; Lei et al., 1998). The above results generally 
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come from experimental soils without rock fragments, where soil structure and erosional features 

are dominant factors that determine SSR.  

On semiarid hillslopes, abundant rock fragments are found on the soil surface as a result 

of selective erosion (Abrahams et al., 1994). Erosion pavement is a result of hillslope evolution 

process defined by Shaw (1929) as “ a surface covering of stone, gravel, or coarse soil particles 

accumulated as the residue left after sheet or rill erosion has removed the finer soil”. Once 

erosion pavement develops, the accumulated rock fragments may increase the SSR by 

pedestalling or protruding from the surface, which is unlike the case of soil aggregates that 

generally experience breakdown during rainfall and subsequent reduction in surface roughness 

(Van Wesemael et al., 1996). Erosion-induced increasing SSR is expected to impose greater 

resistance to flow velocities, and hence reduce the erosion potential and change the erosional 

patterns. The dynamic feedback between the erosion and its induced rock pavement may 

challenge some frequently used assumptions, e.g., a transport-limited sediment transport model 

(Willgoose and Sharmeen, 2006) and slope gradient-dependent velocity relationships such as 

Chezy and Manning equation (Govers, 1992; Nearing et al., 2017). Insights into those dynamic 

interactions and characterizations of the evolution of semiarid stony hillslopes require an 

understanding of the evolution of surface morphological characteristics (Willgoose and 

Sharmeen, 2006). However, few studies of the evolution of SSR on stony surfaces have been 

reported. Van Wesemael et al. (1996) simulated rainfall on 13 simulated plow layers with 

different initial soil moisture contents, rock fragment contents, and sizes to investigate the SSR 

evolution over multiple rainfalls. However, the total applied rainfall volume (192.5 mm), which 

was of the order of the annual precipitation in southeastern Spain, was insufficient to account for 

the long-term effects of rainfall on SSR.  
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 Nearing et al. (2005) hypothesized that through the process of preferential erosion the 

physical roughness of stony hillslopes with different slope gradients might evolve in such a way 

that steeper areas develop a relative increase both in physical and hydraulic roughness. In the 

study of Nearing et al. (2005), the estimated spatial erosion rates in two stony, semiarid 

watersheds using 137CS inventories were shown to not be a function of hillslope steepness or 

curvature, but rather a function of rock content of the surface soil. They further speculated that 

these results were due to the different surface hydraulic and physical roughness levels induced by 

the historical erosion that resulted in rougher surfaces due to greater preferential erosion on 

steeper slopes. In the hypothesis testing experiment of  Nearing et al. (2017), 22 rainfall events 

were simulated on stony plots (2×6.1 m) with three slope treatments (20%, 12% and 5%, two 

replications for each slope treatment). The total applied rainfall volume for each surface 

replication ranged from 1400 to 2240 mm, at relatively high intensity, to account for medium-

term (ca. 10 years) rainfall erosion effects. Surface elevations were measured by a laser device 

along three transects that crossed the plots for assessing SSR using the random roughness index, 

and rock covers were measured using a pointer method at 300 points on a 20 by 20 cm grid. The 

results showed that final random roughness was positively correlated with slope gradient, even 

though the final rock cover was similar at the different slopes. Their study investigated the 

evolution of stony surfaces in a systematic way, and the results enhanced the understanding of 

temporal variations of SSR on stony hillslopes, however, given the limited transect 

measurements, interpretation of the experiment would benefit from denser surface elevation 

measurements and multiple roughness indices for describing the spatiotemporal variations of 

SSR.  
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The objective of the present research is to investigate the spatiotemporal SSR evolution 

of stony plots under simulated rainfall with highly dense surface elevation measurements and 

multiple roughness indices based on the soil surface spatial properties. Terrestrial LiDAR 

scanning (TLS) measurements were conducted to sample the soil surface morphology at high 

resolutions in the rainfall simulation experiments of Nearing et al. (2017). Random roughness 

indices and fractal parameters were employed to investigate how the SSR of stony soils 

responded to the simulated rainfalls. In order to investigate the soil surface complexity in a 

thorough way, multiple fractal analyses with the use of a new probability function were also 

conducted. The results of the study show the benefits of using a variety of roughness and form 

parameters to best characterize surfaces and changes in surface as a function of erosion.  

2 Background  

2.1 Random roughness  

One of the most frequently employed SSR indexes is random roughness. RR was first 

proposed by R.R. Allmaras, et al. (1966) as the standard error of log-transformed elevation 

measurements, after the slope and tillage effects were removed. However, the log transformation 

was found not to be necessary (Currence and Lovely, 1970). In the present study, the standard 

deviation of elevation measurements was calculated as random roughness, similar as in Jan 

Vermang et al. (2013) and others:  

RR = √
1

𝑁
∑ [𝑍𝑗 − �̅�]2𝑁

𝑗=1        Eq. [1]  

where 𝑍𝑗 is the elevation measurement at point j, N is the number of the measurements, and �̅� is 

the average value of those N measurements.  
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2.2 Fractal analysis  

One of the drawbacks of random roughness index is its inability to account for spatial and 

geometric properties of surface microtopography (Jan Vermang et al., 2013), therefore, 

substantial effort has been devoted to quantifying the fractal nature of the surface roughness. The 

most frequently used structure functions for assessing the fractal dimension are semivariance 

functions (Darboux et al., 2001; Huang and Bradford, 1992) and root mean squares (RMS) 

(Vidal Vázquez et al., 2006, 2005). For very dense elevation measurements, such as for a LiDAR 

point cloud, however, significant computational effort is required to find the pairs of points 

within predesigned lag distances among the very dense and unevenly spaced points when a 

semivariance function is employed, leading to some practical compromises of reducing the 

original LiDAR point cloud density or selecting smaller patches from areas of interest (Abban et 

al., 2017; Nouwakpo et al., 2016). The RMS method has advantages compared with 

semivariance functions in its efficiency in fractal analysis and lower estimation errors (Vidal 

Vázquez et al., 2006, 2005). More details of the RMS method are given here. 

In the RMS method, for a given scale h, the variations from the mean of individual 

elevation points of each window with the size of h by h are averaged, and then the average value 

of all of the windows, W(h), is assigned for that scale h.  The guiding principle of the RMS 

method is to estimate the average local roughness, W(h), for various scales as (Vidal Vázquez et 

al., 2005): 

𝑊(ℎ) =
1

𝑁ℎ
∑ {

1

𝑚𝑢
∑ [𝑍𝑖 − �̅�]2𝑚𝑢

𝑖=1 }1/2𝑁ℎ
𝑢=1        Eq. [2]  
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where h is the size of a square window; 𝑚𝑢 is the number of points that fall in a particular 

window, u, with the size of h , 𝑍𝑖 and �̅� are the elevations and average elevation of those 𝑚𝑢 

points, 𝑁ℎ is the total number of windows with the size of h, and W(h) is the RMS for the scale h.  

Figure 1 shows an idealized plot of log(W(h)) plotted vs. log(h) for a soil surface.  If the 

soil surface exhibits fractal behavior at the smaller range of scales, then linearity near the origin 

of log(W(h)) versus log(h) will give an estimation of two important parameters, the Hurst 

exponent (H) and crossover length (L) (Malinverno, 1990), if using a fractal Brownian motion 

model (Huang and Bradford, 1992; Vidal Vázquez et al., 2005). The Hurst exponent, H, is 

simply the slope of the line, representing the rate of change of log(W(h)) with log(h), which is 

often linear for soil surfaces at small values of h. Empirically we know that H is greater than zero 

and less than one for soil surfaces. The crossover length, L, is the parameter that relates the 

magnitude of the roughness to the magnitude of the scale, h (Brown, 1987). Put another way, L 

gives dimensionality to the roughness, using the following equation:  

𝑊(ℎ) = 𝐿1−𝐻ℎ𝐻        Eq. [3]  

Note that the units of W(h), h, and L are all length (e.g., mm), H is less than one, and hence by 

the use of L1-H, both side of the equation have units of length. Note that the crossover length is 

that value of h where h=L=W(L). Hence L is the “crossover” length where for values less than L, 

W(h)> h (i.e., roughness is greater than cell size), and for values greater than L, W(h)< h.  The 

equation for the straight portions of the graphs in Fig. 1 is:  

 log[𝑊(ℎ)] = 𝐻 log(ℎ) + 𝑎        Eq. [4] 

where a is the intercept, e.g., the value of log(W(h)) at log(h)= 0, e.g., h =1 in whatever units are 

being used. From Eq. [3] and [4] it follows that the crossover length may be calculated as: 
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L = exp (
a

1−H
)         Eq. [5] 

Fractal dimension, D, for a surface, is defined as  

D=3-H          Eq. [6] 

based on the previous studies (Gneiting and Schlather, 2001; Huang and Bradford, 1992). In this 

scenario, since 0<H<1, soil surfaces will always have fractal dimensions between the values of 2 

(a uniform plane) and 3 (a volume), which is consistent with fractal theory. Fractal dimensions 

characterize the extent to which the object deviates from its topological dimension space towards 

its embedding dimension space. In this case the deviation is from the planer surface at two 

dimensions toward filling three-dimensional space.  

It is important here to note that both H and D are scale independent parameters.  Hence, 

they are expected to be related to the form, and in fact to the complexity (or the irregular 

geometry, see Wong, 1987), of the surface, but not necessarily to the actual magnitude of the 

surface elevation variations, and hence to the surface roughness magnitudes. As argued by 

Kamphorst et al. (2000) that fractal indices are “regression parameters” that describe the form of 

the variogram (e.g., the semivariogram and the W(h)), instead of a measure of roughness or scale 

itself. In other words, one can theoretically have two surfaces that have the exact same form, but 

with very different sizes, that have the same fractal dimensions. The crossover length, L, is the 

parameter that provides scale to the form.  Referring to Fig. 1, we see that for a given value of D 

which is a function of H, the value of L indicates the positioning of that line on the graph. 

Without crossover length, L, it is like defining a straight line on a graph paper without a known 

intercept. Hence we expect, and others have found (e.g., García-Serrana et.al., 2018; Huang and 

Bradford, 1992; Vidal Vázquez et al., 2005) that the crossover length is related to surface 
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roughness, while fractal dimension is not always so. One might hypothesize that D will be useful 

for comparing differences in anisotropy, heterogeneity of microtopography, and other 

morphological differences of soil surfaces.  

2.3 Multifractal analysis (MFA) 

A single fractal dimension uses a monofractal approach to characterize the complexity of 

spatial objects (Salat et al., 2017; San José Martínez et al., 2009), and as introduced above, relies 

on an averaging process with an assumption that local measurement is self-similar on a limited 

range of scales (Fig. 1) (Wong, 1987). Multifractal analysis extends this concept by recognizing 

that, for a given scale, the roughness measurements of the windows with the size of h are 

spatially varied and can be represented by a probability distribution (Lopes and Betrouni, 2009; 

Luo et al., 2017). Several studies have shown the soil surface may display multiple fractal 

characteristics (Luo et al., 2017; Moreno et al., 2008; San José Martínez et al., 2009; Vidal 

Vázquez et al., 2010, 2008). The theory of MFA has been thoroughly described and applied in 

several soil studies (Luo et al., 2017; San José Martínez et al., 2009). More details of the MFA 

method used in our study are provided in the methods section.  

3 Materials and Methods   

3.1 Soil box preparation  

Rainfall was simulated on a 2 m wide by 6.1 m long metal-bound box (Fig. 2). The 

experimental soil was collected from the top layer (0 to 15 cm) in the Lucky Hills area located in 

the Walnut Gulch Experimental Watershed (3100 44’ 34” N; 1100 03’ 51” W). The soil is 

classified as Luckyhills-McNeal gravel sandy loam with 52% sand, 26% silt, 22% clay and less 

than 1% organic matter (Nearing et al., 2007; Renard et al., 2008). The collected soil was turned 
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over and mixed several times in order to homogenize the materials before filling the box, and 

subsequently stored in a pile. The slope gradient of the soil box was adjustable, ranging from 0 to 

20%. In the present study, three slope treatments of 20%, 12% and 5% were utilized. Each slope 

treatment included two replications. Therefore, the present study consisted of six individual 

experiments in total. For clarity, in this paper “experiment” refers to a single replication of a 

designated slope gradient. For each experiment, the box was positioned horizontally to fill with 

soil to a depth of 20 cm. The soil surface was then scraped lightly with a wooden block to obtain 

an even surface.  

3.2 Rainfall applications  

Rainfall was simulated by a Walnut Gulch Rainfall Simulator (WGRS) (Paige et al., 

2003). The WGRS contained a computer-controlled oscillating boom upon which four VeeJet 

80100 nozzles spaced 1.52 m apart were mounted. By controlling the spray time of nozzles, 

various rainfall rates ranging from 13 to 190 mm h-1 with the kinetic energy of approximately 

204 kJ ha-1 mm-1 were obtained crossing a 2 by 6.1 m area. Detailed information about the 

WGRS was presented in Paige et al. (2003). Windscreens were set up around the soil box to 

minimize unwanted wind disturbances. 

For each experiment, the soil surface was first covered with a porous cloth and pre-wet 

with 35 mm h-1 intensity of rainfall for 30 minutes. This was done to create consistent initial 

moisture conditions for each experiment. The box was then adjusted to the designated slope (5%, 

12%, and 20%) and the porous cloth was removed. 

Rainfall was simulated three times for the 20% slope and four times for the 12% and 5% 

slope. Each simulation was considered as a single event with continuous rainfall application, and 
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rainfall duration of each simulation varied from 1.5 to 5 hours. For each experiment, the first 

simulation started from low intensity (59 mm h-1) for a period of approximately 20 to 30 minutes 

until steady state runoff was reached and velocity data were collected, and then rainfall was 

applied for approximately one hour of rainfall at high intensity (178 mm h-1), followed by 

approximately 15 minutes at low intensity (59 mm h-1) again. Each subsequent simulation started 

from high intensity (178 mm h-1) and then decreased to low intensity (59 mm h-1) for variable 

time lengths depending on how quickly the surface evolved at the various slopes. Detailed 

descriptions of the rainfall simulation procedures of each experiment were presented in Nearing 

et al. (2017).  

3.3 Surface elevation measurements  

The soil surface was scanned prior to the experiment (after pre-wetting) and following 

each application of rainfall with a RIEGL VZ4002 terrestrial LiDAR scanner (TLS) 

(www.riegl.com). This instrument provides high speed and non-contact data acquisition through 

a collimated beam with a nominal divergence of 0.3 mrad (0.3 mrad corresponds to an increase 

of 30 mm of beam diameter per 100 m distance) (Riegl GmbH, 2012). Because TLS point 

density is dependent on the distance of the TLS sensor to the scanned object, soil surfaces far 

from the scanner were sampled at a lower density than those close to the scanner. Six scan 

positions were established to sample the soil surface morphology. The scan positions are 

schematically shown in Fig. 3.  At each scan position, the TLS scanner was configured to emit a 

pulse at 0.040 increments in the azimuth (0-3600) and zenith (30-1300) direction, resulting in 

approximately one point every 1 mm at a distance of 2 m and every 6 mm at a distance of 8 m. 

                                                           
2 Trade names and company names, included for the benefit of the reader, do not imply endorsement or preferential 

treatment of the product listed by the USDA.  
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Eight control points were established around the soil box (Fig. 3), and their coordinates were 

surveyed with a Trimble R8 robotic total station1. Eight cylindrical reflectors with diameters of 

10 cm were set up over the control points on survey tripods. For each experiment, TLS scans 

were conducted before each simulation and at the end of the last simulation. The details of 

surface rock cover measurement were available in the study of Nearing et al. (2017).  

3.4 TLS data processing  

TLS scans were conducted from six positions to reduce the occlusion effects induced by 

the rocks and the slope steepness. Scans from different positions needed to be transformed into 

an external coordinate system from the different internal spherical coordinate systems to obtain a 

composite point cloud. Scan to scan registrations were accomplished in two steps. First, 

corresponding reflectors among the scans were matched. In that step, at least three reflectors 

were required to match the scans.  Then the iterative closest point (ICP) (Besl and McKay, 1992) 

algorithm implemented in the Riegl RiScan Pro1 software was applied to further register the six 

scans to obtain a composite TLS point cloud.  

To avoid the boundary effects of the soil box borders, approximately 23, 23, 26 and 10 

cm of outer edges of left, right, upper and lower of the box, respectively, were cut off from the 

original composite point cloud, resulting in a TLS point cloud covering an area of 5.63 m by 1.53 

m. The slightly different cutoffs of each side were because of the different shadow effects of the 

metal bounds of soil box. In order to avoid interpolation error and interpolation-induced surface 

information loss, all the following roughness indices were calculated based on the TLS point 

clouds directly without converting to DEMs and density reduction.   
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3.5 Roughness index   

3.5.1 Random roughness (RR) 

The standard deviation of elevation measurements was calculated as random roughness, 

similar as in Jan Vermang et al. (2013). RR was assessed for individual transects rather than the 

entire plot, as we were interested in the random roughness in different sections (lower, middle, 

and upper) of the plots. For each surface, a total 560 transects across the plot were identified with 

an interval of 1 cm and with procedures as follows: 560 straight lines across the plot with 1 cm 

distance apart were first defined, and each line was treated as the center line of a band with 2 mm 

width. Each band was then considered as an individual transect. TLS points that fell into each 2 

mm wide band were first linearly de-trended to correct for the slope effects and then used for 

calculating the RR for that band.  

3.5.2 Fractal Dimension  

In the present study the RMS method was chosen for its efficiency in fractal analysis and 

its lower estimation errors (Vidal Vázquez et al., 2006, 2005). For each surface, the entire 

surface was first linearly de-trended to correct for the slope effects. Subsequently, a 1 by 1 cm 

grid was created to cover the surface, the reason being that in our dataset average point distance 

was approximately 3 mm and the 1 by 1 cm gird ensured that sufficient number of points are 

included in the deviation calculations.  There were 86,139 cells at h=1 cm on the 5.63 m by 1.53 

m area. The window sizes, h, ranged from 2 cm to 100 cm with 1 cm increments, and every 

possible window on the plot for each of the 99 values of h were considered.  In other words, for 

example, for the h=100 cm grid size, we can start with a 100 cm cell in the upper left side of the 

plot, then a second 100 cm cell to the right by one cm, and another moved to the right another 

one cm, and so forth until the right side of the cell reaches the right edge of the plot area. Then 
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we would move back the left of the plot (in terms of the calculations) and down one cm for a 

second row of cells, and so forth until we reach the bottom of the plot.  

W(h) was calculated for each scale, h, using Eq. [2]. The calculated W(h) was plotted 

against h, and linear regression was performed to obtain the slope, H, and hence fractal 

dimension, D from Eq. [6].  The crossover length, L, was calculated using Eq. [5].  

3.5.3 Multiple Fractal Analysis (MFA) 

Since MFA relies on the distribution of local measurements, the fundamental first step to 

conducting MFA is to establish a probability distribution. The routine step for establishing a 

probability distribution is to normalize the elevation of each point and use the normalized value 

as the probability assigned for that point. Thus, the greater the elevation is, the greater the 

probability is (Luo et al., 2017; Moreno et al., 2008; San José Martínez et al., 2009; Vidal 

Vázquez et al., 2010, 2008). However, that method is not suitable when LiDAR points are 

utilized directly. When a DEM is used, each cell of the grid has a single elevation point 

associated with it, and hence equal weighting.  The LiDAR points, however, are unevenly 

spaced, and hence there will be varying numbers of elevation points within each cell, and hence 

the cells would not be weighted accurately.  In this research a new probability measure was 

established specifically for unevenly spaced points, the procedure of which was:  

(1) The entire surface was first linearly de-trended to remove the slope effect.  

(2) The entire surface was divided into cells with side lengths of h = 16, 32, 64, and 128 

mm, with no overlap of cells or plot edges. Therefore, for a given side length of h, the number of 

N(h) =
𝐴×𝐵

h2  of cells were obtained, where A=1536 mm and B= 5632 mm is the width and length 

of the soil surface.   
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(3) For each cell, the measure of that cell was defined as the standard deviation of 

elevation measurements of points in that cell, Sj. The probability value assigned to a cell was:  

𝜇𝑗(h) =
𝑆𝑗

∑ 𝑆𝑖
N(h)
𝑖

      Eq. [7] 

Thus, instead of normalizing the elevations, the roughness of each cell was normalized and used 

as a probability measure. The main consideration here was that standard deviation of elevation 

measurements of each cell reflected the local roughness measurement that was of interest and 

avoided the effects of variable numbers of points in each cell.  

(4) The partition function 𝜒(𝑞, h)  was defined as the weighted summation of the qth 

power of the distribution probability of each cell at the scale h (Vidal Vázquez et al., 2008):  

𝜒(𝑞, ℎ) = ∑ 𝜇𝑗(ℎ)𝑞N(h)
𝑗=1           Eq. [8] 

Different values of the weighting factor, q, provide different types of information about the 

fractal nature of the surface, as discussed below.  

(5) For each weighting factor, q, the generalized fractal dimension D (q) was calculated 

based on the following formulas (Vidal Vázquez et al., 2008):  

D(q) =
1

𝑞−1
lim
ℎ→0

ln [𝜒(𝑞,ℎ)]

ln (ℎ)
, when 𝑞 ≠ 1                Eq. [9] 

D(q) = lim
ℎ→0

∑ 𝜇𝑗(h)ln [𝜇𝑗(h)]
N(h)
𝑗=1

ln (ℎ)
, when 𝑞 = 1    Eq. [10] 

A log-log plot of 𝜒(𝑞, ℎ) versus h for each weighting factor, q, tends to be linear if the 

soil surface of interest has multifractal characteristics (San José Martínez et al., 2009), and then 

the fitted linear slope can be used to estimate the generalized fractal dimension D(q) using Eq. 
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[9] and [10]. The coefficients of determination r2 of the linear fitting may be used for checking 

whether multifractal characteristics were significant. In the present study, the weighting factor, q, 

was chosen from -5 to 5 with an increment of 1.  

Both the shape of the D(q) curves and some parameters that are taken or derived from the 

D(q) function can be used for assessing the degree of heterogeneity of the soil surface. Beside 

the shape of D(q) vs. q, the following parameters were calculated in the present study: 

(1) D(0). D(0) is the fractal dimension for q=0. Theoretically, if there are no empty cells, 

then D(0) = −
ln(N(ℎ1))−ln(N(ℎ2))

ln(ℎ1)−ln(ℎ2)
= −

ln(
𝐴×𝐵

ℎ1
2 )−ln(

𝐴×𝐵

ℎ2
2 )

ln(ℎ1)−ln(ℎ2)
= 2. If there are empty cells, D(0) will be 

less than 2.  Therefore, D(0) is independent of the probability of each cell and only reflects 

whether the cells are occupied or not and is called the capacity dimension.  

(2) D(1). D(1) is the fractal dimension for q=1 and quantifies the degree of heterogeneity 

of the distribution by measuring the Shannon entropy, so it is referred to as information 

dimension (San José Martínez et al., 2009; Vidal Vázquez et al., 2008). In the case that the 𝜇𝑗(h) 

of each cell is identical, then D(1) = lim
𝜀→0

∑ 𝜇𝑗(h)ln [𝜇𝑗(h)]
N(h)
𝑗=1

ln (ℎ)
=

∑ 𝜇𝑗(ℎ1) ln[𝜇𝑗(ℎ1)]−∑ 𝜇𝑗(ℎ2) ln[𝜇𝑗(ℎ2)]
N(ℎ2)
𝑗=1

N(ℎ1)
𝑗=1

ln(ℎ1)−ln(ℎ2)
=

𝐴𝐵

ℎ1
2 ×

ℎ1
2

𝐴𝐵
×ln(

ℎ1
2

𝐴𝐵
)−

𝐴𝐵

ℎ2
2 ×

ℎ2
2

𝐴𝐵
×ln(

ℎ2
2

𝐴𝐵
)

ln(ℎ1)−ln(ℎ2)
= 2 which is equivalent 

to the capacity dimension D(0). Therefore, the closer the D(1) value is to D(0), the more 

homogeneous is the distribution (Vidal Vázquez et al., 2008).  D(1) is an important parameter for 

quantifying the heterogeneity of roughness across the area.  

(3) ∆D. ∆D is the width parameter, which is the span of the D(q) function and calculated 

in the present study as D(q= -5) - D(q= +5). It has been suggested as a parameter to describe the 
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variation of a fractal object, which in this case is the variation between cells of the variability of 

elevations. The greater the ∆D is, the greater complexity the object exhibits (Luo et al., 2017; 

Roisin, 2007; Vidal Vázquez et al., 2008).  

(4) Multifractality index (MI).  MI is defined as MI = −∆(D(0) − D(2)) by Vidal 

Vázquez et al. (2008). It is used to minimize the uncertainty of the slope fitting processes. The 

lower MI is, the greater heterogeneity the surface displays (Vidal Vázquez et al., 2008).   

4 Results and Discussion  

4.1 Random Roughness index  

Figure 4 shows the average RR of the entire plot for replications of the three slope 

treatments over time. The average RR exhibited an increasing trend as rainfall progressed. The 

final random roughness values were statistically different among the three slope treatments; the 

steeper the slope was, the greater the surface roughness was. The average RR values were 

different from those reported by Nearing et al. (2017), which is attributable to the use of only 

three transects measurements in his study and the different method (laser distance meter) of 

measurement used.   

4.2 Fractal analysis  

4.2.1 The W(h) function  

 Figure 5 shows the calculated W(h) against window size, h, for all surfaces. For all the 24 

surfaces, W(h) against h increased rapidly for small window sizes, as shown by the steeper slope 

of the line at the lower end of the x-axis, indicating a strong correlation of elevation variations at 

small scales. For large window sizes, W(h) varied gradually.  
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For 20% and 12% slope, and most of the data for 5%, the W(h) for all given scales h 

increased as the rainfall simulation proceeded, revealing a temporal increasing trend of local 

surface roughness (Fig. 5). Notable differences existed between the initial surface and the surface 

after the first simulation. Those differences were expected since the initial soil surface was 

configured smoothly with few rock protections, which allowed greater surface changes during 

initial rainfall applications. Once the soil surface was altered by the first rainfall event, the 

erosion-induced roughness then, in turn, imposed a greater resistance to erosion for the 

subsequent events, reducing the morphology changes during the subsequent simulations 

(Nearing et al., 2017). For the most part, W(h) tended to be greater at all scales for each 

subsequent simulation for each experiment. While at 5% slope, the W(h) functions for the initial 

surface and the surface after the first simulation crossed at a scale between approximately 150 

and 200 mm. This means that at the larger scale roughness actually decreased slightly between 

the initial surface and after the first simulation.  

Figure 6 shows that surfaces exhibit a fractal nature over the lower portion of the scale 

range, as evidenced by the linear relationship between log(W(h)) and log(h). The fitting line of 

log(W(h) against log(h) was used for calculating Hurst exponent, H, for each surface. The results 

that the fractal spectrum of local roughness was limited to only the lower portion of entire scale 

are in accordance with previous research (Huang, 1998; Huang and Bradford, 1992; Jan 

Vermang et al., 2013; Vidal Vázquez et al., 2010, 2008). In other words, the fractal nature of the 

soil surface has scale limitations, rather than being present at all measured scales (Brian Whalley 

and Orford, 1989). The fact that the soil surface had fractal properties within a limited scale 

range has also been defined as pseudofractal (Brian Whalley and Orford, 1989; García-Serrana et 

al., 2018; Huang, 1998; Jan Vermang et al., 2013; Y. Chi et al., 2012). The concept of the 
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pseudofractal has meant that elevation variations for small scales do not scale up proportionally 

as the length scale increases (Huang and Bradford, 1992); and hence one fractal model is not 

sufficient to quantify the surface form over the entire scale range (Brian Whalley and Orford, 

1989). Since the soil surface displayed fractal behavior only within limited length scale ranges, 

only the surface variations of those short scale ranges were incorporated in the calculations for 

estimating fractal dimension, which restricts the application of fractal dimension to distinguish 

differences over entire scale range (i.e., the whole plot) (Jan Vermang et al., 2013).  

4.2.2 Variations of fractal dimension and crossover length over time  

Figure 7 shows the fractal dimension, D (Eq. [6]), and crossover length, L (Eq. [5]), as a 

function of cumulative runoff.  In Figs. 4 and 5 we see that RR and W(h), both indices of surface 

roughness (the vertical elevation variations), tended in general to increase as the experiment 

proceeded, while in Fig. 7 we see that D tended to decrease, at least after the first or second 

simulation. It is sometimes suggested that fractal dimension is an index of roughness, but as we 

see in our data, this is not strictly true. Instead, as mentioned previously, fractal dimensions 

characterize the extent to which the object deviates from its topological dimension space towards 

its embedding dimension space (Abedini and Shaghaghian, 2009; Y. Chi et al., 2012). In that 

sense, the fractal dimension is a mathematical measure of how much space a particular surface 

function fills (Brown, 1987). 

 If we consider two idealized surfaces with similar “mini-roughness,” or roughness on the 

mm to cm scale, but one with depressions caused by rilling at the ca. 10 cm scale, for example, 

we can visualize what is happening here.  Referring to the schematic in Fig. 8, we see the side-

view of surface A, which is planer looked at across the entire length shown, but has roughness 

indicated as deviations from the plane. Surface B has the same deviations from the trend line 
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across the width, but also has two depressions caused in this case (we will say) by rill formation.  

In this idealized case, surface B will have greater random roughness than surface A, because the 

standard deviation of the elevation values for surface B are greater across the full width.  

However, the volumes that these surfaces are “tending to fill” are different. Since z2 is greater 

than z1, then surface B is less able to fill the volume in which it sits, hence D for surface B will 

be less than for surface A. We propose that this is what is happening in the experiment, 

explaining the converse changes in roughness and fractal dimension. More rilling occurred at 

20% slope than at 5% (Nearing et al., 2017), hence more depressions caused by the rills are seen 

across the width of the plot for 20% slope, and hence D was less for the 20% slope (Fig. 7). 

Lower fractal dimension associated with greater RR was also reported by Y. Chi et al. (2012) 

and García-Serrana et al. (2018) when the deeper “rills” or “depressions” existed on the surfaces.  

Figure. 7 shows that L consistently increased over time for all slope treatments, as did the 

temporal trends of the RR index (Fig. 4).  However, there is qualitative difference between the 

final values of L and RR, in that final RR was different as a function slope while L for all slopes 

tended to a value of approximately h=0.8 to 1 mm.  Theoretically, the value of L represents that 

in which W(L)=L, where the local RMS roughness is equal to the scale.  However, we also note 

that this value is much less than the values of h for scales that we actually calculated, which was 

a minimum of 20 mm.  This can be visualized in Fig. 6 as the extrapolation from the data points 

to the crossover points at the 1:1 line.  Basically, the L value is providing scale to the 

relationships, in the sense that it identifies the relative position of the lines on the graphs in Fig. 

6. It was worth noting that the variability of fractal dimension among six replications was 

relatively small, while the values of crossover length displayed much greater differences (Fig. 7). 

One example is replication 2 on 20% slope, as shown in the Fig. 6, the slopes of log(W(h)) vs. 
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log(h) were approximately the same, while the intercepts on the 1:1 line displayed apparent 

differences. It has been previously reported that crossover length was more sensitive to changes 

in microtopography than was fractal D (García-Serrana et al., 2018; Huang, 1998; Paz-Ferreiro et 

al., 2008).  

From the analyses above we showed that both random roughness and crossover length 

are indicators of surface roughness, and the difference between them is one of scale.  Crossover 

length is a measure of roughness at a fine scale, in our case on the order of a few millimeters.  

Random roughness, on the other hand, is a measure of elevation variation on the scale of the 

length of the transect measured, which in our case was of the order of 1.5 m, thus it will include 

larger morphological features such as rills. This would seem to have apparent importance when 

characterizing flow velocities on the surface at different scales. The fractal dimension, however, 

is not necessarily related to the roughness magnitude, but the form of the soil surface, which has 

importance in the understanding of overland flow generation processes, such as the depressional 

storage and hydrological connectivity (Y. Chi et al., 2012). 

4.3 Multiple fractal analysis  

4.3.1 Generalized Fractal Dimension D(q) 

 Figure 9 shows one example of the fitting results of D(q). As indicated in the graph, the 

slope was negative when q<0 while positive when q>0. There were no points that noticeably 

departed from the straight line. All the coefficients of determination of the fitted lines were 

greater than 0.999, indicating strong multiple fractal behaviors (Luo et al., 2017; San José 

Martínez et al., 2009).  
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The generalized fractal dimension D(q), of surfaces in replication 1 of 20% during 

successive rainfalls are shown in Fig. 10. One benefit of looking at a range of different weighting 

factors was to distinguish the nature of the surface spatial variations more easily.  Referring to 

Eq. [8], we see that for q>0, greater values of the normalized standard deviations, 𝜇𝑗(ℎ), are 

weighted when calculating values of 𝜒, while the lesser values of deviation are weighted when 

q<0. As such, q may act as a scanning tool to identify the existence of singularity, or extreme 

high and low, regions of the 𝜇𝑗(h) (San José Martínez et al., 2009). In general, as q increases 

D(q) will become progressively less since both 1/(q-1) and ln(𝜒) decrease (see Eq. [9] and [10]), 

which is indicated in Fig. 10.  

Note that if there is no singularity or variation in elevation, which means 𝜇𝑗(h) is 

identical for all the cells, the surface then displays as monofractal because each cell is self-

similar. Hence in that case, for any given q, D(q) =
1

𝑞−1
lim
ℎ→0

ln [𝜒(𝑞,ℎ)]

ln (ℎ)
=

1

𝑞−1
×

ln[𝜒(𝑞,ℎ1)]−ln[𝜒(𝑞,ℎ2)]

ln(ℎ1)−ln(ℎ2)
=

1

𝑞−1
×

ln(
𝐴𝐵

ℎ1
2 ×

ℎ1
2

𝐴𝐵

𝑞

)−ln(
𝐴𝐵

ℎ2
2 ×

ℎ2
2

𝐴𝐵

𝑞

)

ln(ℎ1)−ln(ℎ2)
=

1

𝑞−1
×

2(q−1)×(ln(ℎ1)−ln(ℎ2))

ln(ℎ1)−ln(ℎ2)
= 2. If D(q) 

has a constant value of 2 as q changes, the surface at that range of scales is monofractal. For all 

surfaces showed in Fig. 9, the D(q) functions were not linear, implying multifractal 

characteristics. For the D(q) function of initial surface, the portion of q<0 approximated the 

constant value of 2, which indicates few areas of low surface variations, but for q>0, the D (q) 

function was slightly concave down, showing the existences of a few areas with high surface 

variations, as discussed above. This would be probably due to the existence of a few randomly 

located rocks resting above the initial surface. 

4.3.2 Parameters from MFA 
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The capacity dimension D(0), information dimension D(1), width parameter ∆D, and 

multifractality index MI were calculated for assessing the degree of heterogeneity of soil surface 

roughness (Fig. 11).  

For all surfaces, the capacity dimension D(0) was 2.000, which equaled to the theoretical 

value of 2, indicating that every cell was occupied. Since capacity dimension only accounted for 

whether the cell was occupied or not regardless of the value or distribution of each cell, no 

information about the soil surface heterogeneity was available using capacity dimension D (0).  

All reported values of D(1) were less than D(0). This is expected since generalized fractal 

dimension D(q) decreases as q increases. Vidal Vázquez et al. (2008) also claimed that if a soil 

surface has a tendency to multifractality it will be observed that D(0) > D(1), and the more 

approximate D(1) is to D(0), the more homogeneous the surface roughness is. As rainfall 

proceeded, D(1) for each replication displayed a decreasing trend, with more difference between 

D(1) and D(0), indicating the increase of surface heterogeneity. The final D(1) values of 20% 

had a greater difference with D(0) than did those of 12% and 5% slopes, indicating greater 

surface roughness heterogeneity.  

The predominant trends of ∆D, calculated as ∆D = D (q= -5) - D (q= +5), displayed an 

increasing trend over the rainfall applications. As discussed above, q acts as a scanning tool to 

identify the existence of singularity regions of 𝜇𝑗(h). ∆D reflects the contrast degrees of 𝜇𝑗(h), 

such that the greater ∆D is, the greater heterogeneity the soil surface roughness exhibits, 

therefore, the increasing trends of ∆D implied increased heterogeneity with cumulative rainfall. 

The final ∆D values of 20% slope were greater than those of 12% and 5% slope, representing 

again greater surface roughness heterogeneity on 20% slope.  
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The MI, which was calculated as MI = −∆(D(0) − D(2), displayed a generally 

decreasing trend over cumulative rainfall. The final MI values were less on 20%, followed by 

12% and then 5% slope. The lower MI is, the more heterogeneous the surface roughness is 

(Vidal Vázquez et al., 2008). MI actually is another type of ∆D, the difference in our case was 

that q=+5 and q=-5 was used for ∆D while q=+2 and q=0 was used for MI. The reason for 

putting forward MI is to minimize the errors of the linear fitting process. Since the estimate of 

D(q) relies on the fitting quality of a log-log plot of 𝜒(𝑞, ℎ) versus ℎ, the uncertainty of the 

fitting process affects the final interpretation of the parameters determined from D(q). For 

example, ∆D decreased after the first simulation of replication 1 on 20% slope, which could be 

regarded as decreased heterogeneity, while an increased heterogeneity was captured by D(1) and 

the MI. That was possibly due to the uncertainty in the estimation of generalized dimension 

function D(q), and that the uncertainty increased as the magnitude of q increased, since the 

partition function, 𝜒(𝑞, ℎ) is a power function of q, leading to amplified errors in ∆D. Hence, MI 

is considered as the best index in terms of minimum errors (Vidal Vázquez et al., 2008). Based 

on the MI, the steeper surface evolved to a greater SSR heterogeneity degree, which also 

supported the findings of Nearing et al. (2005).   

5 Conclusions 

  The present study investigated the surface roughness evolution of stony plots with the aid 

of LiDAR. Our results showed the steeper slope evolved to greater surface roughness and SSR 

heterogeneity as quantified by RR, fractal dimension and the crossover length, and multiple 

fractal analysis, which supported the findings of Nearing et al. (2005) that the steeper slope 

would evolve to a rougher soil surface. The increased irregularity and roughness over rainfalls 
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was resultant from both the cumulative rock cover increase due to the selective erosion, and the 

formation of erosional features, e.g., rills and depressions.  

 The RR index was shown to be a good estimator in discriminating roughness level of 

given rain sequence. Fractal analysis was also conducted to tackle the drawbacks of RR that 

neglect the spatial correlation of roughness elements. Fractal dimension and crossover length 

provided supplementary information about the spatial organization of the roughness elements.  In 

order to investigate the entire soil surface complexity, multiple fractal analysis (MFA), with a 

new probability function, was also conducted. The parameters derived from MFA, especially the 

MI, enabled us to provide quantitative measures of SSR heterogeneity. Compared with single 

fractal analysis, MFA better characterized the surface complexity with less computation effort. 

We therefore believe that the MFA introduced in the present study is a promising tool to 

characterize soil surface roughness. Further research should focus on relating the parameters 

from MFA with water flow hydraulics in order to incorporate these parameters into erosion 

models.    
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APPENDIX 3- LIST OF TABLES AND FIGURES  

 

Figure 1. Idealized schematic for soil surfaces of the logarithm of the RMS local roughness, 

W(h), as a function of scale, h. H is the Hurst exponent, related to fractal dimension, D, as D=3-

H. The intercept ‘a’ and Hurst exponent are used to calculate the crossover length, L.  
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Figure 2. Photo of the experimental setup.  
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Figure 3. Relative locations of the six scanning positions and control points. The numbers inside 

the circles were the ID of scanning positions. 



 

141 
 

 

Figure 4. The averaged random roughness of 560 transects for each surface as functions of the 

cumulative runoff.  
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Figure 5. The relationship between the local RMS roughness, W(h), and window size, h, for each 

experiment. 
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Figure 6. The log-log relationship between the local RMS roughness, W(h), and window size, h, 

for each experiment. Note that, for clarity, not all computed points for greater than 

approximately log(h)=2 are plotted.   
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Figure 7. The fractal dimension and crossover length for each surface as functions of cumulative 

runoff for each slope replication.  
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Figure 8. Schematic diagram comparing hypothetical surfaces without (A) and with (B) idealized 

rills.   
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Figure 9. Relationship between ln(χ(q, h)) and ln(h) from the surface in replication 1 on 20% 

slope after the third simulation.  
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Figure 10. Generalized fractal dimension, D(q), as a function of the weighting factor, q, for each 

surface of replication 1 on 20% slope. 
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Figure 11. The capacity dimension D(0), entropy dimension D(1), correlation dimension D(2), 

width parameter ∆D and multifractality index MI as functions of cumulative runoff. Note the y-

axis on the graph of MI, where up indicates greater magnitudes of negative values.   
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