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Abstract
Soil surface roughness (SSR) is an important factor in controlling sediment and runoff generation influencing directly a wide spectrum of erosion parameters. SSR is highly variable in time and space under natural conditions, and characterizing SSR to improve the parameterization of hydrological and erosion models has proved challenging. Our study uses recent technological and algorithmic developments in capturing and processing Close Aerial Sensing data to evaluate how high-resolution imagery can assist the temporally and spatially explicit monitoring of SSR. 
We evaluated the evolution of SSR under natural rainfall and growing vegetation conditions on two arable fields in Denmark. Unmanned aerial vehicle (UAV) photogrammetry was used to monitor small field plots over seven months after seeding of winter wheat following conventional and reduced tillage treatments. Field campaigns were conducted at least once a month from October until April resulting in nine time steps of data acquisition. Structure from Motion photogrammetry was used to derive high-resolution point clouds with an average ground sampling distance of 2.7 mm and a mean ground control point accuracy of 1.8 mm. A comprehensive workflow was developed to process the point clouds, including the detection of vegetation and the removal of vegetation-induced point cloud noise. Rasterized and filtered point clouds were then used to determine SSR geostatistically as the standard deviation of height applying different kernel sizes and using semivariograms. The results showed an influence of kernel size on roughness, with a value range of 0.2–1 cm of average height deviation during the monitoring period. Semivariograms showed a measurable decrease in sill variance and an increase in range over time. This research demonstrated multiple challenges to measuring SSR with UAV under natural conditions with increasing vegetation cover. The proposed workflow represents a step forward in tackling those challenges and provides a knowledge base for future research.
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1. Introduction
Runoff and sediment generation are complex and highly variable processes that often cannot be explained sufficiently by general erosion factors such as landform, rainfall intensity, soil type and crop management (Cerdan et al., 2002; Onnen et al., 2019; Van Rompaey et al., 2005). The erosion response critically depends on the soil surface conditions such as soil surface roughness (SSR), residue/plant cover, crusting or initial soil moisture content (Auzet et al., 1995; Kirkby, 2002; Lacombe et al., 2018; Le Bissonnais et al., 2005; Van Wesemael et al., 1996). 
Specifically SSR, which describes the micro-relief of soils, is considered an important erosion factor as it influences the surface storage capacity of water and sediment (Kamphorst et al., 2000; Planchon et al., 2002), flowpath and sediment connectivity (Darboux et al., 2002), runoff (Helming et al., 1998), and flow velocity and infiltration (Vidal Vázquez et al., 2006; Zhao et al., 2013). Furthermore, SSR affects interactions of these factors and processes at a range of scales (Bullard et al., 2018; Smith, 2014). In erosion literature, the terms random roughness (RR) and oriented roughness (OR) are respectively used to describe microroughness and roughness following a direction, like slope or treatment (Allmaras et al., 1966; Hansen et al., 1999, Thomsen et al., 2015). In this study, SSR is characertized both as isotropic (random) and anisotropic (oriented) roughness (Eltner et al., 2018; Smith, 2014). Multiple studies investigated SSR and its spatiotemporal variability in the past. The approaches range from laboratory setups (Römkens et al., 2002), to rainfall simulation plots in the field (Hänsel et al., 2016; Nouwakpo et al., 2016) and measurements at field scale (Eltner et al., 2018). Alongside terrestrial measurements (Eitel et al., 2011; Milenkovic et al., 2015), unmanned aerial vehicles (UAV) photogrammetry using Structure from Motion (SfM) photogrammetry is an established method in geo-sciences for describing topography at high resolution (Eltner et al., 2016a; James and Robson, 2012; Smith et al., 2016; Westoby et al., 2012). 
However, characterizing the spatiotemporal variability of SSR has proven to be a major scientific challenge (Anderson and Croft, 2009; Govers et al., 2000). While previous studies show promising results regarding SfM photogrammetry as a tool for SSR detection (Eltner et al., 2015; Nouwakpo et al., 2014), there is a lack of approaches using multi-temporal UAV data acquired under natural rainfall and crop-growing conditions. Especially the temporal resolution is considered important, as changes in micro-topography can change rapidly (Cremers et al., 1996; Eltner et al., 2018). Those changes can have key influences on soil erosion and are not sufficiently described yet (Kaiser et al., 2015).
The aim of our study was to investigate how high-resolution image data can assist the temporally and spatially explicit monitoring of soil surface roughness under natural rainfall conditions at plot scale. Such monitoring has the potential to improve the representation of soil surface conditions controlling sediment generation. The approach could furthermore facilitate quantifying interrill erosion under field conditions. To our knowledge, this study is the first to investigate the temporal change of SRR using UAV technology under the conditions of a growing crop. The specific objective was to detect and describe soil surface roughness changes in situ over one season using UAVs and SfM photogrammetry. The crucial parts were the filtering of vegetation, point cloud noise, and the development, adaptation and evaluation of workflows and algorithms describing surface roughness. We adapted convolution-based approaches of isotropic and anisotropic roughness (Eltner et al., 2018; Smith, 2014) and semivariogram analysis (Anderson and Kuhn, 2008; Bullard et al., 2018; Croft et al., 2013). For determining the spatial and multi-temporal change in surface roughness, we monitored twelve 2-m2 runoff-plots from autumn to spring, when most of surface runoff and erosion is generated in Denmark. The experimental plots were established on gently sloping terrain in two fields of different soil type in central Jutland, Denmark, and cropped with winter wheat under two tillage practices.
2. Materials and methods
2.1. Study area and plot setup
For this study, field experiments were performed during the main runoff season in Denmark (October 2017 – April 2018) at Vindum, central Jutland (56° 22.5′ N, 09° 33.6′ E) (Figure 1). The mean annual rainfall at the site is 802 mm and the mean annual air temperature 8.4 °C (2006 – 2015). Twelve 2 m2 plots (1 x 2 m) were established at the start of the project to investigate the effect of soil management on SSR under controlled conditions. The plots were positioned in two different fields - Area1 and Area2 - (Figure 1) with slopes of 10-12% and soil textures of loamy sand developed on Weichselian sandy till. Two tillage practices, i.e. conventional and reduced tillage, were applied. Reduced tillage of light discing to a soil depth of 10 cm had been practiced on both fields for 10 years prior to our study. Selected designated plot areas were mouldboard ploughed to a depth of 25 cm for the conventional tillage treatment. Each tillage practice was replicated three times in the experiment, resulting in a total of 12 plots, six plots in each field. Plots within a field were spaced about 4 m from each other. Winter wheat (Triticum aestivum L.) was sown by standard practice with a Pöttinger TERRASEM seeder on both fields 26th and 29th September 2017.  Cropping of winter wheat is widespread in Denmark (Olesen et al., 2000) and leaves the soil surface exposed during longer periods of erosive winter rainfall.
The runoff plots were orientated with their long axis in the direction of seeding which coincided with the main slope. Plots were enclosed by metal fencing, which was hammered 20 cm into the ground (Figure 1) to prevent water flowing onto the plots from the surrounding area. The small plot size ensures measurement of interrill erosion processes due to small upslope contributing areas hindering the formation of rills (Kinnell, 2016).  At the bottom of the plots open, 1-m wide runoff plates were installed to facilitate free flow of surface water (Kinnell, 2016). The runoff plates had a slanted front edge to prevent undercutting (Rodrigo Comino et al., 2017). Through a gutter and a flexible tub, we collected sediment and surface runoff in 25 l tanks. Additionally, a PRONAMIC Rain-O-Matic Professional Rain Gauge with a 200 cm2 funnel, which leads the water to a self-emptying tipping bucket, was installed at a height of 1.5 m. The rain gauge logged the precipitation at an interval of 30 s for the determination of total rainfall and rainfall intensity.
2.2. UAV setup and data acquisition
Changes to the plots soil surface were captured via close aerial sensing (CAS) with a UAV setup. As a sensor platform, we used the customizable quadcopter “DJI Matrice 100” which can carry two sensors during a single flight. The sensors “Zenmuse X3” for RGB-imagery and the “MicaSense RedEdge” for multispectral imagery were used. The RGB sensor was mounted on a three-axis gimbal to ensure sharp imagery by compensating for vibrations and wind-induced movement of the UAV. The fixed lens type Zenmuse X3 has a resolution of 12.4 megapixels, is a CMOS sensortype with a sensor size of 1/2.3” (6.17 mm x 4.55 mm) and possesses a lens with a focal length of 3.6 mm. The RedEdge setup includes a camera with five spectral bands and a separate sun irradiance sensor, which were mounted under and on top of the UAV, respectively. The five bands are in the spectral ranges of blue (475 nm), green (560 nm), red (668 nm), near-infrared (NIR) (840 nm) and red edge (717 nm). Captured imagery has a resolution of 1280x960 pixels. The irradiance sensor is installed to mitigate the impact of changes in irradiance during the flight. For accurate reflectance data, pictures of a calibration reflectance panel were taken immediately before and after each flight.
Data acquisition was undertaken once a month, and additional monitoring was performed after major rainfall events that generated runoff (Figure 2).
To ascertain whether runoff had been generated, the tanks were checked regularly after rainfall events. A total of nine field campaigns were carried out in both areas between October 2017 and April 2018 (Figure 2) with each survey area covering six plots and approximately 600 m2. The flying altitude was 5 m to ensure a low ground sampling distance (GSD), which ranged from 0.17 - 0.27 cm and 0.25 - 0.43 cm for the RGB and multispectral camera, respectively. Table 1 shows each field campaign with the corresponding number of images as well as the GSD. Most conventional automated flight path software has no option to capture imagery lower than 10 m altitude, due to safety reasons. Therefore, all flights were piloted manually to acquire overlapping high-resolution imagery.
For multi-temporal registration of the CAS data, a stable reference system was set up (Agüera-Vega et al., 2017; Eltner et al., 2015; James et al., 2017; Tonkin and Midgley, 2016). In each area, 12 fixed ground control points (GCPs) were installed. Iron poles were inserted into the ground to a depth of 1 m and protruding 20 cm above the ground (Eltner et al., 2018). On top of the iron poles, GCPs measuring 10 x 10 cm were mounted. Each point was surveyed with a total station (1 mm accuracy). We measured the same GCP setup twice with a total station during the following winter season on neighboring fields to detect potential changes to their position during the experimental period. The interval between the two measurements was three months. To detect change in the position of the poles between the two measurements, a pairwise comparison of Euclidian distance (E and N coordinates) and height (Z coordinate) for each GCP pair was carried out.
2.3. Data processing
2.3.1. SfM workflow
The data of each field campaign was processed in an adapted SfM and multi-view stereo matching (MVS) workflow using the software Pix4D to obtain 3D point cloud information from the 2D imagery of both the RGB and the multispectral data. Figure 3 shows the workflow of Pix4D to retrieve point clouds and the consecutive data processing steps to eventually estimate SSR. At first, image features are identified as keypoints and subsequently matched between corresponding images to retrieve tiepoints. With the information of these homologous image points the camera poses were calculated as well as the 3D coordinates of the corresponding tiepoints, leading to a sparse point cloud in an arbitrary coordinate system, via an iterative bundle adjustment (James et al., 2017). The reconstructed image network geometry and estimated interior camera parameters were refined considering the GCPs. In the second step, the sparse point cloud was densified based on the previously calculated exterior and interior orientation estimates, retrieving 3D information for nearly each image pixel (Smith et al., 2016). The result is a georeferenced, highly detailed 3D point cloud. RGB point clouds and point clouds with red and NIR information were generated for each field campaign. The RGB point clouds have a higher resolution than the RedEdge point clouds (NIR and Red) (Table 1) due to the different sensor characteristics.
2.3.2. Data filtering
In general, point clouds contain outlier points or inherent point cloud noise (Bolkas and Martinez, 2018; Wolff et al., 2016). The point cloud has to be noise-free and thus contain no outliers or interruptions (from plants, for example) to calculate the SSR, because roughness calculation is highly sensitive to height changes. Especially increasing vegetation cover influences the noise significantly (Nouwakpo et al., 2016), leading to difficulties in measuring SSR. In this study, the vegetation and noise were filtered while preserving the complexity of the soil surface with the procedure set out in Figure 3. 
To filter the vegetation in the high-resolution RGB point clouds, the multi-spectral information of the low-resolution MicaSense point cloud was transferred to the RGB point cloud. More specifically, the normalized difference vegetation index (NDVI; Holben, 1986, Eq. 1) information was transferred to enable distinct vegetation identification, assuming a significantly higher NDVI for vegetation points than for bare ground points. The NDVI was calculated in the freeware CloudCompare (CC) using the calibrated Red and NIR point colors of the MicaSense point cloud.
						(1)
Afterwards, the NDVI scalar values were transferred to the higher resolved RGB point cloud via nearest neighbor interpolation. The RGB point cloud was then filtered by NDVI thresholds. The thresholds were manually chosen for each field campaign due to seasonal phenological changes and illumination differences to ensure that the filter removed vegetation while maintaining as many of the soil surface points as possible. Further obvious outliers within the plots, not representing the soil surface (e.g. residues of metal plot barrier or wooden cover of runoff-plate), were cleaned manually after deleting vegetation points. 
Although the approach described above filtered many non-ground points, it became apparent that the remaining points still inherited noise due to vegetation. Therefore, the following workflow was used to identify the inherent point cloud noise caused by increasing vegetation (Nouwakpo et al., 2016), which influences the elevation model of the soil surface. Each point cloud was processed with a moving least squares (MLS) filter from the Point Cloud Library (PCL; Rusu and Cousins, 2011), which smooths the data noise (Eltner et al., 2016b). With a MLS search radius of 5 cm and a polynomial order of 1, point clouds were generated and then triangulated into smooth plane surface meshes with the Delaunay 2.5D (best fit plane) tool in CC. The polynomial order of 1 was selected due to the planar characteristics of the soil surface in this study. The search radius of 5 cm assures a smoothing of the data, while maintaining the overall topography of the plots. A larger polynomial order and a smaller search radius would result in a noisy surface mesh. Afterwards the distances between original point cloud and mesh were calculated. Based on the average GSD of 2.7 mm and the mean GCP root mean square error (RMSE) of 1.8 mm (Table 1), the point clouds were subsampled to a 5 mm resolution to assure a fine resolution without oversampling.
Thresholds were applied to the point cloud containing the mesh distance information to filter the noise caused by vegetation. The distance thresholds at which the points were filtered were calculated with the function in Eq. 2, which is based on the standard deviation of the distribution of each distance value and a corresponding vegetation factor, which is estimated from the extent of plant cover at the corresponding time step:
				(2)
where i is the time step (1-9), µ is the mean of the distribution of point to mesh distances, σ is the standard deviation of the same distribution, v is the vegetation factor (e.g. 20% vegetation cover equals v = 0.2) and X is an observation/point from the normally distributed point cloud. This function was used to filter points from the point distance to mesh distributions of each time step. The filter was applied to all plots for each time step. The filtered point cloud was then rasterized from 3D to 2.5D, choosing the average cell heights as output if several values fall within one raster cell. The resulting DEM has a resolution of 0.5 cm. In total, 108 single raster plots (9 time steps with 12 plots) were retrieved for roughness calculation from all field campaigns. 
2.4. Data post-processing
2.4.1. Roughness calculation with convolution
In this study, the isotropic and anisotropic roughness approach by Eltner et al. (2016b; 2018; 2015), which was applied successfully on bigger scales, was utilized. The roughness parameters were calculated for each raster plot. In a first step, the rasters were detrended to remove the influence of global factors such as terrain slope because only local surface information is of interest for roughness calculations (Eltner et al., 2015; Haubrock et al., 2009). Secondly, the plots were rotated to align their longitudinal axis orthogonally with the coordinate system for assessing isotropic and anisotropic roughness across- and down-slope. Afterwards moving kernels, adaptable in size, were used to calculate the standard deviations of elevation. The kernel size was d x b pixels (d = rows, b = columns, pixel value equals 5 mm). In this study, three different isotropic kernel sizes (5x5, 25x25, 45x45) and anisotropic kernel sizes across- and down-slope were tested (1x5, 5x25, 9x45 & 5x1, 25x5, 45x9). The selection of these kernel sizes gives us an indication of the microtopography, a roughness assessment on treatment level and an overall roughness impression. The anisotropic roughness (directional roughness) was calculated for the along-slope direction and across-slope direction. Therefore, the anisotropic roughness kernels are described by a rectangle with fewer columns than rows (down-slope) and fewer rows than columns (across-slope). The isotropic roughness describes the roughness in all directions. The standard deviation of elevation was chosen as an identifier of SSR because the spatial heterogeneity of height values reflects surface roughness (Haubrock et al., 2009). Overall, however, a broad variety of mathematical approaches exist to describe SSR (Eltner et al., 2018). According to Berti et al. (2013), a variety of methods (e.g. Discrete Fourier transformation, root mean square deviation, absolute slope) show minor differences in terms of discriminatory and predictive capability.
2.4.2. Roughness calculation with semivariograms
Besides local roughness calculations, it is also possible to use global methods, such as semivariograms, to analyze roughness changes. Semivariograms have been applied successfully in previous studies using laser scanners to describe the soil surface (Anderson and Kuhn, 2008; Bullard et al., 2018; Croft et al., 2013; Huang and Bradford, 1992). Semivariograms display the spatial variability in a given set of points (Cohen et al., 1990), e.g. by showing the variation in height for different distances. Semivariograms were calculated for each detrended plot (as only local surface information is of interest and no global impacts such as slope) at each time step, using the gstat geostatistical modelling package (Gräler et al., 2016; Pebesma, 2004). To each experimental semivariogram we fitted a spherical model, which was chosen for its suitability for describing data sets with high short-range variability (Anderson and Kuhn, 2008; Bullard et al., 2018; Croft et al., 2013). The fitting of an exponential model in this study showed similar results and will not be further discussed. 
Four geostatistical key features were derived by fitting the spherical model (Bullard et al., 2018): range (a), spatially-correlated variance (c1), total sill variance (c0 + c1) and nugget variance (c0). The range (a) provides information about the maximum scale of spatial variation in the data (Atkinson and Tate, 2000) and is the point after which an increase in distance will not increase the semivariance (Croft et al., 2013). The sill (c0 + c1) is the semivariance value at the range distance and describes the total amount of variation in the spatial dataset. The nugget variance (c0) indicates the amount of spatially uncorrelated variance and variation within the spatial dataset, like measurement error and noise (Anderson and Kuhn, 2008).
3. Results
3.1. Accuracy assessment and filtering performance
First, the stability of the reference system was evaluated. Mean E and N deviation of the Euclidian distances between GCPs was 0.7 mm and the average deviation for elevation 0.5 mm. The deviations were below the accuracy of the total station (1 mm) and therefore we consider the GCP’s setup as stable and without any movement during the observed period.
With our flying altitude and sensor setup, an average GSD of 2.7 mm was acquired (Table 1). Within the Pix4D workflow, the GCP mean RMSE range was 0-4 mm. Furthermore, checkpoints that allow for an independent assessment of the SfM photogrammetry performance were considered. The average RMSE of the checkpoints for all time steps was 6.5 mm. This means the RMSE was slightly higher because the chosen checkpoints were located at the boundary of the captured area. Therefore, the amount of total overlapping imagery containing the checkpoints was lower than at the GCPs. 
For each time step, the vegetation points were deleted based on NDVI thresholds. These thresholds were determined visually for each individual time step due to irradiance differences. The NDVI values ranged from 0.44 to 0.16, with a median of 0.2 (Table 2). This method was crosschecked by inspecting the point cloud prior to and after filtering to ensure that blurred areas, reflections and shadows were not assigned as vegetation accidentally.  This procedure created NoData points, which were then used to determine the percentage of the vegetation cover during that time step. Therefore, from the total number of pixels for each plot the number of soil pixels was subtracted in order to calculate the vegetation cover. Soil elements in this case equalled the elements that were not NoData. Figure 4 shows the results of each time step. In both areas, we see a quick rise of the vegetation, which levels out during the cold winter months and increases significantly with the rising temperature in April.
After removing the vegetation pixels, noise within the plot with higher vegetation cover was apparent. This increase in point cloud noise is visualized with the help of the cloud-to-mesh-distance distributions of Area2 (Figure 5). The first three time steps (13/10, 27/10 and 08/11) with lower vegetation show the expected decrease of distance deviation to the smoothed mesh due to the decline of SSR. However, with growing vegetation cover, the distributions of the point cloud distance broaden and the standard deviations increase, hindering the temporal change assessment of SSR. 
To address this point cloud noise, the point clouds were filtered with the thresholds calculated by Eq. (2). This equation was applied to each time step with their corresponding variables (mean, standard deviation and vegetation cover). The resulting rasterized point clouds were then used for the roughness calculations. The decrease in total points for each field campaign and different filter step are shown in Table 2. Figure 6 displays a transect across the point cloud of the conventional tillage plot 2 of Area2 on 25 January 2018. The figure illustrates the previously mentioned filtering processes, from the noisy original point cloud to the rasterized cloud, including the intermediate filtering steps.
3.2. Roughness changes at plot scale
In the following two sections, the results of two approaches for determining SSR are presented. Firstly, the standard deviation of height calculated within moving kernels, i.e. convolution, and, secondly, the description of SSR development via key elements derived from semivariograms.
3.2.1. Convolution
For each plot at each time step and for each kernel size, the standard deviations of height were calculated (Figure 7). The results in Figure 7 were aggregated into one mean standard deviation per plot and further into the mean of each tillage practice (conventional and reduced tillage) for each area. Furthermore, multiple kernel sizes for isotropic roughness and for anisotropic roughness (down- and across-slope) were selected. The biggest kernel describes the roughness on a larger scale (Figure 7a & b). The medium kernel captures the roughness due to the soil treatment, which is mainly influenced by the seeder with seed furrows spaced 12-13 cm apart (Figure 7c & d). The smallest kernel size describes the micro-roughness (Figure 7e & f).
Overall, the standard deviations were higher with bigger kernels. The small kernel sizes showed no significant depletion of roughness and stayed almost level throughout the season (Figure 7e & f). In the field, a decrease of roughness and breakup of soil aggregates was clearly visible. Therefore, we assume that the sensor setup used and raster resolution of 5 mm were not able to capture the depletion of the micro-roughness sufficiently well. The temporally decreasing SSR became visible with increasing kernel size, which covered the structural differences induced by the seedbed treatment. Overall, the roughness of the last time step in April was rather low compared to the other measurements. This was mainly due to the small number remaining points within the point cloud, as there was only about 40% of soil visible at the end of the season (60% vegetation cover). Roughness in Area1 depletes more or less continuously, while fluctuating more in Area2. In Area2, the roughness of the fourth time step (17/11/2017) was estimated higher leading to an increase of roughness. The third time step (08/11/2017) shows a lower roughness measurement relative to the surrounding time steps. In both areas, the estimated anisotropic roughness down-slope was lower and decreased less from start to finish of the experiment than the across-slope and isotropic roughness.
Area2 saw a higher roughness estimate for the reduced tillage plots (Fig. 7). For all kernel sizes and geometries in Area2, the mean standard deviation of height was 6.1 mm and 5.5 mm for reduced and conventional tillage, respectively. Higher roughness for reduced tillage would be expected for both areas due to dead plant material increasing the SSR. However, in Area1, the calculated mean standard deviations of height for both tillage practices had a similar tendency with a mean standard deviation of height of 5.6 mm and 5.5 mm for conventional and reduced tillage, respectively. In Area1, the heights of the DEMs revealed bigger variations within the conventional tillage plots, mainly because the heterogeneous and big aggregates created by ploughing were not sufficiently uniformly distributed and broken down with the seeder, which resulted in similar elevation deviations compared to the plots with reduced tillage and residue cover. The change and total amount of residue cover was not investigated further within this study. However, the residue cover might have been lower in Area1, leading to reduced SSR for reduced tillage plots.
3.2.2. Semivariograms
Figure 8a illustrates how the SSR responded in plot 3 (Area2) to the natural precipitation during the observational period of seven months. The semivariance dropped over the course of the season, indicating a decreasing SSR. It has to be noted that in other plots the variance fluctuated more for some of the time steps before reaching the lowest level in April. Overall, there were nine time steps in each of the 12 plots, resulting in 108 variograms. 
Range and sill are two of the key statistics derived from variograms for describing roughness (Bullard et al., 2018; Croft et al., 2013). The reduction of SSR was reflected in an overall decline in the sill for all treatments in both areas, although small inconsistencies existed (e.g., increase on 14 March, conv. tillage Area1) (Figure 8b).  In Area1, the sill was higher for the conventional tillage plots than for reduced tillage. As mentioned above (Chapter 3.2.1), this was probably due to an uneven seed bed created by the seeder, resulting in larger deviations. Contrary to that, the reduced tillage sill in Area2 was higher than the conventional tillage. Area2 showed expectedly a higher sill due to crop residue left on the soil surface in reduced tillage plots, which increases the SSR. Range values were higher for conventional tillage in Area1 than for reduced tillage (Figure 8c). In Area2, the range tended to be similar for conventional and reduced tillage, with conventional tillage having slightly higher values after the second time step. Overall, the ranges increased over time for both tillage practices. Increasing ranges are consistent with the soil surface becoming more spatially uniform and smooth as SSR decreases because of rainfall impact.
4. Discussion
4.1. Data quality
The average mean RMSE of GCPs (0.27 cm) and checkpoints (0.64 cm) is consistent with previous studies and suggests sufficient geo-referencing and point cloud precision (Agüera-Vega et al., 2017; Eltner et al., 2018; Tonkin and Midgley, 2016). The average deviation of the reference points was 0.07 cm in the northern and eastern direction and 0.05 cm in elevation, which was below the total station accuracy. It should be noted that this deviation of reference points was conducted with the same GCP setup one season later in a neighboring field. Yet, we are confident that this result is transferable to the season before, due to the same setup. Nevertheless, the GCP precision is not necessarily representative of the actual accuracy of the reconstructed soil surface points because they depend on the weighting of observations in the bundle adjustment (Eltner et al., 2016a). Furthermore, our study clearly showed that vegetation development had a negative influence on the precision and detection of the actual soil surface points. The increasing vegetation causes point cloud noise during the point cloud generation. Previous studies have reported similar issues linked to increasing vegetation (Fan et al., 2014; Nouwakpo et al., 2016). This is mainly related to the difficulty of matching keypoints in the SfM workflow for regions with high vegetation cover (Dandois and Ellis, 2010; Mathews and Jensen, 2013) due to a fast change in the appearance of vegetation surfaces over short distances and due to the general ambiguities of vegetation. Further issues for reconstruction are the movement of vegetation through wind as well as unfavorable illumination conditions (Eltner et al., 2018).
Hence, we developed a workflow to mitigate the point cloud noise caused by vegetation while maintaining as much of the soil surface detail as possible. The NDVI was used to delete vegetation and therefore the detection of dead plant material, or residue cover, is not possible with this method. In addition, the detection of areas in shadow can be problematic (e.g. Rundquist, 2002). Multiple studies with terrestrial laser scanners (TLS) have used various approaches based on the selection of minimum point heights in a sliding window to determine the soil surface in vegetated areas (Fan et al., 2014; Guarnieri et al., 2009; Rodríguez-Caballero et al., 2016). This method was not transferable to the UAV data of this study, as noise did not only appear above the surface, but also below, making a selection of minimum points inaccurate. In addition, it was unclear in which direction the vegetation created a bigger bias, negating the option of choosing the average. Therefore, we developed a filtering method, which was based on a meshed surface generated by an MLS filter (creating local averages) and the calculated differences between the point cloud and the mesh. With this approach, we were able to identify noise caused by vegetation, which was the biggest origin of height deviations in the point clouds in this study. 
However, performance evaluation of our workflow and the results is difficult because of a missing independent reference measurement of the soil surface of superior accuracy (Eltner et al., 2016b). Consequently, the presented approach and results should be considered as a conceptual proposition and the accuracy performance has to be assessed in more detail in the future. The collection of new observational datasets would help to assess the performance of the presented approach. Therefore, more long-term observations under different environmental conditions are necessary.
4.2. Roughness changes
The roughness results with the moving kernel confirm that the kernel size has a major influence on the estimation of roughness (Berti et al., 2013; Eltner et al., 2018). Different kernel sizes were chosen to investigate roughness on three different scales: aggregate scale, treatment scale and larger roughness scale. With our UAV data with an average GSD of 0.27 cm, it was not possible to detect the depletion of roughness at the aggregate level, mainly because of uncertainties derived from noise caused by vegetation and due to the sensor resolution. Another potential reason was the down-sampling of imagery during the dense matching. 3D points are not reconstructed for each pixel but averaged from multiple pixels. Therefore, the GSD of the images does not correspond to the GSD of the DEM. Multiple studies with TLS performed on small experimental plots (ranging from 10x10 to 25x25 cm) with artificial rainfall were able to detect roughness change at aggregate level (Anderson and Kuhn, 2008; Bullard et al., 2018; Croft et al., 2013). With increasing kernel size, it was possible to monitor roughness development over time, especially if the kernel size overlapped with the roughness structure created by the seeding, as in this study. Observed roughness ranges roughly align with previous studies predicting RR (Allmaras et al., 1966) with pin-meter under various maize cropping systems (Van Dijk et al., 1996)) and laboratory experiments with different soil management practices (da Rocha Junior et al., 2016). Eltner et al. (2018) reported a height standard deviation range between <0.1 and 3.5 cm with an anisotropic kernel size of 20x4 cm and plot size of 20x30 m  during an observation period of five months. Potter (1990) reported an initial mean RR range of 0.8-3.2 cm on several soil types. Including all kernel sizes and treatments, we calculated a range of 0.2-1 cm between 13/10/2017 and 19/04/2018. Due to the recording starting in October, the estimated maximum height deviation was lower than immediately after seedbed preparation, as the seedbed treatment was done two weeks prior to that and initial rainfall lowered the SSR. In contrast, Eltner et al. (2018) made their first observation immediately after the conventional tillage practice.
Deviations between Area1 and Area2 in this study could be explained by different soil textures, varying residue cover and different seeding times, resulting in a slightly different vegetation cover. During the image acquisition of time step 4 (17/11/2017) in Area2, the winter sun was low in the sky, creating lots of shadow on the plot. This caused additional noise, which probably led to a higher estimated roughness (Figure 7). Additionally, the time step before (08/11/2017) had images that were less sharp than at other time steps (only 70 images in total). In general, the number of RGB images per field campaign and area was 178-473 (Table 1). Because of the lack of imagery in Area2 on 08/11/2017, we can expect a less detailed and smoother point cloud, which lowers the estimated roughness. 
Overall, it is difficult to compare previous studies with our results due to methodological and scale differences. To our knowledge, SSR calculations have not previously been done with CAS under natural conditions that included crop growth and repeated measurements during the runoff season. However, despite the differences between laboratory setups and our natural setup, we also detected similar patterns of semivariograms over time, revealing decreasing silt and increasing range (Anderson and Kuhn, 2008; Croft et al., 2013) (Figure 8).
The SSR results should be considered carefully. Roughness calculations are highly sensitive to point cloud noise, different filtering approaches, data gaps and interpolation methods. Within our study, we considered two different interpolation methods to compensate for NoData in the DEMs caused by deleting the vegetation. The first was based on focal statistics filling of NoData with the average or median of surrounding pixels (Bullard et al., 2018). The second approach was using the mean difference of each subsequent field campaign and focal statistics. However, based on our results, we suggest interpolation should not be done because of the large artificial smoothing effect (Li et al., 2020). We therefore solely worked with the remaining surface points. During noise filtering, it is difficult to avoid filtering of potential real surface points and therefore increasing the probability of losing features. However, insufficient filtering is also likely to create artificial roughness (Eltner et al., 2018; Milan et al., 2011; Rodríguez-Caballero et al., 2016). Without high-accuracy reference measurements it is difficult to say whether the results of the measured and then filtered point clouds resemble reality or whether they over- or under-predict surface height variations. Additionally, the captured high-resolution UAV data consists of a large amount of information based on millions of data points. Within this study, we filtered and then aggregated the high-resolution height data of each plot into single values representing the SSR based on semivariograms or convoluting standard deviation of height. This resulted in valuable and comparable, yet parsimonious information. However, high-resolution data derived from UAVs offers actually information that is more detailed and of finer spatial resolution, which could improve and facilitate soil surface description in the future. Nevertheless, this study provides a clear indication of the potential difficulties and challenges that need to be addressed when detecting soil surface conditions under natural conditions in a growing crop. Challenges include the evaluation of filtering and accurate reference measurements of the soil and vegetation. However, an accurate description of roughness derived from new sensor systems could improve future erosion modeling (Thomsen et al. 2015). Building on the approaches presented in this study, CAS data can provide such performance improvement in the future by facilitating the measurement of multi-temporal and spatial change of SSR. The collection of new observational data, along gradients of surface management, rainfall and soil conditions could be used to create transfer functions and predict SSR for different areas in relation to rainfall, soil type, management and crop type.
5. Conclusions
In this study, a workflow for calculating SSR from CAS imagery under natural conditions was developed and evaluated. To this end, 12 plots were established on two agricultural fields cropped with winter wheat in central Jutland, Denmark. Conventional tillage and reduced tillage practices were used on the plots. Under these conditions, RGB and multispectral imagery were captured in nine field campaigns from October 2017 to April 2018 to investigate the development of SSR.
[bookmark: _gjdgxs]With a stable reference system consisting of fixed GCPs, point clouds with an average GSD of 0.27 cm and average mean RMSE of 0.18 cm at the GCPs were created. The increase of vegetation resulted in more inherent point cloud noise, which led to incorrect roughness measurements. Consequently, a workflow to remove vegetation and noise was developed, resulting in a substantial step forward in describing SSR under natural and crop growing conditions. After applying the filtering workflow, two different roughness calculations (convolution with different moving kernels and semivariograms) were applied to 2.5D rasterized point clouds. Both methods are considered viable options for determining roughness, but cannot be compared with each other in this study. The results are broadly consistent with SSR calculations from previous studies, showing a standard deviation of height range between 0.2-1 cm, a decreasing sill and an increasing range. To our knowledge, this study is the first to use CAS for mapping the temporal evolution of in-situ soil surface roughness under a growing cereal crop during an entire runoff season. The workflow presented here, designed to generate SSR estimates at very high spatial and temporal resolution using CAS, shows promising results and could be adapted in future studies for facilitating parameterization of erosion models. However, we also showed the many challenges in CAS data processing required to transform the raw images into high-quality information. This particularly relates to the point cloud noise induced by vegetation as our study shows that this is a key element when adopting a SfM workflow under real life conditions. Finally, the workflow presented in this study can serve as a powerful tool to increase our capacity to monitor small-scale, short-term changes in surface conditions in relation to runoff generation under natural conditions.
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Figure 1. Location of Area1 and Area2 (a), two sample 2 m2 Plots (c) and experimental setup (d) in Jutland, Denmark (b).
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Figure 2. Daily precipitation in the study area. Blue vertical values indicate the precipitation sum between the nine field campaigns (red lines with dates).
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Figure 3. Workflow and different steps from raw imagery to roughness calculations. Conducted in Pix4D (Pix4Dmapper, 2019), CloudCompare (CloudCompare 2.9.1, 2019) and R (R Core Team, 2019).
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Figure 4. Vegetation cover for all time steps in both areas.
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Figure 5. Area2 point cloud distance distribution between MLS mesh and original point cloud.
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Figure 6. Transect across original point cloud (f). Example shows plot 2 of Area 2, 25 January. For each filtering step, the points are displayed (a-e). Coloring indicates the elevation of each point.
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Figure 7. Calculated mean roughness per tillage practice per Area. Three different kernel sizes with three different kernel geometries. Geometries consist of isotropic (square) and two anisotropic (rectangles, facing down- and across-slope) kernels. Legend in two bottom plots applies to all plots.
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Figure 8. Example of empirical semivariogram (Area2, plot 3) for all nine time steps (a), average sill per treatment for each time step (b) and average range per treatment (c). Sill and range are based on the spherical model.
Tables
Table 1. Flight campaigns with corresponding ground sampling resolution (GSD), number of images, GCP mean RSME and mean RMSE of checkpoints.
	Campaign
	Date
	Area
	Sensor
	Average
	Amount
	GCP mean
	Checkpoints

	 
	 
	 
	 
	GSD in mm
	of images
	RMSE in mm
	RMSE in mm

	1
	13/10/2017
	Area1
	X3
	1.7
	178
	2
	8.2

	 
	 
	Area2
	X3
	1.7
	245
	1
	6.8

	 
	 
	Area1
	RedEdge
	2.7
	4090
	2
	7.4

	 
	 
	Area2
	RedEdge
	2.5
	4240
	0
	4.6

	2
	27/10/2017
	Area1
	X3
	2.4
	212
	1
	8.7

	 
	 
	Area2
	X3
	2.3
	230
	1
	3.8

	 
	 
	Area1
	RedEdge
	3.7
	2910
	3
	10.9

	 
	 
	Area2
	RedEdge
	3.5
	4140
	3
	8.4

	3
	08/11/2017
	Area1
	X3
	2
	186
	1
	8.6

	 
	 
	Area2
	X3
	1.9
	70
	1
	15.0

	 
	 
	Area1
	RedEdge
	3.1
	3955
	3
	9.6

	 
	 
	Area2
	RedEdge
	2.9
	3070
	2
	8.2

	4
	17/11/2017
	Area1
	X3
	2.3
	236
	1
	2.9

	 
	 
	Area2
	X3
	1.7
	293
	1
	4.7

	 
	 
	Area1
	RedEdge
	3.6
	4200
	3
	2.1

	 
	 
	Area2
	RedEdge
	2.6
	5250
	5
	5.9

	5
	20/12/2017
	Area1
	X3
	2.6
	194
	1
	3.2

	 
	 
	Area2
	X3
	2.4
	275
	2
	4.7

	 
	 
	Area1
	RedEdge
	3.9
	2040
	1
	3.3

	 
	 
	Area2
	RedEdge
	3.8
	3070
	1
	3.9

	6
	25/01/2018
	Area1
	X3
	2.7
	312
	2
	4.8

	 
	 
	Area2
	X3
	2.2
	313
	1
	4.3

	 
	 
	Area1
	RedEdge
	4.1
	3040
	1
	3.5

	 
	 
	Area2
	RedEdge
	3.4
	2840
	3
	5.3

	7
	14/02/2018
	Area1
	X3
	2.5
	358
	2
	3.3

	 
	 
	Area2
	X3
	2.3
	293
	4
	5.5

	 
	 
	Area1
	RedEdge
	3.8
	3115
	2
	3.5

	 
	 
	Area2
	RedEdge
	3.2
	3205
	3
	34.4

	8
	14/03/2018
	Area1
	X3
	2.7
	335
	1
	3.7

	 
	 
	Area2
	X3
	1.8
	406
	1
	5.5

	 
	 
	Area1
	RedEdge
	4.3
	3260
	2
	2.8

	 
	 
	Area2
	RedEdge
	2.7
	4080
	3
	5.9

	9
	19/04/2018
	Area1
	X3
	1.9
	350
	1
	10.1

	 
	 
	Area2
	X3
	2
	473
	1
	4.3

	 
	 
	Area1
	RedEdge
	2.9
	3715
	2
	3.5

	 
	 
	Area2
	RedEdge
	3.1
	4075
	2
	3.6

	Average
	 
	 
	 
	2.7
	 
	1.8
	6.5





Table 2. Total points of each 5 mm point cloud from all flight campaigns for both areas (Column A). Column C shows the NDVI threshold. Column B, D and E show the total points after each applied filter. Columns F and G display ratios between different filtering steps.
	Area1
	A
	B
	C
	D
	E
	F
	G

	Date
	5 mm
	Obvious outlier
	NDVI
	NDVI
	Mesh-distance
	Ratio
	Ratio

	 
	subsampled
	removal
	threshold
	threshold filter
	threshold filter
	D/B
	E/D

	13/10/2017
	641313
	610023
	0.44
	599007
	593809
	0.98
	0.99

	27/10/2017
	719016
	587958
	0.16
	452746
	419982
	0.77
	0.93

	08/11/2017
	854544
	677718
	0.21
	485684
	425722
	0.72
	0.88

	17/11/2017
	883726
	680651
	0.15
	459816
	384260
	0.68
	0.84

	20/12/2017
	847142
	755094
	0.25
	465584
	344866
	0.62
	0.74

	25/01/2018
	1028183
	848030
	0.25
	521859
	384377
	0.62
	0.74

	14/02/2018
	1092227
	925298
	0.21
	569408
	429755
	0.62
	0.75

	14/03/2018
	1162951
	941339
	0.22
	571338
	417257
	0.61
	0.73

	19/04/2018
	1233293
	759778
	0.20
	317745
	136593
	0.42
	0.43

	Area2
	
	
	
	
	
	
	

	13/10/2017
	643283
	623376
	0.40
	622328
	614036
	0.99
	0.99

	27/10/2017
	635644
	574467
	0.17
	474085
	452487
	0.83
	0.95

	08/11/2017
	474197
	461226
	0.28
	370541
	349964
	0.80
	0.94

	17/11/2017
	1001031
	756757
	0.16
	557221
	500518
	0.74
	0.90

	20/12/2017
	921235
	819268
	0.20
	506939
	378575
	0.62
	0.75

	25/01/2018
	960605
	750004
	0.19
	480975
	375107
	0.64
	0.78

	14/02/2018
	796695
	705087
	0.18
	457757
	375774
	0.65
	0.82

	14/03/2018
	950819
	820481
	0.20
	537660
	430699
	0.66
	0.80

	19/04/2018
	1144812
	716087
	0.22
	308545
	129720
	0.43
	0.42
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