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Abstract

:

Detecting changes in soil micro-relief in farmland helps to understand degradation processes like sheet erosion. Using the high-resolution technique of terrestrial laser scanning (TLS), we generated point clouds of three 2 × 3 m plots on a weekly basis from May to mid-June in 2022 on cultivated farmland in Germany. Three well-known applications for eliminating vegetation points in the generated point cloud were tested: Cloth Simulation Filter (CSF) as a filtering method, three variants of CANUPO as a machine learning method, and ArcGIS PointCNN as a deep learning method, a sub-category of machine learning using deep neural networks. We assessed the methods with hard criteria such as F1 score, balanced accuracy, height differences, and their standard deviations to the reference surface, resulting in data gaps and robustness, and with soft criteria such as time-saving capacity, accessibility, and user knowledge. All algorithms showed a low performance at the initial measurement epoch, increasing with later epochs. While most of the results demonstrate a better performance of ArcGIS PointCNN, this algorithm revealed an exceptionally low performance in plot 1, which is describable by the generalization gap. Although CANUPO variants created the highest amount of data gaps, we recommend that CANUPO include colour values in combination with CSF.
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1. Introduction


The importance of healthy soils is impossible to overestimate, as it is the foundation of food security and many other life-sustaining ecosystem services. One major driving factor of soil degradation is the process of soil erosion. Current global rates of soil erosion are already far above the natural soil formation rates. Moreover, climate change, as well as land use changes, will exacerbate the situation [1,2].



Knowledge about drivers and actual soil erosion rates at the local scale is key to mitigating the degradation process, in particular, as relevant land management actions are at the local level. Consequently, high-resolution acquisition techniques such as unmanned aerial vehicle (UAV) photogrammetry or terrestrial laser scanning (TLS) have already been used in various studies to determine soil loss due to erosion under controlled conditions [3,4,5,6,7,8]. However, the findings can only be transferred to a limited extent to field conditions with actual agricultural tillage and cultivation of crops. In addition to silting, soil settlement, shrinkage, and swelling, sheet erosion is a significant process that changes the soil micro-relief [9].



Two specific challenges therefore exist in the assessment of soil surface change. Firstly, as the focus lies specifically on the detection of small-scale erosion processes, such as sheet erosion or incipient formation of rill erosion, changes at the microscale level (millimetre to centimetre differences) have to be detectable. At that scale, particular difficulties like strong data noise and an increased influence of outliers occur. Secondly, when changes in field conditions are assessed, it can be seen that the influences of varying environmental conditions increase (e.g., crops). Thus, the acquired data have to be cleaned by removing the environmental condition (e.g., growing crop) of different measurement epochs (the term “measurement epoch” is abbreviated as “epoch” in the following and should not be confused with the term epoch as it is used in the field of machine learning) from the data set.



The separation of 3D point clouds into meaningful subsets is a task that is addressed by many applied filtering and classification algorithms. In principle, the point cloud is grouped into subsets based on characteristics like geometry or radiometry, mostly based on their spatial relation to each other (segmentation) or a combination of specific pre-defined features, which are labelled on a point-by-point basis (classification) [10,11]. Point clouds are mostly divided into separate ground points from points representing vegetation [12,13].



These approaches can be categorized according to their complexity, as shown in Figure 1 (top). Filtering algorithms simply extract subsets of point clouds based on specific criteria like intensity or reflectance values. In contrast to the segmentation process, not all filtering algorithms need neighbourhood as feature information [14]. In contrast, classification methods use statistical or machine learning methods [14].



Since classification algorithms are predominantly machine learning algorithms, they can be categorized into unsupervised, supervised, or semi-supervised classification algorithms [10]. While unsupervised classification depends only on simple parametrization set by the user without further data labelling, the point cloud division by supervised classifications requires pre-categorization. Semi-supervised classification uses partly categorized training data as a basis for the classifier to allocate the unlabelled data. Deep learning is a more complex sub-category of machine learning, using different stacked layers of information for the iterative decision process. Nguyen et al. (2013) and Sarker (2021) [15,16] categorized the subdivision methods for 3D point clouds into five classes: edge-based methods (based on the shape of objects), region-based methods (based on neighbourhood information), attributes-based methods (clustering attributes and spatial information), model-based methods (grouping points based on geometric primitive shapes), and graph-based methods (point clouds considered in terms of a graph with connected vertices). Graph-based methods are mainly used in deep learning algorithms, where point clouds are structured at different levels [15]. In this paper, we therefore distinguish between the sub-category of machine learning applications, which requires a higher degree of human intervention and are not based on deep neuronal networks, and the more complex sub-category of machine learning, deep learning, where a deep neuronal network leads to minimal human intervention during the learning process. Figure 1 illustrates the different categorizations of partitioning algorithms.



Depending on which method the algorithm is based on, it is more or less sensitive to noise. The quality of the structuring of a highly dense 3D point cloud (in this study, 0.4 points per cm2) at the microscale therefore particularly depends on the choice of the algorithm. While graph-based methods are robust against noise or uneven density, edge-based and region-based methods are sensitive to noise [15]. Therefore, the question arises as to choosing the right method when investigating changes in soil micro-relief at the plot scale. The following questions are addressed in this study:




	(1)

	
Can well-known methods provide sufficiently accurate results in separating vegetation from soil at the plot scale?




	(2)

	
Can these algorithms maintain their level of accuracy at different epochs during the examined vegetation growing period and different plots?




	(3)

	
To what extent does the choice of the algorithm affect the results?




	(4)

	
Does the complexity of the application increase the accuracy of the results?









As we focus on the applicability and possible time-saving capacity of methods to detect dynamics in the soil surface micro-relief, three well-known applications were tested for their performance and their aftereffects in the estimation of soil surface changes like soil loss. We tested the filter algorithm Cloth Simulation Filter (CSF) [17] and the region-based classification algorithm CANUPO [18] as supervised machine learning applications, both implemented in the open-source software CloudCompare (version 2.12 beta). As a deep learning method, we used the graph-based algorithm PointCNN [19], which was integrated as an extension in the software ArcGIS Pro (version 2.9). The basic assumption is that as the complexity of used methods increases, the accuracy improves, and consequently, errors are reduced regardless of different starting points such as varying plot positions or changing vegetation height.




2. Materials and Methods


2.1. Data Acquisition


2.1.1. Study Site


The study area is located in the southern part of the German federal state Lower Saxony, near the village of Lamspringe (Figure 2). The area under investigation is situated on cropland, which is, since the year 2000, part of a long-term soil erosion monitoring program [20]. The region is characterized by a slightly hilly landscape; therefore, the height ranges from 217 to 237 m above sea level with slope gradients between 5 and 14 degrees at the study site. The predominant soil type is shallow stagnic Luvisol. Mean annual precipitation is 795 mm [21], which is in line with the average for Germany. This is also the case for the mean yearly erosivity (R-factor of the Universal Soil Loss Equation USLE [22]) between 2001 and 2017, which is at about 73 [N/h/yr] [23].




2.1.2. Field Campaign


The field campaign was conducted from 11 May 2022 to 8 June 2022, using three plots in a thalweg. The field measurements were performed on a weekly basis, starting immediately after sowing. For plot 3, the measurement started one week later. All plots covered 2 m × 3 m and were selected based on previously recorded erosion events [20] that considered different gradients in the micro-topography and slope. Specifications of the different characteristics underlying each plot are listed in Table 1. Most soil erosion events are expected to occur when low soil cover coincides with heavy rainfall occurrence. The plots were placed on cropland with late sown field crops, in this case, maize, to increase the probability that measurable erosion events accompanied by changes in the micro-relief will occur.



For each plot, a 3D point cloud was obtained weekly from two stations at a distance of about 1 m with a mean incidence angle of roughly 50 degrees. Masking of soil aggregates, tyre marks, and growing vegetation led to inhomogeneous point densities, which did not allow simple modelling via a planar surface. Growing field crops led to an increasing heterogeneity of the point density on the soil surface and a decline in the points representing the soil surface over time. The utilized laser scanner Zoller+Fröhlich (Z+F) IMAGER 5010X (scan setting with high quality, which results in approx. 0.4 points per cm2) has an integrated high dynamic range camera, providing additional RGB colour information for the 3D point cloud.



In order to set up a stable reference coordinate system, each plot was established with six control points (CP), temporarily marked with spheres (145 mm diameter) at a distance of 1 m around the plot. The measurement set-up is shown in Figure 3.



The CP positions, as well as the edges of the plot, were marked by ground sleeves driven 25 cm deep into the soil. The ground sleeves remained in the soil during the entire field campaign, whereas the spheres were removed after each measurement epoch to avoid interference with the agricultural cultivation procedures. The absolute positions of the CP were observed by determining coordinates before the weekly data acquisition procedure with a Trimble R8s GNSS System using an RTK-positioning with respect to a close-by SAPOS reference station and a measurement duration of 3 min per CP. The relatively high measurement duration allows obtaining a higher quality of reference coordinates for the subsequent registration of the point clouds.



In the following chapters, the data processing steps following the data acquisition in the field are described in detail. A first overview of the data processing is given in the workflow in Figure 4.





2.2. Data Processing


2.2.1. Spatial Adjustment and Cleansing of Point Clouds


In order to test the performance of different classification methods in our setting, we conducted the following procedure using the software Z+F LaserControl for the registration of the point clouds and the open-source software CloudCompare (version 2.12 beta), as well as the software ArcGIS Pro (2.9) for the subsequent steps.



Based on the coordinates, a target-based registration was carried out using the sphere targets (shown in Figure 3). After registration of the two 3D point clouds of the same plot across all epochs, the plot-based point clouds were downsampled using voxel grid filtering with a voxel size of 1 mm, i.e., the downsampled point clouds have an average point spacing of 1 mm [24]. This step aims for a better handling of the data and for reducing outliers and noise.



In order to further optimize data handling, the point clouds were cropped to cut the point clouds to the plot size as the area of interest.



Height differences due to a general inclination of the terrain can cause inaccuracies when using filters (resp. classificators), especially when the algorithm operates with geometrical information. Since the area under investigation has a small size, there are no large slope deviations within the plot. This simplifies the levelling of the point cloud into a horizontal position by transforming the local coordinates. Assuming a uniform tilt, the points were converted by the difference to the horizontal plane. The processed point cloud can be transformed back into the original position after processing.




2.2.2. Vegetation Detection


As the measurements were taken under field conditions, disturbing objects, like vegetation, had to be eliminated to obtain a “clean” representation of the soil surface. This is equivalent to a binary classification problem, separating points in the point clouds into soil and vegetation. Long-term soil cover as stones, as well as mulch and other plant residues, were considered to be part of the soil surface. The epoch-wise data acquisition scheme allows for a spatio-temporal analysis. One of the challenges are changing disturbing objects, e.g., growing vegetation, which may lead to varying shadowing effects on the soil surface.



As the problem of objects covering surface information occurs commonly, many algorithms to create subsets of point clouds have been developed or modified [25,26,27,28]. In this study, we used the methods CSF [17] and CANUPO (CAractérisation de NUages de POints) [18], implemented in the open-source software CloudCompare (V2.12.beta), as well as PointCNN [19] integrated as an extension of the software ArcGIS Pro (2.9).



The geometrical filter CSF computes a horizontal “cloth” grid covering the inverted point cloud surface. The point cloud and cloth grid are projected to a horizontal plane, and the nearest corresponding point of the point cloud to each of the next cloth nodes (interconnection points of the cloth, describing the structure of the cloth) is captured. Afterwards, the filter algorithm compares the distance of the original point cloud to the computed surface and separates the points into ground and non-ground points based on a threshold. For further information, please refer to [17].



In contrast to CSF, the CANUPO algorithm uses three dimensions and compares the spatial relationship of each point in the point cloud to its adjacent points at multiple scales. The number of scales, taking into account as diameters around each point, is one of the variable input settings (see Figure 1, region-based methods).



As a result, structures are identifiable that are only recognizable by referring points to the positions of their neighbourhood, in our case, elongated structured vegetation and the smoother soil surface. In its basic implementation, CANUPO considers dimensionality as a classification parameter, but there is also the option to include scalar fields as additional parameters [18]. In this study, we integrated the RGB values acquired during the TLS scanning process into the data processing steps. For this purpose, the RGB values are converted into scalar fields (SF) using the combination of the three colour bands. The intention for using this additional data is to increase the separability between living vegetation and mulch residues with similar dimensionalities but different colouring.



To achieve better results, CANUPO, including dimensionality and RGB-based scalar fields, is carried out by using CSF afterwards, as CSF is very useful in correcting outliers in the Z-direction.



As an easy-to-use representative of deep learning approaches, we also tested PointCNN implemented in ArcGIS Pro (2.9). This extension uses a generalized principle of Convolutional Neural Networks (CNN) [29]. The point cloud is first divided into blocks of a specific number of points, which are then included in the model training (see Figure 1, graph-based methods). Basically, the algorithm restructures the dense point cloud hierarchically based on local correlations of point features (e.g., RGB values, intensity) [30].



The X-Conv operator aggregates information of neighbouring points in local regions into representative points with an increased number of channels, comprising therefore more information per point. More information on the application of CNN specifically for point cloud classification can be found in [19].



After pre-testing different settings, the input parameters, which led to the best results, were finally adopted in each case. We manually selected the training and validation datasets proportionally according to class distribution across the point cloud. The ratios which produced the best results during the test phase, were used in this study (see Table 2). Training and validation data, as well as training and testing data, covered different areas of the point cloud. The different classification approaches that were tested and the initial parameter settings are listed in Table 2.




2.2.3. Quality Assessment


In order to obtain a reference for the different partitioned point cloud results, manually cleaned point clouds were generated using cropping tools of the software CloudCompare (V2.12.beta) to separate vegetation points from soil surface information. All manually cleaned results were compared with the generated reference point cloud representing the soil surface. As litter is considered part of the soil, the top layer with mulch residues was assigned to the soil surface even though mulch has a high structural similarity with living vegetation and may influence the results.



Thus, a confusion matrix [31] could be generated comparing points falsely classified as soil with points falsely classified as part of the vegetation. The focus of the evaluation lies on the accuracy in capturing vegetation; therefore, the confusion matrix represents a true positive (TP) as vegetation points correctly eliminated, a false negative (FN) as leftover vegetation, a false positive (FP) as soil being eliminated, and a true negative (TN) as correctly not-filtered points representing soil surface.



As the last step, we calculated the F1 score [32] (Equation (1)) as a harmonized mean of precision and recall. Precision depicts the proportion of positives classified (Equation (2)), while recall measures the relation of true positives to all actual positives (Equation (3)). If both precision and recall are equally high, the F1 score, ranking between 0 and 1, is high as well. Hence, an F1 score of 0.5 could be interpreted as moderate, considering the balance between precision and recall.


  F 1   score = 2    Precision   ×   Recall       Precision + Recall     



(1)






  Precision =   TP   TP + FP    



(2)






  Recall =   TP    TP +     FN     



(3)







As our data were highly imbalanced, we also used the balanced accuracy as a further comparable quality indicator. Balanced accuracy [33] (Equation (4)) considers the prevalence of the class and therefore recall (Equation (3)) and selectivity are used in the equation. Selectivity calculates the relation of true negatives to all actual negatives (Equation (5)). Balanced accuracy also ranges from 0 to 1, with 1 standing for the best possible classifier. A balanced accuracy of 0.5 could be interpreted as a random guess.


  Balanced   Accuracy =    Recall + Selectivity    2    



(4)






  Selectivity =   TN    TN + FP     



(5)










3. Results


3.1. Accuracy Assessment


The described methods were implemented for all three plots of the field campaign. As stated earlier, the focus of the study lies on applicability and time saving capacity. Thus, the training data for CANUPO variations and ArcGIS Pro PointCNN was composed of all epochs for each plot, knowing that individual calculations would produce more accurate results. Afterwards, the generated classifiers were applied to each epoch of each plot separately.



To obtain an idea of the baseline data, first, the result of the manually generated reference data is shown in Table 3.



During the field campaign, the proportion of the vegetation points in the total point cloud increased exponentially, up to 15.34% in plot 3. Data gaps in the soil surface due to shadowing by vegetation become apparent in the decrease in point clouds representing the soil surface, especially in E5 for all plots. For further comparison of the algorithm performances in the different plots, it must be considered that the data acquisition in plot 3 started one week later. Since there is no vegetation in E1, this epoch is not considered in the direct comparison of the algorithm performance in vegetation detecting, but since training comprised all epochs, it could have an influence on the performance in the subsequent epochs.



The comparison of the F1 score (0 stands for either recall or precisionare of the value 0 as well, and 1 shows high matches for both precision and recall) for each tested algorithm depicts an increase with the proceeding of the timeline (Figure 5). The highest F1 scores are consistently achieved in E5 with median values over the different algorithms of 0.85, 0.92, and 0.77 for plots 1, 2, and 3, respectively. Most of the tested variations show F1 scores above 0.9 for E5, punctuating the very good performance in the scene with the highest vegetation. Accordingly, the lowest values are obtained for the epoch with the first germination with a sharp increase in the F1 score afterwards. In E2, median values for the plots are 0.15, 0.13, and 0.37, which means severely insufficient performance, presumably because of low height and structure differences that could be used for differentiation between mulch and living vegetation, for example. CSF, as a filtering tool based on height, turns out to be the one with the highest differences during the timeline because of the increasing number of points above the calculated cloth. Apart from this, caution must be exercised when directly comparing the F1 scores with CSF. Since CSF is based on height differentiation, there are no parts of the plot that are falsely categorized as vegetation (false positive). This automatically sets the precision value to 1.0 and accordingly increases the influence of recall in the F1 score. Nonetheless, comparing the tested classifications, the ArcGIS PointCNN algorithm shows the highest score for all epochs of Plots 2 and 3. Interestingly, the performance for plot 1 falls sharply out of line. Most differences between the classifications appear in plot 3, which could not only be the consequence of missing data from E1 for the training but also a different soil structure because the lower slope area, where plot 3 was located, had more stone content. Apart from E2, the overall performance for all tested algorithms—except CSF and ArcGIS PointCNN for plot 1—is satisfactory when considering the F1 score.



The balanced accuracy reveals a slightly different picture of the performance of the partitioning algorithms (Figure 6). With the balanced accuracy, the performance indicator of the used tools is cleared of the class imbalance naturally contained in the data and therefore can be considered as a more reliable performance indicator. In Figure 6, the increasing trend of the performance indicator corresponding to growing vegetation also turns up, but with a lower gradient curve. The difference in the performances between E2 and E3 is lower than in Figure 5 but is still striking. This shows that, apart from the corrected imbalance, the vegetation points in E2 are still comparably poorly recognized. For E2, only the median value for plot 3 with 0.74 can be considered to have a good performance, while plots 1 and 2 show median values of 0.63 and 0.54 and therefore moderate to unsatisfying results. Despite the low performance of ArcGIS PointCNN at Plot 1, all balanced accuracy values are located above 0.5, considering the quantity of the two classes. However, apparently, CSF shows lower performances for all plots and epochs with a median value of 0.76 and a direct dependency on vegetation height/ground cover, as the correlation with the timeline shows. As already mentioned above, false positive points are missing in CSF, which limits a direct comparison, as changes in balanced accuracy are solely based on changing recall values. In contrast to the F1 Score, ArcGIS PointCNN does not seem to have the highest rating in plots 2 and 3 for the balanced accuracy. The overall median is 0.79 (0.91 excluding Plot 3 performance), whereas the CANUPO variations all reveal an overall balanced accuracy median of 0.92 to 0.93.



Since we focused on changes in the soil microstructure using the classified point clouds, beyond the general evaluation indicators, the spatial distribution of falsely classified points and point subsets are of interest. Figure 7 shows as an example distribution of the point separation variables for the three different tested segmentation approaches on plot 2 in E2 and E5. For CANUPO, the best performing stand-alone variation with the inclusion of dimensionality and scalar field, without further usage of CSF, is shown.



Figure 7 reveals that no parts of the plot are falsely categorized as vegetation (false positive) because of the filtering method itself. This leads automatically to precision values of 1.0. Furthermore, Figure 7 shows that the seedbeds, in particular, are a problem, especially for CSF but also for all tested algorithms, as the seedbeds lie below the general soil surface. This becomes especially evident in E2, where the field crop is just sprouting, almost no true positive subsets are detected, and a recall of 0.0 is calculated. In contrast to CSF, the machine learning classification CANUPO has a higher rate of true positives in E2 and E5 but also a higher percentage of false positive parts, where soil is classified as vegetation. ArcGIS PointCNN also shows some false positive subsets, but altogether a lower falsely classified rate. In general, false positives appear mainly in E5 for CANUPO variations near the points representing crop. The higher false positive rates become obvious in the precision rates listed in Table 4. While the very high mean precision rate (1.0) of CSF shows that no false positives were detected, because of the filtering method itself, and only the low recall values contribute to an overall deficient F1 score, the CANUPO variations come off with the lowest precision values for all tested variations. Apart from that, of all points that should be classified as vegetation, CANUPO shows a solid hit rate, with a better performance when more variables are used. Nonetheless, despite the extremely low rates on Plot 1, ArcGIS PointCNN reveals the best scores both for precision and recall. The increasing trend of recall with increasing epoch can also be interpreted as a side effect of the increased hit probability with growing vegetation.




3.2. Effects of Algorithms on Soil Surface Detection


In conclusion, the characteristic values listed above show, despite the strong outliers of plot 1, a tendency in favour of the deep learning approach (PointCNN) and similar results generated from different CANUPO variations. However, the main subject of the evaluation should clearly be its effects on soil surface detection. The choice of algorithm has an impact on subsequent calculations and conclusions about soil surface changes.



As one factor correlating with soil erosion detection, the following section focuses on height differences but also the changes in the underlying data quality arising from algorithm choice. Table 5 gives an overview of the average surface height differences in comparison with the corresponding reference surface and standard deviations (SD) of the height difference calculations compared to the reference soil surface. While CSF shows, in general (with the exception of ArcGIS PointCNN variation in plot 1 with 2.4 mm), the highest mean height deviations in comparison to the reference surface (0.1–0.8 mm), the lowest average height deviations arise with the usage of CANUPO variations (0.0–0.5 mm). Results of ArcGIS PointCNN are comparable except for plot 1. The more interesting aspect seems to be the standard deviation of the discrepancy between the height values of the surfaces cleaned by an algorithm and the manually created reference surface. The best values are produced with the combination of CANUPO and CSF (SD: 0.8–1.5 mm). The ArcGIS PointCNN application stands out because it has comparatively high standard deviations but low average height deviations. Despite the results of ArcGIS PointCNN for plot 1, the height differences are not significant but can still give clues to the performance of the algorithms.



The exemplary cross-sections of plot 2 with the absolute Z-coordinates (shown in Figure 8) reveal the functioning of the different filtering and classification tools. The simple filtering of points due to their relative height values results in a surface without any strong outliers. The range of the Z-coordinates stays similar regardless of the proceeding epoch. Hence, the increasing height differences to the reference arise from the growing vegetation between E2 and E4. The highest range difference to the reference surface shows the CANUPO variation with the integration of scalar field information. The difference in the highest points reaches up to 90 cm in the displayed subsection of plot 2, E5. Nonetheless, most of the outliers can be corrected using CSF afterwards (CANUPO Dim + SF and CSF, not shown in Figure 8). Overall, the crop is captured quite well vertically with CANUPO. The problem with single outliers also exists when using ArcGIS PointCNN, as can be seen in the deviating range of plot 2, E5 in Figure 8.



The comparison of height structure as a result of point cloud segmentation shows that CANUPO has a solid hit rate but a slightly lower standard deviation due to the deep learning approach. However, another factor affecting data quality when comparing soil structure changes over time is the data availability in the horizontal direction. As a result of data acquisition over a time period of six weeks, the quality of the reference data itself is subject to variability. As stated before, the growing of the field crop leads to increasing shadowing with the resulting expansion of parts in the soil surface with no data availability. These data gaps in the reference soil surface range from 0.8% (plot 2 E2) to 10.6% (plot 2 E5). Depending on the classification process used, the gaps where no data is provided for surface structure analysis alternates. Figure 9 relates the number and size of data gaps depending on the tested algorithms relative to each other. In plot 1, ArcGIS PointCNN shows very high divergences in all four epochs, with the result of more than half of the soil surface (55.2%) being deleted in E5. Despite that outcome, not only does the trend of increasing data gaps with the proceeding time step crystallize strongly but also the increase in data gaps due to growing vegetation in subsequent epochs. While CSF shows slightly lower percentages of no data parts in the horizontal direction than the reference surface, the CANUPO variations produce bigger holes in the soil surface with ranges from 0.8% (plot 2 E2 CANUPO Dim) to 21.1% (plot 3 E5 CANUPO Dim + SF and CSF). This is concurrent with the extracted high counts of FN points for CSF, respectively; high counts for FP points for CANUPO variations (see Section 3.1). Detection of vegetation seems to be the biggest challenge in plot 3. Comparing the data gaps, the fact that the bare surface of E1 is missing in the training data in plot 3 becomes evident. Apparently, the bare soil surface as reference is very important for the training of the CANUPO classifier, as (apart from ArcGIS Point CNN of plot 1) the highest gaps appear in E4 and E5 of plot 3. As the combination with RGB values (CANUPO Dim + SF and CANUPO Dim + SF and CSF) especially stands out, the colour of soil, which changes in the course of the weekly measurements depending on the soil moisture, in E1 could be of importance. Furthermore, since the shadowing of vegetation leads to data gaps in the reference soil surface, the reference of the bare ground in E1 below the vegetation can influence the region-growing model.




3.3. Quality Criteria for Evaluation of the Tested Algorithms


In this section, we look at the question of which algorithm under investigation is the best choice for point clouds at the microscale. On top of the performance indicators and the quality differences in the resulting datasets as hard assessment criteria, the handling of the different algorithms is also included as soft evaluation criteria. For this purpose, we transferred the calculated values listed above into the rating scheme 0 to 1, with 1 being the best-derived value. Furthermore, the ranges of the F1 scores for the three different plots of the same epoch were compared and transferred to the rating scheme 0 to 1, with 1 being the lowest derived difference. These criteria show the robustness of the results and can be interpreted as the sensitivity to the variability of input data. The criteria describing the handling of the algorithms is denoted as soft evaluation criteria as there are no hard values behind the evaluation. They describe the personal perception regarding the applicability of the algorithms. In Table 6, the used criteria and their derivation are listed. Since the temporal aspect also plays a role, E2 and E5 were presented separately as extremes in the time span.



Figure 10 shows the combination of all evaluation criteria, considered useful for the process of algorithm choice in the research setting of microscale point cloud segmentation. As expected, easier handling comes along with lower performance, as with the usage of CSF. Contrary to this, the more time-intensive combination of CANUPO applications with CSF leads to higher performance indices in E5. This seems to be unappealing to E2, as we can already see in the subchapters above. The deep learning application (ArcGIS PointCNN) had problems with the detection of vegetation in plot 1. The influence of the results of plot 1 caused a low rating for all hard evaluation criteria, with a particularly low robustness value. For a better comparison, the evaluation of ArcGIS PointCNN without plot 1 is also shown in Figure 10, which shows similar values when plot 1 is not considered. Apart from this, this algorithm stands out due to low values representing the handling of the tool. Additionally, machine learning applications in ArcGIS Pro are relatively new extensions that have to be installed on top of the basic ArcGIS Pro application. As ArcGIS Pro itself is a licensed product from ESRI, the accessibility of ArcGIS PointCNN is limited. As a consequence of the relative novelty of the machine learning extensions and limited access, the community of users is still small. This influences the needed prior user knowledge, as the open-source software CloudCompare gives far more possibilities for self-learning. Altogether, this leads to a lower evaluation value for the categories of user knowledge, accessibility and time saving capacity. Apart from the results of plot 1, the ArcGIS PointCNN algorithm from ESRI had an outstanding performance (Figure 10), but even with the high-performance values of plots 2 and 3, the low accessibility should be taken into consideration before choosing this algorithm.



Another conclusion that can be drawn from Figure 10 is the different performance of all algorithms in relation to the growth stage of the crop. Obviously, the two aspects, namely good detection of vegetation and a high percentage of data representing the soil surface, are divergent. Further investigations might help find the timing with the sweet spot of both opposing components.





4. Discussion


The accuracy of the data representing the soil surface does not only depend on the resolution of the sensing devices but also on the precision of the succeeding detection/filtering methods. When it comes to capturing small changes in the soil surface especially, the performance of the used data filtering or classification method is crucial.



During data acquisition in a time period of six weeks in our study, the local reference coordinate system was kept as stable as possible to maintain comparability between epochs of data measurement. As the targets were set up directly in soils under cultivation, internal physical processes (e.g., swelling and shrinking of soil aggregates) or external influences (e.g., soil tillage) led to the movement of the targets, resulting in standard deviations of 3.6 mm of the target positions in the z-axis. Focusing on changes at the microscale may have influenced the training of the classifier, as all of the training data contained all epochs.



Shading and masking of growing vegetation increased with the duration of the measurement campaign. The consequences are, on the one hand, accumulative gaps in the point cloud representing the soil surface and, on the other hand, an increase in undesirable data which derives from crop growth. Despite that issue, this set-up has the advantage that we only need to distinguish (roughly speaking) between (a) points representing vegetation and (b) points representing soil. Thus, we can use well-established filtering and classification algorithms with the binary classification approach.



Although there are plenty of studies dealing with the performances of filtering or classification algorithms, most of them are predominantly geared towards larger scales [13,34,35] or focus on applications that require programming skills [12,30,36]. Bailey et al. (2022) [37] demonstrate in their study that the performance of the different algorithms highly depends on the parameter settings. In their study, CSF outperforms Random Forest (RF) and modified slope-based filter (MSBF). The change in the parameter settings in CSF did not improve the results in our case. One explanation could be mulch residues, which, in our study, were assigned to the soil surface and had a strong influence on the performance of all tested applications. While the higher epochs almost consistently show good results, even in comparison with other studies [13,37], two noticeable issues arise:



Firstly, ArcGIS PointCNN did not work out in classifying plot 1. Although the amount of training data was similar to the training data of the other plots, ArcGIS PointCNN performed much better in the point clouds of the other plots. The results of all epochs in plot 1 for this algorithm indicate that there must have been a problem with the training data. Even though changes in the training data amount did not particularly improve the results, we plan to conduct more experiments (using evenly distributed training data and training data for each epoch separately). One assumption is that the “generalization gap” phenomenon occurred in this plot [38]. The generalization gap is a phenomenon that sometimes occurs when supervised deep learning methods and high training data accuracy are used. When overfitting occurs, the trained function performs well on the training data but also becomes sensitive towards noise, following up with a low performance on the actual data and therefore producing a generalization error [39,40]. As our data are highly dense, the noise of the data certainly contributes to model irritations. The use of the k-fold cross-validation could have helped to prevent this problem, as it predicts the performance of models based on predefined training data [41,42].



Secondly, there is a visible variability of the performance depending on the plot as a starting point and a high variability depending on the epoch. Altogether, the algorithms show lower quality in plot 3. As the E1 reference in the training data is missing, this reveals the importance of the bare soil surface data. The region-growing model of the CANUPO classifier especially depends on the information below vegetation, as data gaps in the training data can apparently cause irritations in the model. This leads to the question of whether a less voxel-grid filtered point cloud could provide better results in the utilization of the CANUPO algorithm. Furthermore, as soil colour changes, depending on the soil moisture, the darker colour at the beginning of the field campaign could have supported a better differentiation of soil and vegetation in the training of CANUPO for plots 1 and 2. The missing E1 data did not affect ArcGIS PointCNN. This could be explained by the underlying method of the algorithm. As this algorithm is not a region-based model (Figure 1) but a graph-based model, it also includes further information on the different points, and the influence of neighbouring is decreased. This also shows the importance of aligning the method with the underlying data. In this respect, the different soil surface structures of the different plots also influence the outcome of the modelling. As plot 3 is located on the lower part of the slope, it is characterized by a higher coverage of stones and mulch. The similarity of mulch and living vegetation is a problem, which also shows off in the other plots but could sum up with increasing coverage.



Furthermore, this could be the explanation for the low performance of all applications on epoch 2 as well. The small proportion of living vegetation in epoch 2 and the still low contrasting colour of the seedlings only offer a small basis for differentiation.




5. Conclusions


We approached the assessment of three main point cloud classification concepts (filtering, machine learning classification not based on deep neuronal networks, and deep learning classification as a machine learning sub-category based on deep neuronal networks) from different angles. The standard procedure is first presented with the F1 score, which shows the harmonized mean of precision and recall. Since we have highly imbalanced data, we also focused on balanced accuracy as a further quality indicator. Both indicators display the quality of the overall performance of the tested algorithms. As a next step, depending on the focus of the underlying scientific question, such as the detection of diffuse soil erosion, the vertical and horizontal structure of the resulting surface is compared to the best possible outcome. As this is of probable interest to other scientists dealing with similar questions, these findings are also presented in a chapter of its own.



Based on these results, we then created a synthesis comparing the quality criteria to evaluate which algorithm under investigation is the best choice for point clouds at the microscale.



Overall, the research questions can be answered as follows:




	(1)

	
Can well-known methods provide sufficiently accurate results in separating vegetation from soil at the plot scale?









This question cannot be answered positively without reservation.



Focusing on epochs 3 to 5, the easy-to-use and open-source method CANUPO, with the usage of colour as a scalar field and in combination with CSF, performs exceptionally well. Outliers remaining after the use of CANUPO can be well eliminated with CSF. When a high imbalance in the distribution of the classes occurs, as in epoch 2, ArcGIS PointCNN is a better choice. However, it should be considered that, depending on the algorithm, there is more loss of the soil surface, resulting in data gaps (CANUPO) or more undesirable data remaining in the final product (CSF).



	(2)

	
Can these algorithms maintain their level of accuracy at different epochs during the examined vegetation growing period and different plots?







None of the tested methods could maintain their level of accuracy at different epochs and plots. The highest differences appeared between epoch 2 and epoch 3 for all tested algorithms. So, as mentioned before, care should be taken with imbalanced and noisy data at the plot scale.



	(3)

	
To what extent does the choice of the algorithm affect the results?







When it comes to the changes in the micro-relief, differences in the centimetre to millimetre scale become important. The highest standard variation in the height values appeared after applying ArcGIS PointCNN, as it does not work with the region growing method. The resulting surface structure differed most quantitatively with CSF. With regard to the effect on the surface structure, the CANUPO variation in combination with CSF is the best choice. Nonetheless, CSF can also be applied after using ArcGIS PointCNN.



	(4)

	
Does the complexity of the application increase the accuracy of the results?







Most of the results showed a better performance of the deep learning application ArcGIS PointCNN. However, this does not apply to plot 1. In addition to the generalization gap mentioned above, there are more shortcomings when using deep learning methods. The higher the complexity of the model, the higher the adaption to the specific situation is required. This problem is pointed out in [39], leading to the result that there is no algorithm which fits best for all situations and problems. Additionally, in order to prevent overfitting, the use of k-fold cross-validation could be of great value, as it can predict the accuracy of a training model [41,42].



In summary, there are applications that are less suitable than others when a relatively simple solution but sufficient accuracy is required. Taking into consideration the performances of the used methods but also the soft evaluation criteria (see Section 3), we would generally recommend the CANUPO variation with RGB as a scalar field in combination with CSF afterwards when easy-to-use classifications are needed. Besides this, some questions in regard to the “Epoch 2 problem” remain open and remain to be investigated.
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Figure 1. Different categorization approaches of 3D point cloud partitioning algorithms (categorization by method according to [15]). 
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Figure 2. Location of the study area and positioning of the three plots along the thalweg. 
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Figure 3. Measurement set-up during data acquisition for a scan of plot 1. The boundary of the plot is sketched in light blue. 
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Figure 4. Workflow of the data processing steps in this study (TLS: terrestrial laser scanner; PC: point cloud; ML: machine learning; Dim: dimensionality; SF: scalar field; CSF: Cloth Simulation Filter). 
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Figure 5. Comparison of the tested algorithms based on F1 score. As the first epoch did not show any signs of vegetation, the point cloud of E1 is not shown in the graphic. 
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Figure 6. Comparison of the tested algorithms based on balanced accuracy. As the first epoch did not show any signs of vegetation, the point cloud of E1 is not shown in the graphic. 
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Figure 7. Spatial distribution of performance variables according to the tested algorithms CSF (top), standalone version of CANUPO combining dimensionality and scalar field (middle), and ArcGIS PointCNN (bottom) exemplary for plot 2 E2 and E5 (each time above and below). True negatives (TN: light blue), true positives (TP: dark blue), false positives (FP light red), and false negatives (FN: dark red) visualized on the whole plot (left) and horizontally in a subsection (right). On the left side, true positives (dark blue) have been omitted for the sake of clarity. 
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Figure 8. Cross-section of the point cloud partitions classified as soil/ground. Difference in surface height distribution exemplary as a subsection of plot 2 E2 (left) and E5 (right) as a consequence of algorithm choice. Displayed are the tested algorithms CSF (top), a standalone version of CANUPO combining dimensionality and scalar field (middle) and ArcGIS PointCNN (below). Reference soil surface and according reference height range is marked in black. 
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Figure 9. Comparison of the tested algorithms and the reference surface based on the resulting percentage of data gaps in the interested soil surface. As the first epoch did not show any signs of vegetation, the point cloud of E1 is not shown in the graphic. 
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Figure 10. Evaluation of the tested algorithms regarding performance (F1 score, balanced accuracy, average height difference, standard deviation of height difference, percentage of data gaps after processing, and robustness of results) and handling (needed prior user knowledge, accessibility, and time saving capacity). For the sake of clarity, only the mean values of the respective E2 and E5 results across all plots are shown. 
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Table 1. List of characteristics underlying each plot.
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Plot

Name

	
Previously Recorded Erosion [t/ha·a] *

	
Elevation [m.a.s.l.]

	
Slope

Gradient [°]

	
Soil Texture

Top Soil (0–5 cm)




	

	

	

	

	
Sand

[%]

	
Silt

[%]

	
Clay

[%]

	
Soil Organic Carbon [%]

	
K-Factor **






	
Plot 1

	
0.2–1.0

	
235

	
13.8

	
5

	
65

	
30

	
6.8

	
0.4




	
Plot 2

	
1.0–2.0

	
228

	
13.3

	
5

	
75

	
20

	
6.0

	
0.5




	
Plot 3

	
3.0–6.0

	
218

	
5.5

	
5

	
75

	
10

	
6.0

	
0.5








* Average data obtained from mapped soil erosion in course of the long-term soil erosion monitoring program Lower Saxony [20]. ** K-factor is the soil erodibility factor of the Universal Soil Loss Equation (USLE) and represents the susceptibility of the top soil to soil erosion by water dependent on the soil properties [22].













 





Table 2. Settings applied for the tested algorithms (-: no setting option given).
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	Parameters
	CSF
	CANUPO

Dimensionality
	CANUPO

Dimensionality + SF
	CANUPO + CSF

Dimensionality + SF
	ArcGIS

PointCNN





	Scene *
	Relief
	-
	-
	Relief
	-



	Slope processing **
	No
	-
	-
	No
	-



	Cloth resolution (m)
	0.1
	-
	-
	0.1
	-



	Max. iterations
	500
	-
	-
	500
	-



	Classification

Threshold (m) ***
	0.1
	-
	-
	0.1
	-



	Scales
	-
	0.1–1.0; 0.001
	0.1–1.0; 0.001
	0.1–1.0; 0.001
	-



	Scales after tuning
	-
	300
	300
	300
	-



	Max. core Points
	-
	10,000
	10,000
	10,000
	-



	Ratio training data

Vegetation–soil
	-
	~1:5
	~1:5
	~1:5
	-



	Ratio training data-

whole point cloud
	-
	~1:5
	~1:5
	~1:5
	~1:6



	Ratio validation data-whole point cloud
	-
	~1:5
	~1:5
	~1:5
	~1:6



	Block size (cm)
	-
	-
	-
	-
	40



	Block point limit
	-
	-
	-
	-
	8192



	Model selection criteria
	-
	-
	-
	-
	F1 score







* Input parameter of CSF: determines the rigidness of the calculated cloth and has three options: steep slope, relief and flat [17]. ** Input parameter of CSF: setting for point clouds with high inclination [17]. *** Input parameter of CSF: distance between points and simulated terrain (lowest value: 0.1) [17].













 





Table 3. Total amount of vegetation and soil points and proportion of vegetation points in the total point cloud (2 × 3 m plot after voxel-grid filtering) based on the manually generated reference dataset.
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Plot

	
Class

	
E1

	
E2

	
E3

	
E4

	
E5






	
Plot 1

	
Vegetation

	
0

	
12,099

	
33,108

	
88,216

	
225,683




	
Soil

	
2,289,748

	
1,947,945

	
1,746,486

	
2,028,377

	
1,744,019




	
Proportion

	
0%

	
0.62%

	
1.86%

	
4.17%

	
11.46%




	
Plot 2

	
Vegetation

	
0

	
26,227

	
50,101

	
126,938

	
343,693




	
Soil

	
2,193,646

	
2,387,142

	
1,861,216

	
2,187,462

	
1,726,862




	
Proportion

	
0%

	
1.09%

	
2.62%

	
5.48%

	
16.60%




	
Plot 3 *

	
Vegetation

	
-

	
20,000

	
42,238

	
112,365

	
319,714




	
Soil

	
-

	
1,884,898

	
1,549,683

	
1,912,494

	
1,764,541




	
Proportion

	
-

	
1.05%

	
2.65%

	
5.55%

	
15.34%








* Measurement of plot 3 had to start one week later than plot 1 and plot 2.













 





Table 4. Precision and recall values of the tested algorithms. As the first epoch did not show any signs of vegetation, E1 is not listed in the table.






Table 4. Precision and recall values of the tested algorithms. As the first epoch did not show any signs of vegetation, E1 is not listed in the table.





	
Plot

	
Epoch

	
CSF

	
CANUPO

Dimensionality

	
CANUPO

Dimensionality + SF

	
CANUPO + CSF

Dimensionality + SF

	
ArcGIS PointCNN




	
Precision

	
Recall

	
Precision

	
Recall

	
Precision

	
Recall

	
Precision

	
Recall

	
Precision

	
Recall






	
Plot 1

	
E2

	
1.0

	
0.0

	
0.1

	
0.3

	
0.1

	
0.3

	
0.1

	
0.3

	
0.0

	
0.0




	
E3

	
1.0

	
0.3

	
0.5

	
0.9

	
0.5

	
0.8

	
0.5

	
0.8

	
0.0

	
0.0




	
E4

	
1.0

	
0.6

	
0.5

	
0.9

	
0.6

	
0.9

	
0.6

	
0.9

	
0.0

	
0.0




	
E5

	
1.0

	
0.8

	
0.7

	
1.0

	
0.7

	
1.0

	
1.0

	
1.0

	
0.1

	
0.1




	
Mean

	
1.0

	
0.4

	
0.5

	
0.8

	
0.5

	
0.8

	
0.5

	
0.8

	
0.0

	
0.0




	
Plot 2

	
E2

	
1.0

	
0.0

	
0.6

	
0.1

	
0.2

	
0.1

	
0.2

	
0.1

	
1.0

	
0.1




	
E3

	
1.0

	
0.4

	
0.8

	
0.8

	
0.7

	
0.8

	
0.7

	
0.8

	
1.0

	
0.7




	
E4

	
1.0

	
0.7

	
0.6

	
0.9

	
0.6

	
0.9

	
0.6

	
0.9

	
1.0

	
0.8




	
E5

	
1.0

	
0.9

	
0.8

	
1.0

	
0.9

	
1.0

	
0.9

	
1.0

	
1.0

	
1.0




	
Mean

	
1.0

	
0.5

	
0.7

	
0.7

	
0.6

	
0.7

	
0.6

	
0.7

	
1.0

	
0.7




	
Plot 3

	
E2

	
1.0

	
0.0

	
0.4

	
0.4

	
0.3

	
0.6

	
0.3

	
0.6

	
1.0

	
0.5




	
E3

	
1.0

	
0.3

	
0.7

	
0.8

	
0.5

	
0.9

	
0.5

	
0.9

	
1.0

	
0.8




	
E4

	
1.0

	
0.6

	
0.5

	
0.9

	
0.4

	
1.0

	
0.4

	
1.0

	
1.0

	
0.9




	
E5

	
1.0

	
0.9

	
0.6

	
1.0

	
0.6

	
1.0

	
0.6

	
1.0

	
1.0

	
1.0




	

	
Mean

	
1.0

	
0.5

	
0.6

	
0.8

	
0.4

	
0.8

	
0.4

	
0.8

	
1.0

	
0.8











 





Table 5. Average height differences (in mm) and standard deviations (SD) of the height differences (in mm) in comparison to the corresponding reference surface arising from tested algorithms. As the first epoch did not show any signs of vegetation, E1 is not listed in the table.






Table 5. Average height differences (in mm) and standard deviations (SD) of the height differences (in mm) in comparison to the corresponding reference surface arising from tested algorithms. As the first epoch did not show any signs of vegetation, E1 is not listed in the table.





	
Plot

	
Epoch

	
CSF

	
CANUPO

Dimensionality

	
CANUPO

Dimensionality + SF

	
CANUPO + CSF

Dimensionality + SF

	
ArcGIS PointCNN




	
Height dif.

[mm]

	
SD

[mm]

	
Height dif.

[mm]

	
SD

[mm]

	
Height dif.

[mm]

	
SD

[mm]

	
Height dif.

[mm]

	
SD

[mm]

	
Height dif.

[mm]

	
SD

[mm]






	
Plot 1

	
E2

	
0.1

	
2.2

	
0.1

	
1.6

	
0.1

	
1.5

	
0.1

	
1.5

	
2.2

	
1.9




	
E3

	
0.5

	
5.2

	
0.0

	
1.0

	
0.1

	
1.9

	
0.1

	
1.9

	
2.4

	
2.4




	
E4

	
0.7

	
6.4

	
0.0

	
0.9

	
0.0

	
1.0

	
0.0

	
0.9

	
2.4

	
2.1




	
E5

	
0.8

	
7.1

	
0.1

	
4.9

	
0.1

	
4.9

	
0.0

	
0.5

	
2.5

	
2.1




	
Mean

	
0.6

	
5.2

	
0.1

	
2.1

	
0.1

	
2.3

	
0.1

	
1.2

	
2.4

	
2.1




	
Plot 2

	
E2

	
0.2

	
2.8

	
0.2

	
2.3

	
0.2

	
2.4

	
0.2

	
2.4

	
0.2

	
2.1




	
E3

	
0.5

	
5.0

	
0.1

	
1.3

	
0.1

	
1.4

	
0.1

	
1.4

	
0.2

	
2.5




	
E4

	
0.5

	
5.2

	
0.0

	
1.0

	
0.1

	
1.3

	
0.0

	
1.1

	
0.2

	
3.3




	
E5

	
0.6

	
5.5

	
0.1

	
3.7

	
0.0

	
1.4

	
0.0

	
0.9

	
0.1

	
2.3




	
Mean

	
0.5

	
4.6

	
0.1

	
2.1

	
0.1

	
1.6

	
0.1

	
1.5

	
0.2

	
2.5




	
Plot 3

	
E2

	
0.2

	
2.8

	
0.1

	
1.7

	
0.1

	
1.2

	
0.1

	
1.2

	
0.1

	
0.9




	
E3

	
0.7

	
5.8

	
0.1

	
1.5

	
0.1

	
1.3

	
0.1

	
1.2

	
0.1

	
0.9




	
E4

	
0.8

	
6.3

	
0.1

	
1.8

	
0.0

	
1.0

	
0.0

	
0.4

	
0.1

	
0.8




	
E5

	
0.7

	
6.2

	
0.5

	
11.3

	
0.4

	
10.7

	
0.0

	
0.3

	
0.3

	
8.0




	

	
Mean

	
0.6

	
5.3

	
0.2

	
4.1

	
0.1

	
3.5

	
0.0

	
0.8

	
0.1

	
2.7











 





Table 6. Evaluation criteria for the presentation of the suitability of the tested algorithms.






Table 6. Evaluation criteria for the presentation of the suitability of the tested algorithms.





	
Categorization

	
Criteria

	
Process






	
Hard evaluation criteria

	
F1 Score

	
RS 1 0–1




	
Balanced Accuracy

	
RS 0–1




	
Height Difference

	
Transfer to RS 0–1




	
Height Difference STD

	
Transfer to RS 0–1




	
Data Gaps

	
Transfer to RS 0–1




	
Robustness

	
Range of F1 scores for all three plots transferred to RS 0–1




	
Soft evaluation criteria

	
User Knowledge

	
Estimated based on simplicity of handling in RS 0–1




	
Accessibility

	
Estimated based on acquisition cost in RS 0–1




	
Time-Saving Capacity

	
Estimated compared to manual processing in RS 0–1








1 RS: Rating Scheme.
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