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Abstract

:

This paper presents a methodology for levee damage detection based on Unmanned Aerial System (UAS) data. In this experiment, the data were acquired from the UAS platform, which was equipped with a laser scanner and a digital RGB (Red, Green, Blue) camera. Airborne laser scanning (ALS) point clouds were used for the generation of the Digital Terrain Model (DTM), and images were used to produce the RGB orthophoto. The main aim of the paper was to present a methodology based on ALS and vegetation index from RGB orthophoto which helps in finding potential places of levee failure. Both types of multi-temporal data collected from the UAS platform are applied separately: elevation and optical data. Two DTM models from different time periods were compared: the first one was generated from the ALS point cloud and the second DTM was delivered from the UAS Laser Scanning (ULS) data. Archival and new orthophotos were converted to Green-Red Vegetation Index (GRVI) raster datasets. From the GRVI raster, change detection for unvegetation ground areas was analysed using a dynamically indicated threshold. The result of this approach is the localisation of places, for which the change in height correlates with the appearance of unvegetation ground. This simple, automatic method provides a tool for specialist monitoring of levees, the critical objects protecting against floods.
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1. Introduction


Hazard monitoring seems to be increasingly more important. Satellite images that are systematically acquired are commonly used for monitoring the phenomena that may devastate large areas, for example, tornadoes, earthquakes, big forest fires and flood hazards [1,2,3]. However, while there are also hazards that may be dangerous for smaller areas, it is not possible to use satellite images in order to monitor them, even though the threat associated with their damage can cause huge hazards related to floods. Levees, also called dykes, embankments, floodbanks or stopbanks, are small-sized linear facilities. They play a very important role in flood protection, but they are only one of the tools available for flood control [4]. They are usually monitored and periodically measured with direct surveying techniques that guarantee high accuracy, but long distances between cross sections limit detailed analysis of their entire surface. Considering various remote sensing data sources, it is not possible to see defects in levees using satellite imagery because the resolution is not high enough. These defects are: soil loss, soil movement and damage caused by animals and people. Therefore, airborne data can be used in this application in order to detect the hazardous areas [5,6]. Nowadays, levee monitoring can be successfully conducted by means of remote sensing techniques, and in most cases, aerial photogrammetric data is used—especially high-resolution aerial imagery [7,8] and LiDAR (Light Detection and Ranging) point clouds [9]. LiDAR data have many advantages in comparison to photogrammetric data. The penetration through vegetation is the most important one. LiDAR data can deliver reliable information about bare ground; however, the resolution of these kinds of data (expressed in point cloud density) cannot be compared to aerial images that can be collected with centimetre resolution. The comparison of both techniques has been the topic of scientific publications for years [10] and at the beginning it concerned high-altitude manned platforms. Unfortunately, the disadvantage of the manned platforms is the frequency and costs of data acquisition. Photogrammetric flights are usually performed every few years for the same area. For corridor objects, such as levees, acquiring data using the Unmanned Aerial System (UAS) may become a more cost-efficient alternative to high-altitude photogrammetry [7,8,11]. In the literature, there are some articles available that focus on using spectral information from UAS-borne images in order to analyse and detect vegetation [12,13,14]. Typically, RGB (Red, Green, Blue) orthophotos are the primary data that are generated from UAS imagery, however, UAS data can also deliver rasters of vegetation indices such as the Normalised Difference Vegetation Index (NDVI) or Green-Red Vegetation Index (GRVI). The latter index is interesting in the case of UAS because most of such platforms are equipped only with optical RGB cameras. In the literature, some references address using multi-temporal data from the UAS in the analysis of change-detection [15,16,17,18,19]. References to the use of UAS laser scanning mostly present experiments over high vegetation where it is the most justified [20]. The increased temporal and spatial resolution of UAS collections should provide more effective monitoring of levee conditions and identification of potential flood hazards. This is especially true since using other moderate resolution airborne data to evaluate changes in small areas are often technologically, resource, or environmentally limited.



In this article, a solution utilising the UAS platform is presented as a more cost-efficient alternative to high-altitude photogrammetry in levee monitoring. The UAS data can be also used in multitemporal analysis with typical aerial data. Unmanned aerial systems have already found application in various fields, which can be attributed to the short UAS data processing time, high accuracy and the non-invasive character of the measurement. Additionally, UAS platforms can be equipped with various sensors (laser scanners and almost all types of cameras: optical including near-infrared, ultraviolet or thermal).



The aim of this article was to present a methodology of levee monitoring and detecting the defects in levees in order to reduce the negative effects of floods, if they occur. The datasets that were used for developing this methodology—LiDAR point clouds and RGB images—come from two time periods and experiments from two different sources. One dataset was acquired using a UAS, whereas archival datasets were collected using an airplane. LiDAR point clouds and RGB images were processed to differential elevation models and unvegetation ground change detection, respectively. Then, this information was used by hydrologists to provide the specific spatial analysis about the levee conditions that have a crucial influence on the evaluation of flood protecting infrastructure.



This paper is the part of an implementation project where multi-sourced and multi-temporal data make it possible to evaluate the levee’s condition. In the following sections, the methodology of the use of products derived from the data obtained with the UAS platform is presented: Digital Terrain Models (DTMs) and orthophotos. Furthermore, a practical example is given, with a discussion on the differential model and the vegetation index raster, including the selection of the threshold value for ground change detection necessary to distinguish the unvegetation ground. The final sections present a summary, conclusions and future work related to the methodological implementation within the built IT (information technology) system for levee management [6,21] called SAFEDAM.




2. Methodology of UAS Data Application in the IT System


This section presents a methodology which uses UAS data for levee monitoring and implements this in the IT system. There is also a description of the data that were tested in the experiment.



2.1. Description of the Workflow


In Figure 1, the methodology for detecting levee damage developed within SAFEDAM project is presented if RGB and LiDAR data are available. It based on UAS or high-altitude data. In the methodology, two remote sensing data sources were utilised: point clouds obtained from the laser scanners and the RGB orthophoto. They are used in the analysis of elevation and land cover change-detection in parallel.



The laser scanning data described in Section 2.2 were used for generating the digital terrain models that were conducted in an exterior software dedicated to LiDAR data, including trajectory post-processing (Applanix Pos-Pack) and point cloud classification for two classes: ground and non-ground and DTM generation (Terrasolid). A raster of height differences (dDTM – differential DTM) was calculated from two DTMs (different time periods) in a further step to detect elevation changes (e.g., landslides) that may imply a defect and, as a result, a hazard. In the experiment, low-altitude UAS Laser Scanning (ULS) and typical high-altitude airborne laser scanning (ALS) datasets were used. In the IT system, if appropriate data are available, both ULS-based DTMs or ALS-based data collection can be subtracted. The dDTM must be reclassified to detect areas with changes that can be correctly identified and the result cannot be influenced by accuracy of the data sets. The description of the reclassification threshold value selected in the methodology is presented in Section 3.1.



Aerial images described in Section 2.2 were processed in exterior photogrammetric software (Agisoft Metashape for UAS data and Trimble Inpho for archive aerial images) to orthorectify the optical data using the DTM. In the described methodology, both RGB orthophotos are used to calculate the GRVI. The index was used to detect the “new” unvegetation ground areas that occur between two periods of data acquisition, because the lack of vegetation is also a hazard when levee safety is considered. Analysing both rasters of unvegetation ground shows that differences (places with new locations of unvegetation ground) were found. The crucial problem in the application of the GRVI index is to find appropriate values for this index for unvegetation area detection. This is related to solving the problem of different dates, times and conditions during data collection. This issue is presented in Section 3.2.



“New” unvegetation ground areas and dDTM are delivered to identify areas of possible levee damage for further analysis by a specialist. During interpretation, areas with both conditions met (|dDTM| > threshold and detected “new” unvegetation ground area) must be verified carefully if a potential failure is confirmed; however, noticing only the first condition (|dDTM| > threshold ) can also be interpreted as a hazard in contrast to noticing only “new” unvegetation ground area, which could be the effect of a simple change in vegetation caused by other reasons such as a drought.




2.2. Description of the Tested Data


The test area where the data were acquired is a levee in Annopol, Poland, near the Vistula River (Figure 2). The test area was approximately 6 km long. The aerial images from the airplane were acquired in June 2015 with a Ground Sampling Distance (GSD) of 25 cm, and laser scanning data with an average density of 4 points per square metre was registered in 2011, within the national programme of collecting ALS data [22]. The UAS data were acquired in May 2017 with The Hawk Moth platform equipped with two sensors: the laser scanning YellowScan Surveyor and an RGB camera Sony Alpha a6000, in eight corridor flight missions over levees and their surroundings [19].



The density of the ULS point cloud was 180 points per square metre. The ULS point cloud classification was processed in Terrasolid software, which implements the Axelsson’s algorithm for ground classification. DTMs were generated from classified ULS and ALS in the resolution of 0.25 m, which was investigated by the authors in an earlier article [19]. Detailed information about the data is presented in Table 1.



The resolution of images obtained with the UAS platform was 0.025 m, which was the result of the simultaneous collection from the UAS platform collecting ULS data, and the final orthophoto resolution which was 0.10 m. Such a resolution is adequate for detecting unvegetation ground for levee damage assessments. Considering image orientation, archival aerial images from 2015 were already oriented with exterior orientation parameters provided by the National Geodetic and Cartographic Resources. The UAS images were georeferenced in a bundle adjustment and orthorectified in Agisoft Metashape software using control and check points (1 × 1 m white-black chessboard, marked in and measured in a field with GNSS Leica GS15 and CS15 antenna using the Real-Time Kinematic method with an accuracy of 0.02 m).





3. Results of Change-Detection


This section is divided into three parts presenting the use of elevation data (Section 3.1), optical data (Section 3.2) and their application in the IT system (Section 3.3). The first part consists in detecting elevation changes between the DTMs that were generated from the laser scanning data acquired in different time periods. The analysis of the height changes based on the differential DTMs indicates the places of possible hazard using only information from elevation change-detection. The second part consists of searching for the changes in the levee land cover. Thus, in this part, RGB images and vegetation indices that are calculated from the image bands are used. The last part is a description of the above-mentioned products’ application in the presented IT system of levee monitoring.



3.1. Elevation Data


The first part of the methodology presented in Figure 1 consists of detecting changes between elevation data. Two DTMs that were acquired in different periods were compared (Figure 3). The first DTM was obtained from archival ALS data and this model was treated as a reference. The second DTM was generated from the UAS LiDAR data. Subsequently, the DTMs were subtracted and the differential DTM (dDTM) was analysed. Such a raster from two DTMs is a popular source for the interpretation of mass movements [23,24,25]. In the experiment, various height thresholds were considered: 0.10 m, 0.25 m and 0.50 m, which were proposed as the best visualisation in order to support end-users with interpreting the eventual occurrence of hazard related to potential levee damage. For the threshold equal to 0.10 m, there were a lot of areas that may be qualified as a hazard. This may be a result of low vegetation, which mainly grows on levee slopes and their surroundings. These places can be also influenced by accuracy of LiDAR data or possibilities of laser beam penetration through dense vegetation. Analysing the threshold equal to 0.50 m, almost nothing was classified as hazard in dDTM. Thus, 0.25 m was chosen as the best threshold value for the visualization in a system supporting hydrologists’ work. In Figure 4, the reclassified differences between DTMs are presented. The height differences that exceeded the absolute value of 0.25 m are marked with a blue red colour scale as a hazard and need to be verified and compared to the results of the orthoimage analysis. The analysed difference raster of the DTM is not burdened with vegetation because LiDAR point cloud processing filters out vegetation during DTM generation. However, it is possible to observe the small impact of dense vegetation (crops, young coniferous trees or dense high grass) in the differential model. If such an influence can be observed in potential low values (usually classified in 0.25–0.50 m class), it can be interpreted using an orthomosaic.




3.2. Optical Data


The second part of the methodology presented in Figure 1 consists of detecting changes in levees from the RGB images by determining the Green-Red Vegetation Index (GRVI), which was used or examined in a few other publications [26,27,28]. GRVI index is calculated with the given formula (1):


  G R V I =   ρ G − ρ R   ρ G + ρ R    



(1)




where:




	
ρR—is the reflectance of the visible red on the image



	
ρG—is the reflectance of the visible green on the image








Photos taken by the UAS platform are collected at different times and dates; thus, for the approach to be applicable, it must be focused on proper results of index processing, which is a raster of unvegetation area. The methodology of image processing does not provide radiometric correction of photos with marked control points, nor white point or sensor response curves; however, radiometric adjustment was implemented in photogrammetric software during orthomosaic generation before adding orthomosaics to the system. It unifies radiometry in one area for one date. Proper detection of unvegetation areas is closely related to the threshold of GRVI. Motohka et al. [26] proposed a value approximated to GRVI = 0, which can be an effective threshold to distinguish between green vegetation and other types of ground covers. It was noticed that this index changes according to seasons, especially in autumn. It was decided that in this case, the GRVI index serves as the basis for unvegetation ground detection.



In the presented methodology, the GRVI was calculated using aerial and UAS images. An example of its value is shown in Figure 5. As a next step, in order to distinguish the unvegetation ground from other objects in the image, the threshold value of the index needs to be determined. For both aerial and UAS images, the threshold values depend on a few factors, for example, time of image acquisition, sensor type, sunlight etc. Therefore, the values are not constant and need to be assigned every time that new RGB images are used. The raster files representing the unvegetation ground must be subtracted in order to identify new unvegetation ground occurring within the period of analysis. This change-detection process generates a raster file representing the new unvegetation ground.



In order to find the most appropriate GRVI threshold value, an experiment was conducted, in which unvegetation ground areas were used. Polygons, which were created within these training sites, were used to assess classification accuracy along a range of GRVI threshold for both datasets (Figure 6). As a next step, the raster files presenting the GRVI values were classified into two classes according to the chosen threshold values: unvegetation ground and vegetation ground. Finally, it was possible to evaluate which threshold value is the most suitable. Therefore, the areas of the vectorised test fields were compared with the unvegetation ground class included within the polygons. The results of the comparison are presented in Table 2.



As can be concluded from Table 2, there are differences between the thresholds for the GRVI calculated from the aerial images and from the UAS images (different time period, sensor etc.). For the given threshold values, the percentage of the pixels correctly classified as unvegetation ground is different. According to Table 2, the threshold that guarantees, i.e., at least 95% correctness in unvegetation area detection for the GRVI from aerial images, is lower than for the GRVI from the UAS images (0.02 and 0.03, respectively).



Based on the results presented in Table 2, a graph was generated (Figure 7). On the graph, two curves representing the percentage of detected ground within the UAS and the aerial images for the selected thresholds are presented. As can be noticed, for the negative values of the threshold the percentage of detected unvegetation ground increased rapidly, and then the curves gradually became flatter. This suggests that an appropriate threshold value was reached.



By analysing the results in Table 2 and the GRVI thresholds presented in Figure 8, the best GRVI threshold values for both high-altitude and the UAS images can be chosen. In Figure 8a, the unvegetation ground classification based on the aerial images is presented. Large differences between the selected thresholds can easily be noticed. Similar remarks can be made analysing Figure 8b, in which the unvegetation ground areas based on the UAS images are shown. According to Table 2, for selected test fields with a growing threshold value, the correctness of the detected unvegetation ground is increasing. However, the higher the threshold value, the slower the correctness increase. Additionally, it is worth to analyse the graphic representation of the GRVI threshold in Figure 7, which shows that with a higher threshold, the unvegetation ground class may be overestimated. Based on the Table 2 as well as Figure 8, the threshold values have been selected: for high-altitude photogrammetry: 0.02 and for the UAS imagery: 0.03. According to the results presented in Table 2, higher threshold values distinguish the unvegetation ground surface more accurately, but the GRVI classification rasters indicate the overestimation of the unvegetation ground class.



After choosing the most appropriate GRVI threshold value for both datasets using dynamic tool visualising transparent effect of reclassification overlying orthophoto in large scale, a new unvegetation ground class can be distinguished during the change-detection analysis for whole area. Thus, the raster files presenting the unvegetation ground, which were classified according to the selected thresholds must be subtracted. As a result, the raster file showing the “new” unvegetation ground (uncovered ground change-detection raster) was obtained.




3.3. Application of the Results


The idea of using UAS data for levee monitoring is that differential digital terrain model and the “new” unvegetation ground detection data should provide a preliminary assessment of “hazards”. These potential hazard areas would subsequently be analysed by an expert, who shall provide a more thorough evaluation of the site, looking for ground movement on a large area of the levee. Such layers can support hydrologists work if orthophotos and DTMs for both analysed time periods are available. Based on the results shown in Figure 9 and Figure 10, a few places that represent changes in the levee construction were found. In Figure 10, a profile showing height differences between two periods (UAS DTM and ALS DTM) in the levee is illustrated. In Figure 10, in the blue rectangles, an area was marked. These are the results of the analysis that indicate a potential danger. These areas were found based on the assumed approach, i.e., differential DTM and “new” unvegetation ground class. In these places, both height differences and new unvegetation ground occurred (Figure 9), even though the reference ALS data were collected three years before the optical aerial data. In this case, actual data collection is crucial. The profile in Figure 10 confirms the presumption related to the landslide of a levee side, levee shaft and random elevation changes caused by animal or human activity. In the analysed test area, dozens of damages were verified and all of them were indicated and confirmed with the presented method, which confirms its usefulness.





4. Discussion


Utilising differential DTMs from LiDAR and aerial imagery in landslide inventory are well-known methodologies [23,25]. Because of the higher resolution of the UAS data, this technology has recently been introduced to erosion monitoring. Previous studies have used DSMs from high resolution images for automated measurement of erosion on loess soil [17]. In other applications, digital terrain models and orthoimages from the UAS were also used [15]. In our approach, we applied separate processing and analytics for UAS-derived elevation and optical data as a tool supporting the SAFEDAM system [6,21]. We showed how this methodology helps in finding potential places of levee failure. All detected damages measured manually were found with the proposed algorithm, indicated by analysis of differential DTMs and using GRVI index providing information about “new” unvegetation ground areas.



Considering the fact that all results of damages potentially detected must be manually verified or measured in a field, we decided to develop a simple semi-automated tool for levee monitoring. The presented results showed that there is a high potential of using UAS data in erosion monitoring.



Monitoring of erosion and changes based on the DTMs, especially in areas not covered with vegetation, is not a very complex task, assuming accurate and multi-temporal data. The challenge may lie in taking into account vegetation in the analysis and using vegetation indices. In vegetation analysis and detection, near-infrared band is crucial; however, in [28], using the indices based on RGB images in biomass estimation was shown to be very promising. In [16], the influence of different factors on values of indices from RGB images was examined. The GRVI index seemed to show the greatest accuracy variations associated with flight altitude. In other research [26], the GRVI index was useful in indicating vegetation phenology, especially for autumn leaf colouring. What is worth highlighting, according to the mentioned articles, is that there is a problem with setting one threshold value in the vegetation analysis. This is caused by the index’s values depending on all the conditions while the images were taken, from the lighting and even flight height. Similar conclusions can be drawn from the experiment described in this article. Thus, in the task of detecting vegetation/non-vegetation areas, it is not possible to set one threshold value of the GRVI. There are a few factors that impact the determination of the GRVI threshold. The main factor is the time when the images are acquired. During dry weather, the vegetation condition is worse. As a result, dry vegetation may also be classified as unvegetation ground using the GRVI index. Additionally, analysing the data used in this approach, there were also differences in the image resolution. The resolution of the aerial orthophoto was 0.25 m and the UAS orthophoto is characterised by a pixel size of 0.10 m, which may also influence the GRVI threshold value.



Although UAS LiDAR is becoming more popular, most images are obtained from the UAS. The methodology presented in this article is one of the first approaches in which both UAS images and LiDAR are used for detection of damages such as erosion. In Zhou [11], it was described that small damages of several centimetres can cause internal erosion; however, the detection of such detailed differences between two datasets is quite difficult considering the errors of orientation for both data sources: photogrammetric and LiDAR. Considering that the accuracy of ULS data is better than 0.10 m [18,19], it is possible to detect elevation changes of the size 0.15–0.20 m using multi-temporary datasets. Detecting of an altitude change under 10 cm is very challenging, thus, a threshold of 25 cm was selected to indicate areas not influenced by incorrect point cloud filtering or weak penetration through vegetation. Based on the conducted experiment, the detection of damage in the levee structure using remote sensing data can support the work of specialists who must monitor levees without fully automated procedures.




5. Conclusions


In this article, the methodology of detecting defects in levees using RGB imagery and LiDAR point clouds from an airborne platform (including the UAS) was presented. The data used in the experiment were acquired in two different periods. In the methodology, two aspects were analysed: elevation differences and changes in land cover. While generating the DTMs, it is important to distinguish the ground class properly. Otherwise, high differences in the differential model will falsely indicate the hazard. GVRI index was used to identify land cover changes. In order to distinguish the unvegetation ground class, a threshold value must be selected. The threshold may differ for various images (different sensor, time, date, vegetation status, weather etc.). Thus, it is not recommended to choose one value, but rather to enable the manual selection of the most appropriate threshold value in order to detect unvegetation ground. Additionally, there may be some other differences in the analysed levees, i.e., they may be built differently, there may be some damage or there may be changes in the structure of levees between the data acquisitions. Therefore, an individual analysis approach to each area can be recommended. The aim of the methodology is then to deliver reliable data, which is the result of the DTM and orthoimage processing from two periods. This makes it possible to detect changes and potential damages in the levee area using differential DTM and the extracted “new” unvegetation ground layer. The observer should thus initially focus their attention on these places.



The experiment has demonstrated that the methodology works properly. Additionally, the proposed methodology shows great potential because the results cannot be influenced by the existing conditions, time of data acquisition or by using different types of sensors. However, it must be highlighted that the implementation of the methodology will not be automated. The results need to be verified by hydrology specialists, who have better knowledge about the levee structure after indication of the potential damage with the use of presented method. Many complex approaches can be developed in this application regarding automatic classification of change-detection. Current approaches of change-detection based on three bands from RGB image and elevation raster are not enough for reliable detection. Nevertheless, analysis other than that proposed in this paper, based on differential DTM rasters and detection of new unvegetation ground areas, could be included in some automatic methodology. Looking for a method of detecting non-vegetated surfaces, it is possible to analyse the normalised Digital Surface Model (nDSM) and sigma0, which is a geometrical index showing the vertical distribution of the point cloud. There is also the option to use information from the intensity of a laser beam. Such approaches can be more difficult for the multi-temporary analysis of elevation models and orthoimages. They would also be hard to implement in tools dedicated to specialists who normally do not work with geospatial data. We strongly believe that these issues are a good topic to be discussed in future works.



Utilising an unmanned aerial system has many advantages compared to high-altitude photogrammetry. The data can be acquired more often, and this method is a more cost-efficient alternative. A UAS can deliver better quality data as opposed to airborne data: higher LiDAR point cloud density and images with higher spatial resolution. In the systems, which aim to create simple land cover maps based on the classification and using the vegetation index, the resolution can help delivering the detection the places of interest with a small area. In the proposed approach, the analysis ends in the raster, which is an additional layer for the expert. This seemingly simple methodology also solves the problem of spatial data resolution, because the same index values cannot be used for datasets acquired with different sensors.
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Figure 1. Methodology of detecting a levee hazard area based on the UAS and high-altitude photogrammetry data. LiDAR: Light Detection and Ranging; RGB: Red, Green, Blue; DTM: Digital Terrain Model; dDTM: differential DTM; GRVI: Green-Red Vegetation Index. 
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Figure 2. Levee test area in Annopol near the Vistula River (red filled polygon), presented on the orthophoto. 
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Figure 3. Digital terrain models generated from airborne laser scanning (ALS) and ULS data with the calculated differential model of elevation. 
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Figure 4. Results of differential DTM reclassification using distinct threshold values (0.10 m, 0.25 m and 0.50 m) and an orthophoto (2015) of the test area. 
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Figure 5. Example of GRVI calculated from the aerial RGB images compared with the orthophoto (aerial images: June 2015, UAS images: May 2017). 
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Figure 6. Example of reference polygons used in the best GRVI threshold determination (red polygons—aerial images, blue polygons—UAS images). 
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Figure 7. Curves showing the percentage of detected ground on the UAS (May 2017) and aerial (June 2015) images for the selected threshold values. 
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Figure 8. Visualisation of selected GRVI thresholds calculated from aerial (a) and UAS (b) images. 






Figure 8. Visualisation of selected GRVI thresholds calculated from aerial (a) and UAS (b) images.



[image: Ijgi 09 00248 g008]







[image: Ijgi 09 00248 g009 550] 





Figure 9. Profile example presented on the new unvegetation ground class (a–c) and the DTM differences (d–f) resulting in potential danger for the levee (landslide) for three examples. 
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Figure 10. Profiles presenting the three examples of the differences between DTMs detected on the differential DTM and new unvegetation ground class with an indication of potential danger related to landslide of levee shaft (a), landslide of levee side (b) and random elevation changes (c) presented in two dimensions in Figure 9. 
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Table 1. Characteristics of the data used in the experiment. UAS: Unmanned Aerial System; ULS: UAS Laser Scanning.
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	Dataset
	Acquisition Date
	Resolution/

Density
	Accuracy
	Sensor





	aerial orthophoto
	June 2015
	0.25 m
	0.50 m horizontal
	UltraCam-Xp



	UAS orthophoto
	May 2017
	0.10 m
	0.10 m horizontal
	Sony Alpha 6000



	aerial LiDAR
	October 2011
	4 points/m2
	0.15 m vertical

0.40 m horizontal
	N/A



	ULS
	May 2017
	180 points/m2
	0.10 m vertical

0.20 m horizontal
	YellowScan Surveyor
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Table 2. Comparison of the detected unvegetation ground areas within reference polygons for different GRVI threshold values.
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GRVI Threshold

	
Orthophoto from Aerial Images

	
Orthophoto from UAS Images




	
No. of px (resol. 0.25 m)

	
Area (m2)

	
Area (%)

	
No. of px (resol. 0.10 m)

	
Area (m2)

	
Area (%)






	
0.06

	
57,165

	
3572.8

	
99.8

	
256,321

	
2563.2

	
99.3




	
0.05

	
56,964

	
3560.2

	
99.4

	
255,051

	
2550.5

	
98.9




	
0.04

	
56,624

	
3539.0

	
98.8

	
252,990

	
2529.9

	
98.1




	
0.03

	
56,111

	
3506.9

	
97.9

	
248,710

	
2487.1

	
96.4




	
0.02

	
55,316

	
3457.2

	
96.5

	
240,165

	
2401.7

	
93.1




	
0.01

	
54,038

	
3377.4

	
94.3

	
218,384

	
2183.8

	
84.6




	
0.00

	
51,523

	
3220.2

	
89.9

	
179,917

	
1799.2

	
69.7




	
−0.01

	
43,762

	
2735.1

	
76.4

	
124,356

	
1243.6

	
48.2




	
−0.02

	
33,653

	
2103.3

	
58.7

	
82,727

	
827.3

	
32.1




	
−0.03

	
19,134

	
1195.9

	
33.4

	
49,612

	
496.1

	
19.2




	
−0.04

	
4045

	
252.8

	
7.1

	
27,018

	
270.2

	
10.5




	
−0.05

	
17

	
1.1

	
0.0

	
14,019

	
140.2

	
5.4
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