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Abstract: Analysis of two small semi-mountainous catchments in central Evia island, Greece, high-
lights the advantages of Unmanned Aerial Vehicle (UAV) and Terrestrial Laser Scanning (TLS) 
based change detection methods. We use point clouds derived by both methods in two sites (S1 & 
S2), to analyse the effects of a recent wildfire on soil erosion. Results indicate that topsoil’s move-
ments in the order of a few centimetres, occurring within a few months, can be estimated. Erosion 
at S2 is precisely delineated by both methods, yielding a mean value of 1.5 cm within four months. 
At S1, UAV-derived point clouds’ comparison quantifies annual soil erosion more accurately, show-
ing a maximum annual erosion rate of 48 cm. UAV-derived point clouds appear to be more accurate 
for channel erosion display and measurement, while the slope wash is more precisely estimated 
using TLS. Analysis of Point Cloud time series is a reliable and fast process for soil erosion assess-
ment, especially in rapidly changing environments with difficult access for direct measurement 
methods. This study will contribute to proper georesource management by defining the best-suited 
methodology for soil erosion assessment after a wildfire in Mediterranean environments. 

Keywords: Terrestrial Laser Scanning (TLS); Structure from Motion (SfM); Drone ; Point cloud; Soil 
erosion; Wildfire; Geoenvironment; Remote Sensing 
 

1. Introduction 
Land-use change and wildfire events have been significant environmental issues for 

many countries over the last decades. Wildfires cause significant soil degradation in the 
Mediterranean region due to their increasing frequency and the resulting soil erosion [1–
5]. Soil erosion in terms of soil degradation can affect the environment if no conservational 
practices are applied. During the soil erosion process, a grain-by-grain separation of the 
topsoil occurs, followed by transportation and deposition in downslope areas [2,3,6,7]. 
Water erosion is the primary erosional process in Mediterranean catchments, because of 
the mountainous geomorphology and the climatic conditions characterised by high-in-
tensity precipitation events [3]. 

New tools such as terrestrial Light Detection And Ranging (tLiDAR) techniques over 
the past 15 years [4,8–12], along with the rapidly developed Unmanned Aerial Vehicles 
(UAV) based photogrammetry techniques over the past five years [13,14], are being 
widely employed in highlighting change detection or even forest canopy structure by pro-
ducing high accuracy digital terrain models. Structure from Motion (SfM) method is a 
widespread technique that can be used for this purpose. UAV platforms with cameras can 
be utilised for large-scale photogrammetric surveys in non-approachable sites, while the 
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Terrestrial Laser Scanning (TLS) method is an approximately 15-year-old well-established 
technique, producing models with high accuracy of the order of mm/cm. 

The SfM method is a passive surface reconstruction method, while the TLS sensor is 
an active method, leading to sharp surface reconstruction, containing the target’s 
backscattered intensity signal values. This information is critical in some scientific appli-
cations that use roughness measurements (e.g., fault slip rates, trench walls analysis), as 
also denoted by [15–18], or even different material properties that can distinguish each 
material based on the reflectance of the laser beam impacting on its surface under certain 
incidence angle [19]. 

The LiDAR technology is mostly used for the collection of altitude data with high 
accuracy and density by using a laser beam scanning technique. This method results in 
high-resolution data, which provide excellent surface reconstruction under any light con-
ditions. The LiDAR sensor uses the same principles as the common radar method. It sends 
and receives a laser pulse with specified characteristics against a defined target, calculat-
ing the beam’s return time into the source. Due to the notable low spectral wavelength (of 
energy) used by TLS, it is possible to measure small objects/targets. The beam is emitted 
by a rotating source defined by a specified angle range. The scanning process is being 
characterised by certain pulse frequency, which results in high-accuracy distance calcula-
tion by the emitting beam. Geomorphological mapping based on LiDAR method can pro-
vide a high-resolution DTM with small-scale features denoted [15–18,20–26]. 

Airborne Laser Scanning (ALS) and TLS have made a great impact on the DSM (Dig-
ital Surface Model) data collection since the early 2000s [27–29]. Many researchers agree 
that LiDAR technology is the most effective approach for data collection and high accu-
racy 3D surface reconstruction. Additionally, the LiDAR sensors have the advantage of 
immediate assignment of 3D coordinates in every point of the target area in a local or 
global coordinate system [30–32].. The TLS technique is a static approach compared to the 
dynamic form of the ALS. Additionally, the TLS has a horizontal perspective compared 
to the nadir direction of the ALS. Hence, the TLS method can achieve higher accuracy, 
while the ALS is less time consuming, resulting in a more cost-effective approach [33–36]. 
In particular, a possible combination of ALS and TLS could potentially raise the measure-
ment accuracy, if overlapping datasets could minimize the drawbacks of each separate 
method. 

Following the LiDAR innovation technique, the SfM photogrammetry via UAV im-
agery proved to be a valuable tool in topographic data acquisition especially in geomor-
phological applications [37,38]. Several researchers have demonstrated the significance of 
SfM methods to generate high-quality Digital Terrain Models (DTM), point clouds and 
surface reconstruction through UAV imagery [39,40]. A great number of studies cope with 
the Structure from Motion (SfM) algorithms and DTM comparison and their ability to be 
efficiently utilised: post-flood research [41–43], change detection [44–47], or even grain 
identification [48,49]. A comparison between SfM-derived and airborne LiDAR point 
clouds was also made by Mlambo et al. [50], resulting in a strong correlation between the 
SfM and LiDAR-derived DEM (pixel-to-pixel comparison). Sankey et al. [51] demonstrate 
the combined use of digital cameras and LiDAR, concluding that both of them are a great 
tool in geomorphological research with great accuracy results. More recently, Mateos et 
al. [52] described the combination of InSAR and UAV based photogrammetry methodol-
ogies for monitoring a landslide near the urban area of the Cármenes del Mar Resort. 

The SfM technique utilises common features/targets in successive images taken from 
different positions. UAV can be used in non-easily accessible sites, such as remote, steep 
and unstable slopes. Successive aerial surveys provide multiple DTM which are com-
pared, yielding measurable topsoil changes. For that reason, software that followa multi-
view stereopsis workflow, using image feature identification and feature matching, are 
usually used [53]. 

The study of an area using UAV imagery can be really complex due to several factors 
such as dense vegetation, untextured surfaces, a variation of slopes, areas filled in water, 
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etc. The most critical factor obscuring the clear ground view when applying UAV based 
photogrammetry methods is the vegetation. It is well established that UAV-derived DTM 
cannot reconstruct the vegetated areas as LiDAR does. Dandois and Ellis [54] supported 
that the DTM produced by SfM techniques are being characterised by significant inaccu-
racy compared to LiDAR-derived point clouds because of the complex canopy structure 
(low-quality ground points due to the canopy). 

This study presents the combined application of these two methods in the same pilot 
sites, aiming to introduce the scientific community to a multi-source (TLS and UAV-de-
rived) point cloud comparison at multitemporal perspective, especially under fast chang-
ing circumstances in terms of erosion and vegetation growth after a wildfire. We argue 
that both TLS and UAV photogrammetry provide valuable information on post-wildfire 
erosion. We first analyse each method separately, pointing out their differences. We then 
demonstrate the erosion rates related to each method, evaluating their utilisation, and dis-
cuss the best-fitted application. 

2. Study Area 
Two recently burned slopes were chosen as test sites S1 and S2, located in the Evia 

island (Greece), near Psachna town (Figure 1a). Both sites are characterised by the same 
Mediterranean climatic and geomorphological conditions (Figure 1b), and they consid-
ered to be suitable for detection of changes over a short temporal timescale, where soil 
movement was expected to occur. The study areas have relatively steep slopes (mean 
value: 30°, Figure 1b); they lack vegetation cover due to the recent wildfires and their li-
thology is susceptible to erosion (Figure 1a). The area of the S1 is about 420 m2 and S2 
covers an area of 85 m2. Before the wildfire, both sites used to be covered by coniferous 
forest combined with a transition of woodland and shrubs (codes 312 and 324, according 
to the CORINE 2018 dataset). The mean elevation is about 80 m for S1 and 475 m for S2, 
above sea level. Regarding the site geology, the wider study area is considered to be part 
of the Subpelagonian unit [55,56]. The geological structure mostly comprises thick Οphi-
olite formations overlaid by Upper Cretaceous limestone. Under the Ophiolites, a mélange 
of schist, chert and shales with multiple lenses of limestone occurs. S1 is located within 
the ophiolitic complex of Upper Jurassic-Lower Cretaceous, consisting of serpentines, di-
abase and peridotites, covered by a weathered mantle of significant thickness. S2 slope is 
located within a small sub- basin, comprised of talus cones and alluvial deposits of great 
thickness. Bedrock geology in both study sites support the formation of significant soil 
thickness as confirmed by the land cover/vegetation characteristics (Figure 1). 
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Figure 1. (a) Geological map of the study area including the locations of sites S1 and S2 in Central 
Evia, Greece (scale 1:50,000 [55,56]. Fire event boundaries provided by EFFIS). S2 is located on top 
of Quaternary deposits, which are non-visible in this scale. (b) Topographic map showing the 
burned area and the two research areas. 

3. Methodology 
3.1. Pre-Fieldwork 

Preliminary research included a first geomorphological study of the burnt area to 
select a suitable region of interest (ROI). Central Evia area was devastated during recent 
fires (August 2019), so we assumed that sub-basins within the burnt area would offer an 
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excellent opportunity for soil loss assessment, taking into account the absence of vegeta-
tion. Both sites were chosen after applying the Difference Normalized Burn Ratio (dNBR) 
[57–60] index to delineate the burnt area by using Landsat 8 pre-fire and post-fire images 
(Bands 5 and 7), and after using geomorphological and geological data, supported by in-
tensive field work. 

The dNBR index was first calculated to define burn severity (Figure 2), which indi-
cated areas where the vegetation would be almost absent. Two field campaigns were held 
in October 2019 (13/10/2019 and 19/10/2019) and one additional campaign took place in 
February 2020 (23/02/2020). The last survey was conducted in October (11/10/2020) to es-
timate and locate the annual erosion. The last survey took place only at S1, due to the 
outburst of a new vegetation cover at S2 (following a flooding event on 09/08/2020). 

 
Figure 2. Burn severity map, after the wildfires of August 2019 in Central Evia (processed with 
Google Earth Engine). Burnt area boundaries are provided by EFFIS. 

3.2. UAV Image Acquisition Technique 
A DJI Phantom 4 was used during this research (Figure 3) with a 1/2.3” 12.4 MP with 

FOV 94°, 20 mm (35 mm equivalent) camera sensor and 4000 × 3000 image size. For both 
sites, the operator took photos using a nadir camera, keeping the UAV in a still position 
while acquiring the images. No automated flight plan was preset because of the occur-
rence of electrical wires at S1 and significant tree obscurance at S2. The minimum image 
overlapping was 80% and the maximum forward and side overlap reached 95% in specific 
areas of high interest, at the highest elevations.The minimum flight altitude was 5 m above 
ground level (AGL) at the highest elevation of the study area. An additional flight was 
made on 11/10/2020, at 2 m AGL, to increase the accuracy along a channel that had already 
formed, running through the center of the study area. As a result, the flight height at S1 
varied from 5 m AGL (reaching 2 m AGL for the channel on 11/10/2020, resulting to 0.4 
mm/pixel Ground Sampling Distance—GSD) at the highest point, up to 15 m above the 
lowest point (2.7 mm/pixel GSD), while at S2 the images were captured from 5 m (1 
mm/pixel GSD) up to 13 m AGL (2.3 mm/pixel GDD). In general, flight altitude was not 
possible to remain constant, due to obstacles such as the remaining tree stems and canopy, 
power lines and slope. 
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(a) (b) 

Figure 3. UAV and LiDAR equipment used during the fieldwork, S1 (a), S2 (b). 

The flight surveys resulted in 282 photos (at S1) and 298 photos (at S2) captured on 
19/10/2019, while 315 photos (at S1) and 217 (at S2) photos were captured on 23/2/2020. 
Different flight plans were conducted for each area. At site S1 there was no vegetation so 
we were able to fly at a nearly constant average height. In S2 we needed to fly most of the 
time under, or even within the canopy of the remaining trees, so we acquired more images 
than one would expect based on the site area. For S1 we used 7 rectangular aluminum 
plates as Ground Control Points (GCP), while for S2 we used 4 GCP. We installed more 
GCP in S1, because both areas have similar characteristics and we used similar image ac-
quisition setup. As a result, the difference in the number of the GCP was based on the area 
extent. The aluminum plates were considered the best solution for using them for both 
techniques. By using aluminum targets, we assumed that there wouldn’t be any defor-
mation on the targets, resulting in unmeasurable GCP. On the other hand, we achieved a 
good target reflectance for the TLS method. The GCP were equally spread across the study 
areas and were surveyed using an RTK GNSS, with a range accuracy of <1 cm in the hor-
izontal plane and 1.7 cm in the vertical axis. 

The flight altitude was selected based on each site’s characteristics (soil texture, 
gravel content, topography, and vegetation), focusing on areas of interest by increasing 
the image overlap during the flight. The acquired images were photogrammetrically pro-
cessed using Agisoft PhotoScan Metashape Professional (v. 1.5.5). The complete study 
workflow is summarised in Figure 4. 
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Figure 4. Complete survey workflow. 

3.3. TLS Technique 
In this study, we focused on the point cloud creation, derived by the LiDAR method 

to describe the surface geometry. In our case, the small-scale topography changed since 
the wildfire event; as a result, small drainages were created due to the surface water over-
flow and the topsoil (surface mantle) properties. For this purpose, the Optech Ilris 3D Li-
DAR sensor was used (Figure 3, Table 1). The complete equipment consists of the Ilris 
sensor, the tripod, the batteries and the portable computer, which is connected via Ether-
net with the sensor. Tilting of the sensor was avoided, to be completely parallel to the 
surface. The measurements were recorded and saved via the Ilris Controller (and Parser) 
software in a portable Laptop computer. The Ilris laser measurement order is being dis-
played in Figure 5. Φ is the angle of the laser beam (2φ = 40° laser beam scanning angle or 
field of view at Table 1), X is the mean distance and Y is the vertical distance of the scan-
ning window). As a result, for a mean distance of 10 m, the Y distance would be 7.28 m. 

 
Figure 5. Scanning window, according to Ilris 3D Optech terrestrial LiDAR system’s specifications 
and [61]. 
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Table 1. Optech Ilris 3D technical specifications. 

Optech Ilris 3D 
Range 80% reflectivity 1700 m 
Range 10% reflectivity 650 m 

Field of view 40° × 40° 
Raw range accuracy  7 mm at 100 m 

Rotational speed 0.001 to 20°/sec 
Beam diameter (1/e) 22 mm at 100 m 

Laser wavelength 1535 nm 
Laser class 1 

Integrated camera 3.1 MP 
Size (L × W × H) 320 × 320 × 220 mm 

Weight 13 kg 
Operating temperature 0 to 40 °C 

The Controller software allowed constant visualisation during the measurement of 
the LiDAR sensor in real-time. Due to the fact that there were a lot of obstacles at both 
study areas, only one scanning position was selected at each site. It should be mentioned 
that only the last returns (pulse mode) were chosen in all scans, because the probable veg-
etation growth between the different scanning campaigns would change the point cloud 
parameters and affect the comparison process. By choosing the last pulse option, it was 
possible to avoid in some areas the vegetation reflectance, because the sensor estimated 
the distance of the target from the last pulse of the emitted beam. Each TLS dataset was 
registered with GNSS-measured points (GCP) and projected in EGSA ’87 coordinate sys-
tem (EPSG 2100). Registration error of each dataset is mentioned in Section 4. The defined 
parameters of each scan are presented in Table 2. 

Table 2. LiDAR settings during the 19/10/2019, 23/2/2020 and 11/10/2020 scans. 

Settings S1 S2 
19/10/2019   

Mean distance (m) 45.39 8.22 
Beam width (mm) 14 14 

Pulse mode last last 
Spacing (mm) 16.3 7.1 

23/02/2020   
Mean distance (m) 41.95 10 
Beam width (mm) 14 14 

Pulse mode last last 
Spacing (mm) 12.6 10 

11/10/2020   
Mean distance (m) 44 - 
Beam width (mm) 14 - 

Pulse mode last - 
Spacing (mm) 10.6 - 

Τhe mechanical error of the TLS Ilris 3D system, which is associated with the opera-
tion of the sensor, was calculated by scanning the same indoor area, twice in a row, with-
out any change in the scanning parameters. The scanner was first set in a specific position; 
the first measurement was completed, then the scanner was restarted and operated again 
at the same position. After obtaining the second scan, we compared the scanned datasets, 
calculating an error of 2 cm. 
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3.4. SfM Processing—Agisoft Metashape Pro 
The metadata of the acquired images included the coordinates derived by the UAV’s 

built-in GPS. These data had to be removed before the alignment process to avoid com-
plications with the different projection systems during the georeferencing process. Over 
the next steps, a high-accuracy option was used for the dense cloud derivation, and the 
detailed surfaces (mesh and texture). As soon as the tiled model was developed, we added 
the GCP for the model’s georeference, and we extracted the point cloud and the DSM. 

Important steps during processing, to be analysed further: 
1. TIN (Triangulated Irregular Network) extraction. Agisoft Metashape Pro constructs 

an intermediate TIN file (irregular triangle net) related to a high-density point cloud 
(“dense point cloud”). This TIN can differentiate the point density and can define 
each point’s position according to the complex relief. As a result, a better display of 
the geomorphological characteristics (watersheds, etc.) is achieved. The extracted 
topographical points (points with altitude information) are then available to be ex-
ported as a mesh model. 

2. Texture. The texture of the relief is very significant for the model display and the 
following analysis. The texture algorithm is related to the TIN construction. Agisoft 
Metashape uses the following methods (mapping mode) for the texture reconstruc-
tion: (a) generic, (b) adaptive orthophoto, (c) orthophoto, (d) spherical, (e) single cam-
era, (f) keep uv. According to our test sites’ characteristics, we selected the generic 
approach. 

3. Accuracy. The accuracy of the method is defined by the data source and the model 
construction method. During the data collection, for example, the radial distortion of 
the UAV built-in lens should be taken into consideration. Vegetation cover can also 
moderate the model’s accuracy, as a result, it should be removed before initiating the 
Agisoft modeling on soil’s change detection surveys. 
The exact workflow comprises the following steps: (a) Remove metadata from pho-

tos, (b) Camera calibration, (c) Selection of all required photos, (d) Align photos and Build 
dense cloud (high quality and mild filtering definition), (e) Build mesh, texture and tiled 
model, (f) Add and check markers (Ground Control Points-GCP, check that the markers 
and the GCP have the same name/ Coordinate system definition), (g) Check the markers 
error, (h) Build DTM and (i) Export point Cloud (dense/sparse), DTM. 

The low altitude flight and the significant image overlapping (>80%) resulted in high-
resolution end products (see details in Table 3). 

Table 3. SfM-derived model resolution. 

 Resolution mm/pix 
Product 19/10/2019 23/02/2020 11/10/2020 

S1 tiled model 5.79 4.55 2.24 
S1 DEM 11.6 9.1 4.49 

S1 orthomosaic 5.79 4.55 2.24 
S2 tiled model 3.68 2.35 - 

S2 DEM 7.37 4.7 - 
S2 orthomosaic 3.68 2.35 - 

3.5. Point Cloud Processing—CloudCompare 
CloudCompare is a software package that is being used for a wide range of geosci-

ence applications, by displaying and processing 3D point clouds. Initially, it was first used 
as part of a CIFRE project in 2004 funded by Electricite de france (EDf website—Cloud-
Compare user manual v2.6.1). It has been designed for analysing point clouds via the cor-
responding comparison between different clouds [62]. Along the process and the refer-
ence research, we concluded that the best approach for soil change detection is to compare 
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point clouds instead of DTM. It was considered that point- to- point comparison would 
perform better in XYZ dimensions (3D point cloud processing), avoiding interpolation in 
2D data that may prove inadequate for a thorough comparison in three dimensions. So, 
CloudCompare software (an open-source software) was considered to be the best solution 
for the UAV- TLS derived point clouds comparison. The cloud point plot displayed by 
CloudCompare makes the processing easier in a friendly user environment. For our study 
sites, we used the 3D shape reconstruction of the point clouds. This process requires a 
significant computation time, and some coverage issues on complex scenes needed to be 
dealt with. One notable characteristic of the software is the diminishing of the data volume 
during their processing (subsampling tool). This is necessary in some cases because of the 
extreme amount of data acquired by the TLS and UAV sensors. CloudCompare software 
allows the analysis of these extreme volume 3D data by using a specific Octree structure. 

Some tools that were used, are the following: 
4. Subsampling. This method reduces the total data volume by excluding points of the 

original point cloud. The points are being selected by the user, taking into consider-
ation the sampling points and the percentage of points that will be used. As the num-
ber of points increases, the duration of the process also increases. More points result 
in better point correlation. We selected mm- resolution spacing in TLS measurements 
to examine what would be the accuracy of the extracted change detection results, as 
the mean distance of the targets was restricted because of obstacles (eg. river bank at 
S1 and trees at S1 and S2) In order to achieve a high-quality point cloud, a segmenta-
tion of the original point cloud was used instead of subsampling. So, we removed: 
(a) the noise of the cloud, (b) points outside the study area, (c) vegetation and (d) 
points that are placed incorrectly in the point cloud due to TLS sensor or UAV- SfM 
issues. 

5. Registration. This processing step is considered to be one of the most important steps 
in point cloud analysis. During the registration, the different point clouds are being 
fine aligned by point- pair picking (align tool) in CloudCompare software. This pro-
cedure includes the registration of each point cloud (TLS or SfM-derived) with GNSS- 
derived GCP points. An additional process of picking common stable points (e.g., 
outcrops and trees) was selected, at both clouds, in order for the clouds to be identi-
cally registered to one another, outcrops was used only at S1, because of the extended 
weathered soil cover at S2, where only common tree points were available. At this 
point, we could achieve cm accuracy based on the GNSS usage, which leads to a high- 
quality model- to- model comparison. The registration error of each point cloud da-
taset is analysed in the Section 4. 

6. Point cloud coloring. The Ilris 3D sensor that was used, does not include software for 
RGB values assignment to produce a true-color point cloud. As a result, we assigned 
different colors at each point, according to the intensity value. 

7. Vegetation removal. Although at first scans we did not have significant vegetation, 
we had to remove burnt trees and small shrubs. For this reason, we used the Cloth 
Simulation Filter (CSF) algorithm, which extracts ground points in discrete return 
LiDAR point clouds [63] and UAV-derived clouds. Using CSF, we separated all 
ground points and extracted a new vegetation-free point cloud. Finally, we manually 
removed any vegetation-related points that remained in the new cloud. 

8. During the CloudCompare processing, it was noted that by using the alignment tech-
nique of matched features in different point clouds the accuracy and the georeference 
in real world coordinates are enhanced. Features such as outcrops at S1 used for this 
purpose, resulted in an alignment accuracy less than 1 cm, while at S2, it was possible 
to find only trees as common stable features (same accuracy achieved), due to ex-
tended soil cover. As a result, the number of GCP used is considered adequate. 

9. M3C2 (Multiscale Model to Model Cloud Comparison) distance calculation [64]. By 
using the M3C2 algorithm and computing the vertical normals we compared TLS to 
TLS and UAV to UAV (2019–2020) point clouds for each site. According to [64] the 



ISPRS Int. J. Geo-Inf. 2021, 10, 367 11 of 23 
 

 

algorithm combines the local distance of two point clouds in correlation with the nor-
mal surface detection which tracks 3D variations in surface orientation. This algo-
rithm has the advantage of operating directly to point clouds and estimating a confi-
dence interval depending on point clouds characteristics and registration error. After 
experimental use of different values and the “guess params” option (provided by the 
software), we concluded to 0.20 m normal scale diameter and 0.10 m projection scale 
diameter (At S1 and S2, for both SfM and TLS technique) for the 19/10/2019–
23/02/2020 calculations, while 0.30 m and 0.20 m were used respectively for 
23/02/2020–11/10/2020 and (19/10/2019–11/10/2020) calculations. All points of the de-
fined “point cloud #1” were used as core points for normal calculations. 

4. Results 
Both TLS and UAV techniques were compared for assessing and validating soil ero-

sion through 3D modeling. The derived high quality point clouds appear to accurately 
simulate the micro-topography and texture. In this study we used a point-to-point com-
parison analysis. Erosion was assessed by using three datasets of two catchments acquired 
by two different methods (photogrammetry using images acquired bya UAV and TLS). 
Results show a more precise local erosion assessment by UAV derived point clouds usage 
compared to the TLS method. This can be predominantly explained by the data acquisi-
tion setup, (i.e., vertical angle capture of the photos) and the denser point cloud generated 
by the UAV data analysis, which minimised the shadow effect. The total slope erosion 
rate, on the other hand, is better represented by the TLS technique, due to small vegetation 
cover complicating the UAV-SfM analysis. 

Annual local erosion at S1 was traced and quantified by the UAV photogrammetry 
approach, with high accuracy along the channel. Soil erosion reached 0–48 cm based on 
the UAV-SfM, while a range of 0–40 cm was extracted by the TLS. Figures 6 and 7 and  
Tables 4 and 5, show significant local erosion for S1, mostly localised along the channel. 
In Figure 6a, the red-circled area displays the maximum local erosion in each comparison 
we made. Except for the total annual erosion at S1 (Figures 6a,b, Table 4), erosion was 
measured also four months after the first fieldwork (19/10/2019- 23/02/2020) at both sites 
(Figures 7 and 8). During this period, only 3-4 cm of maximum local erosion was measured 
by UAV based photogrammetry and TLS techniques at S1 red circled area (Figure 7), 
while both methods estimate a mean erosion of about 1.5 cm at S2 (Figure 8, Table 4). 

These observations are also similar in volume change and total slope erosion estima-
tions. At S1 we considered areas that erosion could be estimated and vegetation would 
not affect our measurements. So, we selected specific areas (m2), where the TLS and pho-
togrammetry estimations would be comparable. Both techniques yielded an annual chan-
nel volume change of about −3.00 m3 (see also Table 4b, volume change −3.00 m3 for TLS 
and −2.90 m3 for UAV-based SfM technique, measured in approximately 60 m2 along the 
channel). The measurements in 4-month and 8-month surveys are also comparable (Table 4). 
We separated the channel volume erosion (Table 4b) from slope erosion measurements 
(Table 4c). Table 4c demonstrates that both techniques yielded similar mean slope erosion. 
The 1 cm difference of total slope erosion estimation in SfM data compared to TLS data, 
is due to vegetation obscurance, resulting in total slope erosion of 0.005–0.01 m on 
19/10/2019–23/02/2020 and 0.01 m, in terms of total annual erosion rate. In the TLS tech-
nique, a slight variance was observed. Erosion pattern was recognised at about ¾ of the 
total slope area in TLS data, revealing also slope wash occurrence (Figures 6 and 7). As a 
result, 0.01–0.015 m of total erosion rate was assessed in a 4-month investigation (which 
is also comparable to 0.015 m total erosion rate at S2), while 0.02 m of total slope erosion 
rate was estimated in the 8-month and annual period (Table 4). 

It is interesting to note that during the eight-month investigation (23/02/2020–
11/10/2020) the major increase (UAV approach Figure 9a, TLS approach Figure 9b) in local 
soil erosion could be attributed to the rainfall intensity of 09/08/2020, when 299.6mm of 
precipitation were measured by the National Observatory of Athens weather station of 
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Steni [65], near Psachna region, corresponding to the 14,3% of the area’s total annual pre-
cipitation. 

Despite the better performance of the UAV-based photogrammetry in the annual lo-
cal assessment, the intermediate temporal assessment displayed different results. In par-
ticular, the soil erosion pattern in the 4-month investigation seems to be better represented 
in S1 by the TLS technique (higher sensor distance), where for example slope wash is more 
visible in TLS analysis in contrast with S2, where the UAV-derived model seems to be 
more suitable. It is clear that both techniques yield similar results in S2, regarding soil 
deposition (red-circled areas in Figure 8b) and erosion (blue-circled areas in Figure 8b). In 
our study, the LiDAR sensor seems to operate more precisely in long distances (>40 m at 
S1). UAV-SfM method is considered more suitable for erosion delineation in S2 due to the 
line-of-sight angle of the TLS that causes a significant shadow effect. This issue is im-
portant at areas where different TLS scan positions are constrained due to obstacles, such 
as tree stems. The final outcome is also related to the slope inclination and the TLS line-
of-sight angle, which ideally should be vertical to the slope. The flat regions with no veg-
etation coverage (scanned in 5–10 m height AGL) are more accurately reconstructed by 
the UAV-derived point clouds. 

Table 4. (a) Range of local erosion (cm), (b) Volume of erosion in channel (m3) and (c) Mean slope 
derived erosion (cm). 

(a) Range of Local Erosion 
(cm) 

19/10/2019–
11/10/2020 

(Annual Values) 

19/10/2019–
23/02/2020 

23/02/2020–
11/10/2020 

S1 UAV-SfM- derived 0–48 0–4 0–44 
S1 (TLS-derived) 0–40 0–3 0–37 

S2 UAV-SfM- derived - 0–1.5 - 
S2 (TLS-derived) - 0–1.5 - 

(b) Volume of Erosion in 
channel (m3)   

S1 UAV-SfM channel 
volume change (m3) 2.90 0.40 2.50 

S1 TLS channel volume 
change (m3) 

3.00 0.70 2.30 

(c) Mean slope derived 
erosion (cm) 

   

S1 UAV-SfM mean slope 
derived erosion (cm) 

1 1 1 

S1 TLS mean slope derived 
erosion (cm) 

2 1 2 

Table 5. (a) Mean XYZ error (m), calculated by the GCPs (GNSS technique), (b) GNSS- registration 
error (m) of each point cloud (c) Total amount of points observed in each scan and (d) Density of 
the derived point clouds, demonstrating the mean number of points per m2 of each point cloud. 

Dates 19/10/2019 23/02/2020 11/10/2020 
(a) 

XYZ Error (m) 
S1 SfM 0.02 0.02 0.02 
S1 TLS 0.02 0.02 0.02 

(b) 
GCP 

registration 
error (m) 

S1 SfM cloud 0.02 0.02 0.02 
    

S1 TLS cloud 0.03 0.03 0.025 
S2 SfM cloud 0.02 0.02 - 
S2 TLS cloud 0.03 0.03 - 
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(c) 
Number of 

points 

S1 SfM 3,572,811 6,124,336 31,535,718 
S1 TLS 730,260 1,052,429 1,566,387 
S2 SfM 1,472,680 3,594,027 - 
S2 TLS 453,124 128,632 - 

(d) 
Surface density 

(mean 
points/m2) 

S1 SfM  7676 13,234 67,881 
S1 TLS  2037 2924 4714 

S2 SfM  19,214 46,969 - 

 S2 TLS  21,688 11,955 - 

 

 
(a) 

 
(b) 

Figure 6. S1 total annual erosion (m) of (a) UAV and (b) TLS-derived data. 
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(a) 

 
(b) 

Figure 7. S1 M3C2-difference (m) point cloud of UAV (a) and TLS-derived (b) data in 4 month 
analysis (19.10.2019–23.02.2020). 
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(a) 

 
(b) 

Figure 8. S2 M3C2-difference (m) point cloud of UAV (a) and TLS-derived (b) data in 4 month 
analysis (19.10.2019–23.02.2020). 
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(a) 

 
(b) 

Figure 9. S1 M3C2-difference (m) point cloud of UAV (a) and TLS-derived (b) data in 8 month 
analysis (23.02.2020–11.10.2020). 

Low accuracy was observed, as expected, towards the boundaries for all UAV-de-
rived point clouds. This is attributed to the lower image overlapping, vegetation, or the 
lack of GCP near the boundaries of the area. We calculated a mean error of 2 cm in each 
scan (at S1) in all XYZ directions by the GPS GNSS XYZ point differences (Table 5a), while 
the registration error of each point cloud during its registration with the GCP (CloudCom-
pare processing) ranged from 0.02 m (UAV-derived point clouds) up to 0.03 m (TLS-de-
rived point clouds, Table 5b). This GCP registration error was taken into account during 
the M3C2 distance’s parameter definition. 

We used 7 GCPs (G1–G7) at S1, while at S2, we used the 4 GCPs (P1–P4, only for the 
registration analysis) (Figure 10). UAV and TLS-derived point clouds for each scan at S1 
were georeferenced using five out of seven GCP. Two GCP (G2 and G5) were used for 
XYZ accuracy assessment (Table 5a) by comparing their XYZ coordinates extracted from 
the point cloud,, with the actual coordinates, as measured in the field using the RTK 
GNSS. In October 2019, the GCP used in UAV-derived point cloud was the G7 instead of 
the G5 because of target G5 falling during the UAS flight, while in TLS technique we used the 
G5. During all other analysis, G2 and G5 GCP were used for georeferencing (Figure 10a). Ac-
cording to the XYZ GCP error analysis, a range of 0–0.02 m error was calculated at S1. As 
a result, an error of 2 cm is considered to be our measurement error. 

At S2, due to the limited area, 4 GCP were used in order to align the point clouds 
(Figure 10b). GNSS was also used at this site, but due to the small amount of GCP and the 
restricted study area, it was not used for the error assessment. At this site (S2), the regis-
tration error of the alignment among the point clouds and the GPS, in correlation with the 
registration error based on features distributed at the study area (trees) was assessed as 
total erosion measurement error. This is estimated at 0.02 m for the SfM method, and 0.03 
m for the TLS method (Table 5a) according to the registration/alignment technique de-
scribed above. The distributed feature registration error was assessed less than 1 cm for 
both TLS and SfM (at S1 and S2). This difference of 1cm of GPS registration could be at-
tributed to the shadow effect and the sparse point cloud of the TLS point cloud derivation. 

The density of the point clouds (see also Table 5d) is higher in the UAV—derived 
data, because of the large number of points produced by the SfM algorithm, while the 
LiDAR technique represents a significantly lower number of points in both areas (Table 5c). 
The differences at the same study area between the same data collection technique is at-
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tributed to the parameters set during the data collection (e.g., TLS) and the manual oper-
ation of the UAV because of vegetation obscurance, which did not allow for an automated 
plan flight. Nevertheless, the TLS-derived point cloud is considered to be sufficient in both 
sites, with a better surface reconstruction in S1, due to its ability to cope with low grass. 
There are many similarities in both methods in terms of the erosion assessment. UAV-SfM 
seems to perform better in local (i.e., channel) erosion rates estimation, while the TLS 
method works better in total erosion estimation, due to the sward covering the whole area, 
which is impossible to erase correctly using the UAV-SfM derived point cloud. Also, the 
CSF algorithm for vegetation removal could operate better in UAV-derived point clouds 
when targeting local maximum erosion rates. This happens because it removes a signifi-
cant portion of points, resulting in lower point density of the TLS-derived point clouds 
compared to UAV-derived point clouds. 

  

(a) (b) 

Figure 10. GCP’s location at S1 (a) and S2 (b). 

5. Discussion 
Point clouds are considered the baseline for the production of 3D models to recon-

struct surfaces under a defined coordinate system (local or global). To our knowledge, no 
detailed soil erosion investigation has yet been conducted regarding the comparison of 
UAV and TLS-derived point clouds algorithms in fire-affected areas. In this study, erosion 
was assessed by using three datasets of two catchments. Results show a more precise local 
maximum erosion (along the channel) assessment by UAV based photogrammetry usage 
compared to TLS method. TLS performed better in total erosion rate computation, com-
pared to UAV based photogrammetry, due to the existence of grass with a height of 1–2 cm. 

This can be predominantly explained by the vertical angle capture of the photos and 
the denser point cloud generated by the UAV based photogrammetry, which minimised 
the shadow effect. Both techniques have advantages and limitations, which should always 
be taken into consideration when a survey is conducted for the best method to be selected, 
however, the derived high-quality point clouds appear to simulate the micro-topography 
and texture accurately. The point cloud analysis comprises a defined XYZ value for every 
point, followed by an intensity value (TLS method) or an RGB value (UAV method). This 
type of multi-vector analysis (sphere-by-sphere and point-by-point analysis) is currently 
a cutting-edge technology with significant potential in several geoscientific applications 
[13,49,66,67]. As Monserrat and Crosetto [68] indicate, DEM cannot fully represent the 
complexity of the surface due to the 2.5D data used (there is only one Z-value in a set of 
X, Y coordinates). Point cloud comparison is considered to be a more accurate procedure 
during data processing. For this purpose, we decided not to use interpolation during this 
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research, neither to extract TIN data format files, to minimise the corresponding error. 
Many researchers seem to start utilising the differentiated maps or the M3C2 algorithm 
and point cloud comparison in landslide detection, flood events, or even in forests’ anal-
ysis [14,69–71]. There are applications, where high-quality texture reconstruction is 
needed, as in fault slip rates assessment or signal absorption-based surveys [15–19]. For 
these applications, the passive sensor of the UAV method is considered inadequate at the 
moment, and TLS method is widely used instead. The surface vector analysis proposed 
by Day et al. [61] is considered to be used in our future surveys to be compared with the 
point- to- point approach. 

The relief inclination and the purpose of the research target will denote the appropri-
ate methodology (Photogrammetry or TLS). UAV’s platform advantages include the small 
size and weight of the equipment, which allow for an easy-to-use portable system that can 
approach remote areas. Additionally, the scientific community could benefit from the low 
cost of the equipment compared to the TLS, resulting in extensive surveys of high accu-
racy. On the other hand, the weather conditions and the battery power could significantly 
minimise or obscure the UAV operation during a survey. The TLS sensors, on the con-
trary, also have great accuracy and a lower point cloud processing time. A potential dis-
advantage of this technique is the line-of-sight issues, whereby objects in the foreground 
during the data collection obscure objects in the background resulting in data gaps as also 
pointed out by other researchers [37]. Of course this can be solved by repeating the survey 
from different viewpoints, but this is not always feasible (e.g., like our case) due to terrain 
visibility constraints. The SfM method uses Multi-View Stereopsis (MVS) techniques to 
define the camera position and capture angle to derive the 3D point cloud. The MVS is 
being affected by untextured features, occlusions, shadows, or differences in light condi-
tions and capture angle, restrictions that we also had to manage at our regions of interest. 
Nevertheless, because of the highly efficient procedure, the low cost and the high-quality 
of the export data, this method fulfilled our requirements and accuracy goals. 

The removal of vegetation is challenging during data processing for both methods. 
Steeper slopes with a small amount of vegetation (e.g., our test Site 1) can be accurately 
reconstructed using the TLS method because the laser data acquisition system’s last pulse 
laser beam mode helps remove the vegetation cover faster, delineating the slope precisely. 
The slope should be as perpendicular as possible to the TLS laser beam’s line-of-sight for 
the beam to penetrate and reach the soil surface. Furthermore, the automated vegetation 
removal (e.g., CSF algorithm [72]) is sometimes not very useful in some applications in 
TLS approach (e.g., at S1 on 11/10/2020), due to the algorithm procedure and TLS survey 
viewpoints. On the other hand, the vegetation cover usually obscures the proper surface 
reconstruction in UAV point clouds. The UAV-SfM approach, due to the vertical perspec-
tive of the data collection, records a total surface cover, resulting in the total absence of 
data (in most cases terrain data) under obscuring vegetation. The point-to-point vegeta-
tion removal during post-processing is time-consuming, so the evolution of empirical al-
gorithms would lead to a reduction of the data processing time. UAV based SfM approach 
provides more accurate results for local erosion analysis in mostly horizontal areas or ar-
eas with less vegetation as local erosion rates indicate, targeting channels and river banks 
at non-easily approachable regions (Site 1, for example). As a result, we managed to de-
lineate the channel erosion at S1 and the erosion-prone areas at S2 via UAV method, a 
year after the wildfire in remarkable accuracy, as Hamshaw et al. [73] did in a river system. 
The additional analysis of total erosion rates indicates that TLS can better evaluate the 
slope erosion compared to UAV-SfM, due to low- height vegetation cover that is difficult 
to completely be removed from the SfM-derived data. It is outlined that both methodolo-
gies provide similar results regarding the spatial and temporal distribution of soil erosion 
providing confidence to our results. 

Last but not least, we should mention the optimisation of error estimation. During 
the whole process, it is essential to take measures for error minimisation. There are errors 
associated with the mechanical error of the equipment used, GNSS errors, and alignment 
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errors [61]. We estimated a maximum error of 2 cm at S1, which is associated also with the 
mechanical error of the TLS sensor (also described by the [61]) and the XYZ GCP’s error 
estimation according to the RTK GNSS reference. The error of 2–3 cm at S2 was estimated 
via the registration procedure between UAV and TLS-based point clouds with the GCP. 
The additional distributed feature registration error was estimated less than 1 cm at both 
sites, so our methodology for the error assessment is considered adequate. Our results’ 
low errors were achieved via GNSS RTK measurements of the GCP, low height of the 
flight, optimal overlapping, and vegetation removal precision. An error of about 0.1-0.15 
m in UAV-derived models is mentioned also in other studies [66]. According to [74] an 
accuracy of 3 cm was achieved after a 70 m above ground level (AGL) height flight of a 
UAV (SfM technique) while monitoring soil erosion in Morocco. As Harwin et al. [75] 
note, a geometric accuracy of 2.5–4 cm (at a flight height of 40–50m) of the point clouds 
based on Real-Time Kinematic (RTK) DGPS and Total Station surveys of GCP could be 
achieved [21,75,76]. Additionally, 4 cm accuracy was also achieved by [53] in Antarctic 
moss beds measurements by using DGPS. 

Further improvements in accuracy can also be achieved with the use of combined 
camera datasets, i.e., nadir and oblique images. Oblique images offer improved point 
matching and accuracy in complex terrain environments and steeper slopes [77]. In this 
paper we used nadir images for the following reasons. First, since we planned to conduct 
repeated flights and to compare the results, we needed to adopt as simple and constant 
flight and camera parameters as possible between the sequential flights. Second, we had 
a rather simple analyph pattern in both sites. Third, in S2, where trees were also present, 
oblique images would create larger no-data areas behind the tree stems. In addition, 
Agisoft has 2 tools to improve models accuracy. The first is the Update Tool which uses 
markers coordinates and relevant location to update the model, using an affine transfor-
mation. The second is the Camera Optimization tool, which allows for a more complex 
(non-linear) fitting of the model to the Markers. As a result, we preferred to emphasize in 
the flight plans consistency and we tried to increase the accuracy using the methods pre-
viously described. 

Another issue we faced was the different Ground Sampling Distance (GSD) values 
between the highest and the lowest part of S1. Indeed, the UAV acquired images in 5 m 
AGL at the highest part of the slope, but staying in this altitude would cause a reduced 
GSD in the lowest parts of the area.Therefore,, in each flight campaign we acquired addi-
tional images through the whole area, by flying in lower altitudes at the slope base. 

6. Conclusions 
This study introduces the scientific community to a multi-source (TLS and UAV-de-

rived) point cloud comparison analysis at multitemporal perspective, especially under 
fast changing circumstances in terms of erosion and vegetation growth after a wildfire in 
Mediterranean environments. The advantages and disadvantages of two new technolo-
gies for point cloud development and exploitation are being outlined, tested in soil ero-
sion analysis, following a wildfire event. The analysis is based on TLS and UAV based 
photogrammetric data collection after the devastating wildfire of August 2019 in Central 
Evia Island, Greece. Due to the burning severity and the intensity of the posterior rainfalls, 
the rapidly changing environment provides a great amount of short-term data. We con-
firm the hypothesis that UAV based photogrammetry is a more suitable, cost-effective 
technique when focusing on local erosion rates (representing sites of maximum channel 
erosion), whereas the assessment of the total volume due to erosion along the entire chan-
nel by both methods, provided similar results. When the analysis focuses on slope wash, 
the TLS approach appears to be more accurate. Change detection quantification demands 
detailed measurements and processing analysis, while the interpretation of the results is 
also challenging. For this purpose, the point-to-point direct comparison and M3C2 dis-
tance algorithm considered an appropriate methodology to estimate soil erosion in a frac-
tion of the time previously needed. Furthermore, minimal errors, of the order of a few 
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centimeters can be reached when (a) a decent number of GCP is used, (b) the mechanical 
error is minimised and (c) a fine registration between point clouds datasets is achieved. 
Vegetation proves to be an issue for both techniques, causing shadow effect and false sur-
face reconstruction for TLS and UAV derived point clouds respectively. 

These types of research along with the innovative tools would broaden our 
knowledge concerning change detection, erosion assessment and quantification. Our 
workflow could contribute to proper georesource management following a wildfire event 
in a Mediterranean catchment, by using the proper tool (UAV—SfM or TLS) for prompt 
soil erosion estimation. 
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