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Rapid development and growing availability of Unmanned Aerial Vehicles (UAV) translates into their more wide-spread application in monitoring of the natural environment. Moreover, advances in computer analysis techniques allow the imaging performed with UAVs to be used in creating Digital Elevation Models (DEM) and Digital Surface Models (DSM). DEMs are often employed in studies on geology, environment, engineering, and architecture. The presented paper discusses the procedures enabling the making of a precise DEM, discusses the aerial imaging data processing technique as well as determines the accuracy of obtained products in comparison with an existing Digital Elevation Model. Based on available literature the author indicates four sets of input parameters applicable in UAV imaging. Data collection missions were performed on two separate days in the area of a small peatland located in the Tuchola Pinewood, Poland. The study aims to address two research issues. Firstly, the author investigates the possibility of creating a DSM based on UAV imaging performed under unfavorable conditions and indicates whether results obtained via this method display sufficient quality to be seen as an alternative to the traditional surveying techniques (LiDAR). Secondly, the article determines the input parameters for a photogrammetric flight that ensure the highest accuracy of a resulting DSM. The analyses show a strong positive correlation between the DSMs prepared based on UAV imaging with data obtained by means of traditional methods (LiDAR). Mean correlation coefficient ranged from 0.45 to 0.75 depending on the type of land use and input parameters selected for a given flight. Furthermore, the analysis revealed that DSMs prepared based on UAV imaging—provided the most suitable input parameters are selected—can be a viable alternative to standard measurements, with the added benefit of low cost and the capacity for repeatable data collection in time. Admittedly, the method in question cannot be utilized in relation to peatlands overgrown with high vegetation (trees, shrubs) as it effectively diminishes the accuracy of obtained DSMs.
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INTRODUCTION
Studies conducted on a small to medium scale require highly accurate data pertaining to the elevation of terrain. It is an imperative for determining precise location and elevation of objects both at the stage of preparation and conduct of research. Digital Elevation Model (DEM) and Digital Surface Model (DSM) are both noteworthy topographic products and basic reference information applied in many studies on the natural environment (Uysal et al., 2015). Traditional methods of generating DEMs are time consuming and cost-inefficient as they require on-site surveying and expensive measuring equipment (e.g., on-ground and aerial LiDAR scanners). Owing to the development of technology and its increasing availability, Unmanned Aerial Vehicles (UAV) have become a viable option for establishing precise DEMs in relation to relatively vast areas and at very low cost (Moore et al., 1991; Walker and Willgoose, 1999; Thar and Ahmad, 2013; Audronis, 2015; Uysal et al., 2015; Akbari et al., 2016; Martínez-Carricondo et al., 2018; Zmarz et al., 2018; Ajibola et al., 2019; Akturk and Altunel, 2019; Donager et al., 2021; La Salandra et al., 2021; Sankey et al., 2021; Vavulin et al., 2021; Villoslada Peciña et al., 2021). And thus, over the past several years low-altitude photogrammetry (Kędzierski et al., 2014) has become one of the main methods of generating DEMs.
Unmanned Aerial Vehicles are seen as a viable alternative to traditional methods of data collection, particularly in the case of studies in areas that call for high spatial and temporal resolution. Moreover, they constitute an inexpensive alternative to classic manned aircraft photogrammetry (Uysal et al., 2015). Data collection requires only a small, light UAV equipped with a remote-control system and a standard, consumer-grade digital camera. An added value is the capacity to fly a UAV at low altitudes (30–1,000 m a.g.l.—the altitude of a flight pass is measured from the ground at the take-off site and is maintain throughout its duration) as well as the ability to perform flight passes and imaging even in unfavorable weather conditions (Kędzierski et al., 2014), which would otherwise render standard aerial works impossible. UAVs are most notably employed in fields such as: forestry and agriculture, cultural heritage, environmental monitoring, traffic monitoring, 3D reconstructions (Remondino et al., 2012; Uysal et al., 2015).
Most prominently, UAVs can be utilized for data collection in areas with difficult lay of the land that would render the use of traditional methods impossible (Ruzgiene et al., 2015). An increasing number of studies employing UAVs concentrate on the polar regions (Zmarz et al., 2018; Bello et al., 2020; Cárdenas et al., 2020), peatland areas (Lehmann et al., 2016; Räsänen et al., 2019; Räsänen et al., 2020), and inaccessible coastal areas (Scarelli et al., 2017; Wu et al., 2019; Tur et al., 2020; Donnarumma et al., 2021).
No data is ever entirely free of error, and this is also true for DSMs acquired with the use of a UAVs and other geospatial data, even with technological advances in sensors and good skills in data processing (Ajibola et al., 2019). Studies show that the accuracy of DEM varies based on the employed UAV system (Mercuri et al., 2006; Aguilar et al., 2007; Zhao et al., 2011; Harwin and Lucieer, 2012; Luana et al., 2015; Ajibola et al., 2019). However, errors in such DEMs can be considerably mitigated with the use of Ground Control Points (GCP) (Martínez-Carricondo et al., 2018; Akturk and Altunel, 2019), i.e., markers placed on the surface of an analyzed area prior to the flight pass, whose coordinates and elevation above the sea level can be determined using, for instance, GPS RTK or other surveying tools.
Peatlands constitute one of the most prominent natural wetland ecosystems in the world. They cover approx. 2–3% of Earth’s land surface and store from 500 to 700 Gt of carbon (Yu et al., 2010), which is almost the amount accumulated in the atmosphere (750 Gt) (Grace, 2004). Hence, peatlands are believed to play an important role in global circulation of carbon (Page and Baird, 2016; Miettinen et al., 2017; Zhou et al., 2019). Approximately 15% of peatlands in the world are subject to degradation as a result of drainage for agriculture and forestry, expansion of housing areas and transport infrastructure as well as peat extraction (Urák et al., 2017). Adverse impacts of peatland degradation include: greenhouse gas emissions, pollution of surface and ground waters, loss of biodiversity, land subsidence and catastrophic peat fires (Ziegler et al., 2021). The main environmental threat related to oxidization of peat following peatland drainage involves land subsidence (Silins and Rothwell, 1998; Camporese et al., 2004; Camporese et al., 2006; Gebhardt et al., 2010; Leifeld et al., 2011; Zanello et al., 2011; Nagano et al., 2013; Pronger et al., 2014; Fell et al., 2016; Grzywna, 2017; Lipka et al., 2017; van Hardeveld et al., 2017; Nusantara et al., 2018; Evans et al., 2019; Karlson et al., 2019; Khasanah and van Noordwijk, 2019; Ahmad et al., 2020; Khakim et al., 2020; Oleszczuk et al., 2020; Rodriguez et al., 2020, Rodriguez et al., 2021; Anshari et al., 2021; Basuki et al., 2021; Ikkala et al., 2021; Ziegler et al., 2021; Anshari et al., 2022). Water stored in an undisturbed peatland constitutes 300% of its volume (Grzywna, 2017). Therefore, the more water a peatland loses, the greater the decrease in its volume, which in turn causes peat settling, an occurrence consisting in densification and diminishment of organic matter.
This article presents the analysis of results of photogrammetric UAV flights over the surface of a selected peatland. The flight passes were performed using various input settings, including flight elevation, overlap size and camera angles. The paper indicates which methods and settings tend to provide the best results when compared to available data (LiDAR) and research results published by other authors. The choice of peatland as the study area was intentional and arises from the fact that a UAV ensures flexible spatial and temporal resolution, which proves useful in monitoring the preservation state of a peatland and its functioning, particularly in the case of high and intermediate mires.
STUDY AREA AND METHODS
Study Area
The study was conducted in the area of a small peatland located in northern Poland, within the Tuchola Pinewoods (Figure 1). The study area comprises 3.32 ha and is predominantly utilized for agricultural purposes (farmland and meadows). Its south-western part is forested. The surface area of the peatland (0.8 ha) is overgrown with shrubbery, small trees, and tall grass. The entire study area features relatively high elevation differences, ranging from approx. 157 m a.s.l. in the south-western part to approx. 144 m a.s.l. in the central part. The main morphogenetic unit of the study area are part of the frontal moraines of the Bytów lobe. The climate data from the meteorological station in Chojnice (about 25 km from the study site) obtained for the years 1951–2017 reveal that the warmest month is July with a temperature of 17.1°C and the coldest is January with −2.5°C (Institute of Meteorology and Water Management—Institute of Meteorology and Water Management - National Research Institute, 2019). The average annual temperature of the study site is 7.3°C, and the average annual precipitation ranges between 550 and 600 mm (Łuców et al., 2021). The peatland is located in a drainless area and is fed mainly by rainwater and groundwater and on its surface there are remains of the former melioration (drainage ditches). Currently, the peatland area is wasteland, covered with bushes and trees.
[image: Figure 1]FIGURE 1 | Location of the study area [prepared based on: (A)—Poland, (B)—Digital Elevation Model of location, (C)—boundaries of the working area and sampling points (GUGiK, 2020)]; Data, equipment and software.
Data were collected using a multirotor unit (quadrocopter) DJI Mavic Pro equipped with a standard camara operating on CMOS matrix (1/2.3”) and providing image resolution of 12.35 megapixels. The unit is capable of 21–27 min of effective flight (depending on atmospheric conditions). The flight passes were programmed using an automatic mission planner, Pix4Dcapture, which enables autonomous flights within a designated area based on predefined data collection settings. The application imposes certain limitation involving very specific intervals at which photographs are taken during the flight (approx. 2 s apart). These settings cannot be edited. For this reason, the number of photos taken using the same mission planner on different missions differs from one another (Table 1) and depends mainly on the wind speed. Information pertaining to the performed flights are presented in Table 1. All missions encompassed the same area and utilized the double grid mission system, which ensures more accurate DSMs. Furthermore, the application offers the option to suspend and resume the mission as needed, be it due to adverse weather conditions or a necessity to change batteries in the UAV.
TABLE 1 | UAV Input parameters, dates of flights, time and number of photographs taken.
[image: Table 1]For the purpose of this study the author performed a total of four flight passes on two separate days and using various input parameters. The flights were conducted with reference to the exact same areas, the only difference being GRID density. The flights were performed on day 1—before the harvest, and 2—after the harvest. Moreover, the two dates displayed different weather conditions, and so day 1—coincided with strong wind, and day 2—featured favorable, windless weather. Data collected during the flights served as the basis for eight Digital Surface Models, which were then compared against one DSM prepared based on LiDAR data. Before the mission, in order to ensure higher accuracy, markers for GCP were placed across the entire area, and measurements (coordinates and elevation a.s.l) were taken using GPS RTK (vertical and horizontal accuracy with the margin of error at ± 3 cm). As indicated by Martínez-Carricondo et al. (2018), proper placement of markers across the study area bears positive impact on the quality of obtained DTM. Hence, GCP were evenly distributed following the recommendations of the above-mentioned authors, i.e., both at the edge of the analyzed area and in its central part.
The reference DSM was prepared based on LiDAR data (GUGiK, 2012) obtained from an aerial scanning performed over the study area in 27 April 2012. The selected LiDAR datasheet featured land cover of approx. 8.2 pt/m2, however, for the purpose of this study the point data cloud was reclassified and only data representing: 2—Ground, 3—Low Vegetation, 4—Medium Vegetation were used (∼6.1 pt/m2 after reclassification). The absence of the class encompassing tall trees arises from the fact that in 2018 the area in question was exposed to a violent storm which destroyed the high tree stands. The DSM was prepared in the spatial resolution of 0.5 m, and the scanning data were obtained at the time when farmlands were unused and devoid of vegetations.
Data obtained in the course of UAV flights were converted into a DSM using Pix4Dmapper software (v. 4.6.4.). All application settings were set in accordance with the recommendations provided by the manufacturer (Pix4D, 2011). The application marks Tie Points in the overlapping parts of photographs and uses them to generate Triangle Meshes, which in turn are used for establishing Point Clouds. Subsequently, the inverse distance weighting algorithm is employed to interpolate between points to create a Digital Surface Model and Digital Elevation Model. The resulting DSMs based on UAV data were generated with spatial resolution ranging from ∼0.01 to ∼0.03 m (depending on the flight pass altitude).
The study area has been divided into four types of land use (peatland, meadow, arable land, forested/deforested area), with 20 random points generated for each type using QGIS 3.20 software. Said points were expanded to accommodate 1 m buffer. The points were subsequently attributed mean terrain elevation from each of the nine generated DSMs. As a result we obtained 80 sampling areas. The sampling areas were the same for each DSM. The combined data were used to calculate the Pearson correlation coefficient (Supplementary Tables S1–S4) in accordance with the following formula:
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A total of 720 terrain elevations was gathered from DSMs, and the correlation coefficient for each UAV DSM was determined with reference to the LiDAR DSM. All obtained data were also illustrated with correlation charts (Supplementary Figures S1, S2).
RESULTS
The study compares DSMs generated based on UAV flights with DSM data from laser scanning performed in the same area to determine the correlation between data sets, and thus, assess their usefulness. The study aimed to indicate which input parameters correlate best with the results of traditional surveying methods. Table 2 presents correlations of results obtained for the sampling areas with data from the reference model (LiDAR).
TABLE 2 | Correlation matrix of results obtained on two sampling days 16.08.2021 (day 1) and 30.10.2021 (day 2).
[image: Table 2]The analyses show that both on the first (16.08.2021) and the second date (30.10.2021) of flight passes the best results were obtained when utilizing settings selected for DSM 2 (Table 1, DSM 2—overlap: 70, altitude: 35 m, camera angle: 60°), which constitute the default settings recommended by the developer of Pix4D software. These settings provide good results and ensure the largest number of photographs, albeit require the longest flight duration.
When analyzing individual elements of the basin in terms of land use a conclusion can be drawn that very strong positive correlation occurs in the case of arable land after the harvest (lack of vegetation). In such cases data processing errors caused by vegetation cover are the lowest (Table 2, Supplementary Table S1, Supplementary Figures S1A–H).
Strong positive correlation between the DSM obtained from LiDAR and the DSM from UAV also occurs in the case of the forested part of the study area (Table 2, Supplementary Table S4, Supplementary Figures S1I–P). High concordance of results obtained with two measuring methods arises from the input data from LiDAR used in the making of DMS (lack of high vegetation cover, trees) and deforestation caused by the storm of 2017, which affected the input parameters for the UAV flights.
Surprisingly, low values of positive correlation were obtained in the case of meadows (Table 2, Supplementary Table S2, Supplementary Figures S2A–H). This is most likely due to the fact that on either day of sampling meadows featured different height of grass, which was cut in between the two dates when measurements were taken. This, however, is difficult to verify in the field, more so in the case of LiDAR data.
The lowest yet still positive values of the correlation coefficient were indicated for the peatland area itself (Table 2, Supplementary Table S2, Supplementary Figures S3I–P). This is owing to the presence of medium vegetation cover typical of mires, which tends to considerably affect the results obtained when generating a DSM with the use of photogrammetric data. Similarly to other areas, the best results were had with the input settings of DSM 2 (Table 1), particularly in the absence of interference caused by strong wind. The negative correlation coefficient in peatland areas resulted from DSM development errors occurring in the modeling process. This is due to the fact that the bog is extensively covered with bushes and trees, and the number of photographs taken in the selected method proved to be insufficient (too small overlap in the flight settings).
In general, regardless of the input settings, the second day of data collection yielded better results (the highest positive value of the correlation coefficient between the LiDAR and UAV data). This can be attributed mostly to the adverse impact of wind during the first UAV flights. Thus, it can be concluded that not only vegetation but also weather conditions affect the quality of results obtained in the process of preparing a DSM based on photogrammetric flights.
As far as the influence of flight settings is concerned, the altitude at which photographs are taken seems to be notably impactful. The results obtained at lower flight passes demonstrate higher value of positive correlation with the LiDAR data as well as higher spatial resolution of the resulting imaging (approx. 1 cm pixel size with flight passes at the altitude of 35 m). Unfortunately, low altitude setting translates into extended flight duration, effectively meaning that a smaller area can be imaged at one time. Surprisingly, the other input settings, i.e., overlap and camera angle, were found to have negligible impact on the quality of results.
The analysis of correlation matrices prepared with regard to the results obtained on both dates of flights (Supplementary Tables S1–S4) indicates the highest positive value of correlation coefficient for the data acquired with the input parameters used for DSM 3 (Table 1—overlap: 50, altitude: 55 m, camera angle: 50°), i.e., high flight altitude and relatively low values of overlap and camera angle.
DISCUSSION
Majority of available research on the photogrammetric use of UAV for establishing DEMs and DSMs does not provide the precise input parameters of performed imaging (Martínez-Carricondo et al., 2018; Ajibola et al., 2019; Donager et al., 2021; Sankey et al., 2021; Villoslada Peciña et al., 2021). The information tends to be either incomplete (Uysal et al., 2015; La Salandra et al., 2021) or relate to UAV technology employed in fixed-wing units (Zmarz et al., 2018; Donager et al., 2021; Sankey et al., 2021; Vavulin et al., 2021). Studies utilizing UAV photogrammetry to generate DSM and DEM typically use fixed parameters, i.e., altitude of approx. 50 m a.g.l in the case of multirotor UAVs, overlap at 50–70%, camera angle in the range of 60–80° (Kędzierski et al., 2014; Uysal et al., 2015; Akturk and Altunel, 2019; La Salandra et al., 2021). Bearing that in mind, the presented study set out to determine differences in photogrammetric measurement results that arise from the choice of parameters set prior to the flight.
The presented results suggest that having considered a range of input parameters such as the type of land use and, in particular, the type and state of vegetation in the area—photogrammetric data from UAV flights can be employed in land relief analyses. Akturk and Altunel (2019) reached a similar conclusion and demonstrated that a DSM obtained with an inexpensive drone can provide data with an average elevation error of approx. 0.5 m in areas featuring thick cover of medium and high vegetation. In this study said margin of error for the most overgrown and inaccessible part of the area—e.g., peatland with a dense shrubbery cover—amounted to an average of 0.7 m (from 0.1 to 3 m), provided the most optimal settings were used (DSM 2). In the case of open grounds devoid of high and medium vegetation the values drop to approx. 0.01–0.1 m.
Bearing in mind the most notable disadvantages of DEMs prepared based on photogrammetric data collected with UAV, a plausible solution that enables better accuracy of obtained results consists in filtering out points that indicate areas covered with low vegetation from the point cloud generated in postprocessing (Gruszczyński et al., 2017; Gruszczyński et al., 2019). Gruszczyński et al. (2017) argue that the above-mentioned filtering method can reduce elevation error in DEMs generated based on UAV data by 60–70%. In their later study (Gruszczyński et al., 2019), the authors observed that UAV photogrammetry prove to be more accurate than terrestrial laser scanning when applied to terrain mapping. Unfortunately, establishing a very accurate point cloud based on photogrammetric data from UAV requires a high-class drone (as in the case of Gruszczyński et al., 2017; Gruszczyński et al., 2019). Mid-budget drones, such as DJI Mavic Pro used in this study, do not provide accurate enough data to generate sufficiently detailed point clouds.
The analysis of data presented in this paper allows us to formulate an observation pertaining to the impact of weather conditions on the quality of obtained results. Available publications on UAV photogrammetry typically do not provide information regarding the influence of strong wind on the quality of imaging. A drone equipped with a camera mounted on a gimbal automatically stabilizes its flight path and, as needed, the drone operator can manually adjust the position of the unit during the mission (Audronis, 2015). Thus, it can be concluded that the factor in question does considerably affect the quality of results obtained with multirotor UAVs, however, it may hinder the quality of measurements taken with the use of a wing type UAV (Kędzierski et al., 2014).
In peatland areas, the settling of peat correlates with peat thickness as peatlands dry up and are supplied with water (Gebhardt et al., 2010; Grzywna, 2017). Available literature offers a number of estimates concerning the rate of CO2 release resulting from peat settling, albeit they tend to vary greatly in range: 20 Mg CO2 ha−1 year−1 (Carlson et al., 2015), 58.4–74.5 Mg CO2 ha−1 year−1 (Couwenberg and Hooijer, 2013), 72.7 Mg CO2 ha−1 year−1 (Othman et al., 2011) up to 100 Mg CO2 ha−1 year−1 (Hooijer et al., 2012). Khasanah and van Noordwijk (2018) argue that—in the case of subtropical peatlands—the peat settling rate of 4.7 cm year−1 can generate up to 121 Mg CO2 ha−1 year−1. Bearing this in mind, UAV photogrammetric data used for collecting repeated measurements of peatlands elevation may prove to be a note-worthy method in the context of monitoring of degradation of the objects in question. It can potentially help interested parties keep track of threats related to greenhouse gas emissions from peatlands into the atmosphere. However, it should be emphasized that DSMs acquired from peatlands may display a relatively high degree of error if the surveyed area is overgrown with vegetation.
CONCLUSION

1) The article discusses the potential of UAVs as an alternative technology of data acquisition for the analyses of land relief over small areas. Compared to traditional manned aerial platforms and on-land measurements, UAVs constitute a cost-efficient method which additionally mitigate the risk related with reaching hard-to-get research stations.
2) UAV systems possess many advantages (low cost, real-time data, high temporal and spatial resolution etc.), which prove useful not only in photogrammetry, but also other disciplines.
3) The presented results clearly advocate the advantages of using a UAV for generating DSMs. The accuracy of results does not deviate from those obtained with the application of standard measurements (LiDAR method), and the time required for data collection and processing is notably smaller. Therefore, photogrammetric data acquired using a UAV on parts of peatlands that are free of medium and high vegetation can be applied in analyses pertaining to changes in terrain elevation (settling and swelling) in peatlands. The method offers good results in relation to active, not heavily degraded peatlands, particularly in the central parts of mire domes with typically low vegetation cover.
4) The main research issue involved determining the accuracy of elevation data obtained in extensively overgrown parts of peatlands. The advantage of traditional data collection methods (LiDAR) consists in the capacity to create a complete point cloud, which allows for the extraction of only ground-level and low-vegetation points, and use these selected points to generate a DEM or DMS.
5) Owing to the rapid development and miniaturization of electronics there is a growing number of new technologies related to UAV and LiDAR on the market. Combination of those technologies, assuming the manufacturing cost decreases, may certainly provide interesting and far more precise DEM and DSM data compared to photogrammetric data.
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