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ABSTRACT 

This thesis reports on a new photogrammetry method to map functional riparian areas 

across agricultural watersheds, developed near Havelock, New Brunswick. The main 

objective was to assess the feasibility of using consumer-grade Unmanned Aerial Vehicles 

(UAV) as means of predicting the extents of this ecotone. To do so, we explored how to 

optimally set flight parameters, such as image overlap, pre-planned flight grid, flight 

height, and the camera angle for image reconstruction and successful 3D point extraction.  

Near ground aerial images were collected during different seasons over the study site. 

These images were used to map the variability in the field conditions, including 

watercourses and riparian vegetation. We also generated a UAV-photogrammetric digital 

elevation model (DEM), which was compared to Service New Brunswick Geospatial 

datasets (Coarse resolution with average point spacing of 70 meters and LiDAR-derived 

DEMs, at 1.2 points/m2 and 6 points/m2).  

The coarse resolution DEM was interpolated at a 2 meter cell size, whereas LiDAR 

and UAV-derived DEMs were interpolated at a 30cm cell size. We used these topographic 

models to estimate the surface area occupied by stream channels, using the Slope Gradient 

(SG) raster and the Vertical Slope Position (VSP). Furthermore, we tested the accuracy of 

these topographic models in predicting the extents of the functional riparian area using the 

Vertical Distance To Channel Network (VDTCN).   

We found that the UAV-derived DEM achieved the best accuracy in predicting the 

area occupied by stream channels when the SG was used, followed by LiDAR collected at 

6 points/m2 (LiDAR 6.0), with mean squared errors (MSE) of 1.81 and 1.91, respectively. 
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We also found that LiDAR and UAV-derived DEMs achieved 63% agreement (as 

measured in Kappa Coefficient) in predicting the extents of functional riparian areas, even 

though the UAV provided higher terrain detail. However, coarse resolution DEM did not 

provide accurate topographic detail for estimating the channel surface area nor the 

functional riparian zone extents.  

The results presented herein proved that UAVs were an accurate and economic means 

for prediction, management, assessment, and monitoring of riparian ecosystems over 

agricultural landscapes. 
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CHAPTER 1: Introduction 

 

1. 1.  Riparian zone functions and human alterations 

Riparian zones define particular vegetation communities and support a unique 

complex ecosystem with distinctive resource values within a watershed. Many terrestrial 

species travel through or settle for a short period of their life cycles as they seek suitable 

shelter in riverine ecotones (Wipfli, 1997; Forman, 1995). The surrounding trees and plants 

provide important food sources for aquatic insects that are themselves the main food source 

in the aquatic food chain. The riparian ecosystem also creates ideal habitat for insects, as 

well as refuge for birds (Peak & Thompson, 2006), small mammals (Steel et al., 1999) and 

large mammals (Osbourne et al., 2005), and forest-floor invertebrates (Rykken et al., 

2007). The shoreline vegetation offers shade and wind protection that helps regulate water 

temperature (Sridhar et al., 2004; Cassie, 2006; Garner et al., 2014; Kalny et al. 2017). 

Riparian zones play a vital role in the health of water bodies by reducing pollution, 

stabilizing banks and buffering surface water flows. Riparian plant species, or 

phreatophytes, have specific adaptations traits, such as adventitious roots, predominantly 

into or below the capillary fringe and saturated zone. This fact allows them to feed on water 

obtained directly from the stream, or from groundwater in the alluvial aquifer. As a 

consequence, this deep-binding root structure can help improving the stream bank stability. 

The deep rooting system can also increase soil pore space and increase soil infiltration 

capacity, which in turn, help in reducing the risk of flood and minimizing soil erosion. The 

high infiltration capacity of a deep rooting system can also help to absorb and dissipate 

water energy during floods (Marti et al. 2000; Micheli & Kirchner, 2002). Previous 
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research also concluded that riparian buffer zones can help reduce chemical pollution 

(Meehan et al., 1977; Swanson et al., 1982; Dabney et al., 2006).  

Due to their fertile soil and particular position in the landscape, most common 

disturbances to riparian areas are related to land use activities, such as agricultural crop 

production or timber harvesting. These activities can not only strip the riparian zone 

vegetation, but also lead to soil compaction and an increase in suspended solid 

concentrations that can propagate downstream (Story et al. 2003; Feller 2005; Wilkerson 

et al., 2006; Bisson et al., 1987; Bilby & Ward, 1991). 

Removal of vegetative shelter at the water’s edge can lead to a rise in water 

temperatures by increasing the sunlight reaching the stream (Virgona et al., 2006). This 

intensified sunlight coupled with increased nutrient export (as a consequence of fertilizer 

use in agricultural activities), could promote a substantial rise in primary production and 

induce eutrophication (Feller, 2005; Bladon et al., 2008). 

Livestock grazing in riparian areas for extended periods can reduce the overall 

vegetation cover and minimize competition, which can offer opportunities for upland plant 

species to move into the riparian zone (Morgan et al., 2008). However, these upland 

vegetation species are not adapted to waterlogged environments and do not have the 

extensive rooting system to protect stream banks against the impacts of flooding (Garssen 

et al., 2015). The disturbed riparian zone could accelerate channel erosion during 

subsequent periods of high flow (Sedell & Beschta, 1991). 
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1. 2.  The need for precise mapping techniques 

The success of riparian management strategies requires accurate mapping of the whole 

ecosystem's matrix in order to make effective management decisions. Firstly, defining the 

stream channel shape is crucial to locate where this riparian forest begins. The stream's 

dynamic change represents an important influence on channel morphology, particularly on 

the variability in the volume, also referred to as the magnitude. This dynamic variation 

over time is a result of the frequency, duration, and timing of water delivered to a stream, 

as well as its pattern. Ultimately, this variation can lead to constant changes in the channel 

width, depth, sinuosity, riffle spacing, etc. (Poff et al.,1997). In many cases, the size of the 

riparian zone is related to the size of the stream channel, the position of stream within the 

watershed, and the hydrologic regime (Puckridge et al., 1998; Lytle & Poff, 2004; Lind et 

al., 2014). 

Watershed models often require physiographic information such as configuration of 

the channel network, channel length, channel slope, watershed boundaries, and 

subcatchment geometric properties. Traditionally, these parameters are obtained from 

maps or field surveys, which becomes time consuming, expensive, and difficult in vast 

watersheds. Over the past few decades, mapping the potential extents of the channel surface 

has been achieved with some success with the use of digital elevation models (DEMs) for 

larger river basins (Mark, 1984; Freeman, 1991; Montgomery & Foufoula‐Georgiou, 

1993). Unfortunately, the performance of previous methods was poor when used to 

reproduce areas with narrower streams, which is limited by mapping resolution, i. e. coarse 

resolution DEMs (Fairfield & Leymarie, 1991; Garbrecht & Martz, 1994). In addition, 

because stream channels are influenced by constant erosion and sedimentation processes, 
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DEMs can become rapidly outdated, since they cannot reflect these ongoing changes 

(Smart et al., 2001; Abood, 2012; Fernández et al., 2012). 

In recent years, LiDAR (Light Detection and Ranging) has had an impact on the 

accuracy of DEM horizontal and vertical resolutions in extracting geomorphological and 

hydrological data (Rocha et al., 2020). These LiDAR-derived DEMs can locate the stream 

path and detect the ephemeral streams more accurately since they can represent terrain 

models more precisely. This fact enables better hydraulic analyses of the channel detailing 

better stream geometries relevant for modelling overland flows (Cobby et al., 2003; 

Sharpley et al., 2000; Sonneveld et al., 2006). However, LiDAR datasets are periodically 

updated every five years and the costs of data collection and post-processing steps become 

dramatically expensive due to the need for trained personnel and costly equipment. 

Alternatively, unmanned aerial vehicles (UAV) have been widely used in agriculture 

to collect data in order to help increase crop production, to enhance profitability, and to 

reduce environmental impacts to farmland (Xiang & Tiang, 2011). UAV technology 

provides an alternative fast and inexpensive method to obtain high resolution DEMs using 

photogrammetry methods (Bevanda et al., 2014; Corbane et al., 2015). Nonetheless, 

information on how to set optimal flight parameters, such as image overlap, pre-planned 

flight grids, flight height, and camera angle for image reconstruction and successful 3D 

point extraction have not yet been explored in detail (Pajares, 2016; Liu et al., 2018). 

1. 3.  Research objectives 

The long-term objective of the proposed project is to develop a GIS-based decision 

support tool to assess the goods and services provided by riparian areas using a function-
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based approach, incorporating information regarding nutrient removal, differences in plant 

functional communities, earthworm population, soil Carbon, pollinator habitat, and 

changes in macroinvertebrate communities, as well as locating at-risk areas on the 

agricultural landscape where better riparian management would benefit the landowner, or 

where agricultural practices could be altered to reduce direct impacts to the riparian area. 

This tool will ultimately result in reducing impacts to surface water from agricultural 

practices.  

The specific objectives of the present study include: 

1. Estimate optimal UAV data collection parameters, including flight height, image 

overlap rate and camera angles. 

2. Develop a model to predict stream channel boundary and area using digital 

elevation model data collected with a UAV photogrammetry method. 

3. Develop a method for the prediction of functional riparian zone boundaries in 

narrow streams based on selected DEMs data using the Vertical Distance to 

Channel Network (VDTCN). 

4. Conduct field validation of riparian zones based on DEMs with vegetation 

indicators, soil survey, and near ground aerial photos. 

1. 4.  Thesis overview 

The thesis was organized into five chapters as shown in Figure 1.1.  

Chapter 1 defines the current problem in agriculture landscapes in regards to riverine 

ecosystems' protection in Atlantic Canada. Secondly, it provides background information 

for the impacts of the DEM resolution in detecting the boundaries of small streams and 
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how riparian areas have been classified in past studies. Finally, the objectives of this thesis 

have been defined.  

Chapter 2 outlines my research on the UAV method, and defines the optimal 

parameters for UAV data collection. It also analyzes and compares optimal UAV 

configurations to undergo a detailed point cloud analysis and understand the potential 

distortions prior to generating the datasets needed in this study. It documents the best 

camera angle and image overlap to be used to estimate the volume, height, and area of a 

measurable object.  

I tested three hypotheses in this chapter:  

Hypothesis 1: Lower flight heights produce higher point cloud densities than higher 

flight heights.  

Hypothesis 2: A larger number of vertical camera angles results in more precise 

estimates of the variables measured (height, area and volume of a measurable object). 

Hypothesis 3: Greater image overlap increases both the accuracy and the computer 

processing time. 

Chapter 3 analyses the impact the topographic detail of the different DEMs used has 

in estimating the stream channel width boundaries and quantifying the surface area 

occupied by channels within an agricultural watershed, when using the Slope Gradient 

(SG) raster and the Vertical Slope Position (VSP) methods. Hypothesis: Higher resolution 

DEMs can estimate the stream channel area with higher accuracy.  

Chapter 4 details the accuracy of the DEMs used in this study in classifying functional 

riparian zones in the main study site, using the Vertical Distance to Channel Network 
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(VDTCN) method. Hypothesis: Higher resolution DEMs provide more topographic detail 

to predict the functional riparian area extension.   

Chapter 5 summarizes the conclusions of this study, details potential applications and 

gives some direction for future work.  

 

Figure 1.2. Thesis flow chart 
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CHAPTER 2: Optimal Parameters for Using Consumer-Grade 

Unmanned Aerial Vehicles to Produce High Resolution Digital Surface 

Model (DSM)  

2. 1.  Introduction 

Agroforestry is the growing of trees and other perennial plants together with annual 

crops or livestock that optimizes the benefits from these biological interactions. It is a 

globally recommended land-use system where trees are integrated into agricultural 

ecosystems in order to achieve ecological, economic, and social benefits. It has been found 

that plant communities with higher diversity use resources more efficiently than 

monoculture communities (Binkley et al., 1992a; Liebman & Staver, 2001, Zuppinger-

Dingley et al., 2014). Enhanced plant diversity increases the stability and resilience of the 

community and provides habitat connectivity for birds and mammals, which becomes 

critically important in fragmented ecotones (Kiær et al., 2009; Letourneau et al., 2011; 

Balvanera et al., 2014). Additionally, diversified ecosystems also provide other 

environmental services such as carbon sequestration and enhancement of water quality 

(McNeely & Schroth 2006; Udawatta et al., 2010).  

One of the most important spatial characteristics used to assess forest ecosystems and 

resource inventories is canopy height. It is an ecological measure that provides essential 

information related to biophysical, hydrological, ecological, and agronomic processes in 

both natural vegetation and agricultural crops (Selkowitz et al., 2012). Crown diameter is 

often used to estimate individual tree characteristics, such as stem diameter and volume 

(Hyyppä et al., 2005). As the crown diameter is directly linked with amount of foliage, it 
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is also an indicator of tree competition and forest health. Stand management decisions, 

such as when and how much to thin a stand, rely heavily on data derived from measuring 

crown diameters. For instance, gaps in the canopy become critical for modeling plant 

regeneration on the forest floor (Shugart & West 1977; Gray & Spies 1996).  

Unlike diameter at breast height (DBH), tree crown size becomes difficult to measure 

in the field. Due to the complexity of in-field tree measurements, crown size is often 

estimated indirectly using geometry and trigonometric equations (Avery & Burkhart, 1994; 

Bragg, 2008; Larjavaara & Muller-Landau, 2013). These indirect estimations can result in 

potential errors, often leading to overestimation of radiation and precipitation interception, 

carbon assimilation, and transpiration in the canopy (Landsberg & Waring, 1997; Song et 

al., 2009). The ability to quantify traits such as tree height and crown size through cost-

efficient methods is urgently needed (Madec et al., 2017; Rallo et al., 2018). 

Remote sensing technology is considered to be a promising alternative to field surveys 

for the estimation of tree and forest parameters. Light Detection and Ranging (LiDAR) is 

an accurate method to quantify forest aboveground biomass (AGB) at a landscape level 

(Chen, 2013; Lu et al., 2014). Furthermore, tree crown estimations from remote sensing 

can take into account tree irregularities ignored by the operator in field measurements 

(Moorthy et al., 2011). However, LiDAR exhibits some weaknesses that are difficult to 

overcome.  For example, LiDAR does not include spectral information, and it becomes 

difficult to align LiDAR scans from both sides of the tree (Rosell et al., 2009). 

Additionally, the difficulty of using LiDAR to detect the exact tops of trees has also been 

reported (Yu et al., 2004; Chen et al., 2006; Luo et al., 2018). Previous studies reported 

https://www.frontiersin.org/articles/10.3389/fpls.2019.01472/full#B40
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low accuracy in field measurements of the height due to umbrella-shaped tree crowns (i. e. 

Pinus pinea and Pinus sylvestris) which do not have a clear apical dominance (Guerra-

Hernández et al., 2016).  

In recent years, as a cost-effective alternative to Airborne Laser Scanning (ALS), 

unmanned aerial vehicles (UAVs) have been developed for surveying small areas, 

landscape feature identification, erosion studies, vegetation dynamics monitoring, and crop 

assessments (Küng et al., 2011; Restas, 2015; Manfreda et al., 2018; Shimura et al., 2018). 

New assessments of traditional Multi-View Stereo (MVS) photogrammetry has 

demonstrated comparable results and a significant reduction (~80%) in data collection 

requirements compared to older Structure from Motion (SfM) methods (James & Robson, 

2014; Díaz-Varela et al., 2015; Torres-Sánchez et al., 2015, Mohan et al., 2017). Zarco-

Tejada and others (2014) aimed to estimate the height of plantation olive trees using a UAV 

and they achieved acceptable accuracy for height measurements when generating the 

Digital Surface Model (DSM). Furthermore, they tested different resolutions (5, 20, 25, 30, 

35, 40, and 50 cm pixel−1) in order to optimize the software processing times. They found 

that 3D data point information extracted from DSM experienced a significant reduction in 

accuracy when the DSM was interpolated at a resolution below 35cm pixel-1. Based on root 

mean square error (RMSE), errors in tree height estimation was below 15% when image 

resolution was 30 cm pixel−1. Krause et al. (2019) validated the photogrammetric tree 

height measurements of all trees against the field-based measurements and observed a 

significantly low error (RMSE = 0.138 m, or  0.79%), with good repeatability. 
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Despite the recent technical advances in UAVs that have made them increasingly 

relevant tools for forest measurements, information on how to set optimal flight 

parameters, such as image overlap, pre-planned flight grid, flight height, and camera angle 

for image reconstruction and successful 3D point extraction have not been explored in 

detail yet (Pajares, 2016; Liu et al., 2018; Iglhaut et al., 2019; Seifert et al., 2019). This is 

due to the wide variety of types of platforms and equipped sensors that can be mounted on 

a UAV. The overall aim of this study is to provide the optimal parameters for consumer-

grade camera (DJI Phantom 4 Pro) to survey farmland and agroforestry areas. An empirical 

study over farmland area was conducted to meet three main objectives: 1) Assess the 

influence of image overlap rate on measurement accuracy when generating 2D map and 

Digital Surface Model; 2) Test the impact of flight height on point cloud density; 3) 

Estimate the optimal oblique camera angle for estimating the height, surface area and 

volume of a human-made measurable object using photogrammetry. 

2. 2.  Materials and methods 

2.2.1. Study area 

The field test was done at the Fredericton Research and Development Center (FRDC) 

of Agriculture and Agri-food Canada (AAFC) in Fredericton, NB, Canada 

(Latitude: 45.923397 Longitude: −66.606842, 35m asl). The area is relatively flat with an 

elevation difference of less than 0.4 meters within an area of 1.6 ha. The test site was 

covered with short grass and does not have tall-obstacle landscape features. The testing 

objects were three cardboard boxes (Figure 2.1), with field-measured heights of 74, 37.4 
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and 35.2 cm (specific measures detailed in Table 2-1), and spatially distributed 1 meter 

apart from each other.   

 

Figure 2.1. Cardboard boxes and UAV used in the Study site 

Table 2–1. Measures of cardboard boxes used for the point cloud and DSM analysis (units 

expressed in cm.)  

Feature Colour Height Width Length 

Box 1 White 74 38.6 59.4 

Box 2 Black 35.2 13.4 39.7 

Box 3 White 37.4 17.6 53.4 

 

2.2.2. Unmanned Aerial Vehicle and camera  

The unmanned aerial vehicle used was a DJI Phantom 4 Pro (Da-Jiang Innovations, 

SZ DJI Technology Co., LTD). This UAV model was considered to be most versatile 

consumer-grade UAV in terms of dimensions, weight, flight time, and ground sample 

distance delivered in 2D maps (Rogers et al., 2020). This UAV is a vertical takeoff and 

landing aircraft with total payload of 1388 g (battery and propellers included). This UAV 

uses 4 x 2312S Brushless motors powered by a 15.2 V battery, with vertical takeoff and 

landing. It can reach a cruising speed of 72.0 km h-1 (s-mode) and a maximum climb speed 
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of 6 m s-1. The maximum wind speed resistance is up to 10.0 m s-1, with multiple satellite 

position navigation system (GPS & GLONASS). The maximum flight time for a single 

battery is 30 minutes and the UAV required a maximum flight time of up to 7 minutes for 

higher image overlaps, and a maximum of 3 minutes for lower image overlaps. 

The onboard camera is 1” complementary metal oxide semiconductor (CMOS) with 

20M effective pixels (5472 x 3648). The lenses have a field of view (FOV) of 84°, with a 

focal length of 8.8 mm/24 mm (35 mm format equivalent) f/2.8 - f/11, and auto focus at 1 

m - ∞. During the flight, the sensor registers either vertical images captured at Nadir angle 

(for 2D maps), or the camera can be tilted (off-Nadir angles), for the 3D Digital Surface 

Model (DSM). The image trigger can be activated automatically in autopilot flight mode, 

with simultaneous timestamps. It records the GPS location for each image, and 

automatically stores the image together with its metadata on an on-board Secure Digital 

Card (SD-Card). 

2.2.3. Data acquisition for the Digital Surface Model 

The test was performed on November the 17th of 2018. The weather during the testing 

period was partially cloudy, with calm winds less 10 km h-1. We collected 20 GPS 

waypoints for georeferencing purposes with a Trimble Geoexplorer 6000 Series handheld 

GPS (10 cm accuracy). The flight heights tested were 70 and 30 meters. These heights were 

chosen based on the tree height in the targeted UAV application area where the maximum 

height of coniferous plantation of red pine (Pinus resinosa) and Jack pine (Pinus 

banksiana) was 25 meters. The camera angles tested were 10, 20 and 30 degrees off-Nadir 

and the overlapping rates tested were 90, 80, 60 and 45% at 70 meters elevation using the 
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same grid size in all configurations. In addition, we acquired images at a flight height of 

30 meters at Nadir and 20 degrees off-Nadir and 80% image overlap with parallel and 

perpendicular flight grid lines to test the impact of flight height in point cloud density. 

2.2.4. Data processing 

The data was processed with Pix4D software (Pix4D Inc) on a Dell Precision 5810 

(Intel ® Xeon ® CPU ES-1620 v3 @ 3.50GHZ, 72.0GB RAM, Radeon T(M) Pro WX 

5100 graphic card). The coordinate system used was World Geodetic System (WGS) 84 / 

UTM zone 19. Processing options were  3D maps, keypoints image scale full, orthomosaic 

as a GEO Tiff with no correction type, half image scale, high point density, with minimum 

number of matches as 3.   

The point clouds obtained with Pix4D were interpolated with LAStools commercial 

software suite (Martin Isenburg, LAStools -efficient tools for LiDAR processing) to 

generate the DSM and deliver 1.8cm cell size. This resolution was higher than previously 

reported by Haval (2019) and  Rogers et al., (2020). 

2.2.5.  Height, area and volume estimations 

The average of ten height values on the top surface of the box, represented on 

interpolated DSM, was used as the predicted value for height of the box. The height values 

near the box edge were not considered, as we observed slight elevation errors produced by 

the sharp edges of the box. Similarly, area was estimated based only on entire top surface 

and minor edge inaccuracies represented in DSM were excluded. Finally, the volumes were 

calculated by the estimated area multiplied by the box height. 
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2.2.6. Accuracy Assessment 

We calculated the bias (Bi) of each variable (height, area and volume) using the error, 

where Oi is the observed value, Pi predicted value and n is the number of observations:  

Bi =∑ (
𝑂𝑖−𝑃𝑖

𝑛

𝑛
𝑖=1 ) 

Additionally, the percentage of bias was calculated using:  

% Bi=∑ (
𝑃𝑖−𝑂𝑖)

𝑂𝑖
)𝑛

𝑖=1 ∗ 100 

 

 

2. 3. Results and discussion 

2.3.1. Camera tilt angle, area covered and 2D map resolution 

Processing time, re-projection error, ground sample distance (GSD), and total mapped 

area with different camera angles and overlapping rates are shown in Table 2-2. We found 

the data processing time increased exponentially with overlapping rate (Figure 2.2). These 

results agree with our expectations because the number of images set to be processed 

increased with overlapping rate. We found that higher Nadir angles provided higher 

resolution whereas more oblique angles (30 degrees off-Nadir) increased the pixel size. For 

example, when off-Nadir angle was 10 degrees, pixel resolution was 1.80 cm for all image 

overlaps tested with this camera angle. However, with the camera tilted at 30 degrees off-

Nadir, the pixel size was 2.10. Unlike vertical images (Nadir angle) that have a uniform 

scale over the entire image, images obtained with oblique angle showed a trapezoidal 

footprint, no uniform scale and increased distortion that may need to be corrected by image 

processing software (Verykokou & Ioannidis, 2015; Lingua, 2017; Haval, 2019). Overall, 
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our findings are in support of what was reported by Liu (2018), where more vertical angles 

decreased distortion and gaps observed at the boundaries of the mapped areas.  

Results indicated that higher image overlap covered a larger area, if we compare the 

same camera angle. For instance, at 10 degree off-Nadir the area covered was 2.09 ha when 

image overlap was 90% and was reduced to 1.25 ha when overlap was 45%. At a given 

overlap rate, the tilt of camera angle to a more oblique angle increased the mapped area. 

For example, a 90% overlap included an area of 2.09 ha at 10 degrees off-Nadir angle, 

compared to 5.35 ha when 30 degrees off-Nadir angle was used. We also observed that 

increasing the image overlap from 80 to 90% did not cover a significantly larger area.  

The number of 3D points per bundle adjustment refers to the number of 3D points that 

the software uses to adjust camera parameters to reconstruct a 3D image using 

triangulation. We found that the number of 3D points per bundle block adjustment 

increased with overlap rate at the same camera angle. These results agreed with our 

expectations because higher overlap rates also indicate more images collected over the 

same area. A fact worth mentioning is the point cloud software post-processing time based 

on image overlap. When the image overlap was changed from 45% to 80%, the software 

post-processing time required to generate the point cloud increased progressively. 

However, when image overlap was changed from 80 to 90%, the post-processing time 

soared by nearly five times, in all angles tested. Additionally, the number of 3D points for 

bundle block adjustment rose by 200%.  
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Table 2–2. Processing time, ground sample distance (GSD) and total mapped area with 

different camera angles and overlap rates. Flight height was 70 meters. 

Tilt angle 

(Degrees) 

 Image 

Overlap % 

Average 

GSD 

(cm/pixel) 

Point Cloud 

Processing Time 

(minutes) 

3D Points for 

Bundle Block 

Adjustment 

Area 

Covered 

(ha) 

10 90 1.80 117.0 629,395 2.09 

 80 1.80 22.0 294,640 1.94 

 60 1.80 6.0 136,254 1.63 

 45 1.80 3.0 82,960 1.25 

      

20 90 1.92 99.0 659,333 3.14 

 80 1.92 21.0 295,380 2.86 

 60 1.92 6.0 109,642 2.08 

 45 1.92 2.7 72,729 1.70 

      

30 90 2.10 105.0 688,360 5.35 

 80 2.10 20.0 286,003 4.92 

 60 2.10 5.7 93,673 2.92 

 45 2.10 1.7 58,849 2.78 

 

 

Figure 2.2. Data processing times for 2D maps (left) and the point cloud generation (right), 

at different image overlaps. 
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2.3.2. Point cloud density 

Point cloud densities obtained with different flight altitudes, camera angles, overlap 

rates, and flight path grids are shown in Table 2-3. As expected, lower flight altitudes 

generated denser point clouds. With the same single flight path grid and Nadir angle, the 

point cloud density was 1094 per m2 for flights at 70 meters altitude, compared with 5462 

per m2 at 30 meters, which represents an increase of five times. With the same altitude, a 

higher overlap rate would generate higher point cloud density; the relationship between 

point cloud density and overlap rate can be described as logarithmic lines (Figure 2.3). 

Using a 70 meter altitude as an example, when the overlap rate increased from 45% to 

90%, the point cloud density increased from 522 to 2105 points per m2, which represents 

an increase of 400%. Also, when the flight path was changed from single- to double-

parallel grids (perpendicular to each other), the point cloud density also doubled, from 5462 

to 10560 points per m2. Results indicated that both lower flight altitude and double flight 

path grid can experience an increase in point cloud density. However, flights at low altitude 

and double grid path would increase the number of images and would require a longer time 

to collect and process images.   
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Table 2–3. Point cloud density under different flight altitude, overlap rates, flight path grids 

and camera angles. "Single" grid refers to pre-planned flight path using only parallel lines 

and "Double" refers to two set of parallel flight path perpendicular to each other. 

 

Flight height 

(m) 

Image  

     Overlap (%) 

Grid / Camera angle 

(Degrees) 

Pulses per m2 

(average) 

70 60 Single / Nadir 756 

80 80 Single / Nadir 833 

30 80 Single / Nadir 5,462 

70 80 Single / Nadir 1,094 

    

70 90 Double / 30 2,105 

70 80 Double / 30 1,118 

70 60 Double / 30 871 

70 45 Double / 30 522 

    

70 90 Double / 20 2,537 

70 80 Double / 20 1,488 

70 60 Double / 20 920 

70 45 Double / 20 760 

    

70 90 Double / 10 2,663 

70 80 Double / 10 1,465 

70 60 Double / 10 968 

70 45 Double / 10 891 

    

30 80 Double / 20  10,560 

LiDAR - - 8.12 
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Figure 2.3. Point cloud density at different overlap rates and camera angles. From top to 

bottom, equations corresponding to 10 degrees, 20 degrees, and 30 degrees off-Nadir, 

respectively. 

 

 We observed that camera angles also have significant impacts on resulting point cloud 

densities, especially when the angle changes from 20 to 30 degrees (Figure 2.3). For 

example, at 70 meter altitude and double grid flight path, the point cloud density was 2663 

at 10 degrees off-nadir, compared with 2105 at a 30 degree angle.  

However, at lower overlap rates, the impacts of camera angles were more discrete.  For 

example, when the overlap rate was 45%, the point cloud density was 891 at 10 degrees 

off-nadir, compared with 522 points per m2 at a 30 degree angle.   
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2.3.3. Height, area, and volume estimations 

Estimated height, area, and volume compared with the measured values for three 

cardboard boxes are shown in Figure 2.4. Generally, we found overlap percentages around 

80% performed the best for camera angle of 10 degree and 20 degrees for all variables 

measured. In regards to height, when the overlapping rate increased from 80% overlap to 

90%, R2 decreased slightly. Similarly, we observed a modest reduction from an R2 of 0.995 

to 0.988 when the overlap rate increased from 80 to 90%, when the 20 degrees was used. 

When 30 degrees was used the R2 was highest at 0.994 with 45% overlap. Conversely, R2 

resulted of 0.930 and 0.985 at 80 and 90% overlapping rate.  

The relative bias of height estimation ranged from -20% to -5%, corresponding to an 

error ranging from 1 to 16 cm in height (Table 2-4). As can be seen, the error (bias) was 

lower when 60% overlap was used. In our predictions, height was underestimated in most 

of the results obtained (Figure 2.4). These results are in agreement with previous studies 

reported by Krause et al. (2019) and Rogers et al. (2020), and they also found that the 

photogrammetric method tended to slightly underestimate tree heights. 

The estimated point heights for each image overlap tested expressed as increasing 

distance with respect to the point of the center (of box number 1) are shown in figures 2.5 

and 2.6 (only for 10 degrees). Overlap rates of 90 and 80% tended to concentrate the points 

at the same height level, reducing the dispersion, whereas 45 and 60%, particularly, 

resulted in a rise in point dispersion. These errors were likely due to lower number of 

images collected at 45% and 60% overlap. 

Additionally, figure 2.5 shows the distortion of the shape of the box. Points 

representing the sides of the box, at a lower height than surface, where captured at a 
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distance of nearly 20 cm from the center (actual width of the box was 38.6cm) for image 

overlaps of 90, 80, and 60%. However, when a 45% overlap rate was used, these points 

were also detected at a closer distance to the center, indicating a remarkable distortion of 

the shape represented in the DSM. These results agree with previous expectation because 

a higher number of images provided higher detail to represent the shape of an object in a 

DSM.   

The standard deviation of height measurement changes with increasing distance from 

the box center is shown in Figure 2.7. We found that height measurement close to the box 

center had less bias and less variation, while these points close to the edge would have 

larger errors, and larger variation. The high variation and errors at points close to surface 

edges were likely caused by interpolation errors.  
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Figure 2.5. Point cloud distribution of box 1 extracted from DSM at 10 degrees off-Nadir. 

In red, the actual height of box 1 (74cm). Image overlaps: a) 90%, b) 80%, c) 60% and d) 

45%. As can be seen, there is more dispersion of the points in 60 and 45% overlaps, 

whereas 80 and 90% overlap rates tended to reduce dispersion.   
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Figure 2.6. Panels representing point elevation difference across the surface of the box 

compared with the actual height of box number 1 (at 0 cm). Values were extracted from 

images obtained at 10 degrees off-Nadir at different overlaps: a) 90%, b) 80%, c) 60% and 

d) 45% overlap. Red and blue lines represent confidence intervals at 95%. 
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Figure 2.7. Standard deviation of the height values obtained from the point cloud dataset 

generated from 10 degrees off-Nadir at all overlap rates tested (90, 80, 60 and 45%). It is 

expressed as a variation function of the distance from the box center representing the values 

of box number 1. As can be seen, 90% overlap tended to maintain elevation values across 

the surface more uniformly.  

 

The surface area represented in DSM was overestimated in practically all tests done. 

When 10 degrees was used, the R2 experienced a significant decrease as the image overlap 

was reduced. For example, in 90% overlap rate, the R2 was of 0.997 and resulted of 0.833 

when the overlap rate was 45%. On the other hand, when the camera angle was 20 degrees, 

the R2 ranged from 0.985, when the image overlap was 80%, to 0.876 when the image 

overlap used was 60%. An interesting result was found when 30 degrees was used; the R2 

was 0.996 when the image overlap was 45%, and decreased to 0.945 when 90% overlap 

rate was used.  

When the camera angle of 10 degrees was used, the bias experienced an increase when 

image overlap was reduced. For instance, when the highest overlap was used (90%), the 

bias was 34%, indicating relatively fair agreement. However, the bias was 73% when the 
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image overlap was low (45%), indicating poor agreement. The same trend was observed 

when the camera angle was set at 20 degrees off-Nadir. The biggest error was registered 

when the image overlap was 45%, with a bias of 168%. Finally, when the 30 degree was 

used, the bias resulted of 106% with an image overlap of 60%. These results agree with 

our expectations, because DSMs represented objects in better detail when higher image 

overlaps were used, which provided more accurate area estimations. 

The volume followed a similar trend observed with the results obtained for the area 

estimations. When 10 degrees was used, the R2 was 0.999 with an image overlap of 90% 

and 0.972 when image overlap of 45%. When the angle used was 20 degrees, R2 ranged 

from 0.999 at 80% image overlap to 0.968 at 60% image overlap. Interestingly, at 30 degree 

R2 decreased from 1.000 when image overlap was 45% to 0.990 when the highest image 

overlap (90%) was used. 

At 10 degrees, the bias followed an increasing trend as the image overlap was reduced. 

The bias ranged from 21% to 37% with image overlaps of 90 and 45%, respectively. 

However, the widest range of bias was found at 20 degrees; when the image overlap was 

80% the bias resulted of 3%. Conversely, the biggest error (bias 133%) was found when 

45% image overlap was used. Finally, when the camera was tilted to 30 degrees, the lowest 

error was found when 80% image overlap was used. However, the bias increased to 91% 

when 60% image overlap was used. The volume seemed to be best estimated with 20 and 

30 degrees with 80% image overlap. These results agree with previous expectations 

because a higher number of images would provide better detail to represent objects in a 

DSM.  
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In the analysis of the variables estimated with DSM interpolation (the height, the area, 

and the volume) we aimed to contrast the difference in precision between data acquired at 

high and low image overlap coupled with different camera angles. However, more data 

needs to be acquired to obtain more definite results and provide more evidence of whether 

the camera angle has an influence on the variables measured.  
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CHAPTER 3: Using Unmanned Aerial Vehicle and LiDAR-derived 

DEMs to Estimate Channels of Small Tributary Streams 

Abstract: Defining stream channels in a watershed is important for assessing freshwater 

habitat availability, complexity, and quality. However, mapping channels of small tributary 

streams becomes challenging due to frequent channel change and dense vegetation 

coverage. In this study, we used an Unmanned Aerial Vehicle (UAV) and photogrammetry 

method to obtain a 3D Digital Surface Model (DSM) to estimate the total in-stream channel 

and channel width within grazed riparian pastures. We used two methods to predict the 

stream channel boundary: the Slope Gradient (SG) and Vertical Slope Position (VSP). As 

a comparison, the same methods were also applied using low-resolution DEM, obtained 

with traditional photogrammetry (coarse resolution) and two more LiDAR-derived DEMs 

with different resolution. When using the SG method, the higher-resolution, UAV-derived 

DEM provided the best agreement with the field-validated area followed by the high-

resolution LiDAR DEM, with Mean Squared Errors (MSE) of 1.81 m and 1.91 m, 

respectively. The LiDAR DEM collected at low resolution was able to predict the stream 

channel with a MSE of 3.33 m. Finally, the coarse DEM did not perform accurately and 

the MSE obtained was 26.76 m. On the other hand, when the VSP method was used we 

found that low-resolution LiDAR DEM performed the best followed by high-resolution 

LiDAR, with MSE values of 9.70 and 11.45 m, respectively. The MSE for the UAV-

derived DEM was 15.12 m and for the coarse DEM was 20.78 m. We found that the UAV-

derived DEM could be used to identify steep bank which could be used for mapping the 

hydrogeomorphology of lower order streams. Therefore, UAVs could be applied to 

efficiently map small stream channels in order to monitor the dynamic changes occurring 
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in these ecosystems at a local scale. However, the VSP method should be used to map 

stream channels in small watersheds when high resolution DEM data is not available. 

 

Keywords: DEM; LiDAR; UAV; Stream bank; VSP; Slope Gradient. 
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3. 1.  Introduction 

Freshwater ecosystems provide critical habitat for insects, amphibians and other 

wildlife. Many terrestrial species travel through or settle for a short period of their life 

cycles in these areas as they seek suitable shelter (Forman, 1995; Wipfli, 1997). The 

riverine forest provides an important niche for many wildlife species and is also used as a 

travel corridor for other species, such as birds and small mammals (Naiman et al., 1999; 

Osbourne et al., 2005; Peak and Thomson, 2006; Rykken et al., 2007). The shoreline 

vegetation offers shade and wind protection that helps regulate water temperature and 

increases the dissolved oxygen concentration (Lanini et al., 2004; Caissie, 2006; Garner et 

al., 2014; Kalny et al., 2017). 

One of the most important physical indicators related to freshwater ecosystem 

assessments is stream location and stream bank condition. In order to evaluate the 

environmental condition of riparian corridors, it is necessary to quantify vegetation 

coverage and stream bank morphologic characteristics (stream bed slope and sinuosity) 

and predict bank erosion rates (Bohn, 1986; Johansen et al., 2013; Tufekcioglu et al., 

2020). The presence and distribution patterns of specific plant species growing on stream 

banks are closely related to fluvial geomorphic processes, bankfull discharge and natural 

dynamics occurring in these areas (Biedenharn et al., 2000; Loučková, 2012). Additionally, 

the distribution of herbaceous plant species, woody shrubs and tree species can 

significantly influence the hydromorphic roughness of the floodplain. It can also affect the 

transition between the main channel and the floodplain, and modify the dynamics of flood 

waves (Tabacchi et al., 2000; Forzieri et al., 2012; Apollonio et al., 2021). 
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The removal of streamside vegetation due to land use activities, such as cattle grazing, 

can lead to dramatic changes in stream channel size and morphology. Previous studies 

concluded that grazing activities not only trigger increases in sediment load, but also cause 

channel incision and widening (Evans et al., 2006; Magner et al., 2008; Zaimes et al., 

2019). As a consequence, the effects of increased turbidity and channel widening can 

severely affect channel morphology and threat fish habitat. 

In order to apply management strategies to mitigate the environmental concerns in 

these areas, the first step is to pinpoint the bank slope position, which can serve as the 

starting point of further analysis of stream conditions and water quality. Satellite-derived 

imagery and images obtained with traditional high-altitude aerial photography have been 

widely used since they cover broad areas. However, the vegetation overhanging on top of 

a stream channel can partially shade the stream’s boundaries and make it difficult to 

ascertain the exact location of boundaries. This fact becomes particularly exacerbated over 

small streams where image resolution becomes the limiting factor (Morisawa, 1957; 

Chorley and Dale, 1972). 

Digital elevation models (DEMs) have been widely used as a source for landscape 

modelling and solving various environmental problems, as an alternative to satellite-

derived imagery. The accuracy of DEMs could have a major impact on the quality of DEM-

derived landscape matrices, including surface drainage patterns and channel 

geomorphology prediction (Scannavino et al., 2011; Woodrow et al., 2016). In addition to 

DEM accuracies, the resolution of DEMs is also critically important for the mapping of 

small streams and narrow conduits in floodplains. Therefore, coarse-resolution DEMs 

obtained with traditional photogrammetry cannot preserve fine topographical terrain 
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features, such as small stream channels, bank locations and bank slopes (Garbrech and 

Mart, 1994; Zhang and Montgomery, 1994; Dietrich et al., 1995; Hengl, 2006; Sørensen 

and Seibert, 2007). Additionally, water level fluctuations coupled with stream erosion and 

sedimentation processes over time can lead the datasets derived from aerial photography 

to be rapidly outdated, since they are unable to reflect these changes periodically (Smart et 

al., 2001; Abood et al., 2012; Fernández et al., 2012). 

High-resolution LiDAR (Light Detection and Ranging) DEMs can provide more detail 

to detect and locate microtopographic features at the sub-meter scale (Lane et al., 2009; 

Buchanan et al., 2013; Thomas et al., 2017). Therefore, they have been used as a source to 

implement mitigation strategies at critical locations to prevent pollutant transfer and 

increase pollutant retention (Murphy et al., 2009; Doody et al., 2012). However, LiDAR 

presents some drawbacks: the dataset production can be costly due to the expensive sensors 

employed, and the broad geographical areas covered require lengthy software processing 

times and the need of trained personnel. As a consequence, LiDAR datasets are updated 

periodically every five years, or longer, which is insufficient to accurately capture the 

frequent changes often occurring in freshwater ecosystems. 

Latest developments in computer science have developed dynamic algorithms capable 

of data-driven decisions, i.e., Machine Learning (ML), which have been applied to 

environmental sciences (Haupt et al., 2008; Hsieh, 2009; Thessen, 2016). With the help of 

ML technology, Islam et al. (2021) found that higher resolutions of image and elevation 

detail could have generated more accurate data for environmental risk assessment. 

Martinez-Santos and others (2021) used Random Forest (RF) and Super Vector Machines 

(SVM) to predict and classify the presence of water bodies. Whilst the algorithm performed 
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well over flat areas, the authors reported some imprecisions over ridges due to the absence 

of accurate DEMs. 

Recent advances, availability and affordability of Unmanned Aerial Vehicles (UAV) 

coupled with computer algorithms have made their usage a cost-effective alternative to 

Airborne Laser Scanning (ALS) (Fonstad et al., 2013; Escobar Villanueva et al., 2019; 

Jeziorska, 2019). Manfreda et al. (2018) pointed out that UAVs could be used as the 

connection device between field observations and spatiotemporal constraints, which could 

remarkably improve environmental monitoring over small low-order streams. 

The integration of a UAV-derived Digital Terrain Model (DTM) can consistently 

improve the classification accuracy of (1) land cover/image classification and (2) change 

detection (Zhang et al., 2015; Aguilar et al., 2019; Yao et al., 2019). In this sense, 

Schumann et al. (2019) used UAVs to generate a bare-Earth model and extract floodplain 

and river cross-section geometries of a small stream in the U.S. They concluded that UAVs 

were precise and could extract highly detailed topographical data over significantly small 

scales. Chen et al. (2020) compared satellite, LiDAR and UAV-derived DEMs to estimate 

the vertical errors among these topographic models in order to assess their feasibility in 

water balance estimations over a wetland area. They concluded that photogrammetric 

UAVs were a cost-efficient approach for bathymetry estimations. 

The proliferation of UAV-based remote sensing techniques has been applied for 

monitoring and managing natural and sensitive ecosystems, such as peat bogs. For 

example, Lendzioch et al. (2021) sampled groundwater levels (GWL) and soil moisture 

(SM) in two different locations in Czechia. They concluded that UAV-based thermal data 
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estimations combined with DSMs can accurately predict spatial distribution of these GWL 

and SM parameters on peat bogs. 

In order to predict stream channel geomorphology, several authors have used different 

algorithms to locate abrupt changes in channel slope, or areas of rough terrain, using DEMs 

as a source. Meng et al. (2006) elaborated an algorithm called Vertical Slope Position 

(VSP) which produced realistic delineations of small-scale catchment areas, flow channels, 

depressions and wet areas. Based on this algorithm, the soil saturation is predicted to be 

higher in areas close in elevation to their assigned surface water, which decreases the VSP. 

Thereby, the VSP has been implemented to delineate hydrologic sensitive areas (HSAs) 

and critical source areas (CSAs) in agricultural catchments, with especial detail in areas 

intersecting the stream (Murphy et al., 2009). Cartwright and Diehl (2017) used the Slope 

Gradient (SG) to classify Topographic Position Index (TPI) and predict steep bank slope 

areas sensitive to geomorphic instability and estimate indicators associated with fluvial 

erosion risk. They concluded that highly localized areas of high profile curvature and steep 

slope were probably excessively small to be resolved by 1 m DEMs. 

Based on these previous studies, we believe that UAVs could be used as a cost-

effective method to map the stream geomorphology and channel boundaries in small 

watersheds and provide this critical landscape structure parameter that was not easily 

available in the past. The main aim of this study is to assess the feasibility of precisely 

mapping lower order stream bank locations with UAV in comparison to LiDAR. We used 

two algorithms to map the bank location: (i) Slope Gradient (SG) and (ii) Vertical Slope 

Position (VSP). The accuracies of these two methods in predicting stream bank location 

were assessed using four different DEMs: a UAV-derived DEM and three provincial DEM 
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sources; (1) Traditional coarse resolution DEM; (2) LiDAR at 1.2 pulses m−2; and (3) 

LiDAR at 6 pulses m−2.  

3. 2.  Materials and methods 

3.2.1. Study area 

The study was conducted at the Ridge Brook Watershed, which is a small sub-

watershed of the Canaan River Watershed in southeastern New Brunswick, Canada 

(46°01′29.0” N, 65°18′32.5” W; Figure 3.1). The climate in this Canadian maritime 

province is considered warm-summer humid continental (categorized as Dfb in the Köpen-

Geiger system classification; Figure 3.1), with freezing snowy winters and warm summers. 

The cold winter is generally caused by air masses coming from interior coupled with cold 

currents coming from the sea. Temperatures are expected to drop to −30 °C or even lower. 

Summer highs are expected around 32 °C, most likely in the southern part of the province. 

Precipitation is distributed throughout the year, with expected amounts of 1300 mm over 

the southern coast, and about half of total precipitation is in the form of snow.  
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Figure 3.1. a) Köppen-Geiger climate types of Atlantic Canada and the location of The 

Ridge Brook sub-watershed within the province of New Brunswick (NB, Canada); and (b) 

the location of the study area (Hicksville settlement, Havelock, NB). In red, the area 

covered by the bioengineered buffer. Yellow triangles show common areas where cattle 

cross the stream. The stream follows a South to North direction.  

 

The sub-watershed where the study was conducted covers an area of 7020 ha, with a 

small-scale limestone extraction operation near the small town of Havelock. The soil type 

has been classified as Luvisolic, which is commonly found in depressions with poorly 

drained sites coupled with Regosolic soils. These soils may have an Ah or Ae horizons as 

top mineral horizons. An Ah horizon is enriched with organic matter often combined with 

eluvial platy A horizons (Ae). Often, silicate clay has been leached by percolating water to 

illuvial horizons (Bt) of clay deposition and organic matter storage in imperfectly drained 

sites. Therefore, Luvisols are typically well supplied with base cations, such as calcium 

and magnesium, and have loamy or clay-dominated soil textures. Clay in Bt horizon can 
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be restrictive to air and water movement as well as to root growth. These types of soils are 

often classified as rapidly to imperfectly drained (Canadian soil classification system). The 

pH detected in the field is close to 5.5. In agriculture area, mix crops, including grasses, 

barley and legumes, are commonly observed. 

The stream bank is mostly dominated by reed canary grass (Phalaris arundinacea), 

Joe-pye weed (Eutrochium purpureum), horse tails (Equisetum sp) and cattails (Typha sp) 

as the herbaceous layer. On the other hand, speckled alder (Alnus incana), green alder 

(Alnus viridis), red osier dogwood (Cornus sericea) and willows (Salix sp) dominated the 

woody shrub strata. The upstream riverine area adjacent to the farm is surrounded by two 

sections of planted conifer species, red pine (Pinus resinosa) and Jack pine (Pinus 

banksiana). These planted species may increase the acidity of the soil in the natural riparian 

forest, located in the southernmost part of the study area. 

Over the past decades, the stream assessments of the Canaan River have reported 

tremendous development pressures due to forestry and agricultural activities, which have 

affected the quality and quantity of the adjacent water bodies. Within the study area cattle 

had access to the stream as a watering source which partially removed the streamside 

vegetation. As a consequence, sedimentation of sand and gravel deposits increased in 

stream which led to degradation of water and habitat quality. After a detailed fluvial 

geomorphic assessment, a bioengineered buffer zone was implemented over a decade ago 

to re-align the channel based on the natural hydraulic characteristics. This bioengineering 

buffer zone project added stability to the stream and allowed the recovery of the riverine 

corridor close to natural condition. Natural pool/riffle spacing was developed, allowing 

fish to move freely through this section of the brook during any flow conditions, which led 
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to a progressive recovery of aquatic habitat for salmonids. However, due to the lack of an 

off-stream watering system for cattle and absence of a dedicated livestock crossing, 

vegetation is still removed from grazing activities over the streamside areas outside of the 

bioengineered buffer. 

3.2.2. Data collection and data processing 

In order to delineate the riverbank and estimate the surface area of the river, four 

different types of datasets obtained with different methods and resolutions were applied: 

(1) UAV-derived DEM; (2) coarse resolution DEM, obtained with traditional 

photogrammetry; (3) LiDAR-derived DEM at 1.2 pulses m-2; (4) LiDAR-derived DEM at 

6 pulses m-2. 

3.2.3. Unmanned Aerial Vehicle (UAV)  and sensors 

A DJI Phantom 4 Pro (Nanshan, Shenzhen, China; Da-Jiang Innovations, SZ DJI 

Technology Co., LTD; Figure 3.2) was used for this study. The Phantom 4 Pro is a vertical 

takeoff and landing aircraft with total payload of 1388 g including battery and camera. This 

UAV uses four 2312S Brushless motors powered by a 15.2 V battery with a cruising speed 

of 72.0 km h−1 (s-mode) and a maximum climb speed of 6 m s−1. The maximum wind speed 

resistance is up to 10.0 m s−1. The reported transmission range with no obstruction or 

interference is up to 7000 m and the maximum service ceiling is 6000 m asl. The stated 

maximum flight time with a single battery is 30 min. In our tests, we observed a practical 

flight time of nearly 25 min, depending on wind speed and temperature (<10 km h−1; >4 

°C). 
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Figure 3.2. The DJI Phantom 4 Pro set up in the field. 

The onboard camera is a 1” complementary metal oxide semiconductor (CMOS) with 

20M effective pixels (5472 × 3648). The lens has a field of view (FOV) of 84° and the 

focal length is 8.8 mm/24 mm (35 mm format equivalent) f/2.8–f/11 auto focus at 1 m–∞. 

During the flight, the image trigger can be activated automatically in autopilot flight mode, 

with simultaneous timestamps. The sensor registers either vertical images captured at nadir 

angle, for 2D maps, or off-nadir angles (up to 90 degrees) for 3D Digital Surface Model 

(DSM) reconstructions. Due to its multiple satellite position navigation system (GPS & 

GLONASS), the aircraft can automatically record GPS locations. Images and metadata are 

automatically stored with a 64 GB Lexar high performance 633x MicroSDXC UHS-I 

Secure Digial Card (SD-Card). 

This DJI Phantom 4 Pro was chosen due to its recognized camera stability (Shamshiri 

et al., 2018; Krisanski et al., 2020). This UAV outperformed other UAVs (e.g., DJI Mavic 

Pro, DJI Matrice 210 and DJI Inspire 1) tested in a previous study led by Rogers et al. 

(2020). It provided the highest prediction accuracy in four of the six land covers tested 

(forest, vines, bare soil and mowed grass). This study also stated that the Phantom 4 Pro 

provided the best balance between size and sensor resolution. Kuželka and Surový (2018) 
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concluded that the images acquired with this UAV had higher quality and detail than DJI 

Mavic Pro due to its larger sensor and higher sensor resolution. 

3.2.4. UAV data collection 

Parallel flight grid missions were programmed in order to collect images with the 

UAV. We used a side image and frontal overlap rate of 80%, during pre-leaf conditions to 

cover 36 ha, in May 2019. We acquired 1027 images in two flights, with an average flight 

speed of 7 m s−1 at near-ground elevation (80 m); all images were captured at nadir camera 

angle. Wind speed was less than 10 km h−1 during flight time and the sky was partially 

overcast, with few clouds and low sunlight intensity. This particular season provided the 

best field conditions to obtain aerial images of the stream, since the stream bank’s 

herbaceous vegetation was still snow-flattened, but without residual snow cover on the 

ground. This helped to reduce the potential elevation error caused by the height of 

streamside vegetation observed during summer and fall. Therefore, no seasonal analysis 

was performed. 

The captured images were processed under the Structure-from-Motion (SfM) 

algorithm to generate geo-rectified orthomosaic images using software package Pix4D 4.4 

(Prilly, Switzerland; Pix4D S.A.). The latitude, longitude and altitude (WGS84 projection) 

recorded in metadata with onboard GPS of UAV were used to position the aerial photos 

first. Common points from different images in the overlap areas were used as keypoints to 

build a 3D projected point through aero-triangulation (Wolf and Dewitt, 2000). In order to 

improve the software image stitching, 10 manual tie points (mtps) were added in the 

planted forest area upstream. Additional errors originating from lens distortion, GPS 

position error, aircraft attitude uncertainty and errors in time domain can lead to decreased 
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accuracy in the relative UAV map geolocation (Fabian et al., 2020). Therefore, the overall 

geolocation was corrected using the target coordinates as checkpoints, acquired with 

handheld GPS as relative accuracy (Grau et al., 2021). Six ground control markers (square 

targets of 1.44 m2) were equally distributed across the site and at the boundaries of the 

study area, including next to the watercourse at different elevations (Figure 3.3). In order 

to mark the positions of the panels with geometrical precision, a ground control point 

(GCP) of each target’s corners was recorded with a Trimble Geoexplorer 6000 Series 

handheld GPS for georeferencing accuracy. For each record, the GPS device was 

connected to a minimum of 16 satellites available and the precision observed during the 

geolocation acquisition was 10 cm. The GPS was placed on a static position for 30 seconds 

on each GCP using Real Time Kinematics (RTK) mode. 

 

Figure 3.3. Distribution of the GCPs in the study area. 
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3.2.5. Point cloud editing 

Overall, the software can automatically classify different land uses, such as pastures, 

road, buildings, high vegetation and roads, with acceptable accuracy. However, finer 

manual classification was undertaken in order to correct potential 3D point punctual 

misclassifications of ground or vegetation, to avoid errors in the digital ground surface 

model (Poppenga et al., 2010). In addition to the error caused by stream bank vegetation, 

another source of error was found within the stream channel. This was potentially caused 

by floating objects moving on the water’s surface as well as light/illumination changes 

between images captured at different times (i.e., reflection, absorption and refraction). In 

some areas, the UAV camera could penetrate the water surface and captured the stream 

bed, while in other high-reflection conditions the light could not penetrate the water’s 

surface. This is a common source of error, or noise, in the estimation of surface elevation 

(Hashemi-Beni et al., 2018; Jeziorska, 2019). For these reasons, points classified as water 

were removed in order to reduce the elevation uncertainties for the estimation of the stream 

channel, the triangulation, and the effects on the quality of the DEM (Hashemi-Beni et al., 

2018). The resulting point cloud had an average density of 833 points m−2 and it was further 

interpolated at 0.3 m resolution, using the LAStools commercial software suite (Martin 

Isenburg, LAStools-efficient tools for LiDAR processing).  

3.2.6. Traditional DEM and LiDAR DEMs 

The coarse resolution DEM obtained with traditional photogrammetry was acquired 

from the Service New Brunswick (SNB; http://www.snb.ca/geonb1/e/dc/catalogue-E.asp 

accessed July 1st, 2021). The accuracy of a single elevation point was approximately 2.5 

m and the spacing between the elevation points was nearly 70 m on average, with increased 
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density in more complex terrain areas. We generated a DEM at a 2 m cell size using the 

Inverse Distance Weighted (IDW) interpolation method. 

The LiDAR DEMs were obtained from SNB geographic database. The point cloud 

density of the LiDAR dataset collected in 2013 was 1.2 points m−2, with horizontal 

accuracy of 0.3 m and vertical accuracy of 0.133 m at 95% confidence level. The point 

cloud density of the LiDAR dataset collected in 2018 was 6 points m−2, with horizontal 

accuracy of 0.20 m and vertical accuracy was RMSE Z = 10.5 cm, equating to ± 20.6 cm 

at 95% confidence level. 

It is essential to remove points being classified as water when processing LiDAR 

DEM. The elevations of water points (such as depressions) are lower than their 

surroundings, and as such the overall accuracy of the interpolated surface between points 

may decrease if a significant number of these points are present but not resolved. Thus, the 

LiDAR hydrologic enhancement correction was applied prior to DEM generation, as 

recommended by previous researchers (Brzank and Heipke, 2006; Wu et al., 2009). The 

DEM raster was generated with Natural Neighbor interpolation with 30 cm resolution. 

3.2.7. Stream network  

Spatial hydrology tools of ArcGIS (10.5) were used to generate stream networks using 

the previously described DEMs as inputs. For the coarse resolution DEM, “stream burning” 

of the provincially field-mapped open drainage channel network (SNB Geospatial 

Database) was used to lower cells in the interpolated DEM to invigorate overland flow 

through mapped feature locations (Zhang and Montgomery, 1994). The resolution of this 

topographic model was excessively coarse to capture and represent narrow topographic 
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features such as stream channels due to surface generalizations of the terrain (Ostman, 

1987; Hancock, 2005). 

Although LiDAR- and UAV-derived DEMs do not require stream burning due to high 

point cloud density, hydro-conditioning was still required to remove local depressions 

created by natural or artificial landscape features. The eight-direction flow model (D8 

algorithm, (O'Callaghan and Mark, 1984)) was used to derive the flow network and 

calculate the flow accumulation. The minimum flow initiation threshold for flow 

accumulation was set as 4 ha (equivalent to 444,444 DEM cells for high-resolution DEMs 

and 10,000 cells for coarse DEMs), to remove seasonal streams from the map and to 

geographically represent drainage of only the main channel with average water flows year-

round. 

3.2.8. Stream Channel Boundary Prediction Methods 

In this study, two methods were used to represent stream hydrogeomorphology and to 

predict stream channel boundaries: the Slope Gradient (SG) and the Vertical Slope Position 

(VSP). The Slope Gradient method assumes that a marked degree of change in elevation 

along the land/water interface could be detected by the steep slope of a stream bank, and 

this abrupt steep slope could be detected with high-resolution DEMs. Average zone slope 

threshold values were extracted by overlaying a line feature that intersected the land/water 

border predicted by the DEM. Due to the relatively small extent of interest, it was assumed 

that the natural slope gradient was negligible and this was the average value used. With 

“ground” class selected in high-resolution point clouds (LiDAR and UAV), the area 

between both stream bank sides would be estimated as water surface, in the particular time 

of data collection, for each data source. In higher-resolution datasets, target raster zones 
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were cleaned (filtered) by a series of raster functions to (1) remove small zones (using 

shrink function), (2) perform an area-based threshold of remaining zones (region group and 

zonal geometry functions) and (3) expand remaining zones back to their original extent. 

The Vertical Slope Position (VSP) is defined as the elevation differences between the 

land and the nearest water surface and calculated by integrating the elevation difference 

for each cell alone to the nearest water body (Meng et al., 2006): 

𝑉𝑆𝑃 = 𝑚𝑖𝑛∑(𝑑 ∗ 𝑠) 

 

where “d” is the distance between two adjacent cells (m) and “s” is slope steepness (m 

m−1). 

The groundwater table thresholds set in DEMs are representative of the depth to water 

or elevation difference to water. Cells with a VSP below a threshold value were classified 

as stream channel and the threshold value was calibrated with field data.     

3.2.9. Field-validation and statistical analysis 

The Trimble Geoexplorer 6000 GPS unit (10 cm accuracy) was used to record the 

stream bank location in RTK mode with a minimum of 16 satellites available and a reported 

error of 10 cm. We recorded the location where herbaceous emergent aquatic species were 

found. The distribution and density of these plant species could be used as an indicator of 

the most representative long term processes occurring on the stream bank (Biedenharn et 

al., 2000; Loučková, 2012). In sections where high dense riparian vegetation impeded 

proper human access to the stream, 150 singular GPS waypoints were collected to complete 

the field delineation. In addition, we also measured 25 field-cross sections selecting the 

areas partially covered by the dense canopy where the human access was difficult. Within 

a distance of 1.04 km of the stream surveyed, field-cross sections ranged from 5.5 m in the 
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partially restored area to 19 m in the widest section of the stream, near the section where 

cattle grazed more intensely. 

The LiDAR hydrologic enhancement correction, detailed previously, reduced the 

natural land features, such as rock outcrops and small stream islands, detected by LiDAR 

within the stream channel. This fact isolated the slope gradient maximal change detection 

towards the longitudinal narrow boundary and improved its prediction. We obtained the 

same effect by removing the points classified as water from the UAV point cloud. 

For the VSP map, different elevation thresholds were tested in order to maximize the 

correctness and minimize both errors of omission (false negative) and commission (false 

positive) by using the field-validated GPS transect as a reference. 

The receiver operating characteristic (ROC) curves optimized the trade-off between 

the false positive rate (error) and the true positive rate in predicting the stream boundary, 

at various threshold settings (shown as cumulative probability; (Fawcett, 2006; Ariza 

López and Atkinson Gordo, 2008)). Intervals of 0.5 m of error were used to estimate the 

correctness (cumulative probability extracted from ROC curves) of each DEM, in order to 

determine the percentage of agreement between the predicted and observed stream bank 

locations. Mean squared errors (MSE) were used to measure of the degree of agreement 

between predicted and observed stream bank locations: 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑌𝑖 −
𝑛
𝑖=𝑛 𝑌̂𝑖)2 

where 𝑌 is the vector of observed values (precise location recorded with GPS) of the i 

variable predicted and 𝑌̂ are the predicted DEM values, measured in meters. Figure 3.4 

summarizes the methodology used in this study. 
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Mean relative error (MRE) was used as the second indicator to assess the goodness of 

fit: 

𝑀𝑅𝐸 =
1

𝑛
∑

|𝑌̂𝑖 − 𝑌𝑖|

𝑌𝑖

𝑛

𝑖=𝑛

 

The Kling-Gupta Efficiency (KGE) proposed by Kling et al. (2012) was calculated to 

measure the goodness-of-fit. This indicator has been widely used in recent years to ensure 

that the bias and variability ratios were not cross-correlated (Thirel et al., 2015; Pool et al., 

2018): 

𝐾𝐺𝐸 = 1 −√(𝑃𝐶 − 1)2 + (
𝑠𝑑𝑝

𝑠𝑑𝑜
− 1)2 + (

𝑚𝑝

𝑚𝑜
− 1)2 

where PC corresponds to the Pearson Coefficient value, mo is the average of observed 

values and mp is average of predicted (DEM) values. The standard deviation of observed 

values is represented as sdo and standard deviation of predicted values is represented in 

sdp. 
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Figure 3.4.  Flow chart for mapping of stream bank location and channel surface area with 

coarse, LiDAR and UAV-derived DEMs. 

3. 3.  Results 

3.3.1. UAV-derived DEM geolocation accuracy 

Since the Phantom 4 Pro was capable of automatically recording GPS locations, we 

used this product as the relative geolocation. However, adverse factors such as lens 

distortion, GPS position error, aircraft attitude uncertainty and errors in time domain can 

lead to decreased accuracy in the relative UAV map geolocation, as reported by Fabian et 

al. (2020). Therefore, the overall geolocation was corrected using the target coordinates as 

checkpoints, acquired with handheld GPS as relative accuracy. The elevation Root Mean 



 

 62 

Squared Error (RMSE) for these GCPs was 0.075 m, and the horizontal RMSE for 

longitude and latitude were 0.078 and 0.066 m, respectively. These results indicate high 

precision between the measured coordinates (GCPs registered in the field) compared with 

the software-calculated position. Elevation ranges predicted for each DEM for the study 

area can be seen in a previous study (Grau et al., 2021), where the same elevation sources 

were used. 

3.3.2. Stream Channel Boundaries Prediction by Slope Gradient method 

The stream bank predicted using the Slope Gradient method is shown in Figure 3.5. 

As shown, the highest density among these datasets can be observed in the UAV point 

cloud (Figure 3.5i). This dataset covered the entire study area except for a few narrow 

sections (empty gaps) due to presence of high vegetation located by the streamside. The 

LiDAR 6.0 also covered the entire study area (Figure 3.5f), except the area where the high 

vegetation of the bioengineered buffer was found. Conversely, due to the remarkably lower 

density of points collected by LiDAR 1.2 (Figure 3.5c), the portions of ground without data 

increased significantly. The coarse-resolution DEM was not only unable to determine the 

location of the stream bank’s boundaries (Figure 3.5a) but also insufficient to reflect the 

width changes along the flow network with acceptable accuracy just by visual assessment. 

Before filtering, the channel predicted by the LiDAR 1.2 DEM was significantly more 

accurate than that of the coarse DEM (Figure 3.5d). However, there were considerable 

isolated pocket areas in riparian zones being classified as stream channel based on LiDAR 

1.2 DEM. This fact resulted in a significant overestimation of the stream bank boundary. 

After filtering, the prediction accuracy was significantly improved because those isolated 

pocket areas were eliminated. However, there were still remarkable errors in area with 
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fenced riparian zones and the predicted stream channels resulted considerably wider (light 

blue areas in Figure 3.5e) compared to the field-mapped stream channel within red lines. 

The stream bank delineated with LiDAR 6.0 DEM resulted in a smoother and more 

explicit channel compared with that of LiDAR 1.2 (Figure 3.5h). However, errors in area 

with fenced riparian zones and predicted stream channels were still considerably wider 

than field mapped stream channel, which was similar to the stream channel predicted by 

LiDAR 1.2. The stream channel predicted by the UAV-derived DEM was more accurate 

than LiDAR 1.2 and LiDAR 6.0, even before the filtering method was applied (Figure 

3.5j).  
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Figure 3.5. Point clouds (“ground” class) of the four different DEM sources are represented 

in (a) coarse DEM, (c) LiDAR 1.2, (f) LiDAR 6.0 and (i) UAV. Stream channels predicted 

with Slope Gradient method before applying the Region Group filter represented in (b) for 

coarse DEM, (d) LiDAR 1.2, (g) LiDAR 6.0, (j) UAV and after applying the Region Group 

filter represented in (e) for LiDAR 1.2, (h) LiDAR 6.0 and (k) UAV. 
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 The cumulative probabilities (correctness) of the stream channel boundary predicted 

before filtering are shown in Figure 3.6. Channel boundary was predicted with 89% 

accuracy within an error of 2 m for the UAV-derived DEM, compared with the accuracy 

of 80% and 67% for the LiDAR 6.0 and LiDAR 1.2 DEMs, respectively. For the coarse 

DEM, the accuracy was only 26% for the probability of estimating the stream channel 

within 2 m of error. 

 

Figure 3.6. Receiver Operating Characteristic curves (ROC) representing cumulative 

probability of the Slope Gradient in predicting stream channel associated to error (m) prior 

to applying filter. 

 

The cumulative probabilities (correctness) of stream channel boundary predicted after 

filtering are shown in Figure 3.7. After application of filtering, channel boundary predicted 

by the LiDAR 6.0-derived DEM had a probability of 88% within an error of 2 m, which 

represents an increase of 8% with respect to the same probability before applying the filter. 

A fact worth mentioning is the improvement experienced by the LiDAR 1.2-derived DEM, 

which was able to predict the stream bank boundary with a probability of 82% within an 

error of 2 m. This represents an increase of 15% in accuracy with respect to the same 
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probability prior to applying the filter. However, the percentage of improvement post 

applying the filter did not change substantially for the UAV-derived DEM compared to 

LiDAR, since the filter did not increase the accuracy significantly.  

 

Figure 3.7. Receiver Operating Characteristic curves (ROC) representing cumulative 

probability of the Slope Gradient in predicting stream channel associated to error (m) after 

filtering. 

 

Mean relative errors (MRE) and Kling-Gupta efficiencies (KGE) regarding the stream 

bank prediction for each DEM can be seen in Table 3–1. As shown, the coarse DEM 

registered the highest mean relative error (0.50) of all the topographic models used, and 

predicted the stream bank boundary with the lowest KG efficiency of only 34%. These 

results agree with the MSE values obtained previously, due to the low resolution of this 

elevation model. Among the high-resolution DEMs, the UAV-derived DEM predicted the 

stream bank boundary with an efficiency of 82%, followed by LiDAR 6.0 (KGE = 70%), 

prior to applying the filter. The LiDAR 1.2 was able to predict the stream bank boundary 

with an accuracy of 67% before applying the filter. 
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The KG efficiencies improved significantly after applying the Region Group filter. 

When the LiDAR 1.2 was used as a source the KGE value increased by 13%, from 67% to 

80%, which reduced the MRE error by, practically, 0.1 units. A similar trend was observed 

in the LiDAR 6.0, where the KGE increased by 15%, from 70% to 85%. In this case, the 

MRE was reduced from 0.24 to 0.15 post applying the filter. The changes observed for the 

UAV-derived DEM were not as significant, and the MRE value was reduced from 0.17 to 

0.14 post filtering. Nonetheless, the KGE achieved the highest precision among the high-

resolution DEMs with 86%. 

Table 3–1. Mean Squared Errors (MSE), Mean Relative Errors (MRE) and Kling-Gupta 

Efficiencies (KGE) before filtering (BF) and after filtering (AF) for each DEM; (N/A = not 

applicable). 

Estimator Coarse DEM LiDAR 1.2 LiDAR 6.0 UAV DEM 

MSE BF 26.76 7.87 5.27 2.32 

MSE AF N/A 3.33 1.91 1.81 

MRE BF 0.50 0.29 0.24 0.17 

MRE AF N/A 0.20 0.15 0.14 

KGE BF 0.34 0.67 0.70 0.82 

KGE AF N/A 0.80 0.85 0.86 

 

3.3.3. Stream Channel Boundaries Prediction by Vertical Slope Position(VSP) 

The stream channel, classified with the VSP thresholds method, is shown in Figure 

3.8. With VSP = 0.2 m threshold, the MSE between predicted and actual stream channel 

was 9.70 for LiDAR 1.2, which was the optimal threshold for this dataset. With the same 

VSP threshold, the MSE was 11.85 for LiDAR 6.0 and 18.68 for the UAV-derived DEM. 

The optimal threshold for LiDAR 6.0 and UAV was 0.25 m with MSE = 11.45 and MSE 

= 15.12, respectively. For the coarse resolution DEM, MSE was 20.78 using 1.0 m as 

optimal classification threshold and 32.62 with 1.5 m as threshold classifier. 
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In general, predicted errors measured with MSE were substantially higher than that of 

the Slope Gradient method for all high-resolution DEM sources (9.70 to 15.12 compared 

to 1.81 to 3.33). Nonetheless, the results for the coarse-resolution DEM improved when 

the VSP method was applied (from 26.76 to 20.78). With the Slope Gradient method, the 

UAV-derived DEM produced the best results, followed by LiDAR 6.0 and LiDAR 1.2. 

However, with the VSP method the LiDAR 1.2 DEM performed the best, followed by the 

LiDAR 6.0 and UAV-derived DEMs. A related point to consider is the MSE obtained for 

the coarse DEM was fairly close to the performance of the UAV-derived DEM. This result 

indicated that the VSP method is not as sensitive to DEM accuracy and resolution 

compared to the Slope Gradient method. Based on the visual assessment of the image 

(Figure 3.8), the coarse DEM appeared to be more accurate over the narrow section of the 

stream than in the wider section without dense vegetation cover along the stream bank 

(Figure 3.8a). Similar performance was observed when the UAV-derived DEM was used 

as a source, where higher discrepancies were observed in areas with open water sections 

of the stream (Figure 3.8d). 

As reflected by MSE values, LiDAR 1.2 provided high agreement with the VSP 

method and was able to predict the area occupied by the stream channel better than LiDAR 

6.0. This was especially true in the narrowest section of the stream, located at the bottom 

section of Figure 3.8b. We also noticed that with the VSP method, the UAV-derived, DEM-

predicted stream channels did not agree with the field survey, and this was especially true 

in the widest section of the stream channel. This is likely due to DEM errors caused by 

light reflection of water surfaces due to the lack of high vegetation coverage on the stream 

bank (Figure 3.8d). 
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Figure 3.8. Results for the VSP thresholds tested in order to predict the channel surface 

overlayed on a UAV image using (a) Coarse DEM; (b) LiDAR 1.2; (c) LiDAR 6.0 and (d) 

UAV and the corresponding mean squared errors (MSE) in meters. In red lines, the field-

validated stream bank location. 

 

Receiver Operating Characteristic curves also confirmed that the VSP did not perform 

as accurate as the SG when high resolution DEMs were used as a source (Figure 3.9). As 

shown, the LiDAR 1.2 provided the most reliable estimation and was able to predict the 

channel surface with 60% agreement within an error of 2 m. When the LiDAR 6.0 was 

used as a source the probability of defining the stream bank with this topographic model 
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was 57% within an error of 2 m. The UAV-derived DEM was able to predict the stream 

channel with a probability of 56% with the same reported error of 2 m. When the coarse 

DEM was used as a source, the probability of intersecting the stream edge was 20% within 

an error of 2 m.  

 

Figure 3.9. Receiver Operating Characteristic Curves (ROC) representing the accuracy of 

the optimal Vertical Slope Position (VSP) thresholds in mapping the channel surface using 

the following DEMs: Coarse DEM, LiDAR 1.2, LiDAR 6.0 and UAV. 

 

Results for the MRE and KGE for each of the VSP thresholds tested for each DEM 

can be seen in Table 3–2. As shown, the coarse DEM was unable to precisely detect the 

stream bank’s location. When this topographic model was used as a source, the boundaries 

of the stream were predicted with an accuracy of 28% using 1 m as a VSP threshold. The 

MRE for this cut-off point was remarkably high, at 0.45. 
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Table 3–2. Mean Squared Errors (MSE), Mean Relative Errors (MRE) and Kling-Gupta 

Efficiencies (KGE) for each VSP threshold tested; (N/A = not applicable). 

 

Threshold Coarse DEM LiDAR 1.2 LiDAR 6.0 UAV DEM 

MSE VSP 0.50 m 37.54 N/A N/A N/A 

MRE VSP 0.50 m 0.47 N/A N/A N/A 

KGE VSP 0.50 m 0.24 N/A N/A N/A 

     

MSE VSP 1.00 m 20.78 N/A N/A N/A 

MRE VSP 1.00 m  0.45 N/A N/A N/A 

KGE VSP 1.00 m  0.28 N/A N/A N/A 

     

MSE VSP 1.50 m 32.62 N/A N/A N/A 

MRE VSP 1.50 m 0.48 N/A N/A N/A 

KGE VSP 1.50 m 0.27 N/A N/A N/A 

     

MSE VSP 0.10 m N/A 15.75 22.29 29.64 

MRE VSP 0.10 m N/A 0.28 0.32 0.34 

KGE VSP 0.10 m N/A 0.59 0.40 0.38 

     

MSE VSP 0.20 m N/A 9.70 11.85 15.68 

MRE VSP 0.20 m N/A 0.29 0.30 0.31 

KGE VSP 0.20 m N/A 0.67 0.55 0.47 

     

MSE VSP 0.25 m N/A 11.86 11.45 15.12 

MRE VSP 0.25 m N/A 0.33 0.29 0.28 

KGE VSP 0.25 m N/A 0.64 0.63 0.53 

     

MSE VSP 0.30 m N/A 14.10 11.98 15.59 

MRE VSP 0.30 m N/A 0.37 0.35 0.35 

KGE VSP 0.30 m N/A 0.57 0.58 0.50 

 

Among the high-resolution DEMs, LiDAR 1.2 was able to predict the stream bank 

with higher precision, followed by the LiDAR 6.0- and UAV-derived DEMs. When the 

LiDAR 1.2 was used, the VSP predicted the location of this parameter with a precision of 

67% when the VSP threshold used was 0.20 m. When LiDAR 6.0 was used, the optimal 

efficiency (63%) was registered with a threshold of 0.25 m of depth. With this breakpoint, 

the boundaries of the stream bank were predicted within an error of 0.29 when this DEM 
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was used as a source. Finally, the same threshold proved optimal for the UAV-derived 

DEM and was able to predict the stream bank’s location with an accuracy of 53%. 

3. 4.  Discussion 

3.4.1. Slope Gradient method 

Based on the results obtained, the Slope Gradient derived from the coarse DEM did 

not provide accurate results when predicting the stream’s boundaries. This can be explained 

by the significantly lower number of points recorded in this dataset used to derive the DEM 

(Figure 3.5) compared to higher-resolution DEMs. This reflects its inability to locally 

adjust the grid size to the dimensions of the topographic land surface features and resulted 

in its unsuitability for the parameterization of precise drainage features, a situation 

exacerbated in low relief landscapes (Coverages, 1995). The absolute elevation accuracy 

of this provincial topographic model was reported to be 2.5 m, which makes it unable to 

accurately represent average elevation change per pixel (Gyasi‐Agyei et al., 1995; Murphy 

et al., 2009). 

Conversely, the UAV achieved the highest accuracy of all data sources, followed by 

high-resolution LiDAR 6.0 and LiDAR 1.2. This is likely due to the higher point cloud 

density generating a more precise topographic model (DEM). Furthermore, the UAV-

derived DEM was obtained during the leaf-off conditions and snow-flattened stream bank 

vegetation, which could potentially increase the precision. Additionally, due to more 

sunlight penetrating these vegetated areas, the land/water boundaries were particularly 

discernible and represented this edge accurately. This result indicated that the accuracy of 

the Slope Gradient method to identify the stream channel is highly dependent on the 

DEM’s resolution and accuracy; this is in agreement with results reported by previous 
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researchers (Zhang and Montgomery, 1994; Sonneveld et al., 2006; Buchanan et al., 2014; 

Petrasova et al., 2017). In general, these studies found that higher-quality vertical 

information resulted in appreciable improvements in the smooth representation of subtle 

topographic surfaces, more precise delineations of hydrologically relevant parameters and 

more appropriate model outputs. The findings of this study provide evidence that UAVs 

can be applied to monitor stream bank shift, erosion and sedimentation processes over time. 

It could be used as a suitable means to address the limitations of field-based approaches 

(resource constraints and land-access restrictions) for stream bank assessments (Rahman 

et al., 2017; Hashemi-Beni et al., 2018; van Iersel et al., 2018). 

We observed that LiDAR (both 1.2 and 6.0) tended to overestimate the stream bank 

location in areas, partially those covered by high vegetation. This is likely caused by 

insufficient ground elevation points due to vegetation coverage. On the other hand, the 

stream edge was slightly underestimated in areas covered by herbaceous species. This can 

be explained by the season when LiDAR was acquired; LiDAR sources were acquired in 

summer during leaf-on conditions, when the stream’s herbaceous vegetation was denser 

and taller compared with early spring. Therefore, LiDAR-derived DEMs performed 

slightly less accurately in detecting exact land/water boundaries. 

3.4.2. Vertical Slope Position method 

Similar to the Slope Gradient method, the coarse DEM acquired with traditional aerial 

photographs did not perform as precisely when predicting the stream’s boundaries 

compared to higher-resolution sources used. This is likely due to the lack of topographic 

detail (Figure 3.5a). However, VSP-predicted stream channels were substantially more 

accurate than the Slope Gradient method, with MSE = 20.78 vs. 26.76 m. We observed 
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that the accuracy of the VSP method decreased dramatically for all higher-quality DEMs, 

from LiDAR 1.2 to UAV-derived DEMs. These results seem to agree with the findings 

reported in previous studies; very high-resolution DEMs may also become inappropriate 

for groundwater flow predictions (Kuo et al., 1999; Emanuel, 2013). Groundwater paths 

are assumed to follow more general landscape topographies rather than small-scale surface 

variations. Thus, smoother topography represented in LiDAR 1.2 performed better to 

represent near-surface flow pathways and water table positions (Marklund, 2009; Gillin et 

al., 2015). 

The VSP method with the UAV-derived DEM as data source performed better over 

the bioengineered buffer but failed to predict the correct stream boundary in sections with 

wider channels. These mismatches can be caused by two factors: (i) mapping the stream in 

areas partially covered by the canopy proved the main disadvantage of photogrammetry, 

since the camera could not penetrate the dense canopy and would not detect the ground 

surface elevation (Alidoost and Arefi, 2017; Skarlatos and Vlachos, 2018). As a 

consequence, these canopy-shaded areas would have either unprecise elevation estimations 

or would have been classified as areas with missing data. This would lead to a significant 

reduction of data point information in these specific areas. Thus, the photogrammetric 

software was unable to create sufficient terrain points in these particular areas and became 

less accurate when interpolating the DEM, as reported by previous studies (Rahman et al., 

2017; Hashemi-Beni et al., 2018; van Iersel et al., 2018). Secondly, (ii) imagery acquired 

during daylight hours led to some distortion when flying the UAV over water surfaces, 

since water has a tendency to selectively reflect, refract or absorb light. This would increase 
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the noise in the section of open water. As a result of these low-quality photogrammetry 

sections, the stream channel became significantly more distorted and uneven.  

3. 5.  Conclusions 

This study assessed the feasibility of using a UAV to map the stream geomorphology 

and stream banks over an agricultural watershed. The accuracy of the UAV-derived DEM 

was also compared with other commonly used DEMs including high-density LiDAR, low-

density LiDAR and traditional high-altitude, orthophoto-derived coarse resolution DEM. 

Two methods were used to predict stream channel surface areas, namely the Slope Gradient 

and Vertical Slope Position methods. 

When the Slope Gradient method was used, the UAV-derived DEM achieved the 

highest accuracy in the mapping of the stream channel and defining the stream bank 

locations, with a MSE of 2.33 m (KGE = 82%), followed by LiDAR 6.0 (MSE = 5.27 and 

KGE = 70%) and LiDAR 1.2 (MSE = 7.87 m and KGE = 67%). The coarse-resolution 

DEM was unable to accurately predict this parameter and the error was significantly higher, 

at MSE = 26.76 m (KGE = 34%). The application of a filtering method to post-process the 

classified topographic model could significantly improve the prediction accuracy for 

LiDAR-based DEMs. The value of the MSE reduced from 7.87 to 3.33 (KGE = 80%) for 

LiDAR 1.2, and from 5.27 to 1.91 (KGE = 85%) for LiDAR 6.0. The value of MSE for the 

UAV-derived DEM was modestly reduced from 2.33 to 1.81 (KGE = 86%). 

We found that the VSP method performed comparably with the Slope Gradient method 

in the mapping of the stream channel and determining the bank locations. Interestingly, we 

observed a decrease in accuracy among the higher-resolution DEMs tested. The LiDAR 

1.2 was able to predict the stream bank with a MSE of 9.70 m (KGE = 67%), followed by 
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LiDAR 6.0 (MSE = 11.45 and KGE = 64%) and UAV-derived DEM (MSE = 15.12 and 

KGE = 53%). Similar to the Slope Gradient, the coarse-resolution DEM was unable to 

predict the stream boundaries and the MSE was 20.78 m (KGE = 28%). 

The present work indicated that a UAV-derived DEM could be used to predict bank 

slope positions using the Slope Gradient as classifier for lower-order streams, with higher 

accuracy than airborne high point cloud density LiDAR. As opposed to LiDAR, UAVs 

have the capability of accurately defining the matrix of this ecosystem, from water surface, 

stream bank, riparian zone and uplands. However, highly densely vegetated areas could 

lead to errors due to the limitations of the photogrammetry method of the UAV in detecting 

bare ground under dense canopy. 
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CHAPTER 4: Improved Accuracy of Riparian Zone Mapping Using 

Near Ground Unmanned Aerial Vehicle and Photogrammetry Method 

 

Abstract: In agriculture-dominant watersheds, riparian ecosystems provide a wide array 

of benefits such as reducing soil erosion, filtering chemical compounds, and retaining 

sediments. Traditionally, the boundaries of riparian zones could be estimated from Digital 

Elevation Models (DEMs) or field surveys. In this study, we used an Unmanned Aerial 

Vehicle (UAV) and photogrammetry method to map the boundaries of riparian zones. We 

first obtained the 3D digital surface model with a UAV. We applied the Vertical Distance 

to Channel Network (VDTCN) as a classifier to delineate the boundaries of the riparian 

area in an agricultural watershed. The same method was also used with a low-resolution 

DEM obtained with traditional photogrammetry and two more LiDAR-derived DEMs, and 

the results of different methods were compared. Results indicated that higher resolution 

UAV-derived DEM achieved a high agreement with the field-measured riparian zone. The 

accuracy achieved (Kappa Coefficient, KC = 63%) with the UAV-derived DEM was 

comparable with high-resolution LiDAR-derived DEMs and significantly higher than the 

prediction accuracy based on traditional low-resolution DEMs obtained with high altitude 

aerial photos (KC = 25%). We also found that the presence of a dense herbaceous layer on 

the ground could cause errors in riparian zone delineation with VDTCN for both low 

altitude UAV and LiDAR data. Nevertheless, the study indicated that using the VDTCN 

as a classifier combined with a UAV-derived DEM is a suitable approach for mapping 

riparian zones and can be used for precision agriculture and environmental protection over 

agricultural landscapes. 
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4. 1.  Introduction 

Riparian zones are vegetated areas adjacent to natural water bodies with distinctive 

plant communities different from their upland surroundings, strongly shaped and affected 

by geomorphic processes occurring in the area (Naiman & Decamps, 1997; Swanson et al., 

1988; Hill & Cardaci, 2004). The critical location of riparian zones within watersheds 

allows them to intercept pollutants received from uplands and prevent these pollutants from 

transferring downstream to estuarine systems (Cooper et al., 1987; Meehan et al., 1977; 

Peterson et al., 2001; Swanson, et al., 1982). The volume of water, as well as its pathways 

moving through the riparian zones, are fundamental for understanding nutrient removal 

and retention (Likens, 2010).  

From a resource management perspective, valley bottoms are often focal points of 

conflict between human land uses and the protection of vulnerable riparian ecotones. 

Harvest operations and agriculture practices can lead to deleterious effects on the stream 

channel. The removal of streamside vegetation not only compromises the stabilization 

effects of roots upon the bank soil but also reduces the hydraulic roughness of the bank, 

which could lead to a rise in flow velocities (Sedell & Beschta, 1991) and thus accelerate 

channel erosion and increase sediment input into streams (Johansen et al., 2007; Rivenbark 

& Jackson, 2004). In addition, failing riparian ecosystems cannot buffer streams against 

sediment and pollutants loading from uplands. 

The effectiveness of riparian conservation depends largely on the accurate delineation 

of the riparian zone. Traditionally, riparian zone delineations have been concentrated on 

field measurements over a few hundred meters (Johansen et al., 2007; Werren & 

Arthington, 2002). This task could be time-consuming and labor-intensive to evaluate a 
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large area such as an entire catchment or a long river corridor, particularly in remote 

locations. One way to reduce the time and costs is to sample representative sections. 

However, the selection of representative sites can suffer from subjectivity and be limited 

by accessibility and safety, which could introduce large uncertainties for the full 

characterization of a riparian zone (Fu et al., 2017). 

Remote sensing techniques have been used to map riparian zones due to their 

advantages in spatial extensiveness, non-invasiveness, and repeatability (Congalton et al., 

2002; Johansen & Phinn, 2006). Riparian zones can be mapped by predicting the interface 

between permanently wet or wetter areas due to position in the landscape using terrain 

attributes, such as slope gradient and elevation (Chaplot, et al., 2000; Ilhardt et al., 2000), 

and/or the presence of a permanent or fluctuating water table near the soil surface, terrain 

wetness index and local drainage patterns, or proximity to a watercourse. Concurrently, 

these factors are prone to develop a specific soil type, describing the spatial variation and 

distribution of saturated soils in a particular landscape.  

Researchers and conservationists have attempted to map the complex soil drainage 

classes and riparian ecosystems using online geospatial datasets (Gallant & Dowling, 2003; 

Murphy et al., 2009; Abood et al., 2012). This often means the usage of coarser-resolution 

spatial data collected from traditional photogrammetry, offering inaccurate results when 

attempting to represent lower-order streams and small watersheds (Vaze et al., 2010; 

Johansen et al., 2013). Conventional low-resolution DEMs are also unable to capture 

topographic variations in detail. For example, Murphy et al. (Murphy et al., 2009) 

concluded that the final map imperfections and limitations were probably the result of the 

poorer resolution and lower initial elevation point density of these topographic models. 
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Therefore, for ecosystem protection, restoration, and management at smaller scales, more 

accurate and detailed DEMs have become necessary (Smith et al., 2008; Holmes et al., 

2010). 

Light Detection and Ranging (LiDAR) technology can collect high density elevation 

points, which has been used to generate DEMs with more topographic detail and lead to 

improved hydrological modeling accuracy. Buchanan et al. (2014) concluded that using a 

high-resolution DEM (3 m) provided better results than using a 10 m resolution DEM when 

estimating soil moisture conditions using a topographic wetness index. The spatial 

resolution and data format have a significant impact on predicting the parameters 

mentioned to represent the boundaries of ecotones with different soil moisture regimes.  

Bock and Köthe (2008) postulated that soil characteristics influenced by groundwater 

hydrological processes could be mapped according to the Vertical Distance to Channel 

Network (VDTCN), a topographic index that reflects the average groundwater table depth 

based on topographic positions and the distance to existing flow channels. A similar 

method was used to investigate the spatial distribution of soil properties in relation to 

micro-topography using a 1m resolution DEM (Kokulan et al., 2018), or 25 m DEM 

(Malone et al., 2018). 

Recent technological advances, as well as the increasing availability of Unmanned 

Aerial Vehicles (UAVs) with multimodal sensors, coupled with improved photogrammetry 

and computer algorithms have led to dramatic improvements in the collection and 

processing of terrain data using photogrammetry. This approach can produce high 

resolution Digital Surface Models (DSMs) with high quality and makes UAVs a cost-

effective alternative to Airborne Laser Scanning (ALS) (Carrivick et al., 2013; Fonstad et 
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al., 2013; Escobar Villanueva et al., 2019). Jeziorska (2019) assessed the suitability of 

DEMs obtained from UAV photogrammetry for overland flow simulations in the context 

of precision agriculture applications. They concluded that UAV-based data were most 

suitable for overland flow predictions compared with other methods including LiDAR data. 

Rahman and others (2017) combined orthophotography and photogrammetric point clouds 

acquired from UAVs to map peatland groundwater table in the Peace River area (Alberta, 

Canada). By identifying pockets of surface water, they obtained a direct measurement of 

groundwater level (GWL) in locations where it was visible and generated continuous-

surface estimates over large areas through interpolation (Rahman et al., 2017).  

The general objective of this study was to test the feasibility of using a near ground 

UAV and photogrammetry method for riparian zone mapping. Specific objectives 

included: 1) Collecting high resolution DEM data using a UAV and photogrammetry 

method; 2) Using high resolution DEMs to classify riparian zones in agricultural 

landscapes with Vertical Distance to Channel Network; 3) Estimating optimal parameters 

for riparian zone delineation with DEM; 4) Assessing the accuracy of riparian zone 

delineation with different DEM resolutions and data sources. 

4. 2.  Materials and Methods 

4.2.1. Study Area 

The study area is located on the Ridge Brook, within the Canaan River Watershed, 

near Havelock in the province of New Brunswick, Canada (46°01'29.0"N, 65°18'32.5"W; 

Figure 4.1). The Ridge Brook sub-watershed covers an area of 7020 ha. Land use within 

the watershed is primarily agriculture, with small scale limestone extraction operation near 

the small town of Havelock. 



 

 90 

The farm where the study was conducted grows a mix crops, including grasses, barley, 

and legumes. The soil type has been classified as Luvisolic, which has a forest mull Ah, 

and a Bt or Btg horizons. The Ah horizon is the top mineral soil horizon enriched with 

organic matter. While the Bt horizon is an illuvial horizon enriched with silicate clay, 

normally formed below an eluvial horizon, the "Btg" horizon indicates poor drainage and 

periodic reduction due to significant amount of clay accumulation. Therefore, gleying 

(anoxic) conditions are likely to occur within 50 cm of the mineral surface, and these 

features can be found particularly in depressions with poorly drained sites coupled with 

Regosolic soils. Soils in certain areas lack a distinguished "B" horizon of at least 5 cm, 

probably due to recent alluvium, or colluvium on slopes, in which case the nature of the 

material can be purely quartz sand. These types of soils are often classified as rapidly to 

imperfectly drained (Canadian soil classification system). The pH detected in the field is 

close to 5.5. The upstream riparian area adjacent to the farm is surrounded by two sections 

of planted conifer species, red pine (Pinus resinosa) and Jack pine (Pinus banksiana). 

These planted species may increase the acidity of the soil in the natural riparian forest, 

located in the southernmost part of the study area.  

Prior to 2007, cattle had access to the stream as a watering source and used the riparian 

zone for grazing. These cattle activities caused some impacts on the structural integrity of 

the stream banks and the growth of riparian vegetation, which led to a widening of the 

channel and increased sedimentation. In 2007, a bioengineered buffer zone—that currently 

covers approximately one-third of the stream path through the farm—was implemented to 

increase riparian health, to add stability to the stream, and to recover the riparian zone to a 

more natural condition. With the help of a bioengineered buffer zone protection project, 
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the vegetation coverage increased as well as the bank stability, and reduced eutrophication 

due to accelerating the water velocity. However, due to the lack of an off-stream watering 

system for cattle and absence of a dedicated livestock crossing, vegetation is still removed 

from grazing activities in the areas outside of the bioengineered buffer. Cattle activities 

have also caused soil compaction along the fenced area on the eastern side of the stream.  

 

Figure 4.1. Location of study area (Hicksville settlement, Havelock, NB); (a) The Ridge 
Brook subcatchment; (b) the location of the watershed in New Brunswick; (c) the location 
of the study area within the watershed. The red rectangle in (c) covers the bioengineered 
buffer area. The star point is the area affected by intense cattle grazing and cattle resting. 
The stream follows South to North direction. 
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4.2.2. Online Available Data Interpolation 

The traditional coarse resolution provincial DEM was obtained from the Service New 

Brunswick (SNB) geographic information source 

(http://www.snb.ca/geonb1/e/DC/DEM.asp). The accuracy of a single elevation point was 

approximately 2.5 m and the spacing between the elevation points was of nearly 70 m on 

average, with increased density in more complex terrain area. We generated a DEM at a 2 

m cell size using the Inverted Distance Weighted (IDW). This DEM was hydrologically 

corrected in ArcMap 10.5 with field-mapped open drainage channel network ("burn" 

DEM) within the Service New Brunswick Geospatial Database.  

The LiDAR DEMs were obtained from the Service New Brunswick Geospatial 

Database. The point cloud density of the LiDAR dataset collected in 2013 was 1.2 points 

m−2. The DEM based on the 2013 LiDAR data had a horizontal accuracy of 0.3 m and the 

vertical accuracy of 0.133 m at 95% confidence level. The point cloud density of LiDAR 

dataset collected in 2018 was 6 points m−2. The horizontal accuracy was 0.20 m, and 

vertical accuracy was RMSE Z = 10.5 cm, equating to +/− 20.6 cm at a 95% confidence 

level. The DEM raster was generated with Natural Neighbors interpolation with a 30 cm 

resolution. 

4.2.3. UAV and Sensor Description 

The Unmanned Aerial Vehicle (UAV) used in this study was a DJI Phantom 4 Pro 

(Da-Jiang Innovations, SZ DJI Technology Co., LTD; Figure 4.2). This UAV was chosen 

due to its recognized camera stability which is considered to be a key factor for precision 

agriculture and forestry purposes (Krisanski, et al., 2020; Kuželka & Surový, 2018; 

Shamshiri et al., 2018). The Phantom 4 Pro is a vertical takeoff and landing aircraft with 
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total payload of 1388 g, battery and propellers included. This UAV uses four 2312S 

Brushless motors powered by a 15.2 V battery with a cruising speed of 72.0 km h−1 (s-

mode) and a maximum climb speed of 6m s−1. The maximum service ceiling is 6000 m asl 

and the maximum transmission range with no obstruction and free of interference is up to 

7km. The maximum payload is 1.02 lbs. The maximum wind speed resistance is up to 

10.0m s−1. The reported maximum flight time with a single battery is 30 minutes, with a 

practical flying time of around 25 minutes based on our tests depending on wind speed and 

temperature (<10 km h−1; > 4 °C). We planned the flight durations within 20 minutes, at a 

flight speed of 7 m s−1.  

The onboard camera is 1 inch complementary metal oxide semiconductor (CMOS) 

with 20 M effective pixels (5472 × 3648). The lens has a field of view (FOV) of 84° and 

the focal length is 8.8 mm/24 mm (35 mm format equivalent) f/2.8 – f/11 auto focus at 1 

m–∞. During the flight, the sensor registers either vertical images captured at Nadir angle 

(for 2D maps), or the camera can be tilted (off-Nadir angles) up to 90 degrees for 3D Digital 

Surface Model (DSM) reconstructions. The image trigger can be activated automatically 

in autopilot flight mode, with simultaneous timestamps and automatic recording of GPS 

locations due to its multiple satellite position navigation system (GPS and GLONASS). 

The reported vertical hover accuracy range is 0.5 m with GPS positioning and the 

horizontal hover accuracy is 1.5 m with GPS positioning. Images and metadata are 

automatically stored with a 64 GB Lexar high performance 633x MicroSDXC UHS-I 

Secure Digial Card (SD-Card). 
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Figure 4. The DJI Phantom 4 Pro set up in the field. 

Rogers et al. (2020) tested different UAVs (DJI Inspire 1, DJI Mavic Pro, and DJI 

Matrice 210) including DJI Phantom 4 Pro and compared the accuracy of the UAV-derived 

DSMs for each UAV using a DSM created from Light Detection and Ranging (LiDAR) 

mounted on a DJI Matrice 600 Pro. They found that the DJI Phantom 4 pro provided higher 

accuracy in four of the six land covers tested (vines, bare soil, forest, and mowed grass). 

Among the drones tested, the DJI Phantom 4 Pro performed the best due to the higher 

resolution sensor (20 MP), which provides finer Ground Sample Distances (GSDs) and 

greater density in output point clouds. They also ranked the UAVs used in different 

categories, including maximum flight time, number of batteries, dimensions, resolution, 

and weight. The Phantom 4 Pro was considered to be the best balance between size and 

sensor resolution, which makes this a versatile drone widely used by professional users 

(Rogers et al., 2020).  

4.2.4. UAV Data Collection 

Flights and image acquisition were scheduled on days when the temperature was above 

5 °C and the wind speed was low (<10 km h−1). We tried capturing images under overcast 

or partially overcast days to minimize shading effects. We acquired near-ground UAV 



 

 95 

aerial data in 2018 and 2019 in three different seasons, including early Spring, Summer, 

and Fall (8 May, 20 August, and 17 November of 2018, and 13 May, 28 August, and 25 

October of 2019). The main consideration of season selection was to map different 

vegetation growth stages and streamflow conditions throughout the year. The early spring 

provided field conditions with herbaceous vegetation that was still snow-flattened but 

without snow cover on the ground. This can reduce the elevation error caused by the height 

of streamside vegetation. Deciduous tree species were also still in leaf-off conditions. 

These data can be used to visually identify the starting points of ephemeral, intermittent, 

or permanent flows and help in determining the threshold parameter of streams for flow 

accumulation data. The stream initiation parameter is an important parameter for the 

mapping of lower-order stream network-based DEM, and it is difficult to determine due to 

upland variations in vegetation cover and type, topography, sediment, and soil hydraulic 

properties across regions due to variations in weather and climate (White et al., 2012; 

Elmore et al., 2013). 

Six ground control markers (square targets of 1.44m2) were equally positioned across 

the site and at the boundaries of the UAV study area, including next to the watercourse at 

different elevations (Figure 4.3). A ground control point (GCP) of each target's corners was 

recorded with a Trimble Geoexplorer 6000 Series handheld GPS (10 cm of horizontal 

accuracy according to the GPS manual) to mark the positions of the panels with 

geometrical precision for georeferencing accuracy. Each position was registered using the 

real-time kinematics (RTK) mode to register the location of each target (checkpoint). To 

do so, the GPS was placed in a static position for 30 seconds. The precision observed in 
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the GPS device during the geolocation acquisition was 10 cm for each record, with a 

minimum of 16 satellites available. 

During each flight, we acquired 1027 images following pre-planned and evenly spaced 

parallel flight paths in two directions to form a squared grid using Pix4D app (Pix4D Inc). 

The side and frontal overlap rate was 80%. The average flight speed was 7 m s−1 at near 

ground elevation (80 m), with the camera set at Nadir angle for 2D mapping. The captured 

images were processed with the Structure from Motion (SfM) algorithm to generate geo-

rectified orthomosaic images using Pix4D 4.4 (Pix4D Inc). The latitude, longitude, and 

altitude (WGS84 projection) in metadata were used to position the aerial photos first. 

Common points from different images in the overlap areas were used as keypoints to build 

a 3D projected point through aerotriangulation (Wolf & Dewitt, 2000). In order to improve 

the software image stitching, 10 manual tie points (mtps) were added in the planted forest 

area upstream.  

 

Figure 5. Distribution of the GCPs in the study area. 
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4.2.5. Point Cloud Cleaning 

We observed that 3D information on water surfaces had a large error, potentially 

caused by floating objects moving on the water’s surface as well as light/illumination 

changes between images captured at different times (i.e., reflection, absorption, and 

refraction). The camera could also penetrate the water surface to identify the stream bed in 

some cases but not in others, and this caused large errors or noise in surface elevation. 

Points classified as water were removed in order to reduce the uncertainties for the 

estimation of the stream channel, the triangulation, and the effects on the quality of the 

DEM (Beni et al., 2018). In addition, misclassification for ground or vegetation was 

manually corrected to avoid errors in the surface model (Poppenga et al., 2010). The 

resulting point cloud had an average density of 833 points m−2, and it was further 

interpolated at 0.3 m resolution, using the LAStools commercial software suite (Martin 

Isenburg, LAStools -efficient tools for LiDAR processing).  

4.2.6. Stream Network and Flow Initiation Thresholds 

The spatial hydrology tools of ArcGIS (10.5) were used to generate stream networks. 

For the traditional coarse resolution DEM, the existing stream network was used to correct 

the flow patterns in the flow accumulation raster (Zhang & Montgomery, 1994). This is 

necessary because a coarse-resolution DEM could not capture and represent the 

topographic features, such as small streams, due to interpolation errors (Hancock, 2005). 

Because of their greater initial point density, LiDAR and UAV DEMs do not require stream 

correction. Local depressions or sinks were removed with a fill function to create a 

depressionless DEM. The flow direction rasters were produced with a D8 algorithm 

(O'Callaghan & Mark, 1984). The flow accumulation raster was derived from the flow 
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direction raster. The flow accumulation raster was used to derive low order stream network 

according to the predefined flow initiation threshold. The flow initiation threshold was 

used as a parameter to optimize riparian zone mapping accuracy.  

4.2.7. Functional Riparian Prediction 

The Vertical Distance to Channel Network (VDTCN) was used as a classifier for 

riparian zones. The Vertical Distance to Channel Network parameter measures the relative 

elevation difference between a point of interest to the elevation of the channel network. 

The parameter algorithm has been successful in inferring groundwater levels, aiding soil 

mapping processes, and predicting soil textures (Bock & Köthe, 2008). More specifically, 

the tool uses an algorithm that consists of two major steps: 1) It interpolates the elevation 

of streams and creates a base level elevation of the stream network; 2) the neighboring 

stream cells for points of interest are determined iteratively using the distance from the 

center of the cell as a weighting factor. The final VDTCN is calculated by subtracting this 

base level from the re-calculated DEM neighboring elevations (Bock & Köthe, 2008). 

4.2.8. Field Validation 

The indicator of vegetation species adapted to poorly drained and wetted soils could 

also be used to identify riparian areas because these vegetation species rely on access to 

groundwater (Brander & Schuyt, 2004; Wilson et al., 2015). In this study, sedges (Carex 

sp), rushes (Juncus sp), grasses (Panicum sp or Agropyron sp), blue flag iris (Iris 

versicolor), and cattails (Typha sp) were used as indicators species to map the riparian zone 

since they are known to grow in partially submerged and water-logged riparian soils. Sites 



 

 99 

with over 50% visual cover (Londo, 1976) of target species were included within the 

riparian field delineation.  

In areas absence of hydrophytic vegetation, soil with signs of groundwater table 

fluctuations was used to identify riparian areas (Bouma, 1983). Fifty-four soil pits were 

dug in transects of 5 m increments from the highly dense riparian vegetation boundaries. 

The soil indicators include signs of anaerobic conditions, such as the existence of 

microbially reduced ferrous (Fe2+) from ferric iron (Fe3+), the presence of organic carbon, 

and grey matrix soil color caused by elluviation. In addition, redoximorphic features, such 

as mottling and precipitation of manganese, were also used to identify the soils exposed to 

periodic or prolonged periods of saturation, typical in riparian zones (Shaw et al., 2002). 

A field survey of soil and vegetation indicators was used to register the boundary of the 

functional riparian zone using a handheld GPS (Trimble Geoexplorer 6000 Series). Figure 

4.4 details the flowchart of the methodology. 
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Figure 4.4. Flow chart of the methodology for delineating functional riparian zones and  

 flow paths. 

4.2.9. Statistical Analysis 

The quantitative consistency and correctness achieved by VDTCN with each DEM 

used as a source, compared with field survey, was calculated using the Kappa Index 

(Congalton & Mead, 1983). 

4. 3.  Results 

4.3.1. Interpolated DEMs and Geolocation Precision 

The interpolated DEMs from point clouds of different sources are shown in Figure 4.5. 

As shown, the coarse DEM was visually different compared to the three high-resolution 

DEMs and could not represent the minor topographic features, including streams. No 

relevant elevation differences were observed between the LiDAR 1.2 and LiDAR 6.0-
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derived DEMs. The height values shown for the UAV-derived DEM were practically equal 

to the LiDAR values. On average, we obtained 53,566 keypoints per image and a minimum 

of five images overlapping every pixel. Since the Phantom 4 Pro is capable of automatically 

recording GPS locations, we used this product as the relative geolocation. As reported by 

Fabian et al. (2020), adverse factors, such as lens distortion, GPS position error, aircraft 

attitude uncertainty, and errors in the time domain can lead to the decreased accuracy in 

the relative UAV map geolocation. Therefore, we corrected the overall geolocation using 

the target coordinates, as checkpoints, acquired with handheld GPS as relative accuracy. 

The elevation Root Mean Squared Error (RMSE) for these GCPs was 0.075 meters, and 

the horizontal RMSE for longitude and latitude were 0.078 and 0.066 meters, respectively. 

These results indicate high precision between the measured coordinates (GCPs registered 

in the field) compared with the software-calculated position. 
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Figure 6. Interpolated DEMs with point clouds from different data sources: (a) coarse 

resolution ("burn" DEM); (b) LiDAR 1.2; (c) LiDAR 6.0; (d) UAV. Elevation values are 

displayed in meters. The difference in the lowest value registered in (a) is due to imprinting 

field-mapped open drainage channel network to create the "burn" DEM. 

4.3.2. The Optimal Parameter for Riparian Zone Delineation 

Since the traditional coarse resolution, DEM was the most available data; we 

optimized the flow initiation and VDTCN threshold parameters with this topographic 

model first. The flow network and VDTCN based on coarse resolution DEM with different 

flow initiation thresholds are shown in Figure 4.6. The UAV images obtained in Spring, 

Summer, and Fall are shown in Figure 4.7. As shown, the length of flow lines increases 
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with decreased flow initiation thresholds (Figure 4.6a–c). To do so, we maximized the 

coinciding areas and minimized errors of commission (false positive) and omission (false 

negative), testing different minimum flow initiation and VDTCN thresholds (Figure 4.6). 

Higher VDTCN thresholds included more areas classified as wet (Figure 4.6d–f).  

 

Figure 7. Stream network (Top Panels) and VDTCN (Lower Panels) with different 

minimum flow initiation thresholds using the coarse resolution DEM as a source: (a,d) 0.5 

hectares; (b,e) 1 hectare; (c,f) 1.5 hectares. The different colors represent different VDTCN 

thresholds, expressed in meters. 

 

We found that the optimal flow initiation threshold was 1.5 ha, and the optimal VDTCN 

threshold was 14.2m. Afterward, we applied these optimized parameters found in the 
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coarse resolution DEM to all other DEMs to predict the extents of riparian zones using 

LiDAR- and UAV-derived DEMs. 

 

Figure 8.  UAV images obtained in (a) Spring, (b) late Summer, and (c) Fall. As can be 

seen, (a) displays better detail of wet areas. The numbers in (a) represent the different 

functional riparian areas measured in the field. 

 

The riparian zone prediction accuracies measured as Kappa Coefficients (KC) are 

shown in Table 4–1. The Kappa Coefficent was 0.25 for the coarse-resolution DEM. When 

the optimal parameters derived from the coarse resolution DEM were directly applied to 

high-resolution DEMs, the KC were 0.04, 0.03, and 0.03 for LiDAR 1.2, LiDAR 6.0, and 

UAV DEMs, respectively. The coarse resolution DEM achieved a higher prediction 

accuracy than higher resolution DEMs. These results indicated that optimal parameters 

obtained with coarse resolution DEM could not be directly used to classify riparian zones 

with high-resolution DEMs. 

The flow network and VDTCN based on high-resolution DEMs with different flow 

initiation thresholds are shown in Figure 4.8. The accuracies of riparian zone prediction 

with different DEMs and different flow initiations are shown in Table 1. For the LiDAR1.2 

DEM, we found the optimal flow initiation threshold was 0.75 ha, and the optimal VDTCN 
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threshold was 0.4 m, and we achieved a KC of 0.63. If the optimal parameters found for 

LiDAR1.2 DEM were used for LiDAR6.0 and UAV DEMs, the KC were 0.63 and 0.56, 

respectively (Table 4–1).  

 

Figure 4.8. The VDTCN maps derived from different high-resolution DEMs using different 

flow initiation thresholds; from left to right, minimum flow initiation: 0.5 hectares; 1.0 and 

1.5 ha, respectively. Figures (a–c) show the VDTCN using the LIDAR1.2 as a source. 

Figures (d–f) show the VDTCN using the LiDAR 6.0 as a source. Figures (g–i) show the 

VDTCN thresholds using the UAV-derived DEM as a source.  
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These results confirmed that the optimal parameters for the prediction of riparian zones 

with different DEMs are not the same and could not be used interchangeably. With the 

UAV DEM, the optimal flow initiation threshold was 0.50 ha, and the VDTCN threshold 

was 0.48 m. 

Table 1Accuracy of riparian zone prediction with different Flow Initiation (F.I.) and 

VDTCN thresholds tested for each DEM, as measured using Kappa Coefficient. LiDAR1.2 

= LiDAR with a density of 1.2 points m-2; LiDAR 6.0= LiDAR with a density of 6 points 

m-2. 

DEM Interpolation 
F. I. 

(ha) 

VDTCN 

 (m) 

Overall 

Accuracy (%) 

Kappa 

Coefficient 

Coarse 2 m 1.5 14.2 75 0.25 

   LiDAR 1.2 30 cm 1.5 14.2 27 0.04 

LiDAR 6.0 30 cm 1.5 14.2 26 0.03 

UAV 30 cm 1.5 14.2 26 0.03 

LiDAR 1.2 30 cm 0.75 0.40 88 0.63 

LiDAR 6.0 30 cm 0.75 0.40 89 0.63 

UAV 30 cm 0.75 0.40 88 0.56 

LiDAR 6.0 30 cm 0.75 0.48 88 0.64 

UAV 30 cm 0.75 0.48 87 0.59 

UAV 30 cm 0.5 0.48 88 0.63 

4.3.3. Impacts of DEM Resolution on Prediction Accuracy 

The accuracies of riparian zone prediction using optimal parameters specific to each 

DEM are shown in Figure 4.9. As mentioned, KC for coarse resolution DEM was 0.25, 

which is remarkably lower than the KC of 0.64 and 0.63 achieved by high-resolution 

DEMs. These results indicated a substantial improvement with high-resolution DEMs 

(LiDAR and UAV) compared with traditional coarse resolution DEM for delineation of 

riparian zones. We also found the riparian zone prediction accuracies using high-resolution 
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DEMs did not have significant differences, and the KC results were practically identical 

(0.63 and 0.64). The percentage area of the field-surveyed riparian zone being classified as 

upland using the three DEMs were 22.1%, 23.1%, and 22.8% for LiDAR1.2, LiDAR6.0, 

and UAV DEM, respectively (Figure 4.9), which reflected nearly identical performance. 

Field-surveyed riparian zones together with predicted riparian zones with different 

DEMs are shown in Figure 4.10. With traditional coarse resolution DEM, large 

discrepancies between predicted and field-surveyed riparian zones were found over a large 

part of the north section of the study site (Figure 4.10a). Nonetheless, this area was 

correctly classified as a riparian zone by all higher resolution DEM including LiDAR or 

UAV.  

On the eastern side of the stream, riparian zones predicted by DEM were substantially 

larger than the field-surveyed mapped riparian zones (Figure 4.10). However, the riparian 

zone boundary predicted by UAV and LiDAR 6.0-derived DEMs appeared to better match 

the field-surveyed riparian zone boundaries compared with LiDAR 1.2. The riparian zone 

predicted by LiDAR1.2 tended to join the two functional riparian areas located on the 

eastern side of the stream together (where the higher discrepancy was detected). This must 

have been due to the higher capability of the UAV and LiDAR 6.0 of detecting the 

microtopography compared with LiDAR 1.2 and divided the first two wet areas mentioned 

more clearly. Additionally, due to this higher resolution, the LiDAR 6.0 and UAV-derived 

DEM identified seasonal stream paths more accurately and therefore represented a wider 

stream network.  
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Figure 4.9. Accuracy of the VDTCN predicted functional riparian zones using different 

DEMs and optimal parameters: (a) mass points coarse resolution DEM, flow initiation = 

1.5 ha, VDTCN threshold = 14.2 m; (b) LiDAR 1.2, flow initiation = 0.75 ha, VDTCN 

threshold = 0.40m; (c) LiDAR 6.0, flow initiation = 0.75 ha, VDTCN threshold =0.48; (d) 

UAV DEM, flow initiation = 0.5ha, VDTCN threshold = 0.48m. (FP= false positive, 

indicates upland being predicted as riparian zone; FN = false negative, indicates riparian 

zone being missclassified as upland).  
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Figure 4.10. Optimal results for the functional riparian zone predicted by the VDTCN raster 

using each DEM as a source: (a) coarse mass points; (b) LiDAR 1.2p m−2, (c) LiDAR 6.0p 

m−2, and (d) UAV. 

 

We also found that all DEMs misclassified the riparian zone in the section where the 

stream was partially restored (bioengineered buffer), located beside the planted forest 

where the road divides these two areas, along the southern half part of the map (Figure 

4.10). 
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4. 4.  Discussion 

4.4.1.  Impact of the DEM Resolution 

We observed significant differences between the accuracy achieved with the 

traditional coarse resolution DEM compared with higher resolution DEMs. Previous 

studies also reported that coarse resolution DEMs could not adequately represent the 

topographic features due to greater terrain surface generalizations (Chang & Tsai, 1991; 

Thompson et al., 2001; Hancock, 2005; Vaze et al., 2010). This research confirmed that 

traditional coarse resolution DEMs could not be used for riparian zone delineation in low-

order streams. With their higher elevation point density and higher vertical accuracy, 

higher resolution DEMs derived by LiDAR and UAV can represent the subtle elevation 

changes in microtopography in greater detail. Previous researchers also pointed out that 

higher quality vertical information resulted in appreciable improvements in the 

representation of topographic surface details (Sonneveld et al., 2006; Grabs et al., 2009; 

Nobre et al., 2011; Schmid et al., 2011; Eltner et al., 2016). Higher resolution and accuracy 

also provided more accurate delineations of hydrologically relevant parameters and more 

appropriate model outputs (Sonneveld et al., 2006; Grabs et al., 2009; Nobre et al., 2011; 

Schmid et al., 2011; Eltner et al., 2016;). This can ultima tely explain the differences in the 

VDTCN thresholds used between low resolution and high-resolution DEMs. 

4.4.2.  VDTCN Raster Performance in Each DEM 

Analysis of results highlighted slight differences between the three high-resolution 

DEMs used in this study. Overall, LiDAR 1.2 displayed a more general stream network 

grid, whereas the LiDAR 6.0 and UAV provided a more complex detail. Consequently, 



 

 111 

relatively shallower areas became less constrained using LiDAR 1.2-derived DEM. This 

seems to be the reason for the slightly lower correctness achieved compared to using UAV 

and LiDAR 6.0. These results seem to contradict the concept concluded by previous studies 

in which smoother topography represented in “coarser” resolutions would reduce the 

confounding effects of microtopography and increase correctness (Wolock & Price, 1994; 

Thompson et al., 2001; Sørensen & Seibert, 2007; Gillin et al., 2015). These studies 

reported that a more general topography of the landscape represented subsurface 

groundwater level (GWL) flow paths more accurately than a 1 m DEM.  

We found that all three high-resolution DEMs performed poorly in two specific areas. 

The first area was located within the bioengineered buffer. In this area, a large portion of 

the riparian area was classified as upland. This section was fenced off and eliminated access 

by cattle as part of riparian zone conservation. In addition to high vegetation, the 

herbaceous species were also dense and tall, even during the spring. We suspected that 

LiDAR might not distinguish the ground surface from the grass cover, so we, therefore, 

captured the UAV images in early spring. However, the snow-flattened grass formed a 

surface that was substantially higher than bare ground and caused DEM discrepancies 

(Figure 4.11). These results indicated that both UAV and LiDAR had successfully isolated 

the presence of trees but could not distinguish the denser grass. In a future study, landmarks 

could be set up to estimate grass height manually in order to improve the delineation 

accuracy. 

The second area of discrepancy was found close to the trail created by cattle traveling 

along a fenced area over the pasture (Figure 4.11). In this section, a large area was predicted 

to be a riparian zone but was not classified as riparian in the field surveys. We considered 
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that this area actually should be classified as a riparian zone, but grazing by cattle has 

removed all riparian vegetation, making it difficult to identify. Therefore, this prediction 

should not be considered as an error, but the area was a disturbed riparian area.  

 

Figure 4.11. Study area showing the two areas of discrepancy. On the left, the stream 

capture corresponding to summer when LiDAR was collected. On the right, the cattle 

grazing and trampling beside the fence mentioned (the boundary between grass and grazed 

area). 

4. 5.  Conclusions 

In this study, we aimed to assess the precision of predicting the extent of the functional 

riparian zones on a farm to further improve the detection of hydrologically sensitive areas 

and critical source areas in farmland with similar characteristics, land use, and topography 
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in southeastern New Brunswick (Canada). To do so, we compared the efficiency of the 

VDTCN classifying this ecotone when using different topographical models as a source: 

coarse mass points DEM, obtained with traditional photogrammetry, LiDAR at different 

resolutions (1.2 and 6 point m−2), and the UAV-derived DEM. 

The most noticeable differences were found between the low and high-resolution 

DEMs (traditional DEM vs. LiDAR and UAV DEMs). The traditional coarse resolution 

DEM performed poorly in classifying functional riparian zones with KC as low as 0.25 

compared with KC = 0.63–0.64 for high-resolution DEMs by LiDAR and UAV. We also 

found that direct use of optimal parameters (minimal flow initiation threshold and VDTCN 

threshold) for the coarse resolution DEM to high-resolution DEMs could lead to large 

errors. 

We found that UAV-derived DEM could be used to delineate riparian zones using 

VDTCN as a classifier for lower-order streams, with comparable accuracy to that of 

airborne high point cloud density LiDAR. However, tall grassed areas could cause 

misclassification using LiDAR or UAV methods. 
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CHAPTER 5: Summary, Conclusions, Applications and Future 

Research 

5. 1.  Summary 

This study aimed to provide the first steps toward the replacement of paper-based field 

guidelines, which provide some recommendation for the design of variable buffer zones in 

the province of New Brunswick. This study has become a relevant contribution to the 

Riparian Function Assessment Protocol (RFAP), a project that aims to include soil nutrient 

turnover, differences in plant functional communities, earthworm population, and soil 

carbon as indicators of soil health, and potential changes in the aquatic macroinvertebrate 

community. As a result, this would ultimately address environmental concerns and help 

mitigate the effects of agricultural practices on surface water. For the purpose of the 

functional riparian delineation, we incorporated the UAV-derived DEM to the provincial 

mass points and LiDAR topographic digital sources available online. We have 

demonstrated that UAV provided a rapid and feasible method to satisfy the demands of 

this project at a field scale.  

From the economic perspective, the cost of UAV LiDAR equipment has been 

estimated as 30 times more than the photogrammetric survey gear according to Chen et al., 

(2020). On the other hand, the cost of UAV imagery has also been reported as more 

economic compared with satellite imagery ($1,000  vs $3,000, respectively). Additionally, 

it can provide higher detail, controlled accuracy, and user friendliness, and a short time 

frame for data collection and processing makes the method repeatable (Manfreda et al., 

2018). 
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5. 2.  Conclusions 

5.2.1. Optimal Parameters for Using Consumer-Grade Unmanned Aerial Vehicles to 

 Produce High Resolution Digital Surface Model (DSM) 

Concerning spatial resolution, flight above ground level (AGL) is an important 

parameter influencing the degree of detail achieved in the 2D mapping and Digital Surface 

Model for analysis in a forestry context. We explored low oblique imagery acquisition 

using different off-Nadir UAV low-oblique camera angles (10, 20, and 30 degrees off-

Nadir) with different image overlap rates (90, 80, 60 and 45%). We observed how higher 

oblique camera angles increased the pixel size in 2D maps, distorted the map scale, and 

reduced uniformity in mapped landscape features. However, these angles mapped a 

significantly larger area than 10 degrees. Higher image overlap rates (80 and 90%) also 

mapped larger areas than low image overlap rates (45 and 60%). 

We observed a reduction of five times in point cloud density when the flight height 

was increased from 30 to 70 meters with equal camera angle and image overlap rate. We 

also observed an increase of 200% in point density when the camera angle was tilted from 

30 degrees to 10 degrees with the highest overlap rate tested (90%). However, this 

difference was not as obvious when the image overlap was low (45 and 60%).  

The results herein presented indicate that the variable height was best estimated with 

DSM using an image overlap rate of 60%. However, this was caused by the higher point 

dispersion representing the surface of the box in the DSM. Secondly, the area was best 

estimated when using a tilt angle of 20 degrees and an image overlap of 90% and the 

accuracy dropped sharply when low image overlap rates were used (60 and 45%). Also, 

the cubical shape of the box was highly deformed in DSM when low image overlap rates 
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were used. This could explain why volume estimations were higher when 80% image 

overlap was used and were inaccurate when setting image overlaps of 45% and 60%. 

5.2.2. Using Unmanned Aerial Vehicle and LiDAR-derived DEMs to Estimate Channels 

of Small Tributary Streams.  

Stream bank location and condition is an important physical form indicator for streams 

related to the environmental condition of riparian corridors (Johansen et al., 2013). 

Microtopographic features, often anthropogenic at submetre scale, can be prevalent in 

agricultural catchments, and influence diffuse pathways of surface runoff that can entrain 

pollutants (Buchanan et al., 2013a; Lane et al., 2009). Therefore, they play important roles 

in delineating hydrologically sensitive areas (HSAs) and critical source areas (CSAs) in 

agricultural catchments, particularly in areas intersecting the main stream (Thomas et al., 

2017).  

We used the DEMs available in the Service New Brunswick Geospatial Datasets 

(coarse mass points acquired with traditional photogrammetry and LiDAR collected at 1.2 

and 6 points m-2). The mass points DEM was interpolated at 2 meters resolution and the 

LiDAR was interpolated at 30 cm. Images collected in May 2019 with UAV were used to 

generate the photogrammetric DEM interpolated at 30 cm. Afterwards, we derived the 

Slope Gradient (SG) raster and the Vertical Slope Position (VSP) raster for all topographic 

models. When the Slope Gradient method was used, the UAV-derived DEM achieved the 

highest accuracy in the mapping of the stream channel and defining the stream bank 

locations, with a MSE of 2.33 m (KGE = 82%), followed by LiDAR 6.0 (MSE = 5.27 and 

KGE = 70%) and LiDAR 1.2 (MSE = 7.87 m and KGE = 67%). The coarse-resolution 
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DEM was unable to accurately predict this parameter and the error was significantly higher, 

at MSE = 26.76 m (KGE = 34%). The application of a filtering method to post-process the 

classified topographic model could significantly improve the prediction accuracy for 

LiDAR-based DEMs. The value of the MSE reduced from 7.87 to 3.33 (KGE = 80%) for 

LiDAR 1.2, and from 5.27 to 1.91 (KGE = 85%) for LiDAR 6.0. The value of MSE for the 

UAV-derived DEM was modestly reduced from 2.33 to 1.81 (KGE = 86%).  

On the other hand, we observed a decrease in accuracy among the higher-resolution 

DEMs tested, when the VSP method was used. The LiDAR 1.2 was able to predict the 

stream bank with a MSE of 9.70 m (KGE = 67%), followed by LiDAR 6.0 (MSE = 11.45 

and KGE = 64%) and UAV-derived DEM (MSE = 15.12 and KGE = 53%). Fewer rugged 

imperfections were represented in the first DEM mentioned due to lower point terrain 

detail, which increased the performance. On the other hand, light/water properties 

significantly affected the stream channel on the UAV-derived DEM and decreased the 

accuracy of this raster remarkably. Even though the mass points DEM provided 

significantly better results when using the VSP (MSE=20.78) than SG raster, this 

topographic model did not perform precisely in estimating the water surface (KGE = 28%). 

The present work indicated that a UAV-derived DEM could be used to predict bank 

slope position using the Slope Gradient as classifier for lower-order streams, with higher 

accuracy than airborne high point cloud density LiDAR. As opposed to LiDAR, UAVs 

have the capability of accurately defining the matrix of this ecosystem, from water surface, 

stream bank, riparian zone, and uplands. However, highly densely vegetated areas could 
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lead to errors due to the limitations of the photogrammetry method of the UAV in detecting 

bare ground under dense canopy. 

5.2.3. Improved Accuracy of Riparian Zone Mapping Using Near Ground Unmanned 

Aerial Vehicle and Photogrammetry Method. 

The effectiveness of riparian conservation depends largely on mapping technique, 

which implies precise geographic delineation of a zone where impacts of agriculture and 

forestry are limited. The riparian zone can be mapped by predicting the interface between 

the permanently wet, or wetter areas due to position in the landscape using terrain 

attributes, such as slope gradient and elevation (Ilhardt et al., 2000; Chaplot et al., 2000) 

and/or the presence of a permanently high or fluctuating water table near the soil surface. 

We generated the Vertical Distance To Channel Network (VDTCN) raster using the 

DEMs detailed in Chapter 3. We optimized the flow initiation and VDTCN thresholds for 

the coarse mass points DEM, and it only achieved 25% agreement (as measured using the 

Kappa Index) in classifying riparian zones indicating poor correctness. Furthermore, we 

observed that minimum flow accumulation and VDTCN thresholds applied for the coarse 

mass points DEM, were inadequate to be applied with higher resolution DEMs. We 

invested further efforts in optimizing minimum flow initiation and VDTCN thresholds for 

higher resolution DEMs. However, we observed no remarkable differences between the 

higher resolution DEMs (LiDAR and UAV) in the correctness percentage and they 

achieved 63% agreement in the Kappa Index (K.I.). Nonetheless, the LiDAR 6.0 provided 

slightly higher terrain exactness in classifying the field-verified riparian ecotones 

(K.I.=64%) located on the eastern side of the stream. The higher quality vertical 
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information of this topographic model constrained remarkably shallower wet areas, thereby 

increasing the precision and specificity of this method.  

There were two sections where the higher resolution DEMs showed discrepancies with 

the field-verified riparian area; the section where the bio-engineered buffer was 

implemented and a portion of land where cattle grazed more intensely. The first one was 

unable to be classified by the DEM due to elevation differences and inaccuracies caused 

by the streambank vegetation. The second one was located over an area that belonged to 

riparian zone but suffered from periodic grazing, which we considered as disturbed riparian 

area.  

5. 3.  Applications 

In the present work, we have proved that UAVs can reliably estimate the height, the 

area, and the volume of landscape features, showing the influence of image overlap and 

UAV camera angle. This would have an application in silviculture practices, monitoring 

the recovery of disturbed areas over time (i. e. clearcuts, wildfire, blow down areas, disease 

maps, inventory resources, landslides, etc). 

Finer resolution DEMs and derived hydrologic maps could be used as a source to 

increase the resolution of current digital soil maps. This can be achieved by applying 

machine-based regression modelling (i. e. random forest or cubist) to predict continuous 

soil attribute mapping at finer a resolution.  

The increased soil compaction located in areas of intense grazing can lead to a high 

propensity of generating surface run off, known as hydrologically sensitive areas (HSA). 

In agricultural landscapes, this can lead to a rise in sediment load and fertilizer input to 

waterways if proper buffering is not implemented. The finer resolution DEM is able to 
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capture the microtopographic differences along fenced areas, and can identify areas of 

concentrated run off. Knowing the precise location of these areas could help landowners 

to apply management strategies to mitigate this concern.  

Images collected with UAV can be used to estimate the surface occupied by water in 

a watershed over time. This can help predict groundwater levels during different seasons 

based on surface water levels. This knowledge could provide some guidance for more 

efficient applications of fertilizers and pesticides, in order to reduce subsurface water 

pollution.   

Another useful method for stream ecology management is the production of maps 

depicting erosion sensitive areas (steep bank slopes and areas of bank instability), which 

are easily produced with DEM (Slope Gradient or Vertical Slope Position). Increased 

sediment input into waterways leads to a rise in water turbidity and can cause habitat 

impairment in lotic ecosystems (Henley et al., 2000; Smiley et al., 2009). Direct 

quantification of erosion and sedimentation processes is one of the key factors in improving 

riverine ecology (Erős & Lowe, 2019). 

For optimal UAV-derived DEMs in agricultural landscapes, images captured in spring 

provided better accuracy, since vegetation may cause less distortion of the topographic 

representation. Using these topographic models as a source could also provide means to 

research how tillage can significantly modify overland flow in cultivated areas over 

different landscapes. A study lead by Hyväluoma (2013) introduced a flow-routing 

algorithm focused on anisotropic roughness resulting from tillage to quantify soil loss.  

One direct application of this study would be the rapid implementation of this method 

to multiple field scales, with similar characteristics of climate, soil parent material, land 
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use, and stream orders within a watershed. Identifying these ecosystems locally could 

become, eventually, a rapid method to start improving stream water and groundwater 

quality at a watershed scale. 

5. 4.  Future research 

Future research should be focused on solving the limitations of this study. 

Complementary to the work presented in Chapter 2, image distortion could be analyzed 

using the raster image quality examination applying Edge analysis. Lim and others (2018) 

used a high quality camera (Sony A5100 equipped with 6000 x 4000 resolution sensor) to 

find optimal UAV flight heights and showed optimal altitude ranges of image sharpness. 

They found that the exact optimal range varied between images taken at different weather 

conditions. However, they did not use any image processing software (i. e. Pix4D or 

Agisoft Photoscan) to compare how image overlap, camera angle, pre-planned grid design, 

and grid orientation affected the image quality. This would be an interesting field to 

investigate for UAV consumer-grade cameras to provide some guidance regarding image 

definition, contrast range, gradation, geometric distortion, and noise. Alternatively, the 

UAV geolocation accuracy could be investigated using GPS points and different image 

overlaps in order to provide an assessment of how this geolocation is affected by different 

image acquisition datasets. Consequently, this could improve efficiency in the way images 

are viewed, received, captured, and stored (Chandler, 2013).  

Supplementary to the tests undergone in Chapter 2, previous studies have explored the 

reconstruction of a map using a combination of Nadir and off-Nadir images (Vacca et al., 

2017; Lingua et al., 2017). Lingua and others reported that VisualSfM had major problems 
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in areas with more irregular geometries, such as rich vegetation present in the study area. 

Similarly, where our experiment was conducted, we observed that the point cloud 

performed more noisilyin the stream channel at points where they were surrounded by 

dense high vegetation. Even though their purpose was focused on urban building 

reconstruction, this technique has not been applied in vegetation studies that we are aware 

of. Therefore, it may be interesting to test the processing of types of image acquisition to 

strengthen the photogrammetric block. 

Artificial intelligence and machine learning algorithms could be tested in order to 

accelerate the human point cloud edition, i. e., improve the DEM by discerning vegetation  

from bare ground features. Also, flattening the water level surface within the stream 

channel by smoothing the excessive noise (reported in Chapter 3) is urgently needed. 

Where results of this algorithm were successful, we would encourage acquiring near 

ground aerial data using double parallel flight grid lines perpendicular to each other (double 

grid mission). Thus, UAV would be registering a higher density of points and, presumably, 

be able to capture higher detail of the stream bank geomorphology (partially covered by 

high vegetation).  

Also, a further comparison could be testing how the point cloud density affects the 

terrain detail in the DEM, using parallel gridlines contrasted with parallel and 

perpendicular gridlines. This could provide some evidence of the terrain curvature analysis 

and the effects on hydrologic representation (i. e. stream network) performed by these two 

different flight modes.  
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Regarding stream network modelling, breaching DEM obstructions has been reported 

to be more appropriate than filling the sinks (Garbrecht et al., 1996; Martz & Garbrecht, 

1999a). This could be an alternative method to be explored in order to generate the DEM 

stream network prior to using the VDTCN and VSP rasters. Obstruction breaching has 

been claimed to be particularly effective in DEMs representing relatively flat areas. This is 

because sinks caused by flow path obstruction are more prevalent in these digital landscape 

representations.  
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